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ABSTRACT 

With an aging population, facilitation of an independent lifestyle for the 

elderly and those with neuromuscular conditions is a prominent field of research. 

Different robotic prototypes have been proposed in order to aid patients and 

seniors regain their autonomy by augmenting forces exerted by the device 

wearer. Some of these prototypes are controlled in force by processing surface 

electromyography (SEMG) signals acquired from wearer’s muscles. However, 

the accuracy of the estimated force may deteriorate with passage of time and 

alteration of limb configurations. SEMG and isometric torque data are recorded 

from eleven healthy volunteers to (1) compare the accuracy of six torque 

estimation models and (2) demonstrate estimation accuracy preservation under 

arm varying configurations. The research focuses on wrist extension/flexion in 

order to simplify the performed analysis. 

 
Keywords:  surface electromyography (EMG); joint torque estimation; joint 
torque estimation models.  
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CHAPTER 1 INTRODUCTION 

1.1 Motivation 

A fully functioning upper limb is crucial for autonomy of individuals. 

However, aging, disease, and neuromuscular conditions can impair the 

functionality of the upper limb. In Canada, 300,000 people are living with a 

disability [1]. 

Rehabilitation is an effective method for restoring motor abilities of 

individuals with impaired functionality. Intense and task-oriented rehabilitation 

promote motor recovery and cerebral reorganization [2]. Therapists initially 

examine patients for presence of pain, loss of strength, sensation, and range of 

motion. They evaluate functional performance mainly by subjective observations 

and utilization of standardized tests. Unfortunately, consistency of assessments 

is lost when more than one therapist works with the same patient and objective 

assessment of patient progress is rendered impractical. Furthermore, long 

rehabilitation sessions generally required for extended periods is an enormous 

economic burden; requiring highly trained professionals and equipped facilities.  

With an aging population and an increased demand for rehabilitation, 

robotic devices have been considered as a supplemental therapy method. These 

devices can move patient’s limbs repetitively in a pre-specified range of motion 

for long sessions. Moreover, robots equipped with sensors, can provide the 

therapist with more accurate and objective evaluation of patient’s progress. 
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Rehabilitative robots are operated in two modes: rehabilitation and 

assistance. In the rehabilitation mode, patients do not attempt to move his or her 

limb while the robot does all the work. In the assistance mode, the robot 

supplements movement efforts. 

Surface electromyography (SEMG) signals can be used to estimate the 

direction and magnitude of torques about a joint. SEMG signals, picked up non-

invasively from the surface of the skin, are a measure of muscle activity. 

Increased level of muscle activity is an indication of higher forces produced by 

muscles and higher joint torques consequently. Assistive robotic devices utilize 

these signals as control inputs. 

Researchers have developed several regression and classification methods 

for estimation of joint torques based on SEMG signals. We first provide a 

quantitative comparison of the most commonly used methods using experimental 

SEMG and torque signals gathered from eleven healthy volunteers. 

Subsequently, we propose and demonstrate the viability of a joint torque 

estimation model that is insensitive to varying arm configurations. We showed 

that testing accuracy increases with training models with data gathered from 

different arm configurations. Moreover, we demonstrated that the model training 

time does not noticeably increase with addition of training data, making the 

model more desirable for training at numerous configurations. 

1.2 Objectives 

Objectives of this thesis are as follows: 
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a) Devise a protocol for gathering experimental SEMG and torque data, 

which captures the phenomena that result in accuracy deterioration of 

joint torque estimation models. 

b) Quantify the effects of number of muscles, arm configuration 

alterations, passage of time, and electrode displacement on accuracy 

of joint torque estimation models. 

c) Identify the most suitable model that addresses accuracy deterioration 

of wrist torque estimation due to alteration of arm configurations. 

d) Demonstrate the viability of the proposed model for estimation of 

isometric wrist joint torques under varying arm configurations. 

1.3 Thesis Structure 

This chapter discussed the motivation and objectives of this work. The 

remaining chapters are structured as follows: 

Chapter 2 discusses the importance of upper limb for autonomy of 

individuals. Common causes of upper limb function impairment are discussed 

and rehabilitation methods are overviewed. Robotic devices are subsequently 

presented as a viable therapy method. Technologies used in these devices and 

design trade-offs are discussed. Finally, SEMG signals are introduced and torque 

estimation models based on these signals are discussed. 

Chapter 3 describes the estimation models used for estimation of 

isometric joint torques in this study. 
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Chapter 4 describes the experimental setup and protocol used for 

gathering experimental data used for quantifying the performance of models. 

Chapter 5 quantifies and compares the performance of different joint 

torque estimation models. 

Chapter 6 proposes a modified linear regression model that is 

demonstrated to be a remedy to deterioration of model accuracy with varying 

joint angles and alteration of limb configurations. 

Chapter 7 concludes the thesis and discusses potential future work. 
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CHAPTER 2 BACKGROUND 

2.1 Upper Limb 

Human upper limb is very important for performing cognitive-driven and 

expression-driven tasks, as well as exploration and manipulation of the 

surrounding space. The high degree of mobility of the kinematic chain composed 

of shoulder, arm, elbow, wrist, and hand, allows positioning the hand for various 

functional activities. 

A hand with full functionality is essential for independent and active lifestyle. 

Unfortunately, due to the complex structure of the upper limb and its central role 

in interaction with the environment, it is highly prone to injuries. Neuromuscular 

diseases and stroke also frequently impair the functionality of the upper limb [3]. 

Almost 450,000 Americans suffer from multiple sclerosis and muscular dystrophy 

that result in loss of hand strength and dexterity [4]. In Canada, more than 50,000 

individuals have multiple sclerosis [5]. Approximately 40% of emergency 

treatment of surgery and orthopaedics is associated to hand trauma [6]. Arm 

function is also acutely impaired in the majority of stroke survivors [7]. 

Loss of muscle mass due to aging, known as sarcopenia or frailty is another 

contributor to decreased level of functionality [8]. Prevalence of sarcopenia is 

believed to be about 30% of the population of people 60 years and older [9]. 
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2.2 Wrist 

Important activities of daily living such as eating with a spoon, writing and 

painting, drinking from a cup, and using a wheelchair are dependent on 

functionality of the wrist. Wrist joint connects the hand and forearm. This joint 

possesses two degrees of freedom: flexion-extension and ulnar-radial deviation. 

Flexion is bending of the wrist so the palm approaches anterior surface of the 

forearm, whereas extension is the motion in the reverse direction. Radial 

deviation, also known as abduction, is bending the wrist to the thumb side, 

whereas ulnar deviation is the bending of the wrist towards the little finger [10]. 

Figure 2-1 demonstrates wrist flexion/extension and radial/ulnar deviation. 

 

Figure 2-1: Wrist joint degrees of freedom. 

(a) Wrist extension, (b) wrist flexion, (c) radial deviation, (d) ulnar deviation 
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 Activities of daily living (ADL) such as opening a jar, turning a doorknob, 

and pushing up from a chair are severely restricted following impairment of the 

wrist [11]. Brain map research suggests that motor cortical representation 

expand with activity following stroke and traumatic injury [12]. Therefore, long 

rehabilitation training sessions focused on intensive task-oriented repetitive 

movements is beneficial to the recovery of wrist functionality [13]. Tasks that 

focus on ADL have shown significant increase in motor recover post stroke [14]. 

However, rehabilitation in presence of therapists, who are in relative shortage, is 

resource and cost intensive [15]. 

 Robotic devices are nowadays a viable supplement to therapy. Robots 

can facilitate repetitive movement of impaired limbs without fatigue, provide 

accurate progress measurements, and can be independently used by patients 

living in remote areas without daily access to therapists. 

2.3 Rehabilitative and Assistive Devices 

Exoskeletons are a set of mechanical linkages that are attached to the 

body. In a mechatronics context, exoskeletons are devices worn by a person that 

permit direct transfer of mechanical power and exchange of information through 

actuators and sensors. A group of researchers at Cornell University and General 

Electric developed the first master-slave exoskeleton in early 1970s [16]. Initially, 

most exoskeletons were designed for teleoperation and power amplification. An 

example is the exoskeleton shown in Figure 2-2 that fits over the gloved hand of 

an astronaut and enables amplification of astronaut’s power [17]. 
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Figure 2-2: Power augmentation exoskeleton. Reproduced from [17]. 

 

Three actuated fingers, controlled by pressure signal input from pressure 

sensors mounted between exoskeleton and the hand help the astronaut in 

overcoming the suit stiffness and performing tasks that would normally fatigue 

their hands. Considering only three fingers, combining the middle and ring fingers 

reduced the overall size and complexity of the mechanism.  

Teleoperation robots are exoskeletons that enable force-feedback 

telemanipulation using a master-slave system. Telepresence makes execution of 

tasks dependent on human judgment possible in harsh and dangerous 

environments such as outer space or nuclear plants [18]. Figure 2-3 shows an 

example of a human arm exoskeleton that allows immersion of the operator in 

the working space using force feedback. 
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Figure 2-3: Teleoperation exoskeleton. Reproduced from [18]. 

 

The ESA arm exoskeleton is wearable and motors sitting on the chest-

plate drive joints through cables. The exoskeleton is designed in such a way that 

the thorax and not the arm carry its weight. Arm movements are measured using 

sensors and the robotic arm replicates them in real-time. Force sensors on the 

robotic arm measure interaction forces. For instance, when the robotic arm hits 

an obstacle along its way, force sensors measure these forces. Exoskeleton’s 

controller then generates signals that would apply the same amount of force to 

appropriate joint using the actuator system. Figure 2-4 depicts the interactions 

between the exoskeleton and the robotic arm. 
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Figure 2-4: Interaction between exoskeleton and robotic arm. Reproduced 
from [18]. 

 

More recently, researchers have designed exoskeletons for rehabilitation 

and assistance of stroke patients and the elderly. Unfortunately, there exist 

numerous challenges and trade-offs to the design of such systems. Rigid parts 

that transmit forces to the human body, actuators that drive these linkages, 

electronics and power sources have substantial weight. The first challenge is to 

design exoskeletons in such a way that the impaired limb carries the least 

possible weight. Second, presence of bulky linkages and actuators sometimes 

limits the affected limb’s motion. Specially, the palm area should be free of 

mechanical elements so that the user’s interaction with his or her surroundings is 

not hindered. Moreover, the device should be backdrivable, meaning that the 

exoskeleton should be transparent to the user so he can freely move his limb 

around. Friction between moving parts of linkages, gears, and non-backdrivable 

actuators limit backdrivability of exoskeletons. 
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Rehabilitation devices generally do not require intelligent control inputs. 

Therapists program such devices so that patient can receive suitable therapy. 

For example, stroke patients with no functional movement mainly need passive 

movements [19]. In other rehabilitation methods, such as mirror therapy, 

movement of the unaffected limb generate the signals required for controlling the 

affected one [20]. Figure 2-5 shows how the affected hand is controlled using the 

data received from a set of sensors embedded in a data glove. 

 

Figure 2-5: Mirror therapy using robotics. Reproduced from [20]. 

 

Assistive devices, on the other hand, allow for amplification of the forces 

generated by the user. Researchers and engineers have designed numerous 

rehabilitative and assistive devices, some of which are commercially available. 

We will present a few of these devices to demonstrate the latest available 

technologies and challenges currently faced by designers of rehabilitative and 

assistive devices. 
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The first example is a wearable device controlled by two pneumatic 

muscles [21]. Figure 2-6 shows the exoskeleton while providing assistive forces 

for finger and thumb extension. 

 

Figure 2-6: Pneumatic assistive device. Reproduced from [21]. 

 

Each pneumatic actuator can pull the cable connected to each that in turn 

moves the linkages connected to it. This setup allows extension of the fingers 

and the thumb independently. Stroke patients frequently exhibit spasticity that is 

an increase in muscle tone and reduced ability to stretch muscles [22]. 

Therefore, extending fingers for stroke patients poses a bigger challenge than 

flexing them and this device targets only finger extension. Pneumatic actuators 

used in this design are lightweight and inexpensive; however, these actuators 

exhibit non-linear behaviour that makes their control challenging. 
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Second example is an exoskeleton with three active degrees of freedom 

for the index finger, three active joints for the combination of the middle, ring and 

little fingers as well as two active degrees of freedom for the thumb [23]. A five-

link mechanism also assists the user’s wrist movements. Figure 2-7 shows the 

exoskeleton. 

 

Figure 2-7: Assistive device for wrist and fingers. Reproduced from [23]. 

 

The tendon drive mechanism utilized in this design allows for stable 

grasping as it increases the mechanical compliance of the fingertips. This 

backdrivable mechanism assists the wearer only when he needs a large grasping 

force and is transparent to the user in other times. 
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Hand Wrist Assistive Rehabilitative Device (HWARD) is a device intended 

to assist patients with power grip [24]. Pneumatic cylinders flex and extend the 

wrist, four fingers and the thumb. Movement is only supported at the most 

proximal finger and thumb joints (MCP). Pneumatic cylinders can generate 

adequate forces for rehabilitating the wrist. Figure 2-8 shows a patient using 

HWARD. 

 

Figure 2-8: Grip assistance device. Reproduced form [24]. 

 

HWARD is equipped with redundant safety measures that prohibit 

overexertion of patient’s muscles. However, HWARD confines the patient to a 

stationary setting, as the equipment supporting actuation is not portable. 

Researchers have designed a portable device, capable of extending the 

wrist developed in the MENRVA lab at Simon Fraser University [25]. Extension of 
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the wrist is particularly important for stroke survivors who generally lack that 

ability. This simple design utilizes a linear actuator that pulls on a string 

connected to the wearer’s palm via a cantilever structure, resulting in extension 

of the wrist. Figure 2-9 shows the device. 

 

Figure 2-9: Wrist rehabilitation device for stroke patients. Reproduced from 
[25]. 

 

The device can produce more than 50% of the maximum average 

isometric joint torque generated by test subjects in the study conducted [25]. 

Compact and lightweight design of the system, and low voltage requirements of 

the linear actuator, make it ideal for portable applications. However, as the 

patient flexes or extends his hand away from the neutral position, less torque is 

applied about the wrist joint by the same amount of actuator force because of the 

mechanical design of the system. 
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Wrist Exoskeleton Prototype (WEP) is another example of a portable and 

lightweight (about 500g) device providing assistive and rehabilitative forces to the 

wrist [26]. WEP supports two actuated degrees of freedom: wrist 

flexion/extension and ulnar/radial deviation. WEP is shown in Figure 2-10. 

 

Figure 2-10: Wrist Exoskeleton Prototype (WEP). Reproduced from [26]. 

 

A linear actuator flexes and extends the wrist with 2.2 Nm of torque, 

whereas a gear motor actuates the ulnar/radial degree of freedom. The actuated 

ulnar/radial degree of freedom can apply a maximum torque of 5.4 Nm. Motors 

are controlled independently of each other using biological signals acquired from 

the patient’s forearm. Experiments conducted demonstrated that the WEP 



 

 17 

controller can estimate the direction and magnitude of torques applied by the 

user with an average accuracy of 96%. However, only isometric wrist motions at 

the neutral wrist position (position that the wrist assumed when at rest, with a 

straight and unbroken wrist) have been considered in the design of the controller. 

It should be noted that isometric contraction of a muscle implies activation of 

muscle without a change in muscle length. An example of this type of contraction 

is when a person holds a weight in front of them. In this case, muscles are 

activated as they are opposing the gravitational force, even though the weight is 

not moving. Other types of contraction involve changes in muscle length. 

Joystick and voice commands have been used for controlling assistive 

devices. However, SEMG signals acquired using surface electrodes, allow for 

seamless integration with the body and intuitive control of assistive devices [27]. 

2.4 Surface Electromyography 

SEMG is a well-established technique for non-invasive recording of 

electrical activity produced by muscles. Signals recorded at the surface of the 

skin are picked up from all the active motor units near the electrode [28]. Motor 

units are motor neurons that contract all fibres that they control when activated. 

Each muscle is controlled by a combination of motor units. Due to the 

convenience of signal acquisition from the surface of the skin, SEMG signals 

have been used for controlling prosthetics and assistive devices [29-33], speech 

recognition systems [34], and also as a diagnostic tool for neuromuscular 

diseases [35]. 
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However, analysis of SEMG signals is complicated due to several factors. 

First, cross talk between the adjacent muscles complicates recording signals 

from a muscle in isolation [37]. Second, signal behaviour is very sensitive to the 

position of electrodes [38]. Moreover, even with a fixed electrode position, 

altering limb positions have been shown to have substantial impact on SEMG 

signals [39]. Other issues, such as inherent noise in signal acquisition equipment, 

ambient noise, skin temperature, and motion artefact can potentially deteriorate 

signal quality [40, 41]. More information about SEMG signal characteristics is 

available in Appendix A. 

2.5 Force/torque estimation using SEMG 

Amplitude of SEMG signals acquired from a muscle is correlated with the 

forces produced by that muscle. This correlation, however, is not a linear one. 

Classification [42] and regression models [43, 44], as well as physiological 

models [45, 46], have been considered for mapping this relationship. Machine 

learning classification in aggregate has proven to be viable methods for 

classifying limb configurations [47] and joint torque levels [48]. Park et al. [49] 

compared the performance of a physiological model, linear regression and 

artificial neural networks for estimation of thumb-tip forces under four different 

configurations. In another study, performance of a physiological model was 

compared to a neural network for estimation of forearm flexion and extension 

joint torques [50]. Both groups showed that neural network predictions are 

superior to physiological models, but neural network estimations are task specific 

and require ample training before usage. Castellini et al. [48] and Yang et al. [51], 
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in two distinct studies, estimated forces using artificial neural networks (ANN), 

support vectors machines (SVM) and locally weighted projection regression 

(LWPR). Yang concluded that SVM outperforms ANN and LWPR. 

Needle electromyography (NEMG) signals have been used to develop 

cross-subject force estimation models [52]. A cross-subject model preserves its 

accuracy across a variety of individuals. In other words, a model calibrated to 

one individual can be used to accurately estimate forces of another individual. 

