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Myoelectric algorithms have the potential to provide motion intent information to a 

prosthetic system to allow the prosthetic to adapt biomimetically to changes in walking modality. 

While myoelectric algorithms have been explored extensively for upper limb amputees, little has 

been done to achieve similar advances for the lower limb. For upper limb amputees, it has been 

shown that fusion of myoelectric and inertial sensors benefits classification. Myoelectric signals 

from four muscle groups (tibialis anterior, medial gastrocnemius, vastus lateralis, and biceps 

femoris) and inertial signals from the lower limb segments were recorded for five non-amputee 

subjects and five transtibial amputees over a variety of walking modes: level ground walking at 

various speeds, ramp ascent/descent, and stair ascent/descent. These signals were decomposed 

into relevant features (mean absolute value, variance, wavelength, number of slope sign changes, 

and number of zero crossings, maximum, minimum) and used to test the ability of myoelectric 

classification algorithms for transtibial amputees using either Linear Discriminant Analysis 

(LDA) or Support Vector Machine (SVM) classifiers.  

The fusion of myoelectric and inertial signals showed no benefit for amputee subjects and as 

a result inertial signals were removed from consideration. Detection of all seven walking modes 



 

were observed to have an accuracy of 97.9% (± 0.22) and 97.9% (± 1.39) for amputee subjects 

when using LDA and SVM, respectively. The predominant misclassifications occurred between 

different walking speeds due to the similar nature of the gait pattern. Stair ascent/descent 

modalities had the best classification accuracy with 100% (± 0.00) and 99.8% (± 0.29) for 

amputee subjects when using LDA and SVM, respectively. Transitions into and out of stair 

modalities could be predicted one gait cycle ahead of the change for 95.0% and 90.0% of all 

transitions observed in this study when using LDA and SVM, respectively.  

The robustness of the developed classifier was explored through tests of generalizability and 

stability under electrode shifting disturbance. While separations between certain modes were not 

possible through a generalized model or under disturbance, stair ascent/descent classification 

against all other modalities was consistent. This result highlights the possibility of a stair mode 

myoelectric control algorithm for lower limb amputees. Future efforts will further explore the 

robusticity of myoelectric classification under real world conditions such as stability of 

classification over long periods of time, classifier training methods, and real time capabilities of 

the classifier.  
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Chapter 1. INTRODUCTION  

1.1 DEVELOPMENT OF PROBLEM 

While many advances have been made in lower limb prosthetics over the past decades, 

the majority of current commercial lower limb prosthetic systems are passive and thus provide 

limited mobility to amputee populations. These devices are unable to respond similarly to the 

healthy ankle foot system which provides a significant impairment. The non-responsive nature of 

current commercial systems is largely due to the amputee’s inability to control the function of 

the prosthetic device as they would an intact limb. A potential solution to this problem is 

incorporation of electromyography (EMG) signals and/or inertial measurement unit (IMU) 

sensors from the residual limb and its musculature into a prosthetic system that includes 

myoelectric control laws. EMG and IMU measurements were chosen as it is believed that muscle 

activations and lower limb kinematics will change when completing different walking modes. 

Despite the significant advances in upper limb myoelectric control strategies, limited advances 

have been documented for the lower limb. Such control strategies provide the potential to restore 

partial control of the prosthetic system back to the user and insure increased stability during 

complex movements. Before myoelectric control laws or IMU sensing systems can be 

incorporated into lower limb prosthetic systems, an increased understanding of the abilities and 

limitations of lower limb control laws based on EMG and IMU signals must be gathered.  

1.2 BACKGROUND 

The human ankle is responsible for various functions during normal gait including 

control of tibial progression, adjusting joint impedance, and controlling power absorption/return. 

How the ankle responds is dependent on the terrain over which it is traveling. Transtibial 

amputees lose normal ankle function which reduces their functional capabilities during everyday 

activities including level ground walking, ascending/descending ramps, and 

ascending/descending stairs, as well as more complicated maneuvers. This loss of functionality 

significantly reduces the transtibial amputee’s quality of life making standard levels of mobility 

more difficult.  
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Recent advances in lower limb prosthetic technology have lead to the development of 

intelligent prosthetic systems that are capable of changing function based on the needs of the 

terrain the amputee subject is navigating (Au, Berniker, & Herr, 2008). These advances, though 

encouraging, provide limited benefit without intuitive means of relating motion intent 

information from the amputee to the prosthetic system. These valuable connections are lost with 

amputation and result in increased instability. A potential method of replacing these connections 

is the use of EMG signals and other sensing systems from the amputee’s residual limb. 

Electromyographic signals measure muscle activations which change with different functional 

modes and can still be under volitional control of the amputee subject.  

Previous efforts have shown encouraging results outlining computationally efficient 

machine learning algorithms that are capable of determining walking modes of transfemoral 

amputees with accuracies above 90% for most steady state modes (Huang, Kuiken, & Lipschutz, 

2009). Transitions and non-steady state modes have only been capable of accurate classification 

through a continuous algorithm that incorporated EMG and intrinsic force/moment 

measurements (Huang, Zhang, Hargrove, Dou, Rogers, & Englehart, 2011). However, this 

algorithm is computationally expensive and as a result is unlikely to be used in real world 

applications.  

Myoelectric control has seen limited advances for transtibial amputees. The only 

inclusion of EMG measurements for mode selection required conscious muscle contraction and 

allowed for only limited mode selection (Au, Berniker, & Herr, 2008). Control laws for 

transtibial amputees have instead focused on muscle force reflex emulating controllers with the 

recent development of power generating ankle-foot prosthetic systems (Au, Berniker, & Herr, 

2008; Eilenberg, Geyer, & Herr, 2010). These systems are novel in their ability to provide 

powered plantar flexion in a similar magnitude as the intact ankle foot system and to adjust 

propulsive power output with changing speeds and when ascending/descending ramps. This 

adaptive ability is dependent on the prosthetic system’s ability to generate powered plantar 

flexion in response to intrinsic sensors, which in currently only available in a single prosthetic 

system. Despite this system’s adaptive nature to limited modes, motion intent detection may yet 

allow for extended capabilities and more natural function.  
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1.3 STATEMENT OF PURPOSE 

The cost and response of power generating ankle foot prosthetic systems may make them 

unrealistic or undesirable for the entire transtibial amputee population. A power generating 

prosthetic system is defined as a prosthetic that generates net work as part of its function in order 

to mimic powered plantar flexion or other features of the healthy ankle function. Alternatively, 

passive prosthetic systems generate no work, but store and release energy through a flexible 

spring or other low power mechanism. New advances in prosthetic technology have placed focus 

on developing a foot ankle system that generates positive power (Au, Berniker, & Herr, 2008). It 

is believed that transtibial amputees could still benefit from an intelligent prosthetic system that 

responds to different terrains, but is instead passive. Such an ankle foot system is currently under 

development by our collaborators at the University of Michigan. It is the goal of the current 

study to explore the use of myoelectric mode switching control specifically for use with a 

passive prosthetic system. Such a myoelectric mode control law will provide the amputee subject 

with more prosthetic options while still allowing for fluid control of the prosthetic during 

complex ambulation.  

Previously published work towards mode switching myoelectric control has focused on 

transfemoral amputees (Huang, Kuiken, & Lipschutz, 2009; Huang, Zhang, Hargrove, Dou, 

Rogers, & Englehart, 2011). The preliminary work focused on differentiating between several 

steady state walking modes without including mode transitions. Ensuring that myoelectric 

classification of similar accuracies is possible during transition periods will allow for more real 

world uses of myoelectric classification and help insure that the prosthetic system has a stable 

response which the patient can anticipate. The only lower limb myoelectric controller that is 

capable of predicting transitions as well as steady state modes is a continuous controller that 

fuses EMG and load cell measurements. Such a controller is computationally expensive to 

operate and train appropriately. The overall goal of this project is to develop a computationally 

efficient myoelectric controller that is similarly capable of predicting mode transitions in the real 

world environment for transtibial amputees.  

Lower limb myoelectric control studies have overlooked the issue of how the stability of 

classification is affected by disturbances and inconsistency of the EMG signal. These 

disturbances will likely have a negative effect on the accuracy of mode classification. How 
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disturbances affect classification and how to mitigate potential risks must be addressed before 

the realistic implementation of myoelectric mode control.  

1.4 SPECIFIC AIMS OF STUDY 

1.4.1 Measure EMG and IMU from transtibial amputees in several modes 

The first step towards myoelectric control for transtibial amputees will be recording EMG 

and IMU measurements from transtibial amputees and non-amputee subjects during normal 

movement over several walking modalities. The primary modalities will include level ground 

walking, ramp ascent/descent, and stair ascent/descent based on previous successful 

classification through myoelectric signals (Huang, Kuiken, & Lipschutz, 2009). In addition, 

signals will be recorded over varying speeds (self selected, fast, and slow) in order to simulate 

the varying nature of level ground walking. Unlike previously reported research, this data 

collection will be collected outside the lab in a more realistic environment.  

1.4.2 Transtibial myoelectric mode classifications (steady state and transitional) 

Similar to the techniques used in previous transfemoral amputee mode classification 

algorithms, EMG and IMU measurements will be used to determine the mode classification 

ability and accuracy when using these signals with machine learning algorithms. The ability of 

traditional classification algorithms will be compared with newer methods. Developed classifiers 

will seek to combine computational simplicity with accuracy of predictions during both steady 

state and transition modes.  

1.4.3 Effects of disturbances on mode classification 

Disturbances of EMG signals have been explored for upper limb myoelectric mode 

control algorithms and shown a slight reduction in error to disturbance. The most problematic 

disturbances will be simulated for the lower limb and the effects on the myoelectric controller 

will be detailed.  

1.5 LIMITATIONS 

When working with human subject data, there is always the potential that the research 

sample does not accurately reflect the characteristics of the larger population. Based on the 
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diverse population of lower limb amputees, this is certainly a possible risk. Additionally, for all 

experimentation amputee subjects used their prescribed prosthetic foot, which was passive and 

non responsive to terrain changes. Using an intelligent prosthetic system is likely to change the 

way that amputee subjects ambulate especially if the prosthetic changes function based on 

walking mode. These changes will likely affect the EMG signals which may affect the stability 

of the myoelectric control law. The magnitude of this effect remains unknown. This project is 

part of a preliminary effort to evaluate the potential for myoelectric control in such a prosthetic 

device. Based on the results, future work could include exploring how to train such a controller 

as well as how stable the myoelectric control law is when applied in a more adaptive human-

prosthetic system.  
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Chapter 2. LITERATURE REVIEW 

Of the estimated 1.6 million patients that have experienced limb loss within the United 

States, 45% include major lower limb amputees. By comparison, major amputations of the upper 

limb include 8% of these patients. Major amputations in this estimate included amputations of 

the foot/hand or more proximal amputations and excluded the amputation of individual digits. In 

addition, the total number of general amputees is expected to double by the year 2050 (Ziegler-

Graham, Mackenzie, Ephraim, Travison, & Brookmeyer, 2007).  

Despite this statistic, the majority of intelligent prosthetic systems utilizing myoelectric 

control or a similar form of user control are focused on upper limb amputees (Oskoei & Hu, 

2007). Until recently, myoelectric control algorithms did not exist for lower limb amputees 

(Huang, Kuiken, & Lipschutz, 2009). The continued advancement and implementation of these 

algorithms is expected to have a significant benefit on the quality of life of lower limb amputees.  

The focus of this study was to develop myoelectric mode classifications for transtibial 

amputees. Myoelectric control algorithms require a multidisciplinary approach with an 

understanding of physiological signals and their origins, general gait biomechanics, and machine 

learning algorithms. Each of these topics will be reviewed in this chapter as they apply to 

transtibial amputees. Lower limb and general myoelectric control laws that have been presented 

in previous literature will also be discussed as well as their potential limitations.  

2.1 MYOELECTRIC SIGNALS AND INERTIAL MEASUREMENTS 

The fundamental commonality in all myoelectric control algorithms is the use of EMG 

signals to relate motion intent information from the amputee subject to the controlled device. An 

understanding of what EMG sensors are recording and how the signal changes with muscle 

activation is required. Physiologic signals (more so than mechanical measurements), and 

specifically EMG signals are known to demonstrate intra and inter subject variability even under 

similar measurement conditions (Vigreux, Cnockaert, & Pertuzon, 1979; Clancy, Morin, & 

Merletti, 2002). Since all myoelectric control schemes rely heavily on measurements from the 

EMG signal, minimizing and adjusting to signal variability will be important to preserve the 

accuracy of the myoelectric control law. Changes to the EMG signal which are not the result of 

changes in the underlying muscle activation will be termed signal disturbances. These 

disturbances will be discussed.  
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Inertial measurement systems, specifically those used in lower limb applications, will 

also be discussed. These systems have previously been shown to provide reasonable estimations 

of joint kinematics (Mayagoitia, Nene, & eltink, 2002; Williamson & Andrews, 2001). It may 

also be possible to use them in conjunction with EMG signals to improve the accuracy of 

myoelectric classification.  

2.1.1 EMG Signal Content 

Skeletal muscles are constructed of groups of motor units that are capable of generating 

contraction and as a result, tension. Each of these motor units is further separated into individual 

muscle fibers. In order to generate a contraction, neural stimulation of the muscle fibers is 

required. Similar to the nervous system, stimulation of a muscle fiber results in a change in the 

electrical potential of the fiber. This change in electrical potential is the source of EMG signals. 

Inferences of muscle contraction level can be extracted from EMG recordings based on changes 

to the signal during neural activations. When the nervous system is attempting to induce higher 

muscle contraction levels, the nervous system either stimulates more motor units or stimulates 

the existing motor units at an increased frequency. Since the EMG signal reflects the activations 

of the muscle fiber potentials within each motor unit, the recorded EMG signal similarly 

increases in magnitude and/or frequency based on the changes to the stimulated muscle fibers. 

The amplitude of EMG recordings can range between a fraction of a μV to several hundred μV 

with frequency content up to 2 kHz, which fluctuates based on the level of muscle activation 

(Fridlund & Cacioppo, 1986). Within this range, muscle signals generally occur between 10 and 

200 Hz (Hayes 1960; Fridlund & Cacioppo, 1986).  

The majority of EMG recording techniques use a bipolar electrode configuration, which 

consists of two sensing electrodes and a common ground electrode. The electrical potential is 

measured between the two sensing electrodes relative to the ground electrode. The two signals 

are then differentiated and reported as the EMG signal. Historically, monopolar electrodes have 

been used for EMG recording, measuring the electrical potential between a sensing electrode and 

a ground electrode. However, monopolar electrodes detect any electrical signal within the area of 

placement as opposed to sensing directly the underlying skeletal muscle activations. 

Differentiating two monopolar signals removes the electrical signal not associated with the 
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whole body resulting in an EMG signal which is more comprised of the skeletal muscle electrical 

stimulation (Nigg & Herzog, 1999). 

Electromyography sensors can either be indwelling or surface type sensors. Indwelling 

sensors are placed subcutaneously and used to measure intrinsic electrical signals or electrical 

signals from deep muscle groups. Surface sensors can be used to measure EMG signals from 

superficial muscles, but unlike indwelling sensors, the electrical signal is insulated by the skin 

and subcutaneous tissue. Surface sensors, however, avoid the need for invasive implantation.  

Several noise and signal attenuation sources are prevalent in EMG signals. The most 

easily accounted for includes the electrical impedance of the skin and subcutaneous tissue 

between the EMG sensor and the muscle body.  This impedance reduces the muscle based 

electrical signal present at the surface of the skin where EMG is recorded, effectively increasing 

the signal to noise ratio. As may be expected, the magnitude of electrical impedance increases 

with thickness of the superficial tissue. The loss of physiological muscle signal can be mitigated 

by cleaning the surface of the skin prior to electrode placement, removing hair, and coating the 

skin in conductive gels, all of which reduce the magnitude of tissue impