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ABSTRACT 

There are many complexities involving the human hand’s ability to perform stable grasping 

patterns. Human grasping is a complicated function to mimic in relation to prosthetic hands. 

Although there are various state-of-the-art-prosthetic mechanisms currently in the market that can 

perform different types of grasping patterns; these mechanisms still lack the ability to determine 

specific grasping stability properties. To improve prosthetic hand grasping, impedance control can 

be utilized. Impedance control provides the ability to adjust the dynamic relations between the 

robotic movements and the exterior forces in a continuous manner. In this study an impedance 

control algorithm is developed. 

The proposed impedance control algorithm will deal with uncertainties including object 

friction, physical properties, and contact points. The software known as SynGrasp will be utilized 

to model a hand to object grasping configuration. In addition, the scenario where an object is being 

perturbed while being grasped will be performed and analyzed. By utilizing grasping configuration 

properties, a grasp stability estimator function will determine if the final grasp (after the object is 

perturbed) is more stable or not. Quality measures for the initial grasp and final grasp will be 

calculated and analyzed. The data will then be used to determine if the stabilizing algorithm is 

needed or not. SynGrasp will also be used to provide all the data needed for the impedance 

stabilizing algorithm. The stability estimation function is the most crucial component in the 

impedance control algorithm. By utilizing SynGrasp a successful estimation function for an 

impedance control algorithm was created and tested. By incorporating this impedance control 

system to a prosthetic hand mechanism. The prosthesis will be one step closer in mimicking the 

dexterity of a human hand.  
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CHAPTER 1 

INTRODUCTION 

1.1 Background and Motivation 

 The human hand can perform very delicate tasks as it has a greater dexterity and flexibility. 

Loss of hand function is a serious issue as it can significantly affect the patient’s ability to perform 

daily tasks and significantly reduce the patient’s quality of life. Loss of hand function can be 

caused due to several reasons, such as, stroke, traumatic injury etc. According to a study done by 

Armour, B.S., et al, it is estimated that 1.7% of the United States population is living with some 

form of paralysis [1]. Paralysis is caused by problems in the spinal cord; more specifically, it is 

when the ability to move or control the body is lost below the point of the spinal cord where the 

synapse connection is affected. When the synapse connection is disconnected, communication 

within the nervous systems is reduced. 33.7% of those with paralysis were due to stroke while 

27.3% was due to spinal cord injury, 18.6 was due to Multiple Sclerosis, and 8.3% was due to 

cerebral palsy. Two thirds of those living with paralysis in the US are between the ages of 18 and 

65 years, 51.7% of them being women, further emphasizing that paralysis can affect anyone. Upper 

limb amputation can also cause loss of hand functions. In the US alone it is estimated that 185,000 

people lose an upper limb through amputation a year [2]. Reasons for upper limb amputations 

include trauma, diabetes, bone/joint cancer, and dysvascular disease.  

 To combat hand function loss due to paralysis or limb amputation, prosthetic mechanisms 

have been created. Prosthetic hands have been primarily designed for grasping task [3]. These 

tasks require a high level of dexterity, sensing, complex interfaces, and advanced control systems 

[4, 5]. There has been significant research done in prosthetic hands that have created some 

sophisticated mechanisms; however, there are still some requirements that are not being met. One 
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reason is the lack of smooth communication between the human and the mechanism [6], as well 

as the limitation of the mechanical designs and control systems in mimicking the human hand 

dexterity. Control system algorithms can be designed in order to combat some of these issues. By 

designing a more efficient estimation function which focuses on defining the stability of grasp 

patterns, a more efficient control algorithm can be developed which can eventually be applied to 

prosthetic hands. This will not only improve the science of prosthetic engineering, but also allow 

the opportunity to create mechanisms that are one step closer to mimicking the dexterity of the 

human hand. Thus, allowing the return of some form of upper limb function to those who have 

lost it due to paralysis or amputation.  

1.2 Research Objective 

There are many complexities involving the human hand’s ability to perform stable grasping 

patterns. Human grasping is a complicated function to mimic in relation to prosthetic hands. 

Although there are various state-of-the-art prosthetic mechanisms currently in the market that 

can perform different types of grasping patterns; these mechanisms still lack the ability to 

determine specific grasping stability properties. The objective of this thesis is to introduce an 

adaptive impedance control algorithm which will utilize impedance control properties as an 

alternative way to create and maintain stability while grasping. This research aims to develop an 

impedance control method that will define a stability standard for a prosthetic hand when 

grasping an item. In addition, the impedance control method will provide the prosthetic hand the 

ability to re-stabilize if the grasping stability is disrupted by perturbation being applied to the 

item being grasped. The MATLAB extension program known as SynGrasp was utilized to 

analyze the proposed algorithm.   
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1.3 Organization of the Thesis 

This thesis is structured in the following order: 

• Chapter 1 presents background, motivation, and research objectives. It provides a brief 

introduction about the causes of paralysis/amputation and statistics on who is affect in the US. 

This chapter also includes an introduction to prosthetic hands. Including what the shortcoming 

to prosthetic mechanisms are as well as describing how prosthetic hands can help those 

suffering from paralysis and amputation.  

• Chapter 2 presents the literature review of the existing current prosthetic and available in the 

Market. In addition, the relationship between stiffness, force, and impedance controllers is 

reviewed. This chapter also discusses the current impedance control method studies in 

robotics and how impedance control can improve grasping. 

• Chapter 3 presents the robust grasping impedance controller processes. In specific each 

section of the control algorithm will be reviewed, and the inner components will be explained.  

• Chapter 4 presents the implementation of the proposed control systems using a MATLAB 

tool known as SynGrasp. It is discussed how SynGrasp can be used to define each component 

needed to complete the proposed control algorithm previously described in chapter 3. 

• Chapter 5 presents a SynGrasp Study where the proposed impedance control system is 

performed. The study compares the differences in grasping configurations and provided data 

in relation grasping study. In addition, this chapter discussed potential future work. 

• Chapter 6 concludes with the feasibility of design in terms of application, its advantages, 

limitations, and suggestions for future works. 
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CHAPTER 2 

LITERATURE REVIEW 

2.1 Current Prosthetic Hands Available in the Market 

To combat upper limb amputations, state-of-the-art prosthetic mechanisms have been 

introduced into the market. These prosthetic mechanisms can be utilized to return grasping 

functionality to patients who have lost the ability. An example of a state-of-the-art prosthetic 

hand that is currently available in the market is the Bebionic hand (Figure 1). By utilizing 

myoelectric technology the user has the ability to adduct the prosthetic hand finger’s which can 

be utilized to perform grasping tasks and patterns [7]. By adding the ability to differentiate 

between two different thumb positions, this allows the Bebionic to have the ability in performing 

14 different grasping patterns. Examples of these grasping patterns include key grip, pinch grip, 

mouse grip, power grip, etc .  

 

Figure 1: Bebionic Hand [7] 
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Another example of a state-of-the-art prosthetic upper limb available in the market for 

purchase is the i-Limb Ultra Figure 2. Similar to the Bebionic, the i-Limb Ultra utilizes 

myoelectric technology in specific muscle signals which is utilized to control the prosthetic limb 

to perform a specific task [8]. By utilizing individually motorized digits in the thumb, the i-Limb 

Ultra can perform 18 different gripping patterns which can be utilized for grasping tasks. In 

addition to the i-Limb Ultra, the company Touch Bionics also has a more advanced prosthetic 

hand version known as the i-Limb Quantum (Figure 3). With the use of gesture control this 

prosthetic mechanism is capable of performing 36 different grip patterns available.  

 

Figure 2: i-Limb Ultra hand [8] 

 

Figure 3: i-Limb Quantum Hand [8] 
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3D printing is revolutionizing prototyping and is being used in many medical applications 

which included prosthetic mechanisms [9]. For example, The Hero Arm produced by Open Bionics 

is the first medically certified 3D printed prosthetic hand Figure 4. Although aesthetically the Hero 

Arm is more superior to models like the Bebionic and the i-Limb, it does lack the ability to perform 

the various gripping patterns. Although the described prosthetic hand mechanisms are considered 

state-of-the-art technology, they all lack the ability to determine if the grasping patterns they are 

producing are stable or not. Although these advanced mechanisms can perform grasping patterns 

and possess slip detection, they lack stability definition. When these mechanisms perform grasping 

patterns, in some cases using force control, there is nothing defining the stability of the overall 

grasp with the relationship of the object. In addition, if the object is being perturbed and the 

stability of the grasp is affected, these mechanisms lack the ability to properly determine if re-

stabilizing is needed based on a grasp quality measure. Although some of these mechanisms can 

detect slippage which can lead to an increase of force there is no real method to determine 

mathematically if the grasps are sable or not. By creating this method, a more advanced grasping 

process can be achieved improving prosthetic hand accuracy.  

