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Abstract 

Myoelectric prosthesis are able to provide assistance to individuals with transradial 

amputations. Even though extensive research has been completed in machine learning 

techniques such as pattern recognition (PR) and regression, commercially available 

prostheses continue to use the control strategies prevailing since the 1960s. For clinical 

applications, the prosthesis should be simultaneous, proportional, intuitive and robust to 

the various non-stationaries in the EMG signal. In recent developments, frequency 

division technique (FDT) associated with PR has been capable of addressing contraction 

level variance as an EMG non-stationary. This study examined the performance of Linear 

Regression as a control scheme with FDT processing and investigated its robustness to 

contraction level variations. 

 Twenty able-bodied and four individuals with trans-radial amputations performed 

wrist movements in 2 two degrees of freedom goal-oriented tasks, divided in three groups 

of Type I, Type II, and Type III. The performance of these tasks was assessed by the 

performance indices (time to reach, throughput, path efficiency, near miss and 

completion rate). Two different training contraction levels (medium and high) were 

performed for the two processing methods of Bandpass and FDT filtering. The results 

indicated that LR-FDT had an advantage over traditional methods in the tested real-time 

myoelectric control tasks. For control participants, LR-FDT had 95.33%, which was 

significantly higher than LR-Bandpass with a CR of 64.08% (p<0.001). For the clinical 

participants, all the individuals had a CR >90% using LR-FDT and had an average CR 

69.8% using LR-Bandpass. Moreover, LR-FDT method performed significantly better in 

all the other performance indices in at least one target type. There was no significant 
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difference in the performance of LR-FDT between medium and high runs. Also, the 

variability of LR-FDT was significantly smaller than LR-Bandpass. This study shows 

that LR-FDT provides advantages in online myoelectric control as it introduces a more 

accurate, robust and contraction level invariant control scheme for performing prosthetic 

hand movements. 
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1. Introduction 

The loss of a limb greatly reduces the functionality of an individual (Kuiken et al., 

2009). Amputation not only affects the mobility of a person but also hinders everyday 

activities such as eating, getting dressed and participating in recreation activities (Horgan 

& MacLachlan, 2004). Individuals with amputation are also affected emotionally as a 

result of their inability to perform activities of daily living (ADL) . There are nearly 2 

million people with limb loss living in the United States (Ziegler-Graham, MacKenzie, 

Ephraim, Travison, & Brookmeyer, 2008). There is a higher incidence of upper limb 

amputation than lower limb amputation in both trauma-related and congenital 

amputations in America. Among the individuals with upper limb amputations, those with 

a transradial amputation are higher in number. Jain and Robinson, (2008) estimated that 

transradial amputations account for 19% of all amputation cases in United Kingdom (Jain 

& Robinson, 2008). After an amputation, the central and peripheral nervous system still 

perceive the presence of a natural limb. This perception of an existing limb even after 

amputation is called phantom limb (Antfolk et al., 2013). After the amputation, when the 

individuals try to move their phantom limb, muscle activity from the remaining 

musculature can be recorded and the resulting signals can be used to control a prosthesis.  

Prostheses are assistive devices which not only aid in ADL, but also attempt to 

replace loss of limb. Current available prostheses can be categorized into non-functional 

and functional: non-functional are passive and serve cosmetic purposes while functional 

prostheses are active and can perform movements. The different functional prostheses are 

body powered, myoelectric and hybrid prostheses. Body powered prostheses use cables 

and harnesses to perform the movements, which are quite limited when considering range 
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of motion. Myoelectric prostheses on the other hand are capable of performing an 

increased number of movements with greater range of motion. Myoelectric is derived 

from the words ―myo‖ meaning muscle as it refers to the electrical activity of the muscle 

and myoelectric prostheses use sensors to detect the electrical activity from the 

contracting muscle. Myoelectric prostheses are proven to have the greatest potential in 

assisting amputees with their daily activities (Miller, Stubblefield, Lipschutz, Lock, & 

Kuiken, 2008; Scheme & Englehart, 2011). The graphical representation of the 

myoelectric signals is termed as electromyography (EMG). The type of EMG which 

involves placing  sensors over the skin surface is referred to as surface electromyography 

(sEMG). The most common strategy used in a myoelectric prosthesis is to monitor the 

EMG amplitude during a contraction and as it reaches a fixed threshold value and electric 

motors are activated in the prostheses to produce a specific movement.  Hybrid prosthesis 

are a combination of both  body powered and myoelectric prosthesis.  

Since the first upper limb prosthesis was designed, many developments have 

taken place. The recent developments primarily targeted increasing the degrees of 

freedom (DOFs) as the higher DOFs facilitated a fluid like natural movement of the 

upper limb. Since 1952, researchers have been  using electricity in a prosthesis (Berger & 

Huppert, 1952). New strategies were developed involving multi-state myoelectric control 

where multiple muscle sites were used for various prosthetic functions (Battye, 

Nightingale, & Whillis, 1955; Bottomley, 1965). With the advancement in signal 

processing techniques, multifunctional myoelectric control has been improved and 

subsequently user error has been decreased. User error is a major concern because the 

inability to successfully use a prosthetic has led to the abandonment by the user (Lake & 
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Dodson, 2006). Conventionally, the control schemes to operate a prosthesis have used an 

amplitude parameter, for example the mean average value or root mean square to 

correspond to the intensity of the muscular contraction. The corresponding amplitude 

parameter was then mapped to the specific prosthetic function, which preferably should 

be similar to the functionality of the remnant muscles. This is termed as intuitive control, 

for example an individual with a transradial amputation is capable of performing 

prosthetic functions at the wrist joint with the help of his remaining forearm muscles. 

While there have been many advances in myoelectric controlled prostheses, many 

challenges remain while using sEMG to control a prosthetic hand. Sometimes the 

amputation results in very few remaining muscles which, are insufficient to drive a 

prosthetic arm. For a multistate myoelectric system controlled from multiple muscle sites, 

the desired one-muscle one-function is very hard to achieve because of EMG crosstalk (a 

combination of activity of more than one underlying muscles). Also, it is possible that 

while performing an activity in a particular degree of freedom, an unwanted co-activation 

or co-contraction, which is a simultaneous activation of agonist and antagonist muscle 

groups, might occur which makes it harder to resolve the force of the intended 

movement. These challenges make the direct or conventional system of control very 

unreliable while operating in higher degrees of freedom.  

To avoid confusion while providing direct control, currently most of the 

commercially available prosthesis are limited to one degree of freedom (DOF) and two 

antagonistic muscle activation sites on the forearm are used to control the movements 

(for example hand close controlled by wrist flexors and hand open controlled by wrist 

extensors) (Muzumdar, 2004). This two channel scheme can be extended to higher DOFs 
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by maintaining the agonist and antagonist muscle activity and switching to a different 

DOF using a mode switch function. The mode switching functions consist of a  trigger 

being generated by the user (e.g. a co-contraction) or a sequence of fast contractions. 

Although, this technique is now being used by some commercial prosthesis 

manufacturers (Amsuess, Goebel, Graimann, & Farina, 2015; Ottobock., 2013), it is slow 

and unintuitive and contrasts to the functioning of the natural hand (Amsuess, Goebel, 

Graimann, & Farina, 2014).  

Some researchers have used intramuscular EMG (intraEMG) in which, electrodes 

are implanted in the muscle belly for prosthetic control. IntraEMG produces less 

crosstalk and coactivation, and therefore, can be used for direct control of higher degrees 

of freedom (Ortiz-Catalan, Brånemark, Håkansson, & Delbeke, 2012; Smith, Kuiken, & 

Hargrove, 2014). The invasive nature of intraEMG makes it a very complex procedure 

and is considered inconvenient for the prosthetic users, and hence researchers prefer 

sEMG, as it is non-invasive. This led to the use of pattern recognition approaches that 

used sEMG for mapping electrical activity of the muscles to the prosthetic functions. 

Pattern recognition techniques employ multiple electrode locations, signal processing 

techniques and feature extraction to achieve control of higher DOFs. Pattern recognition 

(PR) is a machine learning approach where signal classification is done to map the signal 

features to the prosthetic functions. In PR multiple electrode locations, signal processing 

techniques and feature extraction are employed to achieve control of higher DOFs. Since 

1978 researchers have used classifiers to perform tests on virtual tasks and activity of 

daily living (ADL) (Almström, Herberts, & Körner, 1981). There are numerous different 

types of classifiers including the Bayes Classifier (Saridis & Gootee, 1982), k nearest 
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neighbor (kNN) classifiers (Doerschuk, Gustafon, & Willsky, 1983; Scheme & 

Englehart, 2011; Zardoshti-Kermani, Wheeler, Badie, & Hashemi, 1995), support vector 

machines (SVM) (Lorrain, Jiang, & Farina, 2011; Lucas, Gaufriau, Pascual, Doncarli, & 

Farina, 2008; Oskoei & Hu, 2008; Tommasi, Orabona, Castellini, & Caputo, 2013), 

Gaussian mixture models (Huang, Englehart, Hudgins, & Chan, 2005), time-series 

models (Zecca, Micera, Carrozza, & Dario, 2002), time-frequency (wavelet) based 

(Englehart, Hudgins, Parker, & Stevenson, 1999b), fuzzy sytems (Chan, Yang, Lam, 

Zhang, & Parker, 2000) and other models. Currently the state of the art PR technique is a 

variant of linear discriminant analysis classifier with a time domain (TD) feature set 

suggested by Hudgins et al., 1993 (Englehart & Hudgins, 2003; Hudgins, Parker, & 

Scott, 1993).  

In conventional control, the measured quantity is assumed to be generated from a 

single muscle, thus it is greatly affected by EMG crosstalk. Whereas, PR involves a 

predictable by-product generated from the spatial arrangement of the multiple electrode 

sites. The by-product corresponds to a specific class and hence crosstalk adds significant 

spatial information which helps in making a prediction. In classification techniques, a 

specific class label is determined but there is no information about the velocity of the 

movement performed or, in other words, the intensity of the muscle contraction. Scheme 

et al., 2014 combined the LDA classifier with different proportionality components and 

found high accuracy over a 1D Fitt‘s law (Scheme et al., 2014). Other studies used the 

average of root mean square (RMS) of the EMG from all channels as a proportionality 

estimator (Amsuess et al., 2016; J. M. Hahne, M. Markovic, & D. Farina, 2017). Another 

major limitation of PR techniques is that they only allow control for 1 DOF at a given 
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time (sequential control). For instance, while performing a pronated wrist flexion, the 

prosthesis performs a pronation and then a wrist flexion, quite contrary to the natural 

flow of the intact hand. A simultaneous rather than sequential control is more desirable 

for a prosthetic arm. The intraEMG technique discussed above (Ortiz-Catalan et al., 

2012; Smith et al., 2014) was able to achieve simultaneous direct control but due to the 

invasive nature of it, many academic and clinical studies do not prefer using intraEMG. 

Recently researchers used regression techniques which allow for simultaneous 

and proportional control of the prosthesis (Ameri, Kamavuako, Scheme, Englehart, & 

Parker, 2014; Hahne et al., 2014; Hahne, Dähne, Hwang, Müller, & Parra, 2015; J. M. 

Hahne et al., 2017; Hwang, Hahne, & Müller, 2014; Ison, Vujaklija, Whitsell, Farina, & 

Artemiadis, 2016; Jiang, Englehart, & Parker, 2009; Silvia Muceli & Farina, 2012). Some 

researchers used multilayer perceptron (MLP) as a nonlinear regression estimator (Jiang 

et al., 2009; Silvia Muceli & Farina, 2012). Hahne et al., 2015 compared linear and 

nonlinear regression techniques and found out that linear regression was computationally 

cost effective and had similar results to the nonlinear regression techniques (Hahne et al., 

2014).  It was claimed that regression was superior to classification (Jiang, Dosen, 

Muller, & Farina, 2012). In an online (closed loop) setup, it was found that Linear 

Regression (LR) significantly outperformed Linear Discriminant Analysis (LDA) in an 

online simulation where white noise was added to the signals to assess their robustness. It 

was found out that in the LR case the user was able to adapt to compensate the errors by 

obtaining the visual feedback of his current state but not in the LDA setup, where in case 

of a misclassification the user was not able to correct it even with visual feedback (Janne 

M Hahne, Marko Markovic, & Dario Farina, 2017b).  
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The drawback of regression is that without compromising accuracy it cannot be 

used for more than 2 DOFs, thus reducing the functionality of the prosthesis.  Also, 

precise movements could not be performed.  Thus, in a simultaneous control setup with 

myoelectric signals mapped to wrist flexion/extension and ulnar/radial deviation, 

additional control of hand closing/opening as well as different types of grips could not be 

estimated. However, the precise movements could be performed using the classification 

based estimation or in a mode switching based control scheme. Table 2 summarizes the 

above mentioned advantages and disadvantages of Regression and PR techniques. 

Table 1: Characteristics comparison of Pattern Recognition and Regression 

 Pattern Recognition Regression 

Higher DOFs   

Simultaneous control   

Precise Movements   

Intuitive control/adaptation   

 

Regardless of regression or PR techniques, there is a relatively poor performance 

of these techniques under real world conditions, due to the variations in EMG patterns 

and the noise introduced from different sources (Amsuss et al., 2013; He, Zhang, Jiang, et 

al., 2015; Vidovic et al., 2016). These variations or the non-stationaries in EMG may be 

caused by a number of factors including arm and trunk positions (Fougner, Scheme, 

Chan, Englehart, & Stavdahl, 2011), electrode shifts (Young, Hargrove, & Kuiken, 

2012), changes in the electrode skin interface due to sweating (Jiang, Dosen, et al., 2012), 

time between training and testing (He, Zhang, Jiang, et al., 2015; Vidovic et al., 2016), 

and muscle contraction levels (Kaufmann, Englehart, & Platzner, 2010). These factors 

needed to be resolved for a suitable clinical application of these advanced techniques i.e. 

for robust performance in a real-world scenario.  



8 

Hahne et al. (2017) assessed the performance of LR by artificially introducing 

non-stationaries in the EMG signals. It was found that in online testing where the 

individual was able to adapt to the noisy situation and change his muscle activation 

accordingly, LR was less influenced by the non-stationaries than PR feedback (Janne M 

Hahne et al., 2017b). However, it has been found that variation in contraction levels 

(medium to high and vice versa) can lead to degradation in performance of many 

machine learning systems (Kaufmann et al., 2010). A medium level contraction is one 

where an individual performs a particular movement as he would normally (for example, 

picking up a book from the table) where has a high-level contraction is one where the 

individual exerts a greater force while performing the task (for example to squeeze a ball 

as hard as possible). One solution to this performance degradation is to include a range of 

contraction levels in the training data. This is practically not feasible because to use the 

prosthesis the user would have to spend a significant time in training the system. An 

alternative approach is to use frequency division based features in the training dataset 

(He, Zhang, Sheng, Li, & Zhu, 2015). He et al., 2015 used a frequency division involving 

six frequency sub bands and the time domain (TD) feature set was used on each of the 

sub bands. In another study, a feature set based on spectral moment descriptors was to 

improve PR algorithm‘s robustness against contraction-level variation (Al-Timemy, 

Khushaba, Bugmann, & Escudero, 2016). However, both the studies were offline studies 

and it has been proved that in PR systems, offline performance is not correlated to online 

performance (Jiang, Vujaklija, Rehbaum, Graimann, & Farina, 2014). 

The above mentioned studies (Al-Timemy et al., 2016; He, Zhang, Sheng, et al., 

2015) did not utilize the fundamental properties of motor units recruitment involved in 
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the sEMG signal generation. Henneman‘s size principle of motor unit recruitment states 

that the motor units recruitment at different contraction level is ordered and during low 

level contractions, smaller units with lower firing rates are recruited and at high level 

contractions, larger units with higher firing rates are recruited (Henneman, Somjen, & 

Carpenter, 1965). The difference in the firing rates resulted in varying frequency 

information in different frequency bands. Thus a change in contraction level results in 

non-uniform variation of power spectrum density function across all bands (Roman-Liu 

& Konarska, 2009).  Thus, for attaining a contraction level independent system, 

extracting such band specific information would be beneficial.   

In an online study, Tolooshams and Jiang (2017) used the frequency division 

technique (FDT) in a PR based control scheme. FDT is a preprocessing filtering 

technique that is used in the place of simple bandpass filtering (20 Hz- 450 Hz). FDT 

involves division of frequency band to six sub bands (20-92, 92-163,163-235,235-

307,307-378, and 378-450 Hz). It was found to be robust against varying levels of 

contraction and it performed significantly better than the bandpass technique 

(Tolooshams & Jiang, 2017b). However, research is yet to be done on simultaneous and 

proportional control (SPC) scheme paired with FDT, to see if the findings are similar and 

whether a contraction level independent system is achievable. The study involved two 

levels of contraction for comparison: medium and high. Previous studies have indicated 

that the following indices are strong predictors of performance of a control scheme: Time 

to reach (T2R), throughput (TP), path efficiency (Γ), near miss (NM) and completion rate 

(CR) (Ameri et al., 2014; Hahne et al., 2015; J. M. Hahne et al., 2017; Jiang, Rehbaum, 
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Vujaklija, Graimann, & Farina, 2014; Jiang, Vujaklija, et al., 2014; Tolooshams & Jiang, 

2017b). These performance indices are explained in greater details in section 3.4.2.  

PR and regression are advanced machine learning techniques. Although PR  has 

been used for four decades, it is yet to be used in routine clinical trials. The routine 

clinical trials have been using the control strategies prevailing since the 1960s. Unlike the 

direct control systems, these machine learning techniques require better electronic 

circuitry and hence the cost of the prosthesis is higher (Hahne, 2016). This is one of the 

reasons it is not always clinically viable. Although previous research has compared linear 

regression to PR (J. M. Hahne et al., 2017), to date, no study has performed the 

comparision during contraction level variations. Contraction levels variation is a 

significant non stationary to the EMG signal and has to be addressed for a viable clinical 

use. Therefore, the following study proposed the use of FDT to contribute to a lack of 

knowledge in simultaneous and proportional myoelectric control robust to change in the 

contraction levels (from medium to high and vice versa). The performance of LR-FDT 

was assessed against contraction level variation while performing tasks relating to ADL. 

Morever, this was the first study to associate regression with FDT as a control scheme.  

Previous research in this area has focused on able bodied participants and it was 

important to see the ability of a prothesis user to use the control scheme. Therefore the 

proposed study included a clinical population of prosthesis users along with able-bodied 

participants to assess the performance. Another important reason for machine learning 

not being clinically viable is that it required extensive training prior to use, particularly 

the PR technique, which if not performed well by the prosthesis user could lead to 

erroneous results (for e.g. dropping a glass of hot water versus picking it up safely).  The 
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individual‘s capability of controlling the device is also of importance, as they may be 

more likely to abandon a device due to the resulting user errors (Lake & Dodson, 2006). 

Along with precise control, device technology, appearance and ease of use are main 

reasons for device abandonment (Biddiss & Chau, 2007; Østlie et al., 2012). While 

considering the routine clinical use of a precise-control prostheses and to enhance 

performance of activities of daily living (ADL), the goal of the study was to use the 

current prosthetic control system which uses frequency division preprocessing and 

enhance it with simultaneous movement components by using LR. LR is a very simple 

technique and requires less number of samples for its training, thus enabling motivation 

of the users and possibly a higher acceptance. 

1.1 Purpose 

The purpose of the study was to compare the current myoelectric control schemes 

to investigate which technique results in optimal performance in terms of simultaneous, 

proportional and intuitive control of multiple DOFs of the prosthesis with accuracy, and 

its robustness to EMG non-stationaries. The study addressed a lack of knowledge in the 

literature and the experiment was performed on prosthesis users as well as able bodied 

participants. The participants performed commonly used forearm contractions for goal 

oriented tasks which will be used for analysis. 

Therefore, the purpose of this research study was twofold: 

1. To compare the proposed linear regression with frequency division technique 

(LR-FDT) to linear regression with bandpass preprocessing technique (LR-

Bandpass) for their ability to perform accurate simultaneous hand movements on 

the prosthesis 
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2. To investigate the effects of contraction level variations (medium and high) on the 

performance of the proposed linear regression with frequency division technique 

(LR-FDT). 

1.2 Hypotheses  

H1 – There is a significant difference in the performance measures (T2R, TP, Γ, NM, 

CR) of LR-FDT and LR-Bandpass. 

H3 – There is no significant differences in the performance measures (T2R, TP, Γ, NM, 

CR) of LR-FDT when trained with medium level contractions and high-level 

contractions. 
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2. Literature Review 

The idea of prosthetic limbs being controlled by EMG signals originated in the 

late 1940s by Reinhold Reiter (Chappell, 2011). He developed a single channel of EMG 

controlling the opening and closing of a prosthetic hand. In the past years technological 

improvements have been made to myoelectric prosthesis; however, many limitations 

hinder the functioning of the prosthesis according to the intent of the amputees. A few 

major limitations include: Simultaneous and Proportional Control (SPC) is yet to be 

implemented in commercial prosthesis, the non-stationaries changes encountered during 

EMG recording (Fougner et al., 2011) cause performance degradations of myoelectric 

prosthesis, Degrees of Freedom (DOF) of the prosthesis are less, conducting study on 

able bodied individuals and not on many amputees, and limited information from the data 

collected from the signals (Fougner, Stavdahl, Kyberd, Losier, & Parker, 2012). The 

review below discusses the limitations by a detailed understanding of the topics of 

electromyography, control techniques and processing techniques to address the 

limitations.  

2.1 Individuals with Amputations and Upper Limb Prosthetics   

In developed countries, it has been found that the number of trauma related 

amputations and congenital limb deficiencies per 100 inhabitants is in the range of 0.5-1 

for the hand, 0.05-0.2 for below the elbow (transradial amputation) and 0.05 – 0.1 for 

above elbow (transhumeral amputation) cases (Dillingham, Pezzin, & MacKenzie, 1998). 

Prosthetics are rehabilitative devices that can assist, to some extent, in activities of daily 

living (ADL) and attempt to replace a lost limb. Prosthetics have been used since very 

ancient times. A very famous and still existing prosthesis is the ―iron hand‖ of Gottfried 
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von Berlichingen (1481-1562). It is a metallic hand and has a mechanism of locking the 

prosthetic fingers with the help of intact hand, thus capable of holding and grasping 

objects. 

 

Figure 2.1. Example of Mechanical Upper Limb Prosthesis: a) ―iron hand‖ of Gotz von Berlichingen b) 

Modern example of body powered prosthetics (Split hook from Fillauer) 

Body-powered prosthetics use cables to directly control the mechanism for hand 

opening and closing. They are very common in the market because of their lower cost, 

lower weight and higher robustness (Berning, Cohick, Johnson, & Laura Ann Miller PhD, 

2014). The user is provided a force feedback because the prosthesis is operated directly 

by muscles other than the ones from the missing limb. This force feedback is still lacking 

in modern myoelectric prosthesis. The drawbacks associated with body powered 

prosthesis are lower grip force and it is limited to a single degree of freedom (DOF). 

The first research-based electrically active prosthesis that used EMG as a control 

source were introduced in Germany after the 2
nd

 world war (Reiter, 1948) and the first 
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commercially available myoelectric prosthetics were first available in Russia (Sherman & 

Lippay, 1965). For decades the myoelectric prosthesis operated in one DOF i.e. the 

closing and opening and sometimes wrist rotation was included. In recent developments, 

a more advanced myoelectric prosthesis has been designed with more functionality and a 

greater number of actuated joints. In the current markets, at least 4 manufacturers provide 

multifunctional myoelectric prosthesis and with 6-11 actuated joints (Belter, Segil, & 

SM, 2013). There also exists myoelectric prosthesis with as many as 20 active joints 

(Cipriani, Sassu, Controzzi, & Carrozza, 2011; Fite et al., 2008; Miguelez, 2011). There 

is always a compromise between functionality (no of joints and actuator), maximum grip 

strength, complexity and efficiency and on the other side cost of manufacturing, weights 

and mechanical robustness. In many designs, there is a mechanical coupling of the joints 

to reduce the number of actuators, which reduces the weight and cost. Currently there is 

no controller available in the market that can control more than one DOF simultaneously. 

The actuators are coupled by the controller (for example, all the fingers close or open 

simultaneously) and different grip patterns or different joint functions are selected by 

different heuristics (for example a co-contraction of flexor and extensor muscles in the 

forearm, or two fast contractions of any muscles). Belter et al., 2013 performed a detailed 

review of the commercially available multifunction prosthetics (Figure 2.2). 

Even though extensive research has been done in machine learning techniques 

such as PR and regression, commercially available prostheses continue to use the control 

strategies prevailing since the 1960s. High classification accuracies (>90%) have been 

reported most of the time (Scheme & Englehart, 2011), and more than 8 classes have 

been classified using able bodied participants. While there have been decades of research 
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with increasing classification performances, none of these approaches have been able to 

make their way into clinical applications so far. The limited clinical practice of these 

advanced technologies is due to the lower reliability in real-world scenarios (Almström et 

al., 1981; Farina et al., 2014; Lorrain et al., 2011). Much of the current research has 

occurred in a research laboratory setup which involves a fixed arm position, static 

contraction patterns, gelled electrodes, and evaluation performed on a single day (Oskoei 

& Hu, 2007; Zecca et al., 2002). This has resulted in very high classification accuracies. 

However, there is relatively poor performance in these techniques under real world 

conditions, due to the variations in EMG patterns and the noises introduced from 

different sources (Amsuss et al., 2013; He, Zhang, Jiang, et al., 2015; Vidovic et al., 

2016). These variations or the non-stationaries in EMG may be caused by a number of 

factors discussed in section 2.5. These factors need to be taken care of for a suitable 

clinical application of these advanced techniques (robust performance in a real-world 

scenario). Recently, a controller based on PR has been introduced called the COAPT 

complete control, which can be integrated with the modern day multifunctional 

prosthesis. 
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Figure 2.2 Figure showing commercially available prosthetic hands: (a) Vincent hand by 

Vincent Systems, (b) iLimb hand (c) iLimb Pulse by Touch Bionics, (d) Bebionic hand by RSL 

Steeper, (e) Bebionic hand v2 by RSL Steeper, and (f) Michelangelo hand by OttoBock.  

2.2 Electromyography 

Electromyography (EMG) signals are a graphical representation of electrical activity 

occurring in muscles during contraction. The contraction of muscles generates a force 

that acts upon the skeletons which leads to body movements. Muscles comprise of fibers 

that shorten when activated by depolarization of cell membrane by nerve impulses. The 

muscle fibers are controlled by the central nervous system (CNS) and by the action of 

motor neurons. All of the muscle fibers innervated by one motor neuron form a motor 

unit (MU) and these muscle fibers always contract simultaneously. Several hundreds of 

muscle fibers are controlled by each motor neuron (Buchthal & Schmalbruch, 1980), 

which varies based on the type of muscle. The number of MU per muscle varies between 

muscles and ranges between 100-400 units for muscles pertinent to myoelectric control 

(Al-Faiz & Al-Mashhadany, 2009). For activation of a motor unit, a local depolarization 

of the motor neuron membrane runs as a wave from the spinal cord to the muscles via the 
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axons. This depolarization wave is called the action potential. The action potential upon 

reaching the neuromuscular junction causes the release of neurotransmitter, responsible 

for a depolarization of the muscle fibers associated with that MU. The action potential 

causes further depolarization in the muscle starting from the innervation zone (typically 

at the center of the muscle). A motor unit action potential (MUAP) propagates in both the 

directions of muscle fibers, activating them, and hence causing contraction of all fibers 

associated with the MU. The factors responsible for the amount of force generated with 

each contraction are: The number of motor units which have been activated and the firing 

rate of individual motor units (Despopoulos & Silbernagl, 2003). The tissues overlying 

the muscles undergo volume conduction of the EMG signals, the individual MUAPs 

superimpose and form the surface electromyogram (sEMG) which could be obtained 

from the skin by using electrodes. As previously discussed two factors contribute to the 

amplitude of the EMG signal; 1) the number of activated MUs and 2) the firing rate of 

the individual MUs. The amplitude of the sEMG signal rises during a contraction and is 

of the order of few millivolts. The frequency of sEMG lies in the range of 0-450 Hz. The 

electrodes often used for research and clinical purposes are Ag/AgCl electrodes paired 

with a conductive gel. The gel reduces skin electrode impedance mismatch and thus 

prevents resulting half-cell potentials which is considered as a noise to the acquired 

sEMG (Clancy, Morin, & Merletti, 2002). For application in prosthetics which requires a 

longer duration, gel electrodes are not suitable. Instead, dry steel electrodes are used 

which have a higher impedance and therefore higher noise levels. Thus, advanced 

amplifier designs and signal processing techniques are required while using dry steel 

electrodes (Chi, Jung, & Cauwenberghs, 2010). As seen above, the amount of force 
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generated is directly related to the muscle activity (Despopoulos & Silbernagl, 2003). 

Due its close correspondence with the muscle-force relationship, sEMG can be used as a 

voluntary control signal for devices like myoelectric prosthesis (Muzumdar, 2004). For 

myoelectric control purposes the features based on amplitude and frequency of sEMG are 

extracted and these features drive the control system.   

 

 

 

 

 

 

 

 

Figure 2.3 Electromyogram (EMG) signals being collected from two muscle locations 

(from http://neurologiclabs.com/neuromonitoring/emg/) 

 

IntraEMG is an invasive recording technique which uses needle electrodes to 

detect individual MUAPs. It is used very often in assessing neurophysiological 

information from neuromuscular disorders. Although IntraEMG is a very accurate for 

evaluating electrical activity in a muscle, many clinicians prefer the sEMG and its 

http://neurologiclabs.com/neuromonitoring/emg/
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graphical representation due to the invasive nature of the IntraEMG (c). There have been 

suggestions for improvement in technology and implantable devices to facilitate easier 

IntraEMG recording and to detect individual MUAP (Kamavuako, Farina, Yoshida, & 

Jensen, 2009).  

A different configuration of sEMG involves an array of multiple electrodes on 

individual muscle sites to collect detailed information. This multi-channel sEMG has 

been termed as high density electromyography (HDEMG) (Drost, Stegeman, van 

Engelen, & Zwarts, 2006). HDEMG has been used frequently in prosthesis research due 

to the ability to obtain temporal-spatial information from individual muscle (Daley, 

Englehart, Hargrove, & Kuruganti, 2012). Energy maps are a common measurement 

technique used to visualize HDEMG data, which typically uses root mean square (RMS) 

analyses. Recent advancements in HDEMG recording and processing techniques have 

allowed for decomposition of the superimposed EMG signal to individual MUAP spike 

trains at low contraction levels (Zwarts & Stegeman, 2003). Despite of all the advances, 

for myoelectric control purposes sEMG is extensively used. Daley et al., analysed 

HDEMG from the upper arm and reported that reducing the number of channels from 64 

uptil 4 did not affect the classification efficiency (Daley et al., 2012). Hahne et al., 2017 

and Amseuss et al., 2016 used an 8 channel EMG system around the  residual limb of the 

prosthesis user in the foreram region and found better performances in their control 

algorithms. Thus 8 channels of EMG on the forearm was considered optimum for real 

time study as the computation cost is less compared to HDEMG systems.  

 



21 

2.3 Control schemes: direct/conventional control, pattern recognition and regression 

Ever since the first myoelectric prosthesis was designed, it has undergone many 

changes in appearance as well as functionality. The changes mainly focused on 

increasing the degrees of freedom (DOF) of operation as higher DOF closely resembles 

an intact limb and capacle of performing higher number of functions. Other modifications 

over the years have focused on decreasing the number of channels and hence the 

electrode sites in an attempt to reduce the data processed, and hence reducing the 

complexity associated with the prosthetic system 

  In 1952, Berger and Huppert were among the first few people to use electricity as 

a control signal in a myoelectric prosthesis (Berger & Huppert, 1952). Dorcas and Scott 

(1966) introduced a three-state prosthesis (open, close and rest) controlled by a single 

electrode site (Dorcas & Scott, 1966)(Dorcas & Scott, 1966)(Dorcas & Scott, 1966). In 

that period, researchers also developed new strategies on multi-state myoelectric control 

where multiple electrode sites were used to attain functionality in higher degrees of 

freedom (Battye et al., 1955; Bottomley, 1965). To study the feasibility of a multi-state 

system, Paciga et al. (1980) and Richard et al. (1983) analyzed the errors associated with 

the multi-state systems (up to five states) (Paciga, Richard, & Scott, 1980; Richard, 

Gander, Parker, & Scott, 1983). It was found that user error increases as the number of 

states were increased, especially when controlling more than three states using one 

electrode location. With the advancement in signal processing techniques, 

multifunctional myoelectric control has been improved and subsequently user error has 

been decreased (Graupe, Beex, Monlux, & Magnussen, 1977; Graupe & Cline, 1975). 

Conventionally, the control schemes use an amplitude parameter, for example the mean 



22 

average value or root mean square to correspond to the intensity of the muscular 

contraction. The corresponding amplitude parameter was then mapped to the prosthetic 

function, which preferably should be similar to the functionality of the remnant muscles. 

This is termed as intuitive control, for example individuals with a transradial amputation 

perform prosthetic functions at the wrist joint with the help of their remaining forearm 

muscles. Prosthetic users with transhumeral amputation performing wrist functions with 

their remaining upper arm muscles is not as intuitive.  

While there have been many advances in using sEMG for myoelectric controlled 

prostheses, many challenges remain while using sEMG to control a prosthetic hand. One 

of the challenges is that the amount of remaining muscle is not enough to control a 

prosthetic arm. Another challenge is that sEMG is collected from the surface of the skin 

and is a combination of activity of more than one underlying muscles (EMG crosstalk), 

which makes it diffcult for the desired one-muscle one-function to achieve. For a 

multistate myoelectric system controlled from multiple muscle sites, the desired one-

muscle one-function is very hard to achieve because of EMG crosstalk. A 

coactivation/co-contraction is a simultaneous activation of agonist and antagonist 

muscles. Sometimes while performing in one DOF an unwanted coactivation can result in 

error and also it makes it difficult to resolve the force in the intended DOF. These 

challenges make the direct or conventional system of control very unreliable while 

operating in higher DOFs. To address this problem, most of commercial prosthesis 

operate in one DOF and two antagonistic muscle activation sites are used to control the 

movement (for example hand close controlled by wrist flexors and hand open controlled 

by wrist extensors) (Muzumdar, 2004). This two channel scheme can be extended to 
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higher DOFs by using a mode switch function to switch between two DOFs, while still 

maintaining the agonist and antagonist muscle activity. The mode switching functions are 

practically a trigger generated by the user (e.g. a co-contraction) or some fast 

contractions. Although this technique is now being used by some commercial prosthesis 

(Amsuess et al., 2015; Ottobock., 2013), it is slow and unintuitive and contrasts to the 

functioning of the natural hand.  

Intramuscular EMG has been used in previous studies where the needle electrodes 

were implanted in the muscle belly for prosthetic control. This was ideal for direct 

control of higher DOFs as there was less crosstalk and coactivation (Ortiz-Catalan et al., 

2012; Smith et al., 2014). IntraEMG produces less crosstalk and coactivation, and hence 

can be used for direct control of higher degrees of freedom (Ortiz-Catalan et al., 2012; 

Smith et al., 2014). The invasive nature of intraEMG makes it a very complex procedure 

and is considered inconvenient for the prosthetic users, and hence researchers prefer 

sEMG, as it is non-invasive. This motivated the use of Pattern Recognition (PR) 

techniques using sEMG which mapped the electrical activity of the muscles to specific 

prosthetic functions. PR is a machine learning approach where signal classification is 

done to map the signal features to the prosthetic functions. PR techniques employ 

multiple electrode locations, signal processing techniques and feature extraction to 

achieve control of higher DOFs. 

Researchers have employed different classification techniques over the last few 

decades. Almstrom et al,. 1978,  used a multifunction prosthesis based on the 

discriminant analysis classifier (Almström et al., 1981) to control wrist rotation, flexion-

extension and hand opening-closing. It was tested on five indivdiuals with amputations 
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below the elbow, where they performed virtual tasks, and activities of daily living. 

Although four decades have passed since, the discriminant analysis with small changes 

would be similar to the state of the art in PR based classifiers. Currently the state of the 

art in PR is a variant of Hudgin‘s feature set (Hudgins et al., 1993), paired with the linear 

discriminant analysis classifier (Englehart & Hudgins, 2003). In 1998, PR using artificial 

neural networks (ANN) was introduced by Hudgins et al.,(Hudgins et al., 1993) and 

analyzed by others (Kuruganti, Hudgins, & Scott, 1995; Nielsen et al., 2011). The other 

classifiers used are Bayes Classifier, k nearest neighbor (kNN) classifiers, support vector 

machines (SVM), Gaussian mixture models, time-series models, time-frequency 

(wavelet) based, fuzzy sytems, and other models (Scheme & Englehart, 2011). The 

objective of these techniques has been higher accuracy and reduced complexity however 

there has always been a trade-off between the two. In a recent study, Common Spatial 

Patterns (CSP) has been found to perform significantly better in terms of tasks completed 

than state of the art prosthesis for PR (Amsuess et al., 2015).  

Limited studies of myoelectric control have been conducted with prosthetic users, 

as it has always been a challenge to recruit adequate number of individuals with 

amputations for research studies. The number of amputees ranged from 10 (Boostani & 

Moradi, 2003) to just one (Momen, Krishnan, & Chau, 2007). Several of the studies used 

able bodied participants. Using able bodied participants was feasible compared to using 

amputees as they were easily available. However, able bodied individuals may have 

neural patterns that are not representative of the amputee population. It was shown that 

intact limbs as well as residual limbs had a comparable completion rates for wrist 
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movements (Li, Schultz, & Kuiken, 2010) Thus a combination of able-bodied individuals 

and amputees is preferred. 

2.3.1 Pattern Recognition (PR)  

The pattern recognition method for prosthetic control usually involves the 

following sequential components (explained in fig 2.3): Signal conditioning and 

preprocessing, feature extraction, dimensionality reduction, pattern recognition and 

offline/online learning  (Englehart et al., 1999, Zecca et al., 2002). 

 

Figure 2.4 Pattern Recognition schematic diagram 

The first layers acquire the signal from the user and process it for feature 

extraction, where the features of the signal are calculated. The processing involves 

rectifying the signal and filtering it using low pass filters (to remove noise) and high pass 

filters (to remove motion artifacts). Then the feature extraction takes place, which is 

considered the most important stage, as PR involves deriving information from selected 
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features (time domain, frequency domain, autoregressive models, etc.). Most widely used 

features are the time domain features due to their simplicity. Dimensionality reduction is 

performed next to remove the unnecessary data and to improve classification 

performance (Englehart, Hudgins, Parker, & Stevenson, 1999a). This results in simpler 

tasks for the classifiers thus resulting in higher classification accuracy. Various features 

(time domain and time-frequency representations) of EMG signal can used to provide 

specific feature patterns which are used for classification (Englehart et al., 1999a). The 

classifier interprets the selected feature patterns corresponding to the specific limb 

movements. The classifier is first trained by sample of known movements and then tested 

with a moment unknown to the clasifier, which then preditcs an outcome. The classifier 

chosen is characterized by its robustness and intelligence as inability to accurately control 

a prosthetic limb results in the prosthesis user discarding their prostheses (Oskoei & Hu, 

2007).  A good PR technique is characterized by set of features and classifiers. The 

different classifiers used are linear discriminant analysis (LDA), fuzzy logic, Artificial 

Neural Networks (ANN), Support Vector Machines (SVM), and Hidden Markov Models 

(HMM) (Scheme & Englehart, 2011; Simon, Hargrove, Lock, & Kuiken, 2011). LDA 

and SVM are the classifiers which have been widely used in recent studies of prosthetic 

limbs (Scheme & Englehart, 2011). The simplicity of implementing an LDA classifier 

has made it a preference (Englehart & Hudgins, 2003; Scheme & Englehart, 2011). LDA 

classifiers classify different muscle activation and result in the onset of desired movement 

(Guo, Hastie, & Tibshirani, 2007).  The classification accuracy of SVM and LDA 

classifiers have been found to be very similar. The assessment of the effectiveness of the 

classifier is determined by classification accuracy. Classification accuracy is a 
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mathematically calculated value which is a measure of how often the prosthesis performs 

the desired task.  

2.3.2 LDA 

Linear Discriminant Analysis (LDA) classifier is used to express independent 

variables in terms of dependent variables. The derivation follows previously done 

research work (Amsüss, 2015). It is closely related to the Fisher discrimination ratio 

(FDR) that can be expressed as: 

    (1.1) 

Here  are the class means and  are the class variances in transformed space. This 

criterion results in minimum inter-class dispersion and maximum dispersion between 

classes, thereby resulting in optimized setting for classification. With x as an input vector 

with linear projection vector w,  

    (1.2) 

Equation (1.1) can be obtained in the transformed space from the input space by 

    (1.3)  

where  is the covariance matrix between the class means of the different classes and 

 is the average covariance matrix of data belonging to the same class. 

Separability criterion can be maximized by choosing w in such a way that FDR(w) is 

maximized:   
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    (1.4)  

In order to fix the scaling factor of w, the norm of w is set to 1:  

resulting in the constrained optimization problem,  

 subject to   (1.5)  

Equation (1.5) is a standard mathematical problem known as quadratic programming. 

To yield a closed form solution, this problem is transformed to a Lagrangian 

formula : 

   (1.6) 

where 𝛌 are the Lagrange multipliers. On differentiating w.r.t. w and equating it to 0: 

   (1.7) 

      

 (1.8) 

We get,   for all tuples (w,): w ∈W and 𝛌∈ ℝ. W is the set of eigenvectors 

of and 𝛌 the corresponding eigenvalues. Separation quality for w can be given by 

its corresponding 𝛌 value.  The eigenvectors are taken after being sorted according to 

their eigenvalues from largest to lowest. This gives the projection direction of the 

optimum class separation on the projected space. In a C class problem,  is calculated 
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from the sum of outer products in C class mean vectors and hence its maximum rank can 

be C-1. Thus, there exists only C-1 eigenvectors of  with non-zero eigenvalues. 

Substituting the value of w in linear transformation (1.2), a discriminative function g(x) is 

formed. 

    (1.9) 

where W contains the measured eigenvectors as columns aggregated in a matrix and 

are the respective biases. A new sample of an unknown class can be classified by 

calculating g(x) and associating it to the class with the largest likelihood value. 

2.3.3 Limitation of Pattern Recognition Techniques  

In classification techniques, a specific class label is determined but there is no 

information about the velocity of the movement performed or in other words the intensity 

of the muscle contraction. To add a proportionality component, Scheme et al., 2014 

combined the LDA classifier with three different methods (Scheme et al., 2014). The 

three methods were found to have a very high accuracy in a 1D Fitt‘s law test. Other 

studies have used the average of root mean square (RMS) of the EMG from all channels 

as a proportionality estimator(Amsuess et al., 2016) (Janne M Hahne et al., 2017b). 

Another major limitation of classification techniques is that they only allow 

control for 1 DOF at a given time (sequential control). For instance, while performing a 

pronated wrist flexion, the prosthesis performs a pronation and then a wrist flexion, quite 

contrary to the natural flow of the intact hand. A simultaneous rather than sequential 

control is more desirable for a prosthetic arm. The intraEMG technique discussed above 
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(Ortiz-Catalan et al., 2012; Smith et al., 2014) was able to achieve simultaneous direct 

control but due to the invasive nature of it, many academic and clinical studies do not 

prefer using intraEMG. Recently researchers have used regression techniques which 

allows for simultaneous and proportional control of the prosthesis(Ameri et al., 2014; 

Hahne et al., 2014; Hahne et al., 2015; Janne M Hahne et al., 2017b; Hwang et al., 2014; 

Ison et al., 2016; Jiang et al., 2009; Silvia Muceli & Farina, 2012). Some of the 

researchers used multilayer perceptron (MLP) as a nonlinear regression estimator (Jiang 

et al., 2009; Silvia Muceli & Farina, 2012). Hahne et al. (2015) compared linear and 

nonlinear regression techniques and found out that linear regression was computationally 

cost effective and had similar results to the nonlinear regression techniques (Hahne et al., 

2014).  It was claimed that regression was superior to classification (Jiang, Dosen, et al., 

2012). 