However, NEMG involves inserting needles into the subject’s muscles, a 

procedure that not only causes great discomfort, but also requires the presence 

of a trained professional and therefore it is not practical to use NEMG signals for 

controlling assistive devices. On the other hand, the best cross-subject 

correlation attained by SEMG estimation models to date is 0.6 [48]. Castellini et 

al. concluded that the models calibrated using SEMG signals from one individual 

could not be reliably used to estimate forces for another individual. Wang et al. 

concluded that SMEG-based torque estimation models tailored to one person are 

not applicable to other individuals. They also comment that the calibrated models 

for the same individual should not be used the next day. The models need to 

mathematically represent the underlying anatomy and physiology as individuals 

have different anatomy and muscle strength [53]. Therefore, it is important to 

calibrate models to individuals in order to capture the subject-specific 

physiological characteristics. 

An experimental protocol is proposed and SEMG and torque data are 

gathered from healthy volunteers. This work intends to quantify the performance 
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of above-mentioned joint torque estimation models using the experimental data. 

The wrist joint was chosen as its functionality is frequently impaired due to aging 

[54] and stroke [33], and robots (controlled by SEMG signals) are developed to 

train and assist affected patients. Performance of six models for estimation of 

isometric wrist flexion and extension torques are compared: a physiological 

based model (PBM), an ordinary least squares linear regression model (OLS), a 

regularized least squares linear regression model (RLS), and three machine 

learning models, namely SVM, ANN, and LWPR. The second part of this work 

focuses on proving the viability of a model with high accuracy, short training time, 

and low sensitivity to alteration of arm configurations based on the results 

attained in the first part. The proposed methodology can potentially be used for 

controlling assistive devices after training models with data gathered from the 

patient. 
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CHAPTER 3 JOINT TORQUE ESTIMATION MODELS 

3.1 Physiological Based Model 

Physiological based model (PBM) used in this work is a 

neuromusculoskeletal model used for estimation of joint torques from SEMG 

signals. Processed SEMG signals are poor estimators of muscle forces [55, 56]. 

This is mainly due to (a) existence of a delay between SEMG and muscle tension 

onset (electromechanical delay) and (b) the fact that SEMG signals have a 

shorter duration than resulting forces. Muscle twitch response is modeled well by 

using a critically damped linear second order differential equation [57]. However, 

since SEMG signals are generally acquired at discrete time intervals, it is 

appropriate to use a discretized form. Using backward differences, the differential 

equation takes the form of a discrete recursive filter [58]: 

   ( )     (   )      (   )      (   ) (3-1) 

where ej is the processed SEMG signal of muscle j at time t, d is the 

electromechanical delay, α is the gain coefficient, uj(t) is the post-processed 

SEMG signal at time t, and β1 and β2 the recursive coefficients for muscle j. 

Electromechanical delay was allowed to vary between 10 and 100 ms as 

that is the range for skeletal muscles [59]. The recursive filter maps SEMG 

values ej(t) for muscle j into post-processed values uj(t). Stability of this equation 

is ensured by satisfying the following constraints [60]: 
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(3-2) 

where C1 and C2 change the impulse response of the second-order filter. 

When both these values are positive, an under-damped response is 

created. However, when both are negative or have different signs with |C1|>|C2|, 

the filter has a damped response. The damped response stretches the duration 

of the SEMG signal and the electromechanical delay (represented by d in 3-5) 

synchronizes activation and force production. 

 Unstable filters will cause uj(t) values to oscillate or even go to infinity. To 

restrict the maximum neural activation values to one, another constraint is 

imposed: 

           (3-3) 

Neural activation values are conventionally restricted to values between 

zero and one, where zero implies no activation and one translates to full 

voluntary activation of the muscle. 

Although isometric forces produced by certain muscles exhibit linear 

relationship with activation, nonlinear relationships are observed for other 

muscles. Nonlinear relationships are mostly witnessed for forces of up to 30% of 

the maximum isometric force [61]. These nonlinear relationships can be 
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associated with exponential increases in firing rate of motor units as muscle 

forces increase [62]. The exponential relationship can be modeled using the 

following equation: 

 
  ( )  

    ( )   

    
 

(3-4) 

where A is called the non-linear shape factor. A=-3 corresponds to highly 

exponential behaviour of the muscle and A=0 corresponds to a linear one. 

Once nonlinearities are explicitly taken into account, isometric forces 

generated by each muscle at neutral joint position at time t are computed using 

[63]: 

   ( )           ( ) (3-5) 

where        is the maximum voluntary force produced by muscle j. 

Isometric joint torque is computed by multiplying isometric force of each 

muscle by its moment arm: 

   ( )    ( )      (3-6) 

where MAj is moment arm at neutral wrist position for muscle j and   (t) is the 

torque generated by muscle j at time t. Moment arms for flexors and extensors 

were assigned positive and negative signs respectively to maintain consistency 

with measured values. 
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As not all forearm muscles were accessible by surface electrodes (see 

Section 4.1 for details), each SEMG channel was assumed to represent 

intermediate and deep muscles in its proximity in addition to the surface muscle it 

was recording from. Torque values from each channel were then scaled using 

mean physiological cross-section area (PCSA) values tabulated by Jacobson et 

al. and Lieber et al. [64-66]. PCSA is defined as the total area of the cross-

sections perpendicular to muscle fibres. Joint torque estimation values have 

been shown not to be highly sensitive to muscle PCSA values and therefore 

these values were fixed and not a part of model calibration [67]. The isometric 

torque at the wrist joint was computed by adding individual scaled torque values: 

 

  ( )  ∑
∑     

     
   ( )

 

   

 (3-7) 

where M is the number of muscles used in the model, and ΣPCSAj is the 

summation of PCSA of the muscle represents by muscle j and PCSA of muscle j 

itself. 

Extensor Digitorum Communis (EDC), Extensor Carpi Ulnaris (ECU), 

Extensor Carpi Radialis Brevis (ECRB), Palmaris Longus (PL), and Flexor 

Digitorum Superficialis (FDS) represented extensor digiti minimi (EDM), extensor 

indicis proprius (EIP), extensor pollicis longus (EPL), flexor pollicis longus (FPL), 

and flexor digitorum profundus (FDP) respectively due to their anatomical 

proximity [68]. Abductor pollicis longus (APL) and extensor pollicis brevis (EPB) 

contribute negligibly to wrist torque generation due to their small moment arms 
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and were not considered in the model [69]. Steps and parameters involved in the 

PBM are summarized in Figure 3-1. 

 

Figure 3-1: Steps and parameters involved in the PBM. 

 

Models were calibrated to each volunteer by tuning model parameters. 

Yamaguchi [70] has summarized maximum isometric forces reported by different 

investigators. We used means as initial values and constrained Fmax to one 

standard deviation of the reported values. Initial values for moment arms were 

fixed to the mean values in [71], and constrained to one standard deviation of the 

values reported in the same reference. Since these parameters are constrained 

within their physiologically acceptable values, calibrated models can potentially 

provide physiological insight [50]. Activation parameters A, C1, C2, and d were 

assumed to be constant for all muscles a model with too many parameters loses 

its predictive power due to overfitting [72]. Parameters x={A, C1, C2, d, Fmax,1, …, 

Fmax,M, MA1, MA2, …, MAM} were tuned by optimizing the following objective 

function while constraining parameters to values mentioned beforehand: 
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[  ( )    ( )]  (3-8) 

Models were optimized by Genetic Algorithms (GA) using MATLAB Global 

Optimization Toolbox (details of GA implementation are available in [73]). GA has 

previously been used for tuning muscle models [46]. Default MATLAB GA 

parameters were used and models were tuned in less than 100 generations [74]. 

3.2 Ordinary Least Squares Linear Regression Model 

Linear regression model is a suitable tool for estimation of isometric joint 

torques using processed SEMG signals (SEMG signal processing will be 

presented in Section 4.3) [49]. Linear regression is presented as: 

 [  ]    [    ]   [ ]    [ ]    (3-9) 

where N is the number of samples considered (observations), M is the number of 

muscles,    is a vector of measured torque values, SEMG is a matrix of 

processed SEMG signals, β is a vector of regression coefficients to be estimated, 

and ε is a vector of independent random variables. 

Ordinary least squares (OLS) method is most widely used for estimation of 

regression coefficients [51]. Estimated vector of regression coefficients using 

least squares method ( ̂) is computed using: 

 
 ̂  [[    ] [    ]]

  
[    ] [  ] 

(3-10) 

Once the model is fitted, SEMG values can be used for estimation of 

torque values (  ) as shown: 
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 [  ]    [    ]    ̂    (3-11) 

3.3 Regularized Least Squares Linear Regression Model 

The ℓ1-regularized least squares (RLS) method for estimation of 

regression coefficients overcomes the estimation accuracy and interpretation 

issues that are associated with the ordinary least squares method [75]. Estimated 

vector of regression coefficients using ℓ1-regularized least squares method ( ̂) is 

computed through the following optimization: 

         ∑([    ]   [ ̂]
   

 [ ]    [  ]   )
 

 ∑ | ̂ |

 

   

 

   

 (3-12) 

where λ≥0 is the regularization parameter which is generally set equal to 0.01 

[76, 77]. 

 We used the MATLAB implementation of the ℓ1-regularized least squares 

method [78]. 

3.4 Support Vector Regression 

Support vectors machines (SVM) are machine learning methods used for 

classification and regression. Support vector regression (SVR) maps input data 

using a non-linear mapping to a higher-dimensional feature space where linear 

regression can be applied. Unlike neural networks, SVR does not suffer from the 

local minima problem since model parameter estimation involves solving a 

convex optimization problem [79]. 
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We used epsilon support vector regression (ε-SVR) available in the 

LibSVM tool for MATLAB [80]. Details of ε-SVR problem formulation are available 

in Appendix B and [81]. ε-SVR has previously been utilized for estimation of 

grasp forces [48, 51]. The Gaussian kernel was used as it enables nonlinear 

mapping of samples and has a low number of hyperparameters, which reduces 

complexity of model selection [82].  Eight-fold cross-validation to generalize error 

values and grid-search for finding the optimal values of hyperparameters C and 

σ, and ε were carried out for each model. 

3.5 Artificial Neural Networks 

Artificial neural networks (ANN) have been used for SEMG classification 

and regression extensively [48, 51, 83, 84]. Three layer neural networks have 

been shown to be adequate for modeling problems of any degree of complexity 

[85]. We used feed-forward back propagation network with one input layer, two 

hidden layers, and one output layer [86]. We also used BFGS quasi-Newton 

training that is much faster and more robust than simple gradient descent [87]. 

Network structure is depicted in Figure 3-2, where M is the number of processed 

SEMG channels used as inputs to the ANN and    is the estimated torque value. 
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Figure 3-2: ANN Structure. 

 

ANN models were trained using MATLAB Neural Network Toolbox. 

Hyperbolic tangent sigmoid activation functions were used to capture the 

nonlinearities of SEMG signals. For each model, the training phase was repeated 

ten times and the best model was picked out of those repetitions in order to 

overcome the local minima problem [79]. We also used early stopping and 

regularization in order to improve generalization and reduce the likelihood of 

overfitting [88]. More information about multiple-layer neural networks is available 

in Appendix C. 

3.6 Locally Weighted Projection Regression 

Locally Weighted Projection Regression (LWPR) is a nonlinear regression 

method for high-dimensional spaces with redundant and irrelevant input 

dimensions [89]. LWPR employs nonparametric regression with locally linear 

models based on the assumption that high dimensional data sets have locally 

low dimensional distributions. However piecewise linear modeling utilized in this 
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method is computationally expensive with high dimensional data (more details 

are available in Appendix D). 

We used Radial Basis Function (RBF) kernel and meta-learning and then 

performed an eight-fold cross validation to avoid overfitting. Finally, we used grid 

search to find the initial values of the distance metric for receptive fields, as it is 

customary in the literature [48, 51]. Models were trained using a MATLAB version 

of LWPR [90]. 
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CHAPTER 4 EXPERIMENTAL DATA 

Eleven healthy volunteers (eight males, three females, age 25±4, mass 

74±12kg, height 176±7cm), who signed an informed consent form (project 

approved by the Office of Research Ethics, Simon Fraser University; Reference # 

2009s0304), participated in this study. As a first step, experiments were 

conducted using healthy volunteers in order to demonstrate the general 

applicability of the models explored in this study before testing these models on 

the data gathered from the elderly (future research). 

A custom-built rig was designed to allow for measurement of isometric 

torques exerted about the wrist joint. Volunteers placed their palm on a plate and 

Velcro straps were used to secure their hand and forearm to the plate. The plate 

hinged about the axis of rotation shown in Figure 4-1. 
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Figure 4-1: Custom-built rig equipped with a torque sensor 

 

A Transducer Techniques TRX-100 reaction torque sensor was used to 

measure torques applied about the rig’s axis of rotation. Volunteer’s forearm was 

secured to the rig using two Velcro straps. This design allowed restriction of arm 

movements. Volunteer placed their elbow on the rig and assumed an upright 

position. 

4.1 Data Collection Protocol 

Each volunteer was asked to flex and then extend his right wrist with 

maximum voluntary contraction (MVC). MVC is defined as the maximum torque 

that can be generated by the muscles spanning a joint at a fixed joint angle. 

Once the MVC values for both flexion and extension were determined, the 
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volunteer was asked to gradually flex her/his wrist to 50% of MVC. Once the 50% 

was reached the volunteer gradually decreased the exerted torque to zero. This 

procedure was repeated three times for flexion and then for extension. Finally, 

the volunteer was asked to flex and extend her/his wrist to 25% of MVC three 

times. These values were selected in order to prevent the overexertion and 

fatigue of the volunteers’ muscles that are known to change the SEMG signal 

characteristics [91]. Figure 4-2 shows a sample of torque signals gathered. 

Positive values on the scale are for flexion and negative values are for extension. 

 

Figure 4-2: Sample torque signal. 

 

Following the completion of this protocol, volunteers were asked to 

supinate their forearm, and follow the same protocol as before. Forearm is 

supinated when the palm faces up whereas it is the pronated when the palm 

faces down. Figure 4-3 shows forearm in pronated and supinated positions. 
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Figure 4-3: Volunteer’s forearm on the testing rig. 

(a) Forearm pronated, (b) Forearm supinated. 

 

Completion of protocols in both pronated and supinated forearm positions 

was called a session. Table 4-1 summarizes actions in protocols. 
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Table 4-1: Actions and repetitions for protocols. 

Repetition Action 

1 Wrist flexion with maximum torque 

1 Wrist extension with maximum torque 

3 Gradual wrist flexion until 50% MVC and gradual decrease to zero 

3 Gradual wrist extension until 50% MVC and gradual decrease to 
zero 

3 Gradual wrist flexion until 25% MVC and gradual decrease to zero 

3 Gradual wrist extension until 25% MVC and gradual decrease to 
zero 

 

In order to capture the effects of passage of time on model accuracy, 

volunteers were asked to repeat the same session after one hour. This session 

was named session two. Electrodes were not detached in between the two 

sessions. After completion of session two, electrodes were removed from the 

volunteer's skin. The volunteer was asked to repeat another session in twenty- 

four hours following session two while attaching new electrodes. This was 

intended to capture the effects of electrode displacement and further time 

passage. 

Each volunteer was asked to supinate her/his forearm and exert isometric 

torques on the rig following the same protocol used before after completion of 

session 1. This was intended to study the effects of arm configurations on model 

accuracy. 
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4.2 SEMG Acquisition 

A commercial SEMG acquisition system (Noraxon Myosystem 1400L) was 

used to acquire signals from eight SEMG channels. Each channel was 

connected to a Noraxon AgCl gel dual electrode that picked up signals from the 

muscles tabulated in Table 4-2. 

Table 4-2: Muscles monitored using SEMG. 

Channel Muscle Action 

1 Extensor Carpi Radialis Longus (ECRL) Wrist extension 

2 Extensor Digitorum Communis (EDC) Wrist extension 

3 Extensor Carpi Ulnaris (ECU) Wrist extension 

4 Extensor Carpi Radialis Brevis (ECRB) Wrist extension 

5 Flexor Carpi Radialis (FCR) Wrist flexion 

6 Palmaris Longus (PL) Wrist flexion 

7 
Flex 

or Digitorum Superficialis (FDS) 
Wrist flexion 

8 Flexor Carpi Ulnaris (FCU) Wrist flexion 

 

Forearm has fifteen extrinsic muscles that are responsible for moving the 

wrist and the fingers. However, only eight muscles are superficial muscles and 

the rest cannot be monitored using SEMG. It has been reported that the extrinsic 

muscles of the forearm have large torque generating contributions in isometric 

flexion and extension [92]. Therefore, we considered three superficial secondary 

forearm muscles as well as the primary forearm muscles accessible via SEMG. 

The skin preparation procedure outlined in surface electromyography for the non-

invasive assessment of muscles project (SENIAM) was followed to maximize 
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SEMG signal quality [93]. Figure 4-4 shows the position of electrodes attached to 

a volunteer’s forearm. 

 

Figure 4-4: Electrode positions. 

 

SEMG signals were acquired at 1kHz using a National Instruments (NI-

USB-6289) data acquisition card. An application was developed using LabVIEW 

software that stored data on a computer and provided visual feedback for 

volunteers. Visual feedback consisted of a bar chart that visualized the 

magnitude of exerted torques, which aided volunteers to follow the protocol more 

accurately. 

4.3 Signal Processing 

Initially DC offset values of SEMG signals were removed. Signals were 

subsequently high-pass filtered using a zero-lag Butterworth fourth order filter 

(30Hz cut-off frequency), in order to remove high-frequency noise and avoid 

aliasing. Signals were then low-pass filtered using a zero-lag Butterworth fourth 
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order filter with 6Hz cut-off frequency (in order to remove the motion artefact), 

full-wave rectified, and normalized to the maximum SEMG value for each 

channel [53]. Figure 4-5 shows the signal processing scheme. 

 

Figure 4-5: SEMG signal processing scheme. 

 

33,520 samples were acquired from each of the eight SEMG channels 

and the torque sensor for each volunteer. The data set was broken down into 

training and testing data. Figure 4-6 shows a sample of raw and processed 

SEMG signals. 
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Figure 4-6: Sample SEMG signal. 

(a) Raw, (b) processed. 
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CHAPTER 5 COMPARISON OF MODEL 
PERFORMANCE 

Models were initially trained with the training data set. Training, in this 

context, refers to the process of finding the coefficient of regression for linear 

regression models and tuning the physiological parameters for the PBM using 

the training data set. The performance of trained models was subsequently 

tested by comparing estimated torque values from the model and the actual 

torque values from the testing data set. Two accuracy metrics were used to 

compare the performance of different models. The first metric, normalized root 

mean squared error (NRMSE) is a measure of model accuracy while the second 

metric, adjusted coefficient of determination (R2) is a measure of how future 

outcomes are likely to be estimated in the future [94]. Root mean squared error 

(RMSE) is a measure of the difference between measured and estimated values. 

NRMSE is a dimensionless metric expressed as RMSE over the range of 

measured torques values for each volunteer: 

 

      

√∑ (  ( )    ( ))
  

   

 

              
 

(5-1) 

where   ( ) is the estimated and   ( ) is the measured torque value for sample i, 

n corresponds to the total number of samples tested, and         and        are 

the maximum flexion and extension torques exerted by each volunteer.  
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Unadjusted coefficient of determination (  
 ) is a measure of the percentage 

of variation in the dependant variable (torque) collectively explained by the 

independent variables (SEMG signals): 

 
  

    
∑ (  ( )    ( ))  

   

∑ (  ( )   ̅ )  
   

 (5-2) 

where  ̅  is the mean measured torque. 

However   
  has a tendency to overestimate the regression as more 

independent variables are added to the model. For this reason, many 

researchers recommend adjusting R2 for the number of independent variables 

[94]: 

 
     [(

   

     
)  (    

 )] (5-3) 

where R2 is the adjusted coefficient of determination, n is the number of samples 

and k is the number of SEMG channels. 

Models were trained using every 100 data resampled from the processed 

signals to save model training time. Data set was reduced from 33,520 to 335 

samples with resampling. Training time t, was measured as the number of 

seconds it took for each model to be trained. Resampling the data originally 

sampled at 1000Hz at every 100 samples effectively translated to data samples 

that were 100 ms apart. A delay of 200 ms is the maximum delay tolerated by 

users of assistive devices and therefore a suitable controller should be able to 

generate control signals with a 100 ms delay [26]. All training and testing was 
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performed on a computer with an Intel® CoreTM2 Duo 2.5GHz processor and 

6GB of RAM. Table 5-1 compares mean training times for models trained using 

the original and resampled data sets. 

Table 5-1: Model training times for original and resampled data sets. 

Time (s) PBM OLS RLS SVM ANN LWPR 

Original 1,080.07 0.01 1.98 19,125.31 166.73 5,195.03 

Resampled 10.96 0.00 0.03 15.32 9.40 18.63 

 

One-way Analysis of Variance (ANOVA) failed to reject the null hypothesis 

that NRMSE and R2 have different mean values for each model, meaning that 

the difference between means is not significant (with minimum P-value of 0.95). 

We used reduced data sets with data resampled every 100 samples for the rest 

of the study (Appendix E details the procedure for one-way ANOVA test). 

5.1 Effects of Number of Muscles 

As merely one degree of freedom of the wrist was considered in this 

study, the possibility of training models using only two primary muscles was 

investigated initially. There are six combinations possible with one primary flexor 

and one primary extensor muscle: FCR-ECRL, FCR-ECRB, FCR-ECU, FCU-

ECRL, FCU-ECRB, and FCU-ECU. Models were trained using 75% of the data 

for all six combinations and then tested on the remaining 25% and the model with 

the best performance was picked. Mean and standard deviation of NRMSE and 
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R2 for models trained with two, five, and eight channels are presented in Table 5-

2. 

Table 5-2: Torque estimation for models trained with 2, 5, and 8 SEMG 
channels. 

Model 
8 channels 5 channels 2 channels 

NRMSE R2 NRMSE R2 NRMSE R2 

PBM 
Mean 2.73% 0.85 3.07% 0.86 4.59% 0.77 

STD 0.97% 0.13 1.03% 0.11 1.32% 0.19 

OLS 
Mean 2.88% 0.82 3.17% 0.77 4.82% 0.63 

STD 0.94% 0.11 1.06% 0.13 1.81% 0.23 

RLS 
Mean 2.83% 0.82 3.11% 0.79 4.73% 0.69 

STD 0.93% 0.10 1.01 0.11 1.31% 0.18 

SVM 
Mean 2.85% 0.82 3.00% 0.80 4.77% 0.73 

STD 1.00% 0.09 1.04% 0.10 1.02% 0.14 

ANN 
Mean 2.82% 0.82 3.03% 0.81 4.74% 0.69 

STD 0.95% 0.09 1.05% 0.12 1.17% 0.18 

LWPR 
Mean 3.03% 0.75 3.19% 0.78 4.97% 0.69 

STD 1.14% 0.21 1.19% 0.13 1.31% 0.21 

 

It is noteworthy that best performance was not consistently attributed to a 

single combination of muscles for the case of models trained with two channels. 

It is evident that models trained with five channels are superior to models trained 

with two. However models trained with eight channels do not have significant 

performance superiority. Figure 5-1 compares NRMSE and R2 for different 

number of training channels. 
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(a) 

 

(b) 

Figure 5-1: Effects of the number of SEMG channels on torque estimation. 

(a) NRMSE, (b) R2. 

 

This result appears to be in contrast to the results obtained by Delp et al. 

[92] where extrinsic muscles of the hand are expected to contribute substantially 

to torque generation. However, due to the design of our testing rig, volunteers 
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only generated torque by pushing their palms against the torque-sensing plate 

and their fingers did not contribute to torque generation. Therefore, the addition 

of SEMG signals of extrinsic muscles to the model did not result in a significant 

increase in accuracy. 

It should be noted that using more data for training models increases 

accuracy for same session models. Table 5-3 compares NRMSE and R2 for two 

extreme cases where 25% and 90% of the data set is used for training models 

and the rest of the data set is used for testing using all SEMG channels. 

Table 5-3: Comparison of training data set size on joint torque estimation. 

Model 
25% training 90% training 

NRMSE R2 NRMSE R2 

PBM 
Mean 4.41% 0.81 2.32% 0.96 

STD 2.49% 0.09 0.59% 0.04 

OLS 
Mean 4.19% 0.80 2.19% 0.97 

STD 2.19% 0.10 0.58% 0.04 

RLS 
Mean 4.14% 0.82 2.07% 0.97 

STD 2.13% 0.08 0.51% 0.03 

SVM 
Mean 4.39% 0.85 2.02% 0.97 

STD 2.46% 0.09 0.92% 0.03 

ANN 
Mean 5.87% 0.73 2.34% 0.96 

STD 2.20% 0.20 0.61% 0.03 

LWPR 
Mean 6.41% 0.69 3.43% 0.87 

STD 3.14% 0.29 0.84% 0.07 

 

Mean R2 values increased 19%, 21%, 18%, 14%, 32%, and 26% while 

mean NRMSE values decreased 47%, 48%, 50%, 54%, 60%, and 46% for PBM, 
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OLS, RLS, SVM, ANN, and LWPR, respectively. Figure 5-2 visualizes NRMSE 

and R2 for the two cases. 

 

(a) 

 

(b) 

Figure 5-2: Comparison of training data set size on joint torque estimation. 

(a) NRMSE, (b) R2. 
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The percentage of the data set used for model training is merely relevant 

for allowing a fair comparison between models trained with different number of 

SEMG channels. Irrespective of the percentage of data used for training, model 

accuracy increases with increasing the number of SEMG channels. 

For PBM training with two and five channels, ΣPCSA term in Equation 3-

10 was modified. For the two channel case, equation 5-4 took the following form: 

 
  ( )  

∑           

          
        ( )  

∑             

            
          ( ) (5-4) 

where ΣPCSAflexors is the summation of PCSA of all flexor muscles, 

ΣPCSAextensors is the summation of PCSA of all extensor muscles, PCSAflexor is 

the PCSA of the flexor muscle used for training, PCSAextensor is the PCSA of the 

extensor muscle used for training,  flexor(t) is the torque of the flexor muscle used 

for training at time t, and  extensor(t) is the torque of the flexor muscle used for 

training at time t. 

Similarly, PBM training with the five primary wrist muscles was carried out 

with modified ΣPCSA terms. Half of the summation of PCSA values for non-

primary flexors was added to each of the two primary flexors while a third of the 

summation of PCSA values for non-primary extensors was added to the ΣPCSA 

term of each of the three primary extensors. 

These modifications allowed tuned parameters to stay within their 

physiologically acceptable values, even though less SEMG channels were used 

for training models. 
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5.2 Cross Session Analysis 

Passages of time as well as electrode displacement adversely affect 

accuracy of models trained with SEMG [46, 49]. Models trained with session 1 

were tested with data from session 2 (in one hour without detaching electrodes) 

and session 3 (in twenty-four hours and with new electrodes attached). Table 5-4 

compares model performance for the two cases. 

Table 5-4: Effects of passage of time and electrode displacement on joint 
torque estimation. 

Model 
After 1 hour After 24 hours 

NRMSE R2 NRMSE R2 

PBM 
Mean 5.28% 0.56 5.54% 0.47 

STD 2.68% 0.24 2.95% 0.26 

OLS 
Mean 4.84% 0.59 5.29% 0.51 

STD 2.98% 0.27 3.04% 0.25 

RLS 
Mean 4.81% 0.63 5.19% 0.54 

STD 2.91% 0.23 2.98% 0.27 

SVM 
Mean 5.35% 0.54 6.76% 0.46 

STD 2.22% 0.21 2.95% 0.28 

ANN 
Mean 5.40% 0.53 6.44% 0.51 

STD 2.15% 0.28 3.09% 0.31 

LWPR 
Mean 5.42% 0.60 5.93% 0.59 

STD 3.00% 0.23 3.18% 0.30 

 

Results suggest that model reliability deteriorates with passage of time. 

This phenomena can be mainly attributed to the changes in SEMG signal 

characteristics as a result of changing electrical characteristics of the skin due to 
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sweating or changes in humidity [40], and has been observed in other studies 

[48, 91]. Figure 5-3 compares mean and standard deviation of NRMSE and R2 of 

models trained with session 1 and tested with data from the same session, after 

one and twenty-four hours. 
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(a) 

 

(b) 

Figure 5-3: Effects of passage of time and electrode displacement on joint 
torque estimation. 

(a) NRMSE, (b) R2. 

 

Mean R2 values after one hour decreased 34%, 28%, 25%, 34%, 35%, 

and 20% while mean NRMSE decreased 93%, 68%, 70%, 88%, 91%, and 79% 
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for PBM, OLS, RLS, SVM, ANN, and LWPR, respectively. After twenty-four hours 

mean NRMSE values decreased further. High standard deviations of NRMSE 

and R2 values suggest unreliability of model estimations with passage of time 

and electrode displacement. Therefore, it is crucial for models trained using 

SEMG signals to be retrained frequently regardless of the model utilized. 

5.3 Effects of Arm Configurations Alterations 

Arm configurations changes SEMG signal characteristics. These changes 

are primarily a result of a shift of muscles with respect to electrodes [39]. A model 

trained with the forearm in pronated position was utilized to predict the measured 

values from the supinated position in the same session. Supinating the forearm 

resulted in the torque sensor readings for extension and flexion to be reversed. 

This was explicitly taken into account when processing signals. Estimation 

accuracy of the trained models reduced significantly with forearm supination as 

shown in Table Table 5-5. 
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Table 5-5: Effects of forearm supination on joint torque estimation. 

Model NRMSE R2 

PBM 
Mean 9.55% 0.22 

STD 5.69% 0.32 

OLS 
Mean 8.93% 0.25 

STD 5.37% 0.33 

RLS 
Mean 8.86% 0.23 

STD 5.30% 0.29 

SVM 
Mean 8.65% 0.24 

STD 4.47% 0.37 

ANN 
Mean 9.13% 0.23 

STD 4.76% 0.36 

LWPR 
Mean 10.05% 0.25 

STD 5.49% 0.30 

 

ANOVA shows that the NRMSE and R2 of testing for the two cases are 

significantly different (P<0.01). Results from this experiment validate that trained 

models are very sensitive to arm configurations. Forearm supination shifts SEMG 

signal space. Since models trained in the pronated position do not take this shift 

into consideration, accuracy decreases [48]. SEMG patterns change with 

different arm configurations that models need to explicitly take into consideration 

[95, 96]. Figure 5-4 shows the effects of forearm supination on estimation 

accuracy of models trained with forearm in pronated position. Mean NRMSE 

values increased 2.50, 2.10, 2.13, 2.04, 2.24, and 2.32 times for PBM, OLS, 

RLS, SVM, ANN, and LWPR. 
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(a) 
 

 
 

(b) 

Figure 5-4: Effects of arm configurations on joint torque estimation. 

(a) NRMSE, (b) R2. 

5.4 Comparison 
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mapping the nonlinearities associated with raw SEMG signals. In contrast, PBM 

can only be trained with processed SEMG signals since inputs to the PBM 

represent neural activity of muscles (a value bounded between zero and one) 

[53]. Moreover, nonlinear behaviour of muscles [36] observed in raw SEMG 

signals precludes utilization of linear regression for mapping. 

Table 5-6: Comparison of models investigated. 

Criteria PBM OLS RLS SVM ANN LWPR 

Least training time  *     

Physiological insight *      

Does not require 
SEMG processing 

  
 

* * * 

Supination 
sensitivity 

* * * * * * 

Time passage 
sensitivity 

* * * * * * 

Electrode 
placement 
sensitivity 

* * * * * * 
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CHAPTER 6 MODIFIED LINEAR REGRESSION MODEL 

It was established in the preceding chapter that the performance of 

predictive models rapidly deteriorates with arm configurations alteration. The 

remedy to this issue is to explicitly train models under different arm 

configurations. In this section we consider a modified linear regression model 

with two additional inputs: wrist joint angle (         ) and forearm supination 

angle (        ). For the former input, neutral wrist position is set equal to 0°, 

wrist flexion is measured with a positive sense relative to the neutral position and 

wrist extension has a negative sense. For the latter input, forearm resting on the 

table in the pronated position was assigned 0°, and supination of the forearm 

was assigned was assigned 180°. Equation 5-5 mathematically represents the 

model. 

                      

  [

                        
          

    
                        

          

] 

(6-1) 

where N is the number of observations,   is the isometric torque in Newton 

meters, SEMGi,j is the processed SEMG signal where i is the muscle number and 

j is the observation, β is the vector of regression coefficients, and ε is a vector of 

independent random variables. 
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 Each row in the X matrix represents all SEMG and angle data at one 

instant. Each column represents data from one of the channels (eight SEMG and 

two angle channels) for all observations.  

Figure 6-1 depicts the structure of the modified linear regression model. 

 

 

 

Figure 6-1: Modified linear regression model. 

 

We used ℓ1-regularized least squares method to compute the regression 

coefficients of the linear regression model as it overcomes the common issues 

associated with ordinary least squares method and provides higher estimation 

accuracy. 

In order to test the performance of the model, four additional data sets 

were gathered from each volunteer. Volunteers were asked to flex and extend 

their wrists following the same protocol as before, with the rig fixed at different 

positions as shown in Figure 6-2. 
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(a)      (b) 

  

(c)      (d) 

Figure 6-2: Forearm on the testing rig. 

(a) Pronated and flexed 45°, (b) Pronated and extended 45°, (c) Supinated and 

flexed 45°, (d) Supinated and extended 45°. 

 

Neutral wrist position represented zero degrees, wrist flexion was 

measured with a positive sense relative to the neutral position, and wrist 

extension was assigned a negative sense. Table 6-1 lists all the configurations. 



 

 58 

Table 6-1: Arm configurations. 

Configuration Forearm position Wrist flexion 

1 Pronated 0° 

2 Pronated 45° 

3 Pronated -45° 

4 Supinated 0° 

5 Supinated 45° 

6 Supinated -45° 

 

First, we demonstrate the extent of model accuracy deterioration with 

varied joint angles and forearm supination. We trained a linear regression model 

with data gathered from configuration 1 (pronated forearm), and tested model 

accuracy with testing data from all six configurations. Table 6-2 demonstrates the 

results. 

Table 6-2: Effects of wrist angle and forearm configurations variation on 
model accuracy 

Configuration NRMSE R2 

1 2.82%±0.91% 0.84±0.10 

2 3.53%±1.33% 0.58±0.25 

3 3.90%±1.44% 0.61±0.29 

4 8.93%±5.37% 0.25±0.33 

5 10.32%±6.03% 0.17±0.37 

6 10.44%±5.89% 0.15±0.39 

 

Evidently, model accuracy drops significantly with supination of the 

forearm while varying wrist joint angles does not substantially affect model 
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accuracy. Figure 6-3 depicts the sharp variations of mean NRMSE and R2 

following forearm supination. 

 

Figure 6-3: Accuracy deterioration with arm configurations and joint angle 
variations. 

 

 Supinating the forearm following training a model with pronated forearm 

causes a shift in SEMG input space that the model cannot take into account. 

Therefore, models need to be trained at all configurations that would result in an 

SEMG input space shift [40]. We demonstrate how training a model with data 

from configurations 1 (pronated forearm) and 4 (supinated forearm) increases the 

accuracy of the model when used for testing configuration 4. Figure 6-4 shows 

estimation accuracy of two linear regression models, both used for testing 

configuration 4: one trained only with configuration 1, and the other trained with 

both configurations 1 and 4. Both models were trained and tested using data 

gathered from one of the volunteers. 
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Figure 6-4: Torque estimation with and without explicit forearm supination 
training. 

 

R2 value increased by 125%, while NRMSE decreased by 55%. Figure 6-5 

visualizes the change in R2 and NRMSE values in the two scenarios. 
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Figure 6-5: Drastic model accuracy increase with explicit forearm 
supination training. 

 

Results of this experiment demonstrate that model accuracy can be 

successfully restored with addition of appropriate data to the training data set. 

Moreover, addition of training data sets at different arm configurations not only 

increases model accuracy at added configurations but also does not result in a 

deterioration of previously trained configurations. 

 Training models with other training sets in addition to configuration 1 did 

not deteriorate testing accuracy for configuration 1. Figure 6-6 compares 
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configurations 1 and 2 (group 2), configurations 1 through 3 (group 3), 

configurations 1 through 4 (group 4), configurations 1 through 5 (group 5), and 

configurations 1 through 6 (group 6) for testing configuration 1. 
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Figure 6-6: Effects of increasing the number of training sets on torque 
estimation accuracy. 

 

In a more comprehensive experiment, we demonstrated the estimation 

accuracy of six models trained with groups 1 through 6, for testing data of each 

of the six configurations. Table 6-3 tabulates the results. 

Table 6-3: Mean R2 for six models trained with groups 1 through 6. 

Testing 
set 
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1 0.15 0.18 0.16 0.61 0.76 0.83 

2 0.17 0.21 0.23 0.64 0.82 0.83 

3 0.25 0.24 0.23 0.86 0.83 0.86 

4 0.61 0.67 0.84 0.84 0.84 0.82 

5 0.58 0.84 0.85 0.83 0.82 0.84 

6 0.84 0.83 0.82 0.84 0.86 0.83 
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Results of this experiment show that with addition of training data, model 

accuracy is preserved for all configuration that were a part of that training set. For 

instance, models trained with group 6, that contains all six configurations, had 

high estimation accuracy for all testing configurations (R2>0.8). Additionally, for 

group 4, presence of configuration 4 in the training data set resulted in a boost in 

estimation accuracy for untrained configurations 5 and 6. Figure 6-7 visualizes 

estimation accuracy with added training data for all configurations. 

 

Figure 6-7: Effects of increasing the number of training sets on torque 
estimation accuracy. 

 

With the addition of training data sets, the regression coefficient vector for 

the modified linear regression model is updated. With an updated vector, the 

estimated values for the previously trained data sets are slightly different 

compared to a model that was not trained with the new data set. For example, 
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0

0.2

0.4

0.6

0.8

1

Group
1

Group
2

Group
3

Group
4

Group
5

Group
6

R
2

 

Config. 1 Config. 2 Config. 3

Config. 4 Config. 5 Config. 6



 

 64 

be noticed that the mean R2
 value for configuration 1 is slightly changed 

compared to the estimation of the model trained with group 1. 

The only concern that arises from increasing the size of training data sets 

is a potential increase in the time it takes for model training. Model training 

entails computation of coefficients of determination of linear regression model 

based on training data sets. However, Figure 6-8 illustrates that increasing the 

number of training sets results in a negligible increase in training times. 

 

Figure 6-8: Effects of increasing the number of training sets on model 
training time. 

 

Machine learning regression methods, widely utilized for estimation of joint 

torques tend to require much longer training times compared to linear regression. 

For instance, Support Vector Regression requires performance of a procedure 
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This procedure substantially increases training time and is therefore undesirable 

for explicitly training models at various configurations. Furthermore, for 

applications with higher required model accuracy, gathering and training models 

with more training data can further increase model accuracy. Linear regression is 

an appropriate fit for such applications as the enlarged training data set would 

not considerably affect training data times. 
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CHAPTER 7 CONCLUSIONS AND FUTURE WORK 

7.1 Conclusions 

Eleven healthy volunteers participated in this study. During the first 

session, 33,520 samples from eight SEMG channels and a torque sensor were 

acquired while volunteers followed a protocol consisting of isometric flexion and 

extension of the wrist. We then processed SEMG signals and resampled every 

100 samples to save model training time. Subsequently, we trained models using 

identical training data sets. When using 90% of data as training data set and the 

rest of the data as testing data, we attained R2 values of 0.96±0.04, 0.97±0.04, 

0.97±0.03, 0.97±0.03, 0.96±3, and 0.87±0.07 for PBM, OLS, RLS, SVM, ANN, 

and LWPR respectively. All models performed in a very comparable fashion, 

except for LWPR that yielded lower R2 values and higher NRMSE values. 

Models trained using the data set from session one were tested using two 

separate data sets gathered one hour and twenty four hours following session 

one. We showed that Mean R2 values after one hour decrease 34%, 28%, 25%, 

34%, 35%, and 20% for PBM, OLS, RLS, SVM, ANN, and LWPR, respectively. 

Tests after twenty-four hours showed even further performance deterioration. 

Therefore, we concluded that all models considered in this study are sensitive to 

passage of time and electrode displacement. 

The effects of the number of SEMG channels used for training were 

explored. Models trained with SEMG channels from the five primary forearm 
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muscles were shown to be of similar predictive ability compared to models 

trained with all eight SEMG channels. However, models trained with two SMEG 

channels resulted in estimations with lower R2 and higher NRMSE values. 

Finally, models trained with forearm in a pronated position were tested 

with data gathered from forearm in the supinated position. Mean NRMSE values 

increased 2.50, 2.10, 2.13, 2.04, 2.24, and 2.32 times for PBM, OLS, RLS, SVM, 

ANN, and LWPR. 

The substantial decrease in predictive ability of all models with passage of 

time, electrode displacement, and altering arm configurations necessitates 

regular retraining of models in order to sustain estimation accuracy.  We showed 

that resampling the data set substantially reduces the training time without 

sacrificing estimation accuracy of models. All models were trained in under 20 

seconds while OLS was trained in under 10 ms. Low training times achieved in 

this work render regular retraining feasible. 

We proposed and demonstrated the viability of a modified linear 

regression for estimation of isometric wrist joint torques with varying arm 

configurations. We showed that testing accuracy increases with training models 

with data gathered from different arm configurations. Furthermore, we 

demonstrated that the model training time does not substantially increase with 

addition of training data, making the model desirable for training at numerous 

configurations. 
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7.2 Future Work 

This work was aimed at identifying the best isometric joint torque 

estimation model available for estimation of wrist joint torques. Only isometric 

conditions were considered in order to simplify the analysis. However, devices 

occasionally need to be controlled in dynamic cases where the joint angle is not 

fixed or changing at a non-constant velocity. Introduction of dynamic motions 

further increases the complexity of models and models have to be compared 

under dynamic conditions in the future. 

Signal processing, model training, and testing was conducted on a PC 

equipped with MATLAB software after data acquisition. However, for a portable 

assistive device, models need to be programmed on a microcontroller and tested 

in real-time.  

The estimation accuracy of the modified linear regression model 

presented was demonstrated to be robust to varying joint angles with training at 

different joint angles. Future work will consider training the model under changes 

of the ulnar/radial deviation degree of freedom for a more comprehensive model 

as the training time for linear regression model is virtually zero with resampled 

data. 

Human wrist possesses two degrees of freedom. Two independent 

models can be trained and used for estimation of wrist flexion/extension and 

ulnar/radial deviation. The resulting system of models can be used to control 

devices with two degrees of freedom, for instance the WEP device developed at 

Simon Fraser University [25]. 
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In summary, the following tasks are proposed for developing a 

comprehensive wrist joint torque estimation model: 

 Comparing performance of models under dynamic motions. 

 Implementing the OLS model on a microcontroller and testing the 

performance in real-time. 

 Retraining the OLS model with ulnar/radial deviation angle variation 

data. 

 Developing a system consisting of two independent models for 

estimation of the both wrist flexion/extension and radial/ulnar deviation 

degrees of freedom. 

 Explore the applicability of the models used in this study using SEMG 

and torque data gathered from the elderly. 
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APPENDICES 

Appendix A: Surface Electromyography (SEMG) 

Peak-to-peak amplitude of SEMG signals ranges from 0 to 10mV and its 

usable energy is in the 0 to 500Hz range with the dominant energy lying in the 

50-150Hz range. Therefore, it is essential to sample SEMG signals at a minimum 

frequency of 1000Hz in order to successfully reconstruct the signal. 

Electrical noise complicates the analysis of SEMG signals. Electrical noise 

has four sources. The first source is the inherent noise in the equipment that 

cannot be eliminated and can only be attenuated by intelligent circuit design and 

utilization of high quality electronic components. The second source is ambient 

noise that can result from the presence of any electromagnetic devices in the 

environment. Ambient noise amplitudes can be one to three orders of magnitude 

larger than SEMG signals. The third source is motion artifact that results from 

either the interface between the surface of the electrodes and the skin or the 

motion of the connecting cables. The electrical signals of this type have most of 

their energy in the 0 to 20Hz frequency range. The last source is the inherent 

instability of the SEMG signals due to their quasi-random nature that is a result of 

quasi-random nature of the motor units. 

Differential electrodes are used to detect SEMG signals. These electrodes 

can successfully eliminate much of the common signals at the two sites of 
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attachment (noise signals) so the local SEMG signals can be identified. However, 

the electronic components that handle subtracting the signals at the two sites are 

not ideal. 

The signal-to-noise ratio of SEMG signals is a function of the chemical 

reactions between the electrolytes at the surface of the skin and the metal of the 

surface electrodes. The choice of material at the surface of the electrodes and 

conductive electrolytes to improve contact with the skin significantly affects the 

quality of SEMG signals. Moreover, with increasing the distance between the 

detection surfaces, the amplitude of the SEMG signal increases which is 

desirable. However, the increased distance increases cross-talk between 

muscles and also makes SEMG acquisition from smaller muscles impractical. 

Special care needs to be taken when attaching electrodes. The 

longitudinal axis of the electrode should be aligned parallel to the length of the 

muscle fibers. The longitudinal axis of the electrode is an axis that passes 

through both detections surfaces. Moreover, the electrodes should not be 

attached on or near tendons as the number of muscle fibers is decreased and 

the SEMG signal amplitude diminishes. Despite what was believe over the past 

half of century, electrodes should not be placed over or near a motor point. 

These points are the most electrically excitable area of the muscles. Ideally the 

electrode should be placed between two motor points or a motor point and a 

tendon. 
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Appendix B: Support Vector Machines 

Epsilon support vector regression ( -SVR), seeks a function f(x) that at 

most has   deviation from obtained target outputs   . This function can be written 

as followed: 

  ( )  〈   〉    (B-1) 

where 〈   〉 is a dot product between w and x. 

We must also make sure that f(x) is flat, meaning that the value of   is 

small. This can be accomplished by minimizing the norm, i.e. ‖ ‖  〈   〉. The 

two conditions can be formulated as a convex optimization problem: 
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(B-2) 

However, the above convex optimization problem is not always feasible 

and we want to allow for some errors. The optimization problem is reformulated 

to take into account slack variables    and   
  that transform the otherwise 

infeasible optimization problem: 
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where C is a trade-off parameter between flatness and the amount of variation 

from ε tolerated, and   is the number of samples. 

The optimization problem and its linear constraints can be represented 

using a Lagrangian function: 
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Through Lagrangian theory the optimization problem can be transformed 

into dual form that is a quadratic programming problem with linear conditions and 

a positive Hessian matrix (ensuring a unique global optimum). Another benefit of 

this transformation is the possibility of replacing the dot product with a nonlinear 

transformation on the input vectors. The Gaussian kernel is the most commonly 

used transformation: 
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 The transformed optimization problem is presented below: 
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 The ε-SVR approximation with Gaussian kernel transformation becomes: 
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Appendix C: Artificial Neural Networks 

Neural networks are a set of neurons with adjustable parameters that can 

be trained to produce a desirable output. The building block of a neural network 

is a single-input neuron shown in Figure B-1. 

 

Figure 7-1: Single neuron structure. 

 

 The scalar input to the function f is computed by multiplying weight w by 

scalar input p, and adding bias b to it. Function f subsequently acts on n and 

produces the output a. Weight w and bias b are adjustable scalar parameters of 

the neuron. 

    (    ) (C-1) 

 Different linear and non-linear transfer functions (f) exist that map the input 

and output. A commonly used transfer function for non-linear mappings is the 

hyperbolic tangent sigmoid function: 

Σ f p 
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   (C-2) 

 A group of neurons can be combined to create a layer. A layer of neurons 

with an input vector of size R and S neurons, the network will be constructed as 

shown in Figure B-2. 

 

Figure 7-2: One layer of neurons. 
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 In this case the transfer function is acting on a vector rather than a scalar. 

The output a, is also a vector: 

    (    ) (C-3) 

where W is the weight matrix defined as: 

 

  [

             

             

             

] (C-4) 

 The same concept can be expanded to networks of multiple layers. In a 

multiple-layer network, outputs of the first layer are inputs to the second layer 

and so on. Different transfer functions can be selected at each layer. 
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Appendix D: Locally Weighted Projection Regression 

 This appendix intends to illustrate the underlying concept of the Locally 

Weighted Projection Regression (LWPR) method. Details of implementation and 

learning methodology are quite extensive and are available in [82]. 

LWPR approximation method, is at its core a combination of piecewise 

linear model. Linear models can be used when only a subset of data in the 

vicinity of a center point for that model is considered: 

         (D-1) 

where x is the regressor (input), y is the regressand (output), β is the regression 

coefficient vector and ε is a vector of random noise values with zero mean. 

LWPR automatically determines the number of local models K, regression 

coefficients for each local model βK, and region of validity parameterized as 

distance metric Dk in a Gaussian kernel: 

       (    (    )
   (    )) (D-2) 

where D is a positive distance metric that determines the size and shape of the 

neighborhood of the local model k and ck is the center point of local model k. 

 For every point x, each local linear model provides a estimation denoted 

as  ̂ ( ). Estimated output of the system is the normalized weighted mean of all 

the K linear models: 
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 Model training is accomplished through an incremental computation of 

local regression models while adjusting for the distance metric D as more training 

data are interpreted. 
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Appendix E: Analysis of Variance (ANOVA) 

One-way ANOVA is a method used for comparing the means of two or 

more data groups. The ANOVA tests the null hypothesis that samples in two or 

more groups are drawn from the same population with equal mean values. The 

alternative hypothesis is that at least one of the means is different. 

The following assumptions are made about the samples: 

 All sample populations are normally distributed. 

 All sample populations have equal variance. 

 All observations are mutually independent. 

However, the ANOVA test is known to be robust to violations of the first 

two assumptions. 

ANOVA measures two sources of variation in the data groups and 

compares their sizes. The first source of variation is the variation between groups 

(SSG): 

     ( ̅   ̅)  (E-1) 

where  ̅ is overall mean (all data groups combined) and  ̅  is the mean for the ith 

data group. 

 The second source of variation is the variation within groups (SSE): 

     ( ̅    ̅ )
 
 (E-2) 

where  ̅   is the jth element of the ith data group. 
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 The F-statistic is used for comparison of the components of the variation: 

 
  

    (   )

    (   )
 

(E-3) 

where k is the number of data groups and n is the total number of data in all data 

groups. 

The null hypothesis is rejected if the test statistic from the table is greater 

than the F critical value with 1 in the numerator and N-2 in the denominator 

degrees of freedom. 

 P-value, that is the probability of the null hypothesis to be true, is 

computed by comparing the F-statistic to the F(k-1,n-k) distribution where k-1 is 

the numerator and n-k is the denominator of the F distribution. With a P-value of 

less than 0.05, the mean of at least one of the groups is statistically significant 

from the other groups. 
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Appendix F: Noraxon Myosignal 1400L Specifications 

The MyoSystem™ 1400L surface and fine-wire electrode SEMG unit is a 

highly versatile device ideal for research studies. The system is an 8 channel 

unit. This instrument features Noraxon’s internationally patent-protected amplifier 

technology to provide clean, consistent and reliable SEMG signals during any 

type of isometric or dynamic exercise. The 1400L has a “built in” USB A/D which 

handles all data acquisition and greatly simplifies interfacing to a computer for 

data acquisition. 

Features 

 Pre-amplified electrode leads, can be used with disposable or 

permanent electrodes. 

 Internal data acquisition system with USB connectivity for 8 

channels. 

 Compliant with IEC60601-1 and IEC60601-2-40 electromyography 

standards (CE approved). 

Outputs 

 Analog +/- 5 volts on all SEMG channels. 

 Digital 12 bit resolution per channel from USB port. 

Inputs 

 8 SEMG channels @ +/- 7 mV max. 

 8 sensor channels @ +/- 5 Volts max. 
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 Power 100-240 VAC @ 50/60 Hz (0.9 A max) 

SEMG Amplifier Performance 

 1 uV sensitivity. 

 < 1 uV RMS baseline noise. 

Data Acquisition 

 12 bit resolution 8 channels. 

 USB update to PC every millisecond. 

High Pass Cutoff 

 10 Hz first order on SEMG channels. 

Low Pass Cutoff 

 Selectable 500 or 1000 Hz on SEMG channels. 

 8th order Butterworth (maximally flat). 

Input Impedance 

 > 100 MOhm on SEMG channels (isolated to > 3000 Volts). 

Common Mode Rejection 

 Min 100 dB @ 50-60 Hz. 

Physical 

 11” L  x 7.75”  W x 4” H; 3 lbs. (28 x 19.7 x 10.2 cm; 1.4 kg). 
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Appendix G: Transducer Techniques TRT-100 Torque Sensor 
Specifications 

The TRT Series reaction torque sensors offer long term reliability due to 

non-moving parts and state of the art bonded foil strain gages. Whenever 

possible, the best approach for precision torque measurements is via reaction 

torque sensing, eliminating high maintenance and high cost of slip rings, 

bearings and brushes. 

Specifications and dimensions of the torque sensor (Transducer 

Techniques TRT-100) used in this study are shown in Table D-1 and Figure D-1. 
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Table 7-1: Torque sensor specifications. 

Parameter Value 

Rated output (R. O.) 2mV/V nom 

Nonlinearity 0.1% of R. O. 

Hysteresis 0.1% of R. O. 

Nonrepeatability 0.05% of R. O. 

Zero balance 1.0% of R. O. 

Compensated temperature range 60° to 160°F 

Safe temperature range -65° to 200°F 

Temperature effect on output 0.005% of load/°F 

Temperature effect on zero 0.005% of R. O. /°F 

Thermal resistance 350Ω nom 

Excitation voltage 10 VDC 

Safe overload 150% of R. O. 

Capacity 100lbs 

Torsional stiffness 10, 125 in lbs/rad 

Max overhung moment 100 in lbs 

Max shear 40 lbs 

Max thrust 800 lbs 
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Figure 7-3: Torque sensor dimensions. 
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