 

Figure 4: Hero-Arm Bionic Prosthesis Hand [9]  
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2.2 Relationship Between Stiffness, Force, and Impedance Controllers 

Stiffness is an important factor when designing a mechanical system to perform grasping 

tasks [10]. Stiffness is a mechanical system property where small compliant displacements are 

being created while the mechanical system is sustaining loads. Quantitatively, stiffness is 

described as the ratio between the steady force acting on the body and the resulting compliant 

displacement [11-14]. Stiffness, in addition to force control, can be utilized to successfully control 

robotic mechanisms. Force impedance control methods can be utilized to not only control robotic 

mechanisms, but also ensure that the task being performed is stable. Impedance control has become 

a common control method for robotic mechanisms; however, these types of control methods are 

not commonly utilized in human controlled prosthetic limbs. By allowing the human to possess 

the ability to control its grasping task stability using impedance control a more human-like 

prosthetic limb can be developed. For example, when the human hand is holding an object and 

perturbations are produced on the object the human hand can adapt and ensure that its grasp on the 

object is stable. If combined with force control, this ability can significantly improve the quality 

of current prosthetic hands grasping ability. 

Traditionally force control can be divided into two groups’ hybrid position/force control 

and impedance control. Impedance control is an effective method used to improve the performance 

of robotic manipulations [15]. In specific, when performing an object manipulation task which 

includes uncertain pose estimates, physical contact, and unforeseen perturbations impedance can 

be utilized [16]. There are many benefits in utilizing impedance or variable impedance control; for 

example, impedance control allows the controlling of the dynamic relationship between the robotic 

movements and the external forces being produced. In addition, impedance control provides the 

ability to adjust the dynamic relations between the robotic movements and the exterior forces in a 
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continuous manner. Recently, many researchers have been using variable impedance control 

methods for robotic manipulations. 

2.3 Current Impedance Control Methods  

 In the article by Buchli, J., et al, the researches perform a variable impedance control 

method which includes contributing a reinforcement learning algorithm [17]. The algorithm used 

was referred to as PI2 (Policy Improvement with Path Integrals). PI2 is a RL (Reinforcement 

Learning) algorithm which is derived from the first principles of stochastic optimal control. In 

addition, PI2 does scale to complex robotic systems. By utilizing the PI2 algorithm the researchers 

can optimize both trajectories while using variable impedance control. The researchers tested this 

method by controlling a robot known as the Phantom Premium 1.2 3-DOF Robot. PI2 allowed a 

greater applicability regarding optimal control with parameterized policies involving model free 

scenarios. In addition, mathematically the PI2 made it suitable to simultaneously optimize the 

reference trajectories and gain schedules. The system overview can be seen in Figure 5 where after 

initialization the trajectories that are planned gain schedules of the dynamic movement primitive . 

This dynamic movement primitive is optimized in regard to the cost function with the PI2 learning 

algorithm.  

 

Figure 5: Reinforcement Learning Algorithm PI2 System Overview [17] 
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 In the article Calinon, S., et al, variable impedance was utilized as a robotic control system 

[18]. In specific, the researchers refer to kinematic redundancies of the robot-like articles [19, 20]. 

A performed task which can be completed by utilizing an infinite amount of solutions is referred 

to as a task redundancy [21]. These redundancies are utilized to regulate the dynamics of the 

movement which also involves regulating the stiffness of the robot during task reproduction. By 

observing a similar task many times, the robot creates a model of the skill. This model considers 

the variations and correlations seen during the performed movement. If parts were consistent 

during the performed movement, then that part of the task should be reproduced. From this 

information the robot will set an adaptive stiffness matrix which is compatible with the task 

requirement. The desired task is learned by providing multiple demonstrations of the desired skill 

and examples of these demonstrations can be seen in Figure 6, where the experimental set up is 

shown for a tray handling and ironing task. Once the task constraints are extracted the robot 

replicates the task by selecting a variable level of compliance which will be utilized to reproduce 

the characteristics of the desired skill. Ultimately, the redundancies of the robot and desired tasks 

are exploited with the end goal of determining a safety control strategy. 
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Figure 6: Redundancy Experimental Set-up [18] 

In the article by K. Kronander and A. Billard, an incremental algorithm for learning 

variable stiffness was introduced [22]. An important component of the algorithm sets the stiffness 

inversely proportional to the different perturbation data created by a human subject. This article 

introduces a control method similar to the articles by Rozo, L., et al, and Kormushev, P., et al [23, 

24], in which the robot is implicitly taught forces needed to counteract any perturbations. Normal 

approaches utilize interfaces provided by a teacher creating demonstration data. The demonstration 

data can be collected by using the robot’s own body and sensors while demonstrating. This can be 
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done via a process known as teleoperation which consists of motion control, force control, and 

impedance control. The control method overview can be seen in Figure 7, where the stiffness is 

taught by observing the position differences in relations to the teacher interactions and the desired 

reference points. By allowing the robot to adapt its stiffness online the teacher gains direct haptic 

feedback of the teachers own interaction. 

 

Figure 7: Control Overview Involving Learning of Varying Stiffness [22] 

2.4 Utilizing Impedance Control for Improved Grasping  

Humans poses a superior ability to control their limbs through contractions of muscle pairs. 

In specific, humans can modulate their motions which include controlling impedance. The role of 

impedance for humans helps regulate stability and accuracy in regard to task readiness which has 

been illustrated in many papers [25-27]. Various studies have been created to study stiffness in the 
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human body. For example, in the article by Gomi, H. and M. Kawato an apparatus for measuring 

human limb stiffness was introduced to study the relationship between human arm stiffness and 

arm control [28]. In addition article by Burdet, E., et al, reports that humans commonly change 

stiffness in order to deal with an instabilities caused by interactions [29]. This type of information 

has led researchers to develop bio-inspired algorithms which allow robots to perform tasks in 

changing dynamic interactions by utilizing an learning force, impedance and trajectory [30]. There 

have been instances where researchers utilize variable impedance to mimic human impedance 

behavior. For example, in the article by Howard, M., et al, a comparative study was performed 

which involved different approaches utilized to control robots with variable impedance actuators 

(VIAs) [31]. This setup can be seen in Figure 8. where motors (umotor 1 and umotor 2) controlled by 

command systems are used to model human muscles (ubiceps and utriceps). 

 

Figure 8: Actuator Modeling Used to Mimic the Human Muscles and Joints [31] 

For robots to interact skillfully with their environment, like humans, force and impedance 

control can be utilized [29, 32]. Many applications can be implemented using impedance and force 
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control. For example, these applications include precision assembly task, and 

surgical/rehabilitation purposes [33]. Force control will provide contact stability while impedance 

control provides task stability against any perturbations. These tasks can include grasping. 

Grasping is an important task/function that at times is required for industrial application [34]. In 

addition, grasp performance plays a key role in successfully performing manipulation tasks [35]. 

Although impedance control has become a widely used robotic control method it has not been 

commonly utilized in human controlled prosthetic hands. When a human hand is performing a 

grasping task, it uses impedance properties to sustain a stable grasp when disturbances are 

introduced. If this ability can be mimicked and introduced to a prosthetic hand then a better-quality 

prosthetic can be created. In this article a force/stiffness impedance controller method is 

introduced. The controller will be applied to a human prosthetic limb and activated by a human 

signal. The impedance controller will be designed to ensure the stability is kept throughout a 

desired grasping motion and can re-stabilize if the grasped object is being perturbed. By 

incorporating an impedance control method to upper prosthetic limbs grasping stability 

performance will improve overall increasing the functionality of the mechanisms. 
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CHAPTER 3 

ROBUST GRASPING IMPEDANCE CONTROL DESIGN  

3.1 Robust Grasping Impedance Controller Processes 

 The impedance controller will consist of three components. The first component will 

include the initial grasp. The second component involved the stability estimation function, and 

the last component is known as the adaptive control component if needed. The control process 

algorithm flow chart can be seen in Figure 9. The impedance adaptation section will have its own 

control layout for further explanation.  

 

Figure 9: Control Algorithm Process Layout 

3.2 Initial Grasp 

 The impedance controller begins with an initial grasp. This will involve the prosthetic 

hand’s fingers creating contact positions with the objects. The object impedance and fingertip 

impedance can be represented as springs shown in Figure 10. Each fingertip contact position will 

be utilized to find the Object Virtual Frame (VF). The VF is an integral part of the proposed 

impedance and has been used in other control methods [36, 37]. The VF can be utilized to detect 

slippage regarding the object being grasped. The dynamic of the object seen Figure 10 is governed 
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by Equation 1 [15, 38].Where 𝑓𝑓,𝑖 = 1,2,3 represent the contact forces at each fingertip location 

being applied to the object. VF is the virtual frame or the center of the object while H is the inertial 

frame. 𝑓𝑒𝑥𝑡 is the external perturbation force. 

 

Figure 10: 3-Finger Grasping Dynamic Model [38] 

𝑓𝑓,𝑜 + 𝑓𝑒𝑥𝑡 = 𝑀0�̈�          (1) 

 

3.2.1 Virtual Frame 

When designing a grasp stability estimator, a concept known as Virtual Frame (VF) can be 

utilized to provide a position/orientation estimation of the object being grasped. A benefit of 

utilizing the VF concept is the fact that it is solely based on the location/position of the fingers 

contacting the object. Since the VF relies on finger contact location it is helpful when dealing with 

the many uncertainties that can be derived from the object geometry [39]. In addition, this process 

can reduce the number of sensors being used. The VF concept has been utilized in various articles 

when dealing with a 3-finger grasping pattern. For example, in the article by Li, M., et al., the 

origin of the VF can be found using Equation 2 [38]: 
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𝑝𝑜 = 
1

3
∑ 𝑝𝑖
3
𝑖=1          (2) 

Where 𝑝𝑜 represents the position of the object frame origin and 𝑝𝑖 represents the position 

of the contact points on the 𝑖-th finger. Once the VF is defined any translation or rotational position 

difference between the real object and the referenced frame can be calculated. Although this three 

finger VF concept has been used in various papers involving grasping [37, 38], the VF method can 

also be calculated for hands involving more than 3 fingers [40]. The VF is an important component 

regarding the estimation function of the control algorithm. 

3.3 Grasping Estimator 

 It is difficult to estimate the shape and position of an object and although methods 

utilizing sensory capabilities like vision have been utilized to tackle this issue, there are problems 

due to the lack of accuracy of vision [41, 42]. By establishing an initial grasp configuration, an 

estimation function can be utilized which will provide crucial information to assist in the 

prediction of the grasp stability. Grasp stability estimation is not a foreign concept pertaining to 

grasping control functions. In the article by Dang, H. and P.K. Allen, tactical sensing data is 

utilized to estimate grasping stability which will in return allow the ability to make the necessary 

hand adjustments after the estimating grasp [43]. In addition, in the article by Bekiroglu, Y., et 

al., utilized hepatic data and machine learning methods to create a stability estimation method 

[44]. The purpose of the proposed control algorithm is to create an estimation function that 

works with situations involving object perturbations. The proposed estimation function will 

utilize quality measures as determinants for stability. The grasp estimator will be utilized to 

predict an unstable grasp which will trigger a re-stabilization strategy.  



17 
 

3.4. Impedance Adaptation 

 The impedance adaptation component will only be necessary if the previous grasp was 

determined as unstable. After the initial grasp has been conducted, by utilizing the grasping 

matrix 𝐺 and the Jacobean hand matrix 𝐽, quality measure studies can be performed on the 

grasping configuration. Once the initial quality measurements are conducted then the grasping 

configuration will be manipulated to mimic the object perturbation motion. By perturbing the 

object, a new hand configuration will be created. The grasp quality measurement studies will be 

conducted on the second grasp configuration as well. By comparing both the initial and final 

quality measurement data, it can be determined if the final grasp pattern (after the object is 

perturbed) is better or worse than the initial grasping pattern. If the final grasp is better then the 

configuration can be left alone; however, if the final grasp is worse then the impedance 

adaptation algorithm will need to be activated to stabilize the grasp. The impedance adaptation 

requirement layout can be seen in Figure 11. 
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Figure 11: Impedance Adaptation Requirement Layout 

 

3.4.1 Stable Grasping Impedance Definition  

 A crucial component of the grasp stability estimator function is defining what a stable grasp 

is. In the past, stiffness measurements focused on utilizing tactile sensors [45-47]. However, there 

have been many different methods used to find object stiffness that involve position and force. In 
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the article by Andrecioli, R. and E.D. Engeberg, the paper describes an adaptive controller which 

is used for position control in a powered prosthetic hand [48]. A crucial component of the control 

system performance is finding the object stiffness. Robotic system dynamics are very sensitive to 

the stiffness of the object in contact with the robot end effector because of this the object being 

grasped and the turning of the gains usually favor a stiff object. When a prosthetic hand is grasping 

different objects with different stiffnesses an adaptive control based on grasped object stiffness 

can be an effective improvement to the force control issues common in prosthetic mechanisms. 

Researchers in this article compare a PID sliding mode controller with an adaptive PID sliding 

mode controller. The crucial method used to determine the object stiffness involves basing the 

gains of the system on the stiffness K measurement. Researchers utilize the same algorithm for the 

object stiffness calculation which can be found in an article by Andrecioli, R. and E.D. Engeberg 

[49]. This algorithm involved dividing the measured normal force of the force feedback controller 

by difference between the position when contact with the object occurs and the initial position seen 

in Equation 3.  

𝐾 =
𝐹𝑁

𝑥1𝑐−𝑥1
           (3) 

 Like the human hand, a prosthetic hand with robust grasping capabilities should be able to 

comply with external perturbations from any direction. Although, providing robust grasping 

capabilities are limited in human prosthetic hands, grasping has been widely studied in robotics 

[50, 51]. Contact modeling is one of the basic subjects utilized in grasping studies. For example, 

in the article by Song, H., M.Y. Wang, and K, researches introduce a concept known as Contact 

Primitives which represents different sets of geometric surfaces that are then tested utilizing a 

robotic mechanism with two fingers [52]. These Contact Primitive geometric shapes are applied 

to the fingertips which compared to a base line flat surface shows that a more stable and robust 
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grasp can be produced. This article is an example of how contact surfaces can play an important 

role in robust grasping. The ability for the robust grasp to comply with perturbations will depend 

on grasp configuration and task requirement. To assist in robust grasping compliance researcher 

have proposed different control methods used to allow grasp stability under a wide range of 

uncertainties. In the article by Boutselis, G.I., et al, a methodology was proposed which involved 

providing task specific force closure grasps patterns [53]. The methodology was implemented to 

a five-finger robotic hand mechanism, factors like mechanical and geometric limitations were 

considered. The ability of the robotic hand to produce the correct amount of force to counter 

against position inaccuracies was established. A similar approach will be proposed in this article. 

3.4.2 Proposed Impedance Adaptation Method 

 Once a grasp is considered unstable, which can be due to object perturbation, an impedance 

adaptation method will need to be activated to re-stabilize the grasp. For this to be successful a 

stable grasping impedance controller needs to be introduced which will be used to change the 

grasping force between the prosthetic hand fingers and the object. By changing the force between 

the object and the fingertips the stiffness is proportionally being affected. In addition, by changing 

the force between each finger while grasping the finger torques are proportionally affected creating 

a new hand configuration. The relationship between the finger force while grasping and the joint 

toques can be seen bellow [38]: 

𝜏𝑓,𝑖 = 𝐽𝑓,𝑖
𝑇 𝑓𝑓,𝑔𝑖          (4) 

Where 𝜏𝑓,𝑖 is the joint torque values at 𝑖-th finger. 𝑓𝑓,𝑔𝑖 is the grasping stable force at 𝑖-th finger 

and 𝐽𝑓,𝑖
𝑇  is the Jacobean at 𝑖-th finger.  
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 In the contact model seen in Figure 10 only contact forces can be transmitted so a 

translational spring is used to represent the stable grasping impedance stiffness between the 

object’s VF/center and the contact points of the fingers. The grasping forces at 𝑖-th finger that are 

required to change after the object is perturbed if needed for stabilization can be defined by 

Equation 5 which was derived from an article by Li, M., et al [38]. The grasping force 𝑖-th finger 

and stable grasping stiffness 𝑖-th finger is represented by 𝑓𝑓,𝑔𝑖, and 𝐾𝑔𝑖. The position of the object 

VF/center and the position of the contact points are represented by the 𝑝𝑜 and 𝑝𝑖 while 𝐿𝑖 represents 

the desired distance between the 𝑖-th fingertip and the object frame origin. If the initial grasp were 

more stable than the final grasp (after object perturbation) then the original grasp 𝐾𝑔𝑖 and 𝐿𝑖 would 

be utilized to ensure a new stable configuration can be created. By calculating the 𝑓𝑓,𝑔𝑖 using 

Equation 5 the force can then be incorporated into Equation 4 with the desired finger Jacobean the 

new finger joint values can be calculated which will create a new stable hand configuration. 

𝑓𝑓,𝑔𝑖 = 𝐾𝑔𝑖(‖∆𝑝𝑖‖ − 𝐿𝑖)
∆𝑝𝑖

‖∆𝑝𝑖‖
  (5) 
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CHAPTER 4 

IMPEDANCE CONTROL IMPLEMENTATION USING SYNGRASP 

4.1 SynGrasp Introduction 

 SynGrasp is a MATLAB function which provides tools and algorithms to assist with 

compliant and underactuated robotic hand research. This MATLAB tool allows the compliances 

like contact points in joints and transmissions in actuation systems to be model. Which aid with 

grasp analysis [54, 55]. There are two ways to use SynGrasp, one way is to utilize the GUI 

(graphical user interface) or utilize the script writing method which directly assembles and 

modifies the provided functions. In addition, grasping patterns can be defined using a provided 

planner or by directly defining contact points on the hand model fingertips. SynGrasp contains 

various investigative tools to analyze grasp properties which include controllable forces, object 

displacement, manipulation analysis, and grasp stiffness quality measures. Graphical 

representation and the main analysis results are provided. By utilizing SynGrasp the proposed 

impedance control algorithm can be implemented.  

4.2 Initial Grasp Definition and Implementation  

 The following will define the inner components that make up the initial grasp function 

section of the proposed control algorithm. In order to fully define the initial grasp algorithm there 

are various steps that need to be implemented using SynGrasp. The first step included creating a 

hand model. Then applying the desired synergies or joint positions to the hand model. To define 

the grasp, finger contact points need to be defined and as well as the object being grasped. By 

utilizing the SynGrasp library this can be accomplished. 
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4.2.1 Hand Modeling 

 When defining the kinematic structure in SynGrasp, the hand is defined in terms of 

fingers, links, and joints. Every cell element, which is a 4 X 4 homogeneous transformation 

matrix in relation with the reference frame in the wrist and the reference frame defined at the 

beginning of each finger, contains a cell defined as base. A DH (Denavit-Hartenberg) table for 

every finger must be provided to properly define the desired hand model. More specifically a cell 

named DHpars collects a matrix with as many rows as joints in each finger and four columns, in 

each element. Both the base and DHpars cells contain as many elements as the number of 

fingers. Each row in the DHpars allows the definition of the joint in respects to either the 

preceding joint or base reference frame. Once the initial definition is complete the function 

SGmakeHand(), paired with the argument definitions provided by SGmakeFinger(), defines the 

hand structure. If needed the hand configuration can be modified using the SGmoveHand() 

function. SynGrasp has the ability to create different hand models which is beneficial when 

collecting grasping data. Some examples are the SGallegro, SGmidularHand, and the 

SGparadigmatic which can be seen in Figure 12. 

 

Figure 12: Hand Modeling Capability of SynGrasp. 
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 The tools available through SynGrasp can also be utilized to study the desired hand 

properties involving joint displacement being coupled mechanically or by desired control 

algorithms. This coupling can be described as a synergy matrix which is associated with the hand 

model with the intent of mimicking human hand synergies [56]. The function 

SGdefineSynergies() is utilized to associate a specific hand model to the relative coupling matrix 

which ultimately defines a synergy matrix. SGactivateSynergies() activates synergies or a 

combination of synergies on the desired hand model [54, 55]. The movement corresponding to 

the initial reference configuration as well as the movement obtained by activating one or more 

synergies can be plotted using SGplot – Syn(). One of the benefits of SynGrasp is the available 

library. For example, the SGparadigmatic is an existing library function which defines a 5-

fingered 20dof hand model. In addition, the SGsantelloSynergies library function defines the 

synergies for the 5-fingered 20dof hand model. The synergy matrix provided thought the 

function SGsantelloSynergies refers to data collected in the article by Santello, M., et al, which 

provides results suggesting that the control of hand postures involves a few postural synergies 

and that posture may be regulated independently from the control of the contact forces being 

utilized in order to grasp the desired object [57]. Figure 13 will illustrate the 5-fingered hand and 

Figure 14 will illustrate the hand with the desired synergies associated. 
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Figure 13: 5-Fingered Hand Modeled in SynGrasp  

 

Figure 14: 5-Fingered Hand Modeled with Synergies Applied 

4.2.2 Hand Grasping Definition 

 A crucial component of the grasping control algorithm is the relationship between the 

contact point locations and object definition. By utilizing a suitable contact model [58], a grasp is 

defined by the localization of frame {B} with respect to {N}, the contact points coordinates and 

the contact points respective normal forces [54, 55]. Frame {B} is fixed to the object frame 
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similar to the VF process previously described which can be seen in Figure 2. Frame {N} if fixed 

to the workspace/wrist frame. SynGrasp provided two ways to define these parameters. The first 

way is by using the function SGaddContact(), this function is utilized when the user wants to 

specify the location of the contact points. In the case where the contact points are located on the 

fingers, the function SGaddFtipContact() can be utilized. By using the function SGmakeObject() 

it is possible to create a structure representing the grasped object. By using the function 

SGmakeObject() the structural definition of the object which includes the object center, contact 

normal unit vectors, and the contact points can be automatically computed. SynGrasp has the 

ability to create different grasp models by defining different objects to grasp Figure 15. This can 

provide a variety of data in regard to different grasp configurations.  

 

Figure 15: SynGrasp's Grasp Definition Capabilities 

4.3 Stability Estimation Function Definition and Implementation Using SynGrasp 

 The following will define the inner components that make up the stability estimation 

section of the proposed control algorithm. The stability estimation function is the most crucial 

component of the algorithm. The need to know if the final grasp configuration after the object is 

perturbed is more stable or not is a crucial part of the estimation function in the proposed 
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algorithm. By using quality measures this can be accomplished. To calculate these quality 

measurements SynGrasp can utilize each grasping configuration’s grasping matrix (𝐺) and hand 

Jacobean (𝐽) to calculate these indexes.  

4.3.1 Defining the Grasp Matrix 

 After the initial grasp is defined, the quality of the grasp can be measured. Quality measure 

is an index that can be used to determine what a good or bad grasp is which will serve as the initial 

measurement starting point for determining the need for the restabilizing algorithm to be activated. 

Different quality measures are available which will determine the quality of a desired grasp pattern. 

In the article by Roa, M.A. and R. Suárez, several quality measures are reviewed and studied [59]. 

A benefit of SynGrasp is that the quality measures introduced in the article by Roa, M.A. and R. 

Suárez are also available in the SynGrasp library. In order to maximize the quality definition three 

quality measurement methods will be utilized. These quality measurements being used are the 

minimum singular value of G method, manipulability ellipsoid volume, and distance from the 

singular configuration. 

 In order to utilize these grasp quality measurements, the grasp matrix (𝐺) and the hand 

Jacobean matrix (𝐽) need to be defined. These matrices define the relevant velocity kinematics and 

force transmission properties of the contact points. Before the grasp matrix can be defined the 

definition of a contact is needed. When a contact is located on a rigid body, the configuration 𝑚 

can be defined as a map where the total amount of contact wrenches exerted on a rigid body which 

depend on the structure of the contact alone can be defined as 𝑛𝑐 [60]. This definition can be seen 

in Equation 5. When a group of contacts are being applied on a rigid body it can be ∙at one point 

(fingertip location). Each contact point defines a map (Equation 7), for 𝑖 = {1,∙∙∙, 𝑘}. A map of a 



28 
 

hand with 𝑘 fingers grasping a rigid body configuration (𝑚) can be represented in Equation 7. The 

grasping matrix 𝐺 can be defined (Equation 8).  

𝜓𝑐 = 𝑅
𝑛𝑐 → 𝑇𝑚

∗𝑀          (6) 

 

𝜓𝑐𝑖 = 𝑅
𝑛𝑖 → 𝑇𝑚

∗𝑀          (7) 

 

𝐺 =  𝑅𝑛 → 𝑇𝑚
∗𝑀, 𝑛 =  ∑ 𝑛𝑖

𝑖=𝑘
𝑖=1   

𝐺(𝑥1, 𝑥2 ∙∙∙, 𝑥𝑛) =  𝜓𝑐1(𝑥1,∙∙∙, 𝑥𝑛𝑖) +∙∙∙ +𝜓𝑐𝑘(𝑥𝑛−𝑛𝑘, ∙∙∙, 𝑥𝑛)     (8) 

 

 By referring to Figure 16 a grasp matrix can be produced by using the following procedure: 

a) Defining an object coordinate and obtaining each contact point coordinate. b) defining the 

normal and the two orthogonal tangent vectors in relation to the contacting surfaces and points. c) 

Select an origin of torque in the object body coordinates and define the contact matrix for each 

contact map. d) Consolidate these contact matrices into a final grasping matrix. Before creating a 

grasping matrix for the example seen in Figure 16 each finger needs to be defined. Equation 9 

defines the first finger map (𝜓𝑐1) taking the normal force being applied to the body of wrenches. 

Equation 10 defines the second finger map (𝜓𝑐2)  which deals with the finger force and two 

orthogonal friction forces applied to the body of the wrench. Equation 11 defines the finger 3 map 

(𝜓𝑐1) which accounts for the three applied finger forces and one normal torque to the body of the 

wrench. By adding the contact maps seen in Equation 9, 10, and 11 the grasp matrix map can be 

defined for Figure 16 (Equation 12). The calculation of the grasping matrix is crucial for defining 
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various grasping quality indexes. A benefit of SynGrasp is the system can calculate the grasping 

matrix of a desired grasping configuration. 

 

Figure 16: 3-Finger Contact Model Example 

𝜓𝑐1 = 𝑅
1 → 𝑇𝑚

∗𝑀 

𝜓𝑐1(𝑥) = [
𝑓1
1

𝑓1
1 × (𝑝1 − 𝑜)

] , 𝑥 =

[
 
 
 
 
 
0
0
1
−𝑝𝑦

1

𝑝𝑥
1

0 ]
 
 
 
 
 

       (9) 
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𝜓𝑐2 = 𝑅
3 → 𝑇𝑚

∗𝑀  

𝜓𝑐2(𝑥1, 𝑥2, 𝑥3) =  [
𝑓1
2 𝑓2

2 𝑓3
2

𝑓1
2 × (𝑝2 − 𝑜) 𝑓2

2 × (𝑝2 − 𝑜) 𝑓3
2 × (𝑝2 − 𝑜)

] [

𝑥1
𝑥2
𝑥3
]  

=

[
 
 
 
 
 
1 0 0
0 1 0
0 0 1
0 𝑝𝑧

2 −𝑝𝑦
2

−𝑝𝑧
2 0 𝑝𝑥

2

𝑝𝑥
2 −𝑝𝑥

2 0 ]
 
 
 
 
 

[

𝑥1
𝑥2
𝑥3
]         (10) 

 

𝜓𝑐3 = 𝑅
4 → 𝑇𝑚

∗𝑀  

𝜓𝑐3(𝑥1, 𝑥2, 𝑥3, 𝑥4) =  [
𝑓1
3 𝑓2

3 𝑓3
3 0

𝑓1
3 × (𝑝3 − 𝑜) 𝑓2

3 × (𝑝3 − 𝑜) 𝑓3
3 × (𝑝3 − 𝑜) 𝑚4

3] [

𝑥1
𝑥2
𝑥3
𝑥4

]  

=

[
 
 
 
 
 
0 1 0 0
1 0 0 0
0 0 1 0
𝑝𝑧
3 0 −𝑝𝑦

3 0

0 −𝑝𝑧
3 𝑝𝑥

3 1

−𝑝𝑥
3 𝑝𝑥

3 0 0]
 
 
 
 
 

[

𝑥1
𝑥2
𝑥3
𝑥4

]        (11) 

 

𝐺 =  [
𝑓1
1 𝑓1

2 𝑓2
2 𝑓3

2 𝑓1
3 𝑓2

3 𝑓3
3 0

𝑓1
1 × (𝑝1 − 𝑜) 𝑓1

2 × (𝑝2 − 𝑜) 𝑓2
2 × (𝑝2 − 𝑜) 𝑓3

2 × (𝑝2 − 𝑜) 𝑓1
3 × (𝑝3 − 𝑜) 𝑓2

3 × (𝑝3 − 𝑜) 𝑓3
3 × (𝑝3 − 𝑜) 𝑚4

] 

=

[
 
 
 
 
 
0 1 0 0 0 1 0 0
0 0 1 0 1 0 0 0
1 0 0 1 0 0 1 0
−𝑝𝑦

1 0 𝑝𝑧
2 −𝑝𝑦

2 𝑝𝑧
3 0 −𝑝𝑦

3 0

𝑝𝑥
1 −𝑝𝑧

2 0 𝑝𝑥
2 0 −𝑝𝑧

3 𝑝𝑥
3 1

0 𝑝𝑥
2 −𝑝𝑥

2 0 −𝑝𝑥
3 𝑝𝑥

3 0 0]
 
 
 
 
 

     (12) 
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4.3.2 Defining the Jacobian Matrix 

When defining the hand Jacobian (𝐽) let 𝜔𝑖,ℎ𝑛𝑑
𝑁  represent the angular velocity of the 

finger/link touching the object contact 𝑖 [61]. Let 𝜐𝑖,ℎ𝑛𝑑
𝑁  as the translation velocity on the hand in 

regard to contact 𝑖. In both of these representations contact 𝑖 is expressed as {N}. These 

velocities and the joint velocities are related through the matrix 𝑍𝑖. Plücker coordinates are used 

to define the columns of the axes of the joints for matrix 𝑍𝑖 [62, 63]. We have: 

(
𝜐𝑖,ℎ𝑛𝑑
𝑁

𝜔𝑖,ℎ𝑛𝑑
𝑁 ) =  𝑍𝑖𝑞̇̇,          (13) 

Where 𝑍𝑖 ∈ ℝ
6×𝑛𝑞̇ can be described as: 

𝑍𝑖 = (
𝑑𝑖,1 ⋯ 𝑑𝑖,1
𝑙𝑖,1 ⋯ 𝑙𝑖,𝑛𝑞

),         (14) 

With the 𝑑𝑖,𝑗 , 𝑙𝑖,𝑗 ∈ ℝ
3defined as: 

𝑑𝑖,𝑗 = 

{
 

 
03×1

ẑ𝑗

𝑆(𝑐𝑖 − 𝜁𝑗)
⊺ẑ𝑗

          (15) 

𝑙𝑖,𝑗 = 

{
 

 
03×1

03×1
ẑ𝑗

           (16) 

Where the unit vector in the direction of the z-axis and in the same frame is ẑ𝑗  and the origin of 

the coordinate frame relating to the 𝑗-th joint is 𝜁𝑗  [61]. In addition, both frames are 

represented in {𝑁}.The Denavit-Hartenberg method can be used to assign these frames. The axis 

that will be used for the rotational axis for the joint revolute and for the translation for prismatic 
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joint will be the ẑ𝑗-axis. The frame of the expression will need to be changed in order to 

complete the final step in referring the hand twist to the contact frames. The change 

involves 𝜐𝑖,ℎ𝑛𝑑
𝑁  and 𝜔𝑖,ℎ𝑛𝑑

𝑁  to {𝐶}𝑖: 

𝜈𝑖,ℎ𝑛𝑑 = �̅�𝑗
⊺ (
𝜐𝑖,ℎ𝑛𝑑
𝑁

𝜔𝑖,ℎ𝑛𝑑
𝑁 ).          (17) 

The partial hand Jacobian which relates to the joint velocities to the contact twists on the hand 

can be determined by combining Equation 17 and Equation 13: 

𝜈𝑖,ℎ𝑛𝑑 = 𝐽𝑖�̇�̇,           (18) 

Where: 

𝐽𝑖 = 𝐽𝑖�̅�𝑗
⊺𝑍𝑖,           (19) 

By stacking  the twist of the hand and the object into the vectors 𝑣𝑐,ℎ𝑛𝑑 ∈ ℝ
6𝑛𝑐 and 𝑣𝑐,𝑜𝑏𝑗 ∈

 ℝ6𝑛𝑐  you get the following compacted notion: 

𝑣𝑐,𝜉 = (𝑣1,𝜉
⊺ ⋯ 𝑣𝑛𝑐,𝜉

⊺ ),   𝜉 = {𝑜𝑏𝑗, ℎ𝑛𝑑}.       (20) 

To solve the complete hand Jacobian 𝐽 ∈ ℝ6𝑛𝑐×𝑛𝑞 the various velocity quantities as : 

𝑣𝑐,ℎ𝑎𝑛𝑑 = 𝐽�̇�̇,           (21) 

Where: 

𝐽 = (
𝐽1
⋮
𝐽𝑛𝑐

)           (22) 
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4.3.3 Defining the Grasping Quality Measures 

 A complete grasp matrix 𝐺 ∈  ℝ6 ×𝑟 has 6 singular values given. These values are 

provided by the positive square roots of the eigenvalues of 𝐺𝐺𝑇 [59]. When at least one of the 

singular values of 𝐺 goes to zero, the grasp is in a singular configuration. It is beneficial to avoid 

a singular configuration because the grasp loses the capability of withstanding external wrenches 

in at least one direction. The quality measurement that indicates how far the grasp is from falling 

into a singular configuration is known as 𝜎𝑚𝑖𝑛(𝐺) which is the smallest singular value of the 

grasp matrix 𝐺 [60]. 𝜎𝑚𝑖𝑛(𝐺) serves as a quality index and is known as the minimum singular 

value (𝑄𝑀𝑆𝑉) of G quality measure. A larger 𝜎𝑚𝑖𝑛(𝐺) leads to a better grasp. In addition, a larger 

𝜎𝑚𝑖𝑛(𝐺) results in larger minimum contributions from the contact point forces in relation to the 

net wrench on the object.  

Another quality measurement known as the distance to singular configuration is similar 

to the previously described smallest singular value configuration of G. However, a main 

difference is the distance to singular configuration considers the object grasping matrix (𝐺) and 

the hand Jacobian (𝐽). By combining these two properties a physical condition is being added to 

the quality measure which becomes a critical measurement from a practical point of view. By 

maximizing the smallest singular value (𝜎𝑚𝑖𝑛) of the Jacobian it is possible to keep redundant 

arms away from reaching a singular configuration [64]. This principle can be applied to hand 

grasping Jacobian H [59]. The quality index for the distance to singular configuration quality 

measurement is 𝜎𝑚𝑖𝑛 (𝐻) . The greater the 𝜎𝑚𝑖𝑛 (𝐻) the better the grasp. 

In order to consider all singular values H another quality index can be used known as 

volume of the manipulability ellipsoid [65]. At the fingertips, the forces (𝑓) and velocities (𝑣) are 

related to the finger joint torques (𝑇) and velocities (�̇�) though the hand Jacobian (𝐽ℎ =
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𝑑𝑖𝑎𝑔[𝐽1 ⋯ 𝐽𝑖] 𝜖 ℝ
𝑛𝑟×𝑛𝑚) where 𝐽𝑖 𝜖 ℝ

𝑟×𝑚, 𝑖 = 1,… , 𝑛, represents the Jacobian for the finger 

that is being related to the variables at the finger joint which is also related to the variables at the 

fingertips: 

𝑣 = 𝐽ℎ�̇�           (23) 

𝑇 =  𝐽ℎ
𝑇𝑓           (24) 

The relationship between the forces (𝑓) located on the fingertips, the total wrench (𝜔) applied on 

the object, the velocities (𝑣) at the contact points, and the twist (�̇�) is given by the grasp matrix 

𝐺 𝜖 ℝ𝑑×𝑛𝑟 [66]: 

𝑣 = 𝐺𝑇�̇�           (25) 

𝜔 =  𝐺𝑓           (26) 

Equation 26 is derived by combining Equation 23 and 25: 

𝐽ℎ�̇� = 𝐺𝑇�̇� (26) 

By utilizing Equation 23 and the velocities at the contact points it is possible to derive the 

object’s velocity. Where 𝑁(𝐺𝑇) represents a matrix where the columns create a basis for the null 

space of 𝐺𝑇 , (𝐺𝑇)+ denotes the pseudoinverse of 𝐺𝑇, and the arbitrary vector that parametrizes 

the set solution is represented by 𝑣0. It is important to note that since 𝐺𝑇𝜖 ℝ𝑛𝑟×𝑑is usually not a 

square matrix, the pseudoinverse is required. In addition, to create any wrench or twist on the 

desired object it is necessary that 𝑁(𝐺𝑇) = 0 or 𝑟𝑎𝑛𝑘(𝐺) = 𝑑 [61]. Ultimately, these conditions 

simplify Equation 28 to �̇� = (𝐺𝑇)+𝜐 [59]. Via the hand-object Jacobian 𝐻, the transformation of 

the velocity domain starting from the higher dimension joint space to the lower dimensional 

object space can be accomplished as seen in Equation 29. Where 𝐻 = (𝐺𝑇)+𝐽ℎ 𝜖 ℝ
𝑑×𝑛𝑚. This 
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analysis is typically used as more of a dynamic approach and is not typically considered to play a 

huge role in grasping, however there have been dynamic grasping examples reported [67]. 

�̇� = (𝐺𝑇)+𝜐 + 𝑁(𝐺𝑇)𝑣0 (28) 

�̇� = 𝐻�̇� (29) 

 The volume of the manipulability ellipsoid previously described is mapped utilizing 

Equation 29 in addition with a sphere of unitary radius in relation to the velocity domain of the 

finger joints into the object’s velocity domain represented by Equation 30. Where 𝜎1𝜎2⋯𝜎𝑟 

represents the singular values of 𝐻. A larger quality index signifies that for the similar velocities 

that reside in the finger joints, a larger velocity of grasped object is being produced. The greater 

the index the greater the ellipsoid volume measurement more than likely the grasp is better [60]. 

𝑄𝑉𝑀𝐸 = √det (𝐻𝐻𝑇) =  𝜎1𝜎2⋯𝜎𝑟  (30) 

 An important benefit of SynGrasp is the ability to calculate these quality measures of 

desired grasping configurations. Consider three different grasping configurations. All three 

configurations will consist of the SynGrasp 3-fingered hand mechanism. In addition, each hand 

configuration will be grasping a different shaped object which includes a sphere, cube, and 

cylinder. By calculating the 𝑄𝑀𝑆𝑉 quality measure for each grasp it can be determined which 

grasp is more stable [59, 60, 68]. The greater the 𝑄𝑀𝑆𝑉 the better the grasp. Table 1 illustrates 

each grasp configuration, and it is 𝑄𝑀𝑆𝑉 quality measurements. When comparing all the quality 

indexes it can be stated that the sphere grasping configuration is the best grasp, the cylinder 

grasping configuration is the second-best grasp, and the cube grasping configuration is the worst 

of the three grasps. By using this method, the initial grasp in the control algorithm can be 

analyzed and compared to the second grasp caused by the object perturbance. If the second grasp 
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has a lower quality per quality measurement, then that can be the signal to begin the impedance 

algorithm which should re-stabile the grasp causing the quality measurements to improve.  

Table 1 

𝑄𝑀𝑆𝑉 Grasping Analysis 
Grasp Configuration Quality Index 

𝑸𝑴𝑺𝑽 = 𝝈𝒎𝒊𝒏(𝑮)  

 

1.710639031520675 

 

1.694984281515113 

 

1.620627829845456 

 

4.3.4 Modeling the Perturbed Object and Analyzing the Grasp 

 There are many degrees of freedom (DoF) distributed among the various kinematic 

chains known as the fingers in the human hand. In order to mimic the functionality of the human 

hand a complex mechanical design is needed. Although many roboticists have attempted to 

mimic the functionality of the human hand in order to match all the hand’s DoF, it requires a 

large amount of actuator motors [69-71]. To combat this issue underactuation designs have been 

implemented which means essentially the system has more DoF then actuators [72]. 



37 
 

Underacuation hands can simplify a control scheme especially in human hands. More 

specifically studies in neuroscience have demonstrated that input variables known as postural 

synergies are able to cover most variances in hand motions and grasping configurations [57, 73]. 

Due to the reduced dimension representation in hand models (compared to biological human 

hands) synergies or soft synergies can represent joint displacement aggregation. A variation of 

soft synergy actuation forces can be expressed as: 

∆𝜎 = 𝐾𝑧(∆𝑧𝑟 − ∆𝑧)          (31) 

The symmetric and positive definite matrix which is used to define the synergy stiffness is 

represented by 𝐾𝑧 ∈ ℜ
𝑛𝑧×𝑛𝑧 and the different variation of synergy reference values is represented 

by ∆𝑧𝑟. 

 As previously described SynGrasp allows the upload of soft synergy values into the hand 

modeling to have control on how the mechanism’s joints react. The joint displacement is coupled 

mechanically and in relation to the human hand these synergies are associated to the hand model 

by a 1 X 20 matrix. By utilizing the initial synergies gathered from the article by Prattichizzo, D., 

et al, a quality measurement for the first grasp can be calculated [56]. Once the desired values are 

calculated for the initial grasp, in order to mimic the object perturbance, the hand synergies can 

be manipulated. This will represent a random object perturbance. Once the synergies are changed 

a new hand configuration will be created. Quality measurements can then be calculated for the 

second configuration. The initial and final quality measures will be analyzed to determine if the 

stabilizing algorithm is necessary.  
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4.3.5 SynGrasp Implementation of Stabilizing Algorithm 

 After the object is perturbed and the second grasping configuration is deemed less stable, 

the stabilization algorithm will need to be incorporated to stabilize the grasp. Since it is known 

the initial grasp quality is better, in relation to the quality measurement tests, the stabilizing 

algorithm will need to provide the forces needed to return the second-hand configuration back to 

the initial hand configuration. SynGrasp can be utilized to provide the unknown variables needed 

to calculate the finger force needed in Equation 5 and the joint torques needed in Equation 4. The 

implementation of stabilizing algorithm layout can be seen in Figure 17. 