2.4 Regression in simultaneous and proportional control 

Jiang et al. (2009) analyzed the simultaneous and proportional control of multiple DOFs 

by using a semi supervised algorithm able to generate a mapping between multiple EMG 

channels and the force resulting from the wrist movements. The DOFs studied were 

flexion/extension and radial/ulnar deviation and a combination of both (Jiang et al., 

2009). Being a semi supervised algorithm, the force produced was not required to train 

the algorithm, which was a major requirement as force is not possible to record from 

missing limbs. But the algorithm was unable to be used with pronation/supination. This 

could be fixed by using artificial neural network, but the drawback was the necessity of 

force training data. Nielsen et al. (2011) countered this problem by using mirrored 

bilateral training that recorded force data from the contralateral hand and used it to train 
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the algorithm (Nielsen et al., 2011). Muceli et al. (2010) replaced force values with wrist 

kinematic data, also recorded from the contralateral hand, using mirrored bilateral 

training. In addition, an additional DOF was studied (the hand closing) and HDEMG was 

used instead of sEMG (Silvia Muceli, Jiang, & Farina, 2010). This was an attempt to 

better detect the pronation/supination movements, whose muscles are deep seated and 

HDEMG would be better suited to understand the spatial information of the muscular 

activities. The study was performed with able bodied participants and resulted in high 

accuracy (79%-88%) for the 4 DOFs. Jiang et al. (2012) extended the study to 6 

transradial individuals with amputations but instead they used seven sEMG electrode 

setup involving seven sensors on the forearm and 3 DOFs were studied: 

Flexion/Extension, Ulnar/Radial Deviation and Pronation/Supination. The estimation 

accuracy of the clinical populations was 62% for the three DOFs (Jiang, Vest-Nielsen, 

Muceli, & Farina, 2012). Hahne et al. (2012) studied the use of LR algorithm instead of 

MLP for 2 DOFs. The studies done so far were offline studies, and the drawback of using 

mirrored bilateral training was it was limited to unilateral amputees. For the training, 

extensive equipment was required for capturing kinematics or force data which would not 

be possible outside a laboratory setting. Keeping these in mind Jiang et al. (2014) and 

Muceli et al. (2014) used an unsupervised training algorithm which involved a non-

negative matrix factorization (Jiang, Rehbaum, et al., 2014; Silvia Muceli, Jiang, & 

Farina, 2014) of EMG root mean square values to derive a muscle synergy matrix (Jiang 

et al., 2009). HDEMG was used in deriving the matrix in one of the studies (Muceli et al., 

2014). The training comprised of movement in single degree of freedom, and 2 DOFs 

were analyzed: flexion/extension and pronation/supination. Thus, it resulted in two 
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synergy matrices and they were incorporated to form a complete muscle synergy matrix, 

which could work in real time simultaneously for both the DOFs. Choi & Kim (2011) 

devised a new method of instructing amputees to complete contractions according to a 

cursor displacement on the screen (Choi & Kim, 2011). Flexion/Extension and 

radial/ulnar deviation was studied. A non-negative synergy matrix was used to map the 

EMG amplitudes to the cursor movements. Ameri et al. 2014 implemented a similar 

setup in which they compared the working of two non-linear regression techniques 

Support Vector Regression (SVR) and Artificial Neural Networks (ANN). It was found 

that SVR outperforms ANN and has a lesser numeric processing time (Ameri et al., 

2014). It was the first study which used support vector machines in an online analysis. 

But the training involved individual degrees of freedom as well as combined movements 

training which was time consuming.  

Hahne et al. (2014) studied different linear and non-linear regression techniques: 

Linear regression (LR), Mixture of Linear Experts (MLE), Artificial Neural Networks-

Multi layer perceptron (ANN-MLP), Kernel ridge regression (KRR). It was found that 

there is no significant difference between a simple LR and a very complicated neural 

network or KRR when performing movements in 2 DOFs (Hahne et al., 2014). The 

mapping was done between EMG features (log variance from 8 sEMG channels) and the 

wrist kinematics data obtained from mirrored bilateral training. This study involved 

training in individual DOFs only and extends it to combined motions in real time testing. 

Thus, the training isn‘t time consuming. Hahne et al. (2015) continued Choi‘s method of 

following cursor movements for training thus eliminating the need of using additional 

kinematic data for training. That study used LR and the algorithm continued to co-adapt 
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to improve real-time performance (Hahne et al., 2015). Recently Hahne et al. (2017b) 

compared the LR with state-of-the-art PR technique (the LDA classifier) in an online 

study. It was found that LR was more robust to different types of noises and the real time 

feedback allowed the individuals to compensate for the various noises and try to reach the 

targets (J. M. Hahne et al., 2017). Table 1 summarizes the studies completed involving 

regression techniques on prosthetic users and able-bodied participants. It is observed that 

the recent studies are focusing on LR as a regression technique because of its simplicity 

in terms of training requirement and its applicability on clinical populations in an online 

setup (J. M. Hahne et al., 2017). As discussed, it has been found robust against different 

types of noises. Further work was required to assess its robustness against varying levels 

of contraction, which serves as a non-stationary change to the EMG signals (explained in 

section 2.5). In recent studies autoencoding (AED) has been used for building non-linear 

regression models but is yet to be tested with clinical participants (Vujaklija et al., 2018). 

Moreover, linear regression holds the advantages of being a simple technique yet 

accurate for myoelectric control. 
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Table 2: Comparison of regression based simultaneous and proportion myoelectric schemes 

Author Algorithm Training 

requirement 

Intact limbed + 

Amputees 

Offline/online 

Jiang 2009 NMF Force 12 + 0 Offline 

Nielsen 2011 ANN-MLP Force 10 + 1 Offline 

Mucelli 2010 MLP-ANN Kinematics 4 + 0 Offline 

Jiang 2012 ANN-MLP Kinematics 5 + 6 Offline  

Mucelli 2012 ANN-MLP Kinematics 6 + 0 Offline 

Hahne 2012 LR Kinematics 1 + 0 Offline 

Jiang 2014 NMF (unsupervised) -- 7 + 7 Online 

Mucelli 2014 NMF (unsupervised) -- 6 + 0 Online 

Ameri 2014 SVR, ANN -- 10 + 2 Online 

Hahne 2014 LR, LME, ANN, KRR Kinematics 10 + 1 Offline 

Hahne 2015 LR with coadaptation -- 10 + 2 Online 

Hahne 2017 LR  -- 10 + 1 Online 

 

2.4.1 Linear Regression 

In the case of PR, the input feature patterns are assigned a specific class label 

from a set of pre-trained classes. Thus, in the case of a feature pattern resulting in the 

boundary region between two classes, it can be classified as one of the two classes. The 

uncertainty is one of the major contributors of misclassification, resulting in risks during 

real life applications. In PR techniques, the classifier usually predicts the occurrence of a 

hand movement, with no information about the speed/strength of the movement 

(proportional control). An approach to get the strength of the intended motion is to use 
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the global amplitude of the EMG signals (an average of the amplitude of all the channels 

normalized to the MVC). A different approach is to get the strength of the motion in 

individual degree of freedom (DOF), by regression. Regression is a method of predicting 

the relationship between dependent variables (outcome) and independent variables 

(predictors). It can be linear or non-linear depending on the type of relationship between 

the outcome and the predictor. The derivations follow previously done research work 

(Hahne, 2016). 

Let X ∈ ℝ C x N
 denote the set of C dimensional feature vector for N samples (time 

instances) as the predictors, and Y ∈ ℝ D x N
 denotes the D dimensional DOFs for N 

samples which contains the corresponding wrist angles as outcomes. Any regression 

technique involves finding a mapping Ŷ = f(X), where Ŷ is an approximation of Y.  

 

In a linear regression, the mapping is done by a weight matrix W ∈ ℝ C x D
 

     1.10 

For a 2 DOF prosthesis hand, y is a 2 dimensional vector, x would be an c dimensional 

vector (d=no of features) and W  ℝ 
n x 2

. W 0
 can be included in W by extending X with 

an extra dimension of N ones. The Gaussian noise assumption holds that the maximum 

likelihood solution is obtained by minimizing the sum of squares error function. 
 

   1.11  

The solution for the above equation can be derived and is given by  
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    1.12 

The term  is called the Moore-Penrose pseudo-inverse. There is a risk of over-

fitting the training model when little amount of training data is available, which can be 

reduced by regularization. The complexity of the model is decreased by minimizing the 

large entries in W. This can be done by adding a regularization term in the error function 

that includes a particular norm of W (Eq 1.12). For L2 norm large entries are penalized 

maximally while the model is not much affected by small entries. Quite contrary to the 

other norms the solution remains in a closed form: 

  1.13 

 

    1.14 

I is the identity matrix and λ is the regularization constant. λ can be determined using 

gridsearch techniques in a nested cross-validation. 

2.5. Non-Stationary Changes in EMG  

For achieving efficient classification/regression, the signals or features extracted 

in the online testing phase have to be stationary or similar to those in the training phase. 

There are various factors that bring about non-stationaries in the EMG signal and 

extracted features. These non-stationaries can severely affect the performance of PR or 

regression-based algorithms for carrying out activities of daily living (ADL). The lack of 

robustness is one of the major reasons the algorithms cannot be used in commercial 
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prosthetics (Jiang, Dosen, et al., 2012). Some non-stationaries contributing to EMG 

signals are arm and trunk positions (Fougner et al., 2011), electrode shifts (Young et al., 

2012), changes in the electrode skin interface due to sweating (Jiang, Dosen, et al., 2012), 

time between training and testing (He, Zhang, Jiang, et al., 2015; Vidovic et al., 2016), 

and muscle contraction levels (Kaufmann et al., 2010). Particularly, the contraction level 

was found to contribute to non-stationary between training phase and the actual online 

testing phase (Kaufmann et al., 2010). It was shown by Kaufmann et al. (2010) that the 

difference in the contraction levels in the training and online phases resulted in a 

significant decrease in the performance levels of many classifiers/regressors. To address 

this issue of performance degradation, the classifiers are trained with larger range of 

contraction levels. This method is quite impractical as the training involves a longer 

duration and large data set, especially when the number of classes to be trained is more.  

2.5.1 Frequency division-based features  

Another approach to address performance degradation is to analyze those features 

of EMG that do not vary (or have very less variation) when acquired from different 

contraction levels. This will result in a robust control scheme invariant to changing 

contraction levels between the training and the online testing phase. In the literature, the 

majority of research has used time domain features extracted from a bandpassed EMG 

signal (20 Hz- 450 Hz). He et al., 2015b suggested a frequency division-based features as 

compared to the classic time domain (TD) features by Hudgins et al. (1993): Mean 

Average Value, Zero Crossing, Waveform Length, Slope Sign Changes.  The frequency 

division in their study involved generating frequency sub-bands and extracting TD 

features from them. He et al. (2015b) was the first to attempt to solve a contraction level 
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independent myoelectric PR using frequency division based features (He, Zhang, Sheng, 

et al., 2015). It was shown that with these features, the classification was significantly 

more accurate, when the contraction levels different from those during training were used 

for online testing. Later, Al-Timemy et al. (2015) used a feature set based on spectral 

moment descriptors to improve PR algorithm‘s robustness against contraction-level 

variation (Al-Timemy et al., 2016). However, both these studies (Al-Timemy et al., 2016; 

He, Zhang, Sheng, et al., 2015) were offline studies, where the promising results may or 

may not transfer to the online control of myoelectric prosthetics (Jiang, Vujaklija, et al., 

2014). Jiang et al., 2014c proved that, for three simultaneous and proportional 

myoelectric control algorithms: non-negative matrix factorization (NMF), Linear 

regression (LR) and artificial neural networks (ANN), offline performance has a very 

weak correlation to the online performance. Previously Lock et al. (2005) proved that the 

online performance of a PR based system is not correlated to its offline performance 

(Lock, Englehart, & Hudgins, 2005). Until online testing is performed, the real benefits 

of a frequency-based feature set cannot be realized from its offline performance. 

Neither of the related studies (Al-Timemy et al., 2016; He, Zhang, Sheng, et al., 

2015) utilized the fundamental properties of motor units recruitment involved in the 

sEMG signal generation. According to Henneman‘s size principle of motor unit 

recruitment, the motor units recruitment at different contraction level is ordered such that 

during low level contractions, smaller units with lower firing rates are recruited and at 

high level contractions, larger units with higher firing rates are recruited (Henneman et 

al., 1965). The different types of firing rates caused by a change in contraction levels, 

result in varying characteristics of the different frequency bands of sEMG. Thus, the 
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power spectrum density function (PSDF) does not vary uniformly over all frequency 

bands when a change in contraction level occurs (Roman-Liu & Konarska, 2009).  Also, 

some frequency bands have less dependency on contraction level (Roman-Liu & 

Konarska, 2009). Extracting such band specific information is advantageous in attaining 

a myoelectric control scheme that is robust against varying contraction levels. 

Tolooshams and Jiang (2017) evaluated the frequency division technique (FDT) in a PR 

based control scheme which was experimented on an online setup. FDT is a 

preprocessing filtering technique that is used in the place of simple bandpass filtering (20 

Hz- 450 Hz). The FDT was found to be robust against varying levels of contraction and it 

performed significantly better than the bandpass technique (Tolooshams & Jiang, 2017b). 

This result was promising as it allowed the prosthetic users a freedom to vary the 

contraction strength according to their convenience.  

2.5.2 Frequency Division Technique (FDT) 

The EMG signal spectrum shifts with respect to different muscular activities. 

Different methods exist for extracting spectral information to detect motions. One method 

is to directly calculate the magnitude of frequency bands using discrete Fourier transform 

(DFT) by letting the whole frequency band be divided into L segments.  For the i
th 

segment, let fi,1 and fi,ni denote the frequency values of the two endpoints. The feature is 

given by  
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where F denotes a non-linear transformation to obtain a smooth value for better 

classification results. It is commonly chosen as a logarithmic function but in the 

following study the root operator is used with a value of 2/3. He et al., 2013 reported a 

good performance when the whole EMG frequency band of EMG (20-450 Hz) is 

subdivided into six equi-width frequency band. The bands were 20-92, 92-163,163-

235,235-307,307-378, and 378-450 Hz (He, Zhang, Sheng, Meng, & Zhu, 2013). This 

feature set is termed DFTR. 

The limitation of the study by Tolooshams and Jiang, (2017) was that the 

experiment was carried out on able bodied participants. Moreover, the FDT was yet to be 

associated with simultaneous and proportional control (SPC) schemes and then compared 

with the PR based control performed in their study. With promising results obtained 

using LR in terms of SPC performances as compared to PR (J. M. Hahne et al., 2017), an 

attempt should be made to use FDT on a LR based control system. Also, the clinical 

population should be included in the study as they are the end users of the prosthetic 

technologies and their feedback would be of importance.  

2.6 Summary 

One of the important needs in research related to myoelectric prosthesis control is 

the conduction of experiments on clinical population. The previous research in the area 

focused on able bodied participants and it is important to see whether prosthetic users 

find the new techniques beneficial. This work addressed the other limitations in the 

modern-day prosthesis control by focus on LR as a simultaneous and proportional control 

scheme. While addressing the limitations of the current state of the art PR technique, it 

was important to see how regression compares to it. Also, the non-stationaries in EMG 
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signals needed to be addressed as well. Therefore, FDT as a preprocessing technique was 

implemented. Thus, the efficiency of LR-FDT was assessed against varying contraction 

levels while performing activities of daily living (ADL). It was hypothesized that LR-

FDT performs significantly different than LR-Bandpass in the presence of contraction 

level variations.  
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3. Methods 

The following section will provide information regarding the research project‘s 

participants, procedure, instrumentation and data analysis.  

3.1 Participants 

Twenty control participants (6 females and 14 males) in the age range of 

23.48±3.04 years participated in the study. The individuals recruited were naïve to any 

kind of myoelectric prosthetic study. Each participant performed two sessions, where the 

first session was a familiarization session and the second session were the testing session. 

The actual testing sessions involved four experimental runs (2 each for medium and high-

level training contractions and 2 each for the Bandpass and FDT processing methods). 

The experimental runs involving medium level training contractions were termed as 

train-medium runs and the training involving high level contractions were termed as 

train-high contractions. All the runs involved linear regression as the Simultaneous and 

Proportional Control (SPC) scheme. 

Four clinical participants with trans-radial amputations (TA1-TA4) participated in 

the study through the Institute of Biomedical Engineering at University of New 

Brunswick. Table 4.1 provides a detailed description of their amputation and experience 

with myoelectric prosthesis. The clinical participants were working individuals, therefore 

only one session was performed which included familiarization and testing. To avoid the 

participant from fatiguing, only three complete experimental runs were performed in the 

limited time duration. The medium level contraction was used for runs using Bandpass 

and FDT. The high-level contraction was used for runs only using the FDT. Only 
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participant TA1 was able to perform 2 sessions. Figure 3.1 illustrates participant TA2 

trying to perform a target. 

Participants were allowed to ask questions at any point in the study. They were 

informed that they may withdraw from the study at any time. The study was approved by 

the University Research Ethics Board (REB 2018-079). 

Table 3.1: Description of the nature of amputation of clinical participants and their experience with 

myoelectric prosthesis 

 

3.2 Instrumentation 

For both the intact limbed and clinical population, a commercial wireless 

biosignal amplifier (Trentadue, OT Bioelettronica, Italy) was used. An eight-electrode 

setup was used which involved equally spaced bipolar electrodes intended to cover the 

whole circumference of the limb at any particular trans radial/humeral plane. The 

Trentadue is a multi-mode wireless transmitter, which has interchangeable modes of 8, 16 

and 32 channels. It transmits signals using WiFi and is powered by a 3.7V rechargeable 

Battery. The sampling frequencies of the EMG sensors are 1000 Hz. 

Participant Gender Age 

(years) 

Nature of 

Amputation 

Years of 

amputation 

Experience with a 

prosthesis (years) 

TA1 Female 34 Congenital N/A Nil 

TA2 Male 51 Traumatic 34 Myo (33 years) 

TA3 Female 28 Congenital N/A Nil 

TA4 Male 50 Traumatic 11 Myo (10 years) 
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Figure 3.1 Trentadue by OT Bioelettronica, Italy.  

3.3 Procedure 

During the experimental procedure, the participants were seated comfortably in a 

chair in an upright position (approximately 90° back angle with respect to the thighs) 

with both the upper limbs in resting position (residual limbs at the side of the body, 

pointing downwards). They faced a computer screen, at an approximate distance of 1m. 

The placement of the 8-electrode setup was approximately 1/3 distal measured from the 

olecranon process to the styloid process of the ulna. For able bodied participants, the 

dominant forearm was used for the armband placement, and the forearm with transradial 

amputation was used for the clinical population. 

Figure 3.2 The placement of 8 electrode setup on the forearm. 
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The experimental protocol consisted of two sessions for each participant, a 

familiarization session and a testing session after a gap of three days. Each session lasted 

approximately two hours. The familiarization session was necessary as all the participants 

will be naïve to the EMG and myocontrol system. Also, it was necessary to reduce the 

failure rate while performing the tasks during the experimental sets. Each testing session 

consisted of two phases: 1) a training or calibration phase and 2) a control phase as 

described in sections 3.3.1 and 3.3.2. The participant performed goal-oriented tasks in the 

control phase as explained in the later section. 

3.3.1 Calibration Phase 

This study focused on obtaining user intentions, i.e. the intended activation levels 

at different DOFs. This was done by generating a regression model estimated from the 

data acquired during a short calibration phase. The model was used to predict amount of 

movement in the control phase. The participants were instructed to follow the position of 

a cursor on a screen. The contraction corresponding to the cursor movement generated 

position labels (x and y coordinates) for the EMG signals recorded. The labels are 

sample-wise known estimates of hand movements (e.g. 20 units x and 30 units y).  Thus, 

the calibration phase involved EMG signals with position labels of the cursor during free 

dynamic movements of the subjects. In previous studies force (Nielsen et al., 2011)  or 

kinematic labels (Jiang, Rehbaum, et al., 2014; Silvia Muceli et al., 2014) were used to 

train the estimator, however, in this study such sample by sample labels are not required 

as cursor location will serve as labels for the EMG signals. This eliminates the need to 

have additional instrumentation for acquiring the force and kinematic label. The only 

restriction during the calibration phase is that only one DOF was activated at a particular 
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trial experimental set. This is because the regression studies done so far use one DOF at a 

time for training the model (Hahne et al., 2014; Hahne et al., 2015; Janne M Hahne, 

Marko Markovic, & Dario Farina, 2017a). For all participants, the selected DOFs were 

wrist flexion/extension (DOF1) and hand pronation/supination (DOF2). The DOFs were 

mapped to the hand opening and closing and wrist rotations (pronation/supination) 

respectively as these are the most important functions for transradial amputees (Atkins, 

Heard, & Donovan, 1996). Attempts should be made to develop prostheses that can 

perform the two functions simultaneously.  

Figures 3.3 and 3.4 and Table 3.2 illustrate the extreme positions and the neutral 

positions of the dynamic single DOF movements  

Figure 3.3 The hand positions corresponding to movements in DoF 1. 1) Neutral position 2) Wrist 

Flexion 3) Wrist Extension 
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Figure 3.4 The hand positions corresponding to movements in DoF 2. 1) Neutral 

position 2) Hand Pronation 3) Hand Supination 

Table 3.2: Movements performed in two DOFs 

DOF Hand Movement 

DOF 1 Wrist Flexion/ Wrist Extension 

DOF 2 Hand Pronation/Hand Supination 

 

Two sets of calibration/training data were collected for algorithm training: first, the wrist 

movements at the medium contraction level, comfortable to the participant (termed as 

‗train-medium‘ data), second was wrist contractions at a higher contraction level where 

the participant was instructed to exert as much effort as possible (termed as ‗train-high‘ 

data).  The number of contractions in the calibration phase is 2 per DOF (one each for the 

two sets of training data). The entire calibration phase took less than 3 minutes and no 

kinematic/kinetic data was recorded in this phase. The raw signals were recorded using a 

customized MATLAB program and it was used to estimate regression models, for the 

specific online experimental sets. After the calibration phase is completed the online 

phase will be performed. 
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Train-medium or train-high data will be used for training/calibration of the regression 

algorithm depending on the experimental set in the control phase. 

3.3.2 Control Phase 

  When the calibration is complete, the next phase was the control phase. Two 

regression models were estimated for predicting movement in each DOF: one for 

bandpass, and the other for FDT. The participants were asked to perform trial 

experimental sets, one for each of the filtering methods (bandpass and FDT) and for each 

of the training condition (medium and hard) and hence a total of four experimental sets in 

the online training phase.  

For each experimental set one of two filtering techniques, bandpass or FDT was used to 

process the online sEMG signals collected while the participant performed the wrist 

movements.  The real time processing window was 150 ms and the regression models 

gave an output every 50 ms. The regression outcomes i.e. the x (from Wrist 

Flexion/Extension DOF) and y (from Pronation/Supination DOF) position values on the 

screen were used to control a feedback arrow. The x and y were mapped to the horizontal 

displacement and the rotation angle of the feedback arrow respectively. This approach 

was a position control approach (when there is no sEMG activity the cursor goes back to 

the neutral position). The horizontal movement of the feedback was controlled by the 

wrist flexion/extension DOF (the left movement will be controlled by wrist extension and 

the right movement by wrist extension). The rotation component of the arrow was 

controlled by the pronation and supination DOF of the wrist (The clockwise rotation is 

controlled by supination and the anticlockwise rotation is controlled by pronation). The 
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participants were instructed to place the tip of the arrow in circular targets that randomly 

appeared on the screen at different locations (Fig. 3.4). 

Four experimental sets were performed in the online phase; medium-bandpass, medium-

FDT, high-bandpass and high-FDT. Medium-bandpass is the experimental set where 

train-medium data was used for training the algorithm and bandpass filter will be used for 

filtering the online sEMG signals. In medium-FDT experimental set the algorithm is 

trained using train-medium data and FDT is used for filtering the sEMG signals. In the 

high-bandpass and high-FDT experimental sets, the training data used was train-high and 

the bandpass and FDT filtering technique was used, respectively. The order of the 

experimental sets were randomly selected for each participant. In each experimental set 

60 (20x3) targets at different locations were provided on the screen (Tolooshams & Jiang, 

2017a). This includes 20 from each type of group, termed type I, type II, and type III 

targets as explained in the following section (Tolooshams & Jiang, 2017a). 

The working space is an area of the computer screen where the tasks were 

performed. The target was a circular ring whose area is 1.4% of the total working space. 

In a 20s time interval for a target if the arrow tip was within the circular area for at least 

300 ms, the task was considered to be successfully completed (Tolooshams & Jiang, 

2017a). Otherwise it is considered as a failure. Therefore, the participants were instructed 

to complete the tasks as fast as possible, as the time taken for completion was taken into 

consideration for analysis. Three groups of targets were presented to the participant. The 

first group of targets (type I) were placed on the same horizontal level determined by the 

arrow‘s length on the left and right side of the neutral position.  The participant was 

instructed to complete the group of targets by articulating DOF1 (wrist flexion and 
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extension) only for left right displacement of the arrow. The second group of targets (type 

I) were placed on the circumference of the unit circle at different rotation angles. The 

participant was instructed to complete the group of targets by articulating DOF2 

(pronation and supination) only for rotating the arrow. The third group (type III) were 

placed randomly on the screen and the participants was instructed to articulate 

simultaneously DOF1 and DOF2. Sequential articulation was sufficient to complete the 

task as it is a position control mode of operation. The three different types are illustrated 

in figure 3.5. While the training phase of the study required participants to train at 

medium and high contraction levels, (train-medium and train-high), the testing phase 

permitted users to  perform tasks at their desired contraction level.  However, as 

participants were instructed to complete the tasks as fast as possible, mostly high 

contractions were selected during testing. Thus the majority of the contraction level 

variations between training and testing would be expected in the train-medium 

experimental runs. 

3.4 Data Analysis 

3.4.1 Algorithm 

The surface EMG signals were processed initially using the common averaging 

method (Tolooshams & Jiang, 2017a). This method involved obtaining the mean of the 

eight channels and subtracting them from each channel. This was followed by two 

filtering techniques for two separate analysis, the bandpass filtering and the frequency 

division technique filtering (FDT). The bandpass filtering involved applying a bandpass 

filter (second order, Butterworth) from 20 Hz to 450 Hz. This is the widely accepted 
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range for the EMG spectrum (Basmaijan and De Luca, 1985). For FDT, the signals were 

divided into several channels containing specific frequency bands.   

 

Figure 3.5 Goal oriented tasks to be performed by the participants. The grey arrow 

represents the desired position for the completion of the tasks (type I, type II, type III) 

(Tolooshams & Jiang, 2017b)In the control phase the tasks are completed.  

 

The division into sub-bands is based on achieving non-dependency on the muscle 

contraction level. In this study, the signals was filtered by a group of filters (second order, 

Butterworth) into bands having frequency 20–92, 92–163, 163–235, 235–307, 307–378, 

and 378–450 Hz. These frequency bands have been chosen from He et al. 2015. They 

found that these bands show maximum efficiency in establishing the non-dependency on 

contraction levels.  The output of the FDT processed data had a dimension of 48 (8x6) as 

compared to 32 (8x4) in the bandpass filtering.  

After the filtering process is completed, features (mean absolute value, zero 

crossing, slope sign changes, and waveform length) were extracted from the two streams 

of filtered data. The classic time-domain feature set (Hudgins et al., 1993) was used for 
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feature extraction. Principal component analysis (PCA) was used to reduce the feature 

space, while retaining components with 95% of the variance of the overall features. The 

bandpass filtering and FDT filtering resulted in different number of PCA components. 

LR was used for the simultaneous and proportional myoelectric control scheme. The 

predicted outcomes of the regression model were mapped to functions of the prosthetic 

limb. The regression model is discussed in detail in section 2.4.  

3.4.2 Performance Indices 

For performance analysis of real-time goal-oriented tasks, the time taken to 

complete the task completely and the trajectory of the arrow-tip was recorded. Using the 

recorded values, five performance indices were calculated: Time to reach (T2R), 

throughput (TP), path efficiency (Γ), near miss (NM) and completion rate (CR) 

(Tolooshams & Jiang, 2017a) 

3.4.2.1 Time to Reach- T2R (s) 

This is the time taken by the participant to reach a target. Even if the participant 

failed to complete the task, T2R is considered to be 20s. The participant is allotted a 

maximum time of 20s for reaching each target. The participants were asked to reach the 

target as quickly as possible. In case of a failed attempt instead of eliminating the target 

from analysis, it was assigned a T2R of 20s (a conveniently performed task usually takes 

a few seconds) 

3.4.2.2 Throughput- TP (bit/s) 

TP is a measure of information derived from the control movements while 

completing a task. It is calculated as the ratio of task difficulty and task completion time. 
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3.4.2.3 Path Efficiency- Γ (%) 

Path Efficiency is the ratio of the length of the optimal path from the neutral 

position to the target and the length of the path followed by the cursor for the task 

completion.  

3.4.2.4 Near Miss- NM (k) 

NM is a measure of overshoot where the cursor enters the target but exits before 

the completion of 300 ms. 

3.4.2.5 Completion Rate- CR (%) 

The CR is the ratio of number of successfully completed tasks to the total number 

of tasks. There are 20 tasks in a particular type, so the completion rate was calculated for 

that specific type for that specific subject 

3.4.3 Statistical Analysis 

The independent and dependent variables used in the study are explained in Table 3.3. 

Although listed as an independent variable, subject was not considered a factor as there 

were only 4 clinical participants and they were treated as individual case studies. For the 

able bodied participants paired t-tests were used to test for significant differences in 

performance variables between the techniques. All the statistics performed are explained 

below in details. 
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Table 3.3: List of independent and dependent variables 

Independent variable  Dependent variable 

Participants  Able Bodied, Performance 

Indices 

 

T2R (s) 

 

Individuals with transradial 

amputations (or prosthesis 

users) 

TP (bit/s) 

 

Contraction Levels  Medium Γ (%) 

High NM (k) 

 Group of targets 

 

 

Type I 

Type II 

Type III CR (%) 

  

Processing technique 

Bandpass 

FDT 

 

As indicated in the Introduction, the hypotheses of the study were: 

H1 – There is no significant difference in the performance measures (T2R, TP, Γ, NM, 

CR) of LR-FDT and LR-Bandpass. 

H2 – There is no significant differences in the performance measures (T2R, TP, Γ, NM, 

CR) of LR-FDT when trained with normal level contractions and high-level contractions. 

For testing theses hypothesis, normality of the data was tested and as the data was 

not normal Kruskal Wallis (non-parametric test) will be used to determine if the CR of 

the two filtering techniques were different. Also repeated measures analysis of variance 

(ANOVA) was used to analyze the other four performance indices (T2R, TP, Γ, NM) 

from successful trials from all the participants (able bodied and population with 

amputations). The two-way interactions of three factors: group (type I, type II, type III), 
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training method (train-medium, train-high) and filtering technique (bandpass, FDT) was 

included in the initial ANOVA. For cases with no significant two-way interaction, the 

interactions were removed. If there were any significant two-way interactions, the level 

of one of the factors was fixed and a focused ANOVA was performed on the other factor. 

FDT being the interest of the study, group type and training data were fixed whenever 

possible. With significance resulting from the main factors, the Bon-ferroni post hoc 

comparisons were performed. For all of the tests, level of significance was 0.05. 

 

 The work flow diagram in fig 3.6 illustrates the entire experimental procedure. 

 

Figure 3.6 Work flow diagram of the experimental procedure 

3.5 Conclusion 

This study focused on the advanced control algorithms for simultaneous and 

proportional control (SPC) of myoelectric prosthesis. Addressing the limitations of many 

control schemes, LR was hypothesized to give higher accuracy in SPC. The drawbacks 

could also be dealt by trying to address some non-stationaries like contraction level 

variations that cause failure in the control algorithms. The frequency division technique 

(FDT) was hypothesized to be robust against varying contraction levels.  
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The purpose of this research study is to compare the proposed ―LR-FDT‖ 

technique to LR-Bandpass. The comparison would help investigating the performance on 

activities of daily living (ADL) when there are contraction level variations (medium and 

high). It would also contribute in addressing the limitations in current commercial 

prosthetic technologies and help in designing a technique robust to various EMG non-

stationaries thus making the prosthesis clinically viable and aiding in daily activities. 
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4. Results 

4.1 Participants 

There were 20 control participants and 4 clinical participants. The details of amputation 

of the clinical particpants are provided in table 3.1.  

 

 

Figure 4.1 TA2 trying to perform a Type III type of target. 

 

4.2 Comparison of LR-FDT with LR-Bandpass 

A detailed comparison was performed between the two control algorithms, both 

for the control participants and the clinical participants. Statistical tests were performed 

for the control participants (N=20) to test significant differences in performance measures 

(CR, T2R, TP, NM, PE). For the clinical participants (N=4), they were considered as 
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individual cases and performance was analyzed individually. The following sections 

report the performance indices for both the control and the clinical participants.  

4.2.1 Control Participants 

4.2.1.1 Completion Ratio (CR) 

The CR of all the runs was analyzed for difference between the two processing 

methods LR-Bandpass and LR-FDT. The CR of LR-FDT was 95.33%, which was 

significantly higher than LR-Bandpass with a CR of 64.08% (p<0.001). The variability of 

CR in LR-FDT was 8.17% which was lower than a 34% variability of CR for LR-

Bandpass. Table 4.2 provides the dispersion of the CR in terms of quantiles. CR of 50% 

of LR-FDT runs lies between 95% and 100%, whereas CR of 50% of the LR-Bandpass 

runs lies between 50% and 80%, thus indicating the relatively lower variability of LR-

FDT method. Figure 4.2 illustrates the box plot of CR of all types of targets for the two 

processing methods. The LR-FDT method had a higher overall CR and a lower 

variability. 
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Figure 4.2: Overall Completion Ratios (CR) for control participants. Overall Completion Ratios (CR) 

for LR-Bandpass and LR-FDT methods for control participants. The outliers are experimental runs with CR 

outside the interquartile range. 

 

Table 4.2: Variablity of CR of the methods: 25
th

, 50
th

 and 75
th

 quartiles and coefficient 

of variation for CR of LR-FDT and LR-Bandpass methods 

 Method 25% 50% 75% CV (%) 

Overall LR-Bandpass 50 65  80 34.00 

LR-FDT 95 100 100 8.14 

Type I LR-Bandpass 50 70 90 29.60 

LR-FDT 100 100 100 3.14 

Type II LR-Bandpass 50 70 85 37.76 

LR-FDT 95 100 100 7.02 

Type III LR-Bandpass 45 60 75 32.00 

LR-FDT 88.75 95 100 11.11 
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Analyzing the type of targets individually, a similar trend was observed. For type 

I targets, the mean CR for LR-FDT was 98.75%, significantly higher than the CR of LR-

Bandpass which was 69.25%. The variability of CR for LR-FDT was relatively lower 

than LR-Bandpass (see Table 4.2). For type II targets, the mean CR for LR-FDT was 

95.62%, significantly higher than the CR of LR-Bandpass which was 65.62%. The 

variability of CR for LR-FDT was relatively lower than LR-Bandpass (see Table 4.2).  

 

 

Figure 4.3: Completion Ratios (CR) for control participants performing type I and type II targets. 

Completion Ratios (CR) for LR-Bandpass and LR-FDT methods for control participants performing type I 

and type II targets. The outliers (dots) are experimental runs with CR outside the interquartile range. 
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For type III targets, the mean CR for LR-FDT was 91.62%, significantly higher 

than the CR of LR-Bandpass which was 51.57% (Figure 4.4). The variability of CR for 

LR-FDT was relatively lower than LR-Bandpass (see Table 4.2). 

  

Figure 4.4: Completion Ratios (CR) for control participants performing type III targets. Completion 

Ratios (CR) for LR-Bandpass and LR-FDT methods for control participants performing type III targets. 

The outliers (dots) are experimental runs with CR outside the interquartile range. 

Table 4.3 shows a detailed description of CR with respect to types of targets and 

contraction levels. Figure 4.5 illustrates a detailed analysis of CR for different target 

types and different levels of contraction. LR-FDT had a higher CR in all the comparisons 

with LR-Bandpass (p<0.05). 
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Table 4.3: Mean CR for control participants. Mean CR for medium and high-level 

training contraction and different processing methods (LR-Bandpass and LR-FDT) for 

the three types of targets (I, II and III). N is the total number of successful trials. 

Type Level Method N CR (%) SD SE CI 

I High LR-Bandpass 20 69.50 20.83 4.66 9.75 

I High LR-FDT 20 99.25 2.45 0.55 1.15 

I Medium LR-Bandpass 20 69.00 20.75 4.64 9.71 

I Medium LR-FDT 20 98.25 3.73 0.83 1.74 

II High LR-Bandpass 20 66.00 28.77 6.43 13.47 

II High LR-FDT 20 97.00 4.97 1.11 2.33 

II Medium LR-Bandpass 20 65.25 20.80 4.65 9.74 

II Medium LR-FDT 20 94.25 7.99 1.79 3.74 

III High LR-Bandpass 20 57.00 21.61 4.83 10.11 

III High LR-FDT 20 93.75 9.44 2.11 4.42 

III Medium LR-Bandpass 20 57.75 15.00 3.35 7.02 

III Medium LR-FDT 20 89.50 10.75 2.40 5.03 
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Figure 4.5: Mean CR values for control participants. Mean CR for varying contraction levels (train-

medium and train-high) and different processing methods (LR-Bandpass and LR-FDT) for the three types 

of targets (type I, type II and type III). The error bars represent the standard error. 

For successful trials, the other performance measures were analyzed for 

significant differences. There was higher number of successful trials using LR-FDT than 

LR-Bandpass as the CR was higher for LR-FDT.    

4.2.1.2 Time to reach (T2R) 

The T2R of all three types of targets was lower for LR-FDT than LR-Bandpass. 

For type I targets, the mean T2R of LR-FDT was 3.94s which was significantly lower 

than LR-Bandpass which had a mean T2R of 6.02s (p<0.001). For type II targets, the 

T2R of LR-FDT was mean 5.44s, significantly lower than LR-Bandpass, with a mean 
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T2R of 5.9s (p=0.043). For type III targets, the mean T2R of LR-FDT was 6.27 seconds, 

significantly lower than LR-Bandpass, with a mean T2R of 7.77s (p<0.001). There were 

significant interactions with respect to the type of target and processing technique. Hence 

a series of focused ANOVA were performed keeping the type of target fixed and 

analyzing the difference between the processing techniques (LR-FDT and LR-Bandpass) 

for different levels of training contractions (medium and high). For type I targets there 

was a significant difference in T2R of LR-FDT and LR-Bandpass in the train-medium 

runs (p<0.001) and train-high runs (p<0.001). For type II targets there was no significant 

difference in T2R of LR-FDT and LR-Bandpass in the train-medium runs (p=0.071) and 

train-high runs (p=1.00). For type III targets there was a significant difference in T2R of 

LR-FDT and LR-Bandpass in the train-medium runs (p=0.035) and train-high runs 

(p<0.001). The mean T2R values of the methods are summarized in Table 4.4. Figure 4.6 

illustrates the T2R values for different runs. 
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Table 4.4: Mean T2R for control participants. Mean T2R for medium and high-level 

training contraction and different processing methods for the three types of targets (I, II 

and III). N is the total number of successful trials. 

TYPE LEVEL METHOD N  T2R 

(seconds) 

SD SE CI 

I High LR-FDT 397 3.79 2.31 0.12 0.23 

I High LR-Bandpass 277 6.10 4.51 0.27 0.53 

I Medium LR-FDT 394 4.11 2.80 0.14 0.28 

I Medium LR-Bandpass 270 5.96 4.55 0.28 0.55 

II High LR-FDT 389 5.35 3.99 0.20 0.40 

II High LR-Bandpass 265 5.49 4.37 0.27 0.53 

II Medium LR-FDT 373 5.53 4.09 0.21 0.42 

II Medium LR-Bandpass 256 6.41 4.77 0.30 0.59 

III High LR-FDT 374 5.87 3.86 0.20 0.39 

III High LR-Bandpass 228 7.83 5.13 0.34 0.67 

III Medium LR-FDT 361 6.70 4.30 0.23 0.44 

III Medium LR-Bandpass 230 7.73 4.65 0.31 0.60 
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Figure 4.6: Mean T2R values for control participants. Mean T2R for varying contraction levels (train-

medium and train-high) and different processing methods (LR-Bandpass and LR-FDT) for the three types 

of targets (type I, type II and type III). The error bars represent the standard error. 

4.2.1.3 Throughput (TP) 

The TP of type I and type III targets was higher for LR-FDT than LR-Bandpass. 

For type I targets, the mean TP of LR-FDT was 1.99 bits/s which was significantly higher 

than LR-Bandpass which had a mean TP of 1.54 (p<0.001). For type II targets, mean TP 

of LR-FDT was 0.71 and the mean TP for LR-Bandpass was 0.72. There was no 

significant difference between them (p=0.79). For type III targets, the mean TP of LR-

FDT was 1.49, significantly lower than LR-Bandpass, with a mean TP of 1.17 (p<0.001). 

There were significant interactions with respect to the type of target and processing 
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technique. Hence a series of focused ANOVA were performed keeping the type of target 

fixed and analyzing the difference between the processing techniques (LR-FDT and LR-

Bandpass) for different levels of training contractions (medium and high). For type I 

targets there was a significant difference in TP of LR-FDT and LR-Bandpass in the train-

medium runs (p<0.001) and train high runs (p<0.001). For type II targets there was no 

significant difference in TP of LR-FDT and LR-Bandpass in the train-medium runs 

(p=1.00) and train-high runs (p=1.00). For type III targets there was a significant 

difference in TP of LR-FDT and LR-Bandpass in the train-high runs (p=0.049). There 

was no significant difference between them in the train-medium runs (p=0.15). The mean 

TP values of the methods are summarized in Table 4.5. Figure 4.7 illustrates the TP 

values for different runs. 
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Figure 4.7: Mean TP for control participants. Mean TP for varying contraction levels (train-medium and 

train-high) and different processing methods (LR-Bandpass and LR-FDT) for the three types of targets 

(type I, type II and type III). The error bars represent the standard error. 
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Table 4.5: Mean TP for control participants. Mean TP for medium and high-level 

training contraction and different processing methods (LR-Bandpass and LR-FDT) for 

the three types of targets (I, II and III). N is the total number of successful trials. 

TYPE LEVEL METHOD N TP (bits/s) SD SE CI 

I High LR-FDT 397 2.00 1.50 0.08 0.15 

I High LR-Bandpass 277 1.38 1.21 0.07 0.14 

I Medium LR-FDT 394 1.99 1.89 0.10 0.19 

I Medium LR-Bandpass 270 1.36 1.09 0.07 0.13 

II High LR-FDT 389 0.71 0.76 0.04 0.08 

II High LR-Bandpass 265 0.73 0.78 0.05 0.09 

II Medium LR-FDT 373 0.71 0.73 0.04 0.07 

II Medium LR-Bandpass 256 0.72 1.00 0.06 0.12 

III High LR-FDT 374 1.60 1.71 0.09 0.17 

III High LR-Bandpass 228 1.26 1.40 0.09 0.18 

III Medium LR-FDT 361 1.39 1.59 0.08 0.16 

III Medium LR-Bandpass 230 1.10 1.18 0.08 0.15 
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4.2.1.4 Near Miss (NM) 

The NM of type I targets for LR-FDT was higher than LR-Bandpass. For type I 

targets, the mean NM of LR-FDT was 2.62 which was significantly lower than LR-

Bandpass which had a mean NM of 2.98 (p=0.05). For type II targets, mean NM of LR-

FDT was 3.53 which was significantly higher than LR-Bandpass having a mean NM of 

2.57 (p<0.001). For type III targets, the mean NM of LR-FDT was 3.49 and the LR-

Bandpass had an mean NM of 3.07. There was no significant difference between them. 

There were significant interactions with respect to the type of target and processing 

technique. Hence a series of focused ANOVA were performed keeping the type of target 

fixed and analyzing the difference between the processing techniques (LR-FDT and LR-

Bandpass) for different levels of training contractions (medium and high). For type I 

targets there was no significant difference in NM of LR-FDT and LR-Bandpass in the 

train-medium runs (p=1.00) and train-high runs (p=0.52). For type II targets there was a 

significant difference in NM of LR-FDT and LR-Bandpass in the train-high runs 

(p<0.001), but no difference in the train-medium runs (p=0.2). For type I targets there 

was no significant difference in NM of LR-FDT and LR-Bandpass in the train-medium 

runs (p=1.00) and train-high runs (p=0.40). The mean NM values of the methods are 

summarized in Table 4.6. Figure 4.8 illustrates the T2R values for different runs. 
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Table 4.6: Mean NM for control participants. Mean NM for medium and high-level 

training contraction and different processing methods (LR-Bandpass and LR-FDT) for 

the three types of targets (I, II and III). N is the total number of successful trials. 

TYPE LEVEL METHOD N NM (k) SD SE CI 

I High LR-FDT 397 2.61 3.18 0.16 0.31 

I High LR-Bandpass 277 3.06 3.83 0.23 0.45 

I Medium LR-FDT 394 2.63 3.07 0.15 0.30 

I Medium LR-Bandpass 270 2.91 3.41 0.21 0.41 

II High LR-FDT 389 3.59 3.84 0.19 0.38 

II High LR-Bandpass 265 2.31 3.24 0.20 0.39 

II Medium LR-FDT 373 3.48 3.98 0.21 0.41 

II Medium LR-Bandpass 256 2.86 3.02 0.19 0.37 

III High LR-FDT 374 3.37 3.76 0.19 0.38 

III High LR-Bandpass 228 3.14 3.78 0.25 0.49 

III Medium LR-FDT 361 3.62 4.21 0.22 0.44 

III Medium LR-Bandpass 230 3.01 3.85 0.25 0.50 

 

 

 

 

 

 

 

 



72 

Figure 4.8: Mean NM for control participants. Mean NM for varying contraction levels (train-medium 

and train-high) and different processing methods (LR-Bandpass and LR-FDT) for the three types of targets 

(type I, type II and type III). The error bars represent the standard error. 

4.2.1.5 Path Efficiency (PE): 

The PE for LR-FDT was 27.59%, higher than that for LR-Bandpass which had a 

PE of 24.01% (p<0.001). There were significant interactions with respect to the training 

contraction level and processing technique. Hence a series of focused ANOVA were 

performed keeping the training level fixed and analyzing the difference between the 

processing techniques (LR-FDT and LR-Bandpass). For train-medium runs, the PE for 

LR-FDT was significantly higher than PE for LR-Bandpass (p<0.001). For train-high 

runs, the PE for LR-FDT was significantly higher than PE for LR-Bandpass (p<0.001).  
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Table 4.7: Mean PE for control participants. Mean PE for varying contraction levels 

and different processing methods. N is the total number of successful trials. 

LEVEL METHOD N PE (%) SD SE CI 

High LR-FDT 1160 27.74 19.73 0.58 1.14 

High LR-Bandpass 770 25.80 19.04 0.69 1.35 

Medium LR-FDT 1128 27.46 19.98 0.59 1.17 

Medium LR-Bandpass 756 22.20 17.24 0.63 1.23 

 

 

 

 

 

 

 

 

 

 

Figure 4.9: Mean PE for control participants. Mean PE values for varying contraction levels and 

different processing methods. The error bars represent the standard error. 
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4.2.2 Clinical Participants 

4.2.2.1 Completion Ratio (CR) 

For the medium level training contraction runs, The CR of LR-FDT was 92.05%, which 

was significantly higher than LR-Bandpass with a CR of 69.58%. Moreover LR-FDT had 

a higher CR in the case of all the participants (TA1-TA4). For the high-level training 

contractions only, the LR-FDT run was performed due to the limited time available for 

the clinical participants. The CR was calculated to be 90.42%. Thus, there was no 

significant difference between the CR of the medium and high-level contractions for the 

LR-FDT runs. Some participants performed better in the medium contraction level run 

while the remaining performed better in the high contraction level run. A detailed 

analysis is reported in Table 4.8 and Figure 4.10.  
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Table 4.8: Mean CR for clinical participants. Mean CR (in %) for varying contraction 

levels (train-medium and train-high) and different processing methods (LR-Bandpass and 

LR-FDT) for the clinical participants 

Participant 

Number 

Level Method Type I Type II Type 

III 

Average 

TA1 Medium LR-FDT 100 75 95 90.00 

LR-Bandpass 100 70 65 78.33 

High LR-FDT 100 90 100 96.67 

TA2 Medium LR-FDT 95 95 85 91.67 

LR-Bandpass 90 70 90 83.33 

High LR-FDT 100 100 95 98.33 

TA3 Medium LR-FDT 100 90 80 90.00 

LR-Bandpass 90 70 50 70.00 

High LR-FDT 75 85 75 78.33 

TA4 Medium LR-FDT 100 100 90 96.67 

LR-Bandpass 35 60 45 46.67 

High LR-FDT 90 90 85 88.33 

Overall Medium LR-FDT 98.75 90 87.5 92.08 

LR-Bandpass 78.75 67.5 62.5 69.58 

High LR-FDT 91.25 91.25 88.75 90.42 

 

 

 

 

High 
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Figure 4.10: Mean CR values for clinical participants. CR values for varying contraction levels 

(medium and high) and different processing methods (LR-Bandpass and LR-FDT) over three types of 

targets (I, II, III) for the clinical participants.  

4.2.2.2 TP, T2R, NM, PE 

As the number of clinical participants were less (N=4), the different types of 

targets were grouped together and the mean values were analyzed. It is to be noted that 

these performance measures were only analyzed for successful trials, thus the comparison 

between LR-FDT and LR-Bandpass was not meaningful due to the significantly higher 

number of successful trials in LR-FDT. It was observed that the throughput was higher 

for the LR-FDT runs than the LR-Bandpass runs. It was also observed that there was no 

definite trend in the clinical participants in T2R, NM and PE (Table 4.9 and Figure 4.11). 
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Table 4.9: TP, T2R, PE and NM for clinical particpants. Mean TP, T2R, PE and NM 

for clinical particpants for varying contraction levels (train-medium and train-high) and 

different processing methods (LR-Bandpass and LR-FDT). N is the number of successful 

trials. 

Participant 

Number 

Level Method N  

(#) 

TP 

(bits/s) 

T2R 

(s) 

PE  

(%) 

NM  

(k) 

TA1 Medium LR-FDT 54 1.35 6.02 28.30 2.63 

LR-Bandpass 47 1.58 5.32 36.35 1.57 

High LR-FDT 58 1.19 5.25 22.08 3.34 

TA2 Medium LR-FDT 55 1.72 4.74 30.91 1.91 

LR-Bandpass 50 0.93 6.84 15.67 4.06 

High LR-FDT 58 1.20 5.97 25.74 3.86 

TA3 Medium LR-FDT 54 1.39 5.32 26.04 3.31 

LR-Bandpass 41 0.97 5.96 29.25 2.34 

High LR-FDT 47 1.16 7.69 20.00 2.68 

TA4 Medium LR-FDT 58 1.00 6.09 22.09 2.57 

LR-Bandpass 28 0.62 7.22 18.66 2.04 

High LR-FDT 53 0.97 7.09 17.73 4.19 

Overall Medium LR-FDT 221 1.36 5.54 26.84 2.61 

LR-Bandpass 166 1.02 6.34 24.98 2.50 

High LR-FDT 216 1.13 6.50 21.39 3.52 
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Figure 4.11: TP, T2R, PE and NM for clinical particpants. Mean TP, T2R, PE and values for varying 

contraction levels (medium and high) and different processing methods (LR-Bandpass and LR-FDT) for 

the clinical participants.  

4.3 Robustness of LR-FDT to contraction level variations 

For assessing the robustness of LR-FDT to contraction level variations, the 

performance measures of both the train-medium run and train-high runs were analysed. 

Statistical tests were performed to compare the runs for control participants (N=20). For 

the clinical participants (N=4) only the overall CR was tested for difference in both the 

runs. The other performance indices were not used for testing difference between the runs 

as they were more of an individual participant assessment index. Moreover, no definite 
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trend was noticed in the other performance measures for clinical participants (Table 4.8 

and figure 4.10) 

4.3.1 Control participants 

There was no significant difference in CR, T2R, TP, NM and PR of LR-FDT 

between the train-medium and the train-high runs (Table 4.3, 4.4, 4.5, 4.6, and 4.7; 

Figure 4.4, 4.5, 4.6, 4.7, 4.8,). This supports the hypothesis that the performance of LR-

FDT is robust to contraction level variations while training. This is also confirmed by the 

homogenous distribution of CR for both train-medium and train-high runs (Table 4.2) 

4.3.2 Clinical participants 

There was no difference between the overall CR of the clinical participants (N=5). 

Therefore, the hypothesis holds for clinical participants as well in this limited study.  

4.4 Summary of key findings  

1. Overall, LR-FDT performed better than LR-Bandpass, supporting the main 

hypothesis which states that there is a significant difference in the performance 

measures (T2R, TP, Γ, NM, CR) of LR-FDT and LR-Bandpass. For every 

performance measure, LR-FDT performed significantly better in at least one 

target type. 

2. For Completion Ratio, LR-FDT performed significantly better than LR-Bandpass 

for all three types of targets. 

3. For time to reach, LR-FDT had a significantly lower time to reach for all three 

types of targets. 
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4. For throughput, LR-FDT had a significantly higher TP for all three types of 

targets. 

5. For near miss, LR-FDT had a significantly better performance in type I targets 

6. For path efficiency, LR-FDT had a significantly better performance than LR-

Bandpass for both train-medium and train-high runs. 

7. In the case of clinical participants, LR-FDT had a higher CR for all the 

participants (>90%) 

8. LR-FDT was robust to contraction level variations, supporting the second 

hypothesis which states there are no significant differences in the performance 

measures (T2R, TP, Γ, NM, CR) of LR-FDT when trained with medium level 

contractions and high-level contractions. 
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5. Discussion 

Currently, advanced machine learning techniques such as pattern recognition and 

regression have been limited to research settings. They are yet to be used clinically where 

a prosthesis user can take the advanced prosthetic arm home to assist with their daily 

activities. As discussed earlier, one of the reasons is the cost increases with the use of 

machine learning as it demands for advanced electronic circuitry (Hahne, 2016). Another 

major issue is the lack of proposed robustness of the machine learning techniques in the 

presence of EMG non-stationaries. EMG non-stationaries are prevalent in a clinical 

setting and a robust system is required for error-free performance of the prosthesis. 

Contraction level variation is a significant non-stationary and it has been reported there is 

a performance degradation when the contraction level varies (Kaufmann et al., 2010). 

Previously, a processing technique called frequency division technique (FDT) has been 

reported to be robust against contraction level variations in a pattern recognition based 

setting (Tolooshams & Jiang, 2017b). It was yet to be associated with a regression based 

algorithm for simultaneous and proportional control (SPC) of myoelectric prosthesis. 

Therefore this study was the first study that combined linear regression with FDT to 

address contraction level variation as an EMG non-stationary. Previous studies related to 

linear regression for SPC have used the standard bandpass filtering and time domain 

features such as RMS for operating the regressor (Hahne, 2016; Hahne et al., 2014; 

Hahne et al., 2015; J. M. Hahne et al., 2017; Jiang, Rehbaum, et al., 2014). FDT uses 

frequency domain features such as power of the spectrum for operating the regressor. 

Also, the previous research related to contraction level invariance has focused on able-

bodied participants and it was important to see the ability of  prosthesis users to use the 
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control scheme and perform tasks in the experiment (Tolooshams & Jiang, 2017b). 

Therefore the purpose of the study was to compare the performance of LR-FDT to LR-

Bandpass for optimal performance in terms of simultaneous, proportional and intuitive 

control of multiple DOFs of the prosthesis. The secondary purpose was to assess the 

robustness of the LR-FDT to two different training contraction levels (medium and high). 

The performance of a control scheme was reflected by the ability of individuals to 

perform the tasks accurately and also by its robustness to EMG non-stationary.  

For the experiment, the participants completed two experimental runs (LR-FDT 

and LR-Bandpass) for each level of training contraction. Thus, for train-medium and 

train-high contractions, there were a total of four runs. For each run, the participant 

completed three types of tasks (type I, type II and type III) with 20 targets each. Based on 

the completion of each target, the performance indices (completion ratio, time to reach, 

throughput, near miss and path efficiency) were calculated. The tabulated performance 

indices were analyzed for significant differences between processing techniques. 

Performance was also analyzed for LR-FDT to investigate significant differences 

between train-medium and train-high runs. For the clinical participants due to limited 

available time, only three experimental runs were performed: for train-medium both LR-

FDT and LR-Bandpass and for train-high only the LR-FDT. It was hypothesized that 

there would be a significant difference in the performance measures (T2R, TP, Γ, NM, 

and CR) of LR-FDT and LR-Bandpass. Additionally, the second hypothesis states that 

there would be no significant differences in the performance measures (T2R, TP, Γ, NM, 

and CR) of LR-FDT when trained with medium level contractions and high-level 

contractions. Both the hypotheses were accepted. LR-FDT performed significantly better 
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than LR-Bandpass and also the performance did not change significantly with respect to 

contraction level, thus providing the prosthesis users accurate movements with the freedom 

of desired levels of contractions. 

5.1 Comparison of LR-FDT with LR-Bandpass  

5.1.1 Completion rate 

 The completion rate for LR-FDT was significantly higher than that for LR-

Bandpass (control and clinical participants). This indicated a superior myoelectric control 

of the LR-FDT as the participants were able to complete majority of the tasks. It was 

observed for most of the participants that while performing the LR-Bandpass technique, 

one of the four movements was unresponsive.  Often there was unwanted activation of 

the non-target DOF, for example when an individual attempted a wrist extension there 

was undesired activation of supination as well. Sometimes the individual was able to 

compensate for the unwanted activations, for instance they would try to extend and 

pronate to compensate for the unwanted supination to achieve the simple extension-only 

targets. Thus, the CR of 64.08% includes the participants trying to compensate for 

unwanted motions. When asked for a feedback about the user experience, the participants 

were quite frustrated as they had to compensate for the undesired activation which was 

not intuitive for them. On the contrary the LR-FDT (CR>95% for control and CR>90% 

for clinical participants) was robust to unwanted activations and provided a more efficient 

control scheme. The individual clinical participant‘s performance will be discussed in the 

following section.  The same training data was used to train both the methods, and one 

clearly outperforms the other. These unwanted activations have been briefly discussed by 
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previous regression studies (Jiang, Rehbaum, et al., 2014; S Muceli et al., 2017), but 

there has been no study that has performed a detailed analysis on this topic.  

5.1.1.1 Clinical Participants 

All of the participants had superior performance with LR-FDT compared to LR-

Bandpass in terms of completing higher number of tasks. The runs were performed in a 

fixed order as reported in Table 4.8. TA1 and TA3 were congenital amputees and had 

nearly intact forearm remaining (amputation was past the wrist). However, they had 

never participated in any myoelectric study before and had to be instructed how to 

perform the hand movements. TA2 and TA4 were traumatic amputees had taken part in 

previous studies. Also, the remaining forearm was less than half of the intact forearm. 

Fatigue was observed in these two participants, towards the end of the experiment, which 

was distinct in the performance of TA4, where the performance reduced from 96.67% to 

88.83%. Therefore, a second day for the testing session is suggested which would provide 

rest for the participants with less portion of remaining limbs. Only TA1 was able to do 

the experiment for two sessions. In the first session, more time was spent for 

familiarizing and only one experimental run was performed using medium training 

contractions and LR-FDT (not reported). The CR for the type I, type II and type III was 

75%, 60% and 65% respectively. The CR significantly improved in the actual testing 

session to 100%, 75% and 95% (reported). Thus, for the clinical participants, higher 

performance might be obtained if performed on a greater number of sessions.  

TA1 performed better in the LR-FDT runs than the LR-Bandpass run (Table 4.3). 

The LR-Bandpass run did not respond to participant‘s supination, during which 

significant undesired extension was observed. The participant could not compensate for 
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any of the undesired movement. Also, it was observed that for the LR-FDT runs the CR 

for type II was lower than type I and type III. This was due to the control arrow not 

starting from the neutral position even though the participant was at a neutral anatomical 

position which made it more challenging specially to complete the circular targets. This 

issue and possible ways to fix it are discussed in details in section 5.1.2.2. The very high 

CR of the LR-FDT runs (90% for train-medium and 96.67% for train-high) is noteworthy 

considering the fact that the participant never participated in any related study before and 

also has no experience using a prosthesis. 

TA2 had a higher CR in LR-FDT runs than LR-Bandpass (Table 4.3). The CR 

using LR-Bandpass was higher too (83.33%). All the movements were responding but 

there were some unwanted activations, which coupled extension and supination, flexion 

and pronation. The participant was able to compensate for the unwanted activation by 

counter contracting in the opposite direction of the unwanted activation. This caused the 

participant to fatigue very fast and higher breaks had to be provided during the test (one 

break after every 6 targets). There was no unwanted activation in the LR-FDT runs, 

where his overall performance was very high (91.67% for train-medium and 98.33% for 

train-high). The participant did participate in many myoelectric studies before and is a 

prosthesis user for the last 33 years.  

TA3 had never participated in any study before, and never used a prosthesis. The 

familiarization time was long (approximately 1 hour), but still all the three runs were 

managed. For train-medium the CR of the LR-FDT (90%) was higher than CR of the LR-

Bandpass (70%). For LR-Bandpass the participant‘s supination was not responsive, for 

flexion it was very low. Hence the performance reduced for type II and type III group of 
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targets. The LR-FDT had good response for all the movements and there was no 

unwanted activation. The CR for train-high LR-FDT got reduced (78%) due to the less 

amount of time remaining as the participant tried to rush through the targets. However, 

the overall CR was higher for LR-FDT runs (90% and 78%) and the participant would 

perform even better with further sessions? 

TA4 had a very high CR (96.67%) for train-medium LR-FDT and a considerably 

lower CR for LR-Bandpass (46.67%) The participant had efficient control for all DOFs 

using LR-FDT, however flexion and pronation did not respond using LR-Bandpass, thus 

attributing to the low CR (46.67%). The participant had limited remaining forearm (1/3
rd

 

of the intact forearm), thus he fatigued very soon. It is likely that fatigue affected 

performance as the CR reduced to 88.33 % for the train-high LR-FDT.  

5.1.1.2 Comparison with previous studies 

For LR-FDT the CR was found to be competitive with respect to previous SPC 

studies. Previously Hahne et al., 2015 has reported high accuracy (>95%) in CR for able 

bodied participants and congenital amputees. They used linear regression for 

simultaneous and proportional control (SPC), and the tested movements were wrist 

flexion/extension and radial/ulnar deviations, they did not test hand pronation/supination 

unlike this study. Pronation/supination is considered a more important functionality for 

trans-radially amputated individuals (Atkins et al., 1996). Also, there is a co-adaptation in 

the man-machine interface which correctly assists the individual to complete the tasks 

(Hahne et al., 2015). Without the co-adaption, the CR was comparatively lower for the 2 

DOFs. Ameri et al., 2014 used support vector regression to test 3 DOFs. A high CR of 

94%-100% was reported for the able bodied and 2 clinical participants (Ameri et al., 
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2014). However, that study involved training in single DOFs and combined DOF as well, 

which is time consuming and difficult for the amputees in a practical scenario. Jiang et al, 

2014 used an unsupervised algorithm called the non-negative matrix factorization to test 

the performance of able bodied and 7 amputee participants. They were able to perform 

wrist extension/flexion and pronation/supination with high CR of 93.5% for clinical 

participants(Jiang, Rehbaum, et al., 2014). But there have been unwanted activations 

associated with pure factorization approach (S Muceli et al., 2017). The linear regression 

has an advantage over other methods because of its reduced computational demands and 

a high CR in this method boosts the prosthesis development using SPC scheme.  

5.1.2 T2R, TP, NM. PE 

In the following sections the other performance measures (T2R, TP, NM, PE) are 

discussed. As these involve all the successful trials, the number of successful trials for 

LR-FDT was 2228 of 2400 for the control participants, whereas the number of successful 

trials was 1526 of 2400 which was considerably lower. A detailed breakdown of the 

number of successful trials (N) with respect to type of target and contraction level is 

provided in table 4.3. Therefore, in all the comparisons for the other performance 

measures, LR-FDT is penalized due to the higher number of successful trials than LR-

Bandpass. 

The T2R was significantly lower for the three types of targets with LR-FDT 

(Table 4.3 and Figure 4.5). Type I and Type III group of targets had significantly lower 

T2R than LR-FDT for both medium and high runs. For type II targets the T2R of LR-

FDT was lower but there was no significant difference between the two methods for both 

the medium and the high experimental runs. A possible explanation for this is with the 
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LR-FDT runs, the task arrow did not rest at neutral position when the participant was in 

their anatomical neutral position, there was always some residual activity of the muscles. 

The participant had to compensate for the neutral position to do the circular targets 

because they were all located on the circumference of a circle. This however can be 

corrected in further studies by setting a threshold for minimum muscle activities. The LR-

Bandpass runs however had a better neutral response, but it had a generally higher T2R. 

The overall T2R for LR-FDT was lower, which implies a faster response of the method. 

The TP was significantly lower for the Type I and Type III with LR-FDT (Table 

4.3 and Figure 4.5). Type I and Type III group of targets had significantly lower T2R 

than LR-FDT for both medium and high runs. For Type II targets the T2R of LR-FDT 

was no significant difference between the two methods for both the medium and the high 

experimental runs. Throughput is a measure of task difficult, it is the ratio of the 

difficulty index (based on the position of the target; unit in bits) and the completion time. 

The same explanation as the one for T2R justifies the decreased performance for type II 

targets. The task arrow did not rest at neutral position when the participant was in their 

anatomical neutral position; there was always some residual activity of the muscles. 

Further studies would have a correction for the neutral position by setting a threshold for 

minimal muscle activities. The overall TP for LR-FDT was higher, which implies 

individuals able to complete difficult targets in less time.  

 The NM of only type I targets was significantly lower for LR-FDT in both 

medium and high runs. However, the LR-Bandpass performed better for type II targets. 

The non-neutral starting point might be one of the reasons for reduced performance in 
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type II targets. There was no difference between LR-FDT and LR-Bandpass for type III 

targets. A lower NM implies a more accurate position control. 

The PE was high with LR-FDT for both medium and high runs. The lower PE of 

LR-Bandpass might be attributed by the participants trying to compensate for the 

unwanted activations which were often the case. The overall PE was higher in LR-FDT, 

which implies that the users can perform tasks in a more efficient way which often is the 

more natural movement pattern. 

5.1.2.1 Clinical Participants 

The clinical participants‘ performance in terms of TP, T2R, NM and PE are tough 

to explain as there is no defined pattern in the indices for LR-FDT and LR-Bandpass. TP 

was higher for three of the participants using train-medium and train-high LR-FDT than 

the TP of LR-Bandpass (TA2, TA3, and TA4) as shown in Figure 4.10. For the same 

three participants T2R was lower for train-medium LR-FDT than LR-Bandpass, and 

train-high LR-FDT was higher. This might be due to the fact that the participants were 

fatiguing and they found it difficult to complete tasks. NM was higher for three of the 

participants (TA1, TA3, and TA4) for LR-FDT runs than LR-Bandpass. This might be 

due to the unstable nature of the control arrow. PE for LR-FDT was higher for TA2 and 

TA4 with the train-medium LR-FDT runs.  

One reason for the no defined pattern for these performance measures is because the 

participants performed it in one session whereas the control participants performed the 

task in two sessions. Therefore, two or more sessions could produce more definitive 

results. 
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5.1.2.2 Comparison with previous studies 

Since the previous studies involved different task protocols, comparing the rest of 

performance measures (T2R, TP, NM and PE) would not be accurate. The task protocol 

was very similar to that of Tolooshams and Jiang, (2017) even though it was pattern 

recognition study. The TP and T2R were comparable to their study, but NM and PE were 

found to be different. 

  When compared to Tolooshams and Jiang, (2017), the overall performance is 

relatively poor for NM. A possible explanation for the higher NM is the unsteady nature 

of the task arrow. It has been observed that for some participants, the task arrow was 

unstable at higher pronation and supination angles, thus the participant had to hold it for a 

longer time as the arrow would miss the target closely. This is another explanation for the 

type II targets having a higher T2R and a lower TP. The further studies will use a more 

powerful smoothing filter that could give a stable response for the task arrow. Even 

though the NM was higher it was still very low for real time control and the participants 

were able to complete tasks. 

When compared to the PE reported by Tolooshams and Jiang (2017), it was found 

to be relatively lower. One explanation is it was observed the arrow does not go back to 

the neutral immediately after performing a task.  This ―memory effect‖ is observed only 

in the LR-FDT runs. The LR-Bandpass had a better neutral response. The participants 

were instructed to relax their muscles and start the next task even though the arrow was 

not at the neutral position. By observing the training results (efficiency of the algorithm 

to be trained from the training data) it was found that ―memory effect‖ is caused due to a 

broader range for the neutral position. This might be caused because of the use of 
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frequency features.  Even though the path efficiency was reduced because of the task not 

starting from the center, this mechanism can be used to the advantage of the clinical 

users, where they would not have to hold a contraction for long holding a position, and at 

the same time be able to perform the next movement. In further studies this can be 

corrected by externally setting the neutral position before the start of the task. To ensure a 

fair performance of both methods, participants were instructed to start the next task after 

relaxing the muscles for a few seconds and not considering the neutral position on the 

screen. 

5.2 Robustness of LR-FDT to contraction level variations 

Kaufmann et al., (2010) discussed contraction level variations as being one of 

significant the EMG non-stationaries. The variation between the testing and training 

contraction levels leads to performance degradation. In this study, to assess the 

robustness to contraction level variations, performance of only LR-FDT runs for two 

varying contraction levels (medium and high) were analyzed. There was no difference 

between any of the performance measures (CR, TP, T2R, NM, and PE) between the 

medium and the high runs for LR-FDT for control participants (N=20). For the clinical 

participants (N=4) there was no difference in the CR of the medium and high runs using 

LR-FDT. Both the runs produced high CR (92% and 90%, resp.). Also, there was no 

fixed trend in any of the other performance measures for the clinical participants, thus 

implying no difference between the medium and the high runs. This is supported by the 

findings of Tolooshams et al., (2017), where pattern recognition has been used with FDT 

and was robust against contraction level variations (Tolooshams & Jiang, 2017b). The 

advantage of contraction robustness is more pronounced in the medium runs where there 
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was maximum discrepancy between the training and online-testing muscle contractions. 

As the participants were instructed to complete as fast as they can, they used stronger 

contractions for task completions during online testing. This finding is very important as 

the participant is independent of the level of contraction performed during the training. 

For the testing phase, they could perform tasks with any contraction level (medium or 

high) and thus in a practical scenario it gives higher freedom of use. 

The reason for contraction level invariance was explained by He et al., (2015). In 

their study muscle activation pattern (MAP) vectors were formed using the frequency 

sub-band information for the hand movements performed at 3 different contraction levels 

(20%, 50% and 80%). A cosine similarity test was performed between the MAP vectors 

of the 3 different force levels. The average cosine values ranged between 0.86 and 0.92 (a 

score of 1 implies completely similar). The high cosine values explained the robustness 

of the FDT technique to the contraction level variations (He, Zhang, Sheng, et al., 2015). 

In conclusion, a freedom of performing movements at a desired contraction level without 

experiencing any performance degradation would be highly beneficial for the prosthesis 

users. 

5.3 Limitations of the study  

 Several limitations must be considered in this work. The clinical participants were 

available for only one session (except TA1 who performed two sessions). They were not 

able to perform for a longer time on a single day due to fatigue. Thus limiting the time of 

testing. Also it was difficult to recruit them for more than one sessions as they were 

working individuals. The other limitations were encountered while performing the 

experiments. For example, the arrow was found to be unstable sometimes and it 
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contributed to the higher NMs. Also, as discussed in the previous sections, the arrow did 

not come to a neutral position, which attributed to a lower PE. As these are significant 

parameters in an actual prosthesis, the same is required from a virtual task too. Some 

possible approaches to address these control limitations are discussed in Section 6.3. 
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6. Conclusion 

6.1 Significant Impact 

The results from this study suggest that the proposed Frequency Division 

Technique with Linear Regression (LR-FDT) performs significantly better than Linear 

Regression with standard Bandpass filtering. Also, the proposed LR-FDT is invariant to 

contraction level variations. These findings directly relate to the robustness of LR-FDT as 

a myoelectric control scheme. The robustness of an advanced prosthetic control is very 

important for it to be clinically viable. As this study is the first to use frequency-based 

features with a simultaneous and proportional control (SPC) scheme, the findings of the 

study significantly impact the use of SPC in commercial prosthetics. Till now research 

has been limited to Bandpass filtering of signal with standard time domain features. The 

lack of robustness of the previously researched techniques (SPC and pattern recognition) 

is the reason why there has been no change to prosthetic technologies prevailing since 

decades. There is no commercially available prosthesis which uses SPC as a control 

scheme. Only one company called the COAPT complete control uses pattern recognition 

techniques for the control of prosthesis. Thus LR-FDT as a control scheme promises 

greater accuracy and robustness to EMG non-stationaries and has potential of becoming a 

commercial prosthetic control technique.  

 In this study Linear Regression (LR) was used as the SPC scheme. LR provides a 

relatively simpler model thus reducing computation time and also provides cheaper 

methods of building an embedded system for controlling the prosthesis. It has been 

already proved to be comparatively accurate as more complex nonlinear techniques such 
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as support vector regression and neural networks. Therefore, the potential of building 

cheaper prosthetics could motivate prosthesis users for trying the more advanced 

prosthesis and being able to obtain its benefits. 

 From this study, it was observed that the LR-FDT was robust against two major 

EMG non-stationaries: the proposed contraction level variations and the undesired 

activation of non-intended DOF. The contraction level variation allows the users to train 

at a comfortable contraction level and they have the freedom of performing daily 

activities at their desired contraction level. Previous related research involved techniques 

whose performance was be affected by contraction level variations due to the erroneous 

classification results and thus leading to abandonment of prosthesis by the user. Also, the 

second non-stationary that was observed in the standard processing technique is the 

undesired activations of non-intended DOF. This proved to be the major reason for the 

significant difference in accuracy of both the methods. LR-FDT was robust to this type of 

non-stationaries and the users will not have to compensate for undesired activations.  

 Thus, LR-FDT contributed in addressing the limitations in current commercial 

prosthetic technologies and help in designing a technique robust to various EMG non-

stationaries thus making the prosthesis clinically viable and aiding in daily activities. LR-

FDT provides improved movement protocols and rehabilitation for prosthesis users. 

6.2 Contributions 

 This research looked to compare the current myoelectric control schemes to 

investigate which technique results in optimal performance in terms of simultaneous, 

proportional and intuitive control of multiple DOFs of the prosthesis with accuracy, and 
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its robustness to EMG non-stationaries. The important contributions to the literature that 

could be taken from this study are: 

 Evidence that LR-FDT performs significantly better than LR-Bandpass. Bandpass 

filtering is the standard filtering used and FDT provides a more accurate and 

robust control scheme when combined with linear regression. 

 Evidence that LR-FDT is robust to contraction level variations, one of the 

contributors to EMG non-stationary. 

 LR-FDT was robust to undesired activations and unintended movements. The 

performance of LR-Bandpass was affected by this non-stationary. 

6.3 Future work 

The further studies should increase the number of sessions with the clinical 

participants. Also, as discussed in section 5.3 there were a few limitations that affected 

the control of the arrow such as the unsteady nature and the non-neutral resting position 

of the arrow. External modifications are able to correct this and changing the machine 

learning algorithm is not required. The unsteady nature of the arrow can be fixed by using 

a powerful smoothing filter, while the arrow can be brought back to the neutral position 

by using an external reset-position option in the further studies. The ―memory effect‖ as 

discussed in 5.1.2.2 should be further looked into as it can be beneficial to the prosthesis 

users. As the response in all hand movements were observed without any unwanted 

activations, future studies should look into the explanation behind this. Also, further 

robustness tests for the efficient response to all hand movements such as effect of varying 

arm positions should be performed.  
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