 

Figure 17: Implementation of Stabilizing Algorithm Layout 

Where 𝑘𝑑 is the desired stiffness value. This desired stiffness value 𝑘𝑑 is the same as 𝐾𝑔𝑖 which 

will be incorporated in order to calculate the desired force needed for stabilization (𝑓𝑓,𝑔𝑖). Once 

the force is calculated, the value will be used to find the joint torques (𝜏𝑓,𝑖) needed for the new 

hand configuration. 𝑘𝑓 is the final stiffness value for the newly calculated hand grasp 

configuration which will also serve as the feedback loop which will help minimize the error 𝑒 

(𝑒 = 𝑘𝑓 − 𝑘𝑑) in order to ensure the final stiffness is as close as possible to the desired stiffness. 
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 Once the hand is being modeled and the object in the grasping pattern is being created by 

using the function SGmakeObject(hand), the MATLAB workspace will create an object structure 

file. Within this object structure file, you can derive the calculated object center as well as the 

contact points on the object for each finger. The contact points are represented by a 4 X 3 matrix 

for a 3-fingered contact model and the object center represented by a 1 X 3 matrix. With this 

information ∆𝑝𝑖 can be calculated. In addition, since the soft synergies will be incorporated to the 

hand model then the stiffness 𝐾𝑔𝑖 can be calculated. The synergies can be seen in the workspace, 

it is referred to as the qm file which is represented by a 1 X 20 matrix. Since 𝐿𝑖 is the desired 

distance from each finger to the object frame that distance can be calculated with the contact 

points and object center location. The desired 𝐿𝑖 will need to be calculated from the initial 

grasping configuration since it is considered the more stable grasp configuration at this point of 

the control method. When all these variables are incorporated into Equation 5 then 𝑓𝑓,𝑔𝑖 can be 

solved. 

  



40 
 

CHAPTER 5 

EXPERIMENT AND RESULTS 

5.1 Impedance Control Algorithm  

 To create a grasping configuration that closely mimics the human hand the 

SGparadigmatic was uploaded from the SynGrasp library. The SynGrasp library has already pre-

defined the DH parameters needed to create a 5-fingered hand model (Table 2). The function 

SGsantelloSynergies will be utilized to apply the soft synergies needed to define the joint 

stiffnesses that mimic human hand joint stiffnesses. Figure 18 numbers the joint that will be 

affected by the synergies. The synergy matrix file qm defines the synergies with a 1 X 20 matrix. 

However, since the grasping configuration that is going to be analyzed is a 3-fingered 

configuration only the first 12 matrix positions will be considered since they affect the 3 fingers 

being used in the grasping configuration. Equation 31 will notate what matrix position affects 

what finger.  

Table 2 

Finger DH Parameter Definitions 
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Figure 18: 5-Fingered Hand Joint Numbering 

𝑞̇𝑚 =

[
 
 
 
 
 
 
 
 
 
 
 
 
𝑗1,𝑧
𝑗1,𝑥
𝑗2,𝑥
𝑗3,𝑧
𝑗4,𝑧
𝑗4,𝑥
𝑗5,𝑥
𝑗6,𝑥
𝑗7,𝑧
𝑗7,𝑥
𝑗8,𝑥
𝑗9,𝑥]
 
 
 
 
 
 
 
 
 
 
 
    𝐴𝑓𝑓𝑒𝑐𝑡𝑠 𝑗𝑜𝑖𝑛𝑡 1 𝑎𝑏𝑜𝑢𝑡 𝑡ℎ𝑒 𝑧 𝑎𝑥𝑖𝑠
   𝐴𝑓𝑓𝑒𝑐𝑡𝑠 𝑗𝑜𝑖𝑛𝑡 1 𝑎𝑏𝑜𝑢𝑡 𝑡ℎ𝑒 𝑥 𝑎𝑥𝑖𝑠
   𝐴𝑓𝑓𝑒𝑐𝑡𝑠 𝑗𝑜𝑖𝑛𝑡 2 𝑎𝑏𝑜𝑢𝑡 𝑡ℎ𝑒 𝑥 𝑎𝑥𝑖𝑠
   𝐴𝑓𝑓𝑒𝑐𝑡𝑠 𝑗𝑜𝑖𝑛𝑡 3 𝑎𝑏𝑜𝑢𝑡 𝑡ℎ𝑒 𝑧 𝑎𝑥𝑖𝑠
   𝐴𝑓𝑓𝑒𝑐𝑡𝑠 𝑗𝑜𝑖𝑛𝑡 4 𝑎𝑏𝑜𝑢𝑡 𝑡ℎ𝑒 𝑧 𝑎𝑥𝑖𝑠
   𝐴𝑓𝑓𝑒𝑐𝑡𝑠 𝑗𝑜𝑖𝑛𝑡 4 𝑎𝑏𝑜𝑢𝑡 𝑡ℎ𝑒 𝑥 𝑎𝑥𝑖𝑠
   𝐴𝑓𝑓𝑒𝑐𝑡𝑠 𝑗𝑜𝑖𝑛𝑡 5 𝑎𝑏𝑜𝑢𝑡 𝑡ℎ𝑒 𝑥 𝑎𝑥𝑖𝑠
   𝐴𝑓𝑓𝑒𝑐𝑡𝑠 𝑗𝑜𝑖𝑛𝑡 6 𝑎𝑏𝑜𝑢𝑡 𝑡ℎ𝑒 𝑥 𝑎𝑥𝑖𝑠
   𝐴𝑓𝑓𝑒𝑐𝑡𝑠 𝑗𝑜𝑖𝑛𝑡 7 𝑎𝑏𝑜𝑢𝑡 𝑡ℎ𝑒 𝑧 𝑎𝑥𝑖𝑠
   𝐴𝑓𝑓𝑒𝑐𝑡𝑠 𝑗𝑜𝑖𝑛𝑡 7 𝑎𝑏𝑜𝑢𝑡 𝑡ℎ𝑒 𝑥 𝑎𝑥𝑖𝑠
   𝐴𝑓𝑓𝑒𝑐𝑡𝑠 𝑗𝑜𝑖𝑛𝑡 8 𝑎𝑏𝑜𝑢𝑡 𝑡ℎ𝑒 𝑥 𝑎𝑥𝑖𝑠
   𝐴𝑓𝑓𝑒𝑐𝑡𝑠 𝑗𝑜𝑖𝑛𝑡 9 𝑎𝑏𝑜𝑢𝑡 𝑡ℎ𝑒 𝑥 𝑎𝑥𝑖𝑠

      (31) 

 By utilizing the function SGaddFtipContact(), the contact points can be located on the 

fingertips. For this experiment only the thumb, index, and middle finger will be considered into 

the grasping configuration. The function SGmakeObject(hand) allows the object to be plotted 

based on the fingertip contact point locations. Figure 19 will show the initial grasp plot which 

included the SGparadigmatic hand with synergies incorporated as well as the object. In addition, 
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the output data which is seen in the workspace will have information like the synergy definition 

matrix (qm), hand structure information (which contains the hand Jacobean (𝐽)), and the object 

structure information (which contains the object center, contact points, and grasping matrix (𝐺)). 

 

Figure 19. Initial Grasping Configuration 

 Once the initial grasp has been fully defined the function SGmanipEllipsoidVolume() was 

used to calculate the volume of the manipulability ellipsoid quality measurement. In addition, the 

function SGdistSingularConfiguration() was used to calculate the distance to singular 

configuration quality measurement. Both of these functions use the hand Jacobian and grasping 

matrix as inputs. The output index values can be seen in the MATLAB workspace. Once the 

initial grasp analysis has been complete the object perturbance is incorporated. To model the 

grasped object being perturbed the initial synergies (qm) are changed randomly in order to mimic 

a random object perturbation. The new (final) grasping configuration can be seen in Figure 
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20.The differences between the initial grasp synergies, grasp matrix, hand Jacobean, and the 

quality measurements can be seen in Table 3-6. By analyzing the quality measures the estimation 

function of the proposed algorithm can conclude that the final grasp is unstable due to the fact 

that the indexes for the initial grasp are higher for both the volume of the manipulability ellipsoid 

and singular configuration quality measurement. Thus, the stability algorithm would need to be 

activated to re-stabilize the grasp configuration. When initiating the impedance control algorithm 

various variables need to be calculated in order to solve Equation 4 and Equation 5. These 

missing variables can be found by using SynGrasp as an analyzing tool of the proposed grasp 

object dynamic model. It is important that the desired variables are gathered form the correct 

hand configurations. 𝑘𝑑 and 𝐿𝑖 will be collected from the initial grasp the stability needs to be 

mimicked. ∆𝑝𝑖 will be gathered from the final grasp configuration since it is the grasp which will 

be modified to create the new configuration.  

 

Figure 20: Final Grasp Configuration 

  



44 
 

Table 3 

Synergy Matrix Comparison 
 Synergy Matrix (qm) 

Initial Grasp 

[
 
 
 
 
 
 
 
 
 
 
 
−0.983
1.760
−0.430
0.092
0.453
0.467
1.060
0.707
0

0.495
1.060
0.707 ]

 
 
 
 
 
 
 
 
 
 
 

 

Final Grasp 

[
 
 
 
 
 
 
 
 
 
 
 
−1.30
2.00
0.70
0.30
0.50
0.50
1.25
1.00
0
0.75
1.20
1 ]

 
 
 
 
 
 
 
 
 
 
 

 

 

Table 4 

Grasp Matrix Comparison 

 Grasp Matrix (𝑮) 

Initial Grasp 

[
 
 
 
 
 
1 0 0 1 0 0 1 0 0
0 1 0 0 1 0 0 1 0
0 0 1 0 0 1 0 0 1
0 −9.32 −33.52 0 0.33 15.63 0 8.99 17.90
9.32 0 9.95 −0.33 0 8.53 −8.99 0 −18.49
33.52 −9.95 0 −15.62 −8.53 0 −17.90 18.49 0 ]

 
 
 
 
 

 

Final Grasp 

[
 
 
 
 
 
1 0 0 1 0 0 1 0 0
0 1 0 0 1 0 0 1 0
0 0 1 0 0 1 0 0 1
0 −16.51 −26.33 0 3.24 19.17 0 13.27 7.16

16.52 0 33.35 −3.24 0 −5.50 −13.27 0 −27.85
26.33 −33.35 0 −19.17 5.50 0 −7.16 27.85 0 ]
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Table 5 

Hand Jacobean Matrix Comparison 

 Hand Jacobean (𝑱) 

Initial Grasp 

[
 
 
 
 
 
 
 
 
−1.47 −40.59 −20.16 −5.71 0 0 0 0 0 0 0 0
0.56 −27.07 −13.45 8.16 0 0 0 0 0 0 0 0
0 −1.28 −5.97 0.89 0 0 0 0 0 0 0 0
0 0 0 0 −22.62 25.60 18.31 5.18 0 0 0 0
0 0 0 0 −11.02 −52.54 −37.58 −10.64 0 0 0 0
0 0 0 0 0 −25.16 7.89 9.22 0 0 0 0
0 0 0 0 0 0 0 0 −24.89 −1.52𝑒−15 6.31𝑒−16 6.64𝑒16

0 0 0 0 0 0 0 0 −355𝑒−15 −67.12 −48.09 −13.10
0 0 0 0 0 0 0 0 0 −24.89 10.30 10.84 ]

 
 
 
 
 
 
 
 

 

Final Grasp 

[
 
 
 
 
 
 
 
 
5.87 −32.02 −10.11 0.02 0 0 0 0 0 0 0 0
−32.20 −8.89 −2.81 9.92 0 0 0 0 0 0 0 0
0 32.60 22.20 1.26 0 0 0 0 0 0 0 0
0 0 0 0 −11.64 25.40 16.90 2.74 0 0 0 0
0 0 0 0 −6.36 −46.50 −30.93 −5.02 0 0 0 0
0 0 0 0 0 −13.26 19.21 13.86 0 0 0 0
0 0 0 0 0 0 0 0 0.38 2.31𝑒−17 1.82𝑒−15 1.02𝑒−15

0 0 0 0 0 0 0 0 −355𝑒−15 −63.02 −35.75 −3.24
0 0 0 0 0 0 0 0 0 0.38 29.65 16.69 ]

 
 
 
 
 
 
 
 

 

 

Table 6 

Quality Measurement Comparison 
 Manipulability Ellipsoid VE Singular Configuration SminHO 

 

Initial Grasp 3.2357e03 0.3425 

Final Grasp 770.72 0.0975 

 

Table 7 

Desired Variables for Force Calculation 
Desired Variables  

𝒌𝒅 = 𝑲𝒈𝒊 

[
 
 
 
 
 

0.02 −5.69𝑒−04 . 001 −0.02 −0.17 −0.15
−5.70𝑒−04 0.007 −9.41𝑒−04 −0.03 −0.04 −0.18
0.001 −9.41𝑒−04 0.01 −0.22 0.17 0.06
−0.02 −0.03 −0.22 7.35 −4.96 0.13
−0.17 −0.04 0.17 −4.96 7.57 3.91
−0.15 −0.18 0.06 0.13 3.91 7.30 ]

 
 
 
 
 

 

𝒑𝒐 
 [

−27.60
70.35
−54.22

] 

𝒑𝒊=1,2,3 

[

−36.441 −35.019 −8.000
46.4724233005936 95.6174864330797 97.889

−48.789 −58.444 −67.107
1 1 1

] 

𝑳𝒊=1,2,3 𝐿1 = 125.85; 𝐿2 = 172.93, 𝐿3 = 140.51 
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5.2 Discussion of Potential Future Work  

 The next step after the algorithm has been defined is to apply the proposed control system 

to a physical robotic hand. More specifically a prosthetic hand since the ultimate goal is to 

improve prosthesis functionality. There have been studies conducted involving SynGrasp 

interfacing with real time robotics [54, 55]. By implementing the control system to a real time 

prosthetic hand more data can be collected which can be used to see the effectiveness of the 

proposed control system.  

 In addition, by updating the adaptation method to incorporate myoelectric control in a 

prosthetic upper limb, a user to mechanism interface regarding prosthetic control can be 

significantly improved. Although recent advances in prosthetic control developments have seen 

an explosion of innovation, there is still a lag pertaining to the user’s ability to control the 

functionality of the prosthetic mechanism. Various studies have shown that by incorporating 

haptic feedback from a prosthetic, leads to performance improvements in certain tasks [74-76]. 

For example, the article by Meek, S.G., et al, showed that by incorporating a pressure cue and 

delivering it to the prosthetic limb the user was able to maintain a grip force more efficiently 

which significantly decreased slippage situations [77]. Similarly, in this study the impedance 

control method so far described above can be utilized to determine if a grasp is unstable or not. If 

the grasp is unstable a haptic feedback will be provided to the user providing a signal that the 

grasp is unstable which then the user can then provide more force using myoelectric signals. The 

force increased in each finger, which is needed to restabilize the grasp, is instead produced by the 

user and not automatic like various impedance control methods use. 
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CHAPTER 6 

CONCLUSIONS AND RECOMMENDATION 

 In this thesis an adaptive impedance control system was proposed. The control system 

included various sections. These sections include the initial grasp, stability estimation function, 

and the impedance adaptation section. Although impedance control systems are not a new 

concept this thesis proposed a unique way to tackle the stability estimation function by utilizing 

grasping quality measures. These quality measures are calculated by using properties of the 

grasping configuration. In addition, this thesis introduced how to utilize a MATLAB toolbox in 

order to simulate the proposed impedance control system. SynGrasp allows the design and 

analysis of the grasp configurations being studied. Although there were issues with figuring out 

how to simulate a grasped object being perturbed, this issue was solved by changing the model 

hand synergies.  

 Although SynGrasp is capable of simulating the proposed estimation function and it has 

the capabilities to provide the information and data needed it still lacked the ability to fully 

simulate the impedance adaptation portion. However, the study was able to prove that by 

utilizing grasping quality measures a unique estimation function that revolves around grasping 

stability can be created. By continuing the research and collecting data by implementing the 

proposed algorithm in a real time prosthetic hand. It can significantly improve the dexterity of 

current prosthetic hands. In addition, by incorporating a method where the patient can provide 

biological signals to personally control the impedance adaptation portion of the proposed control 

system a more advanced prosthetic that is closer to mimicking the dexterity of the human hand 

can be created. Improving the science of prosthetic engineering. 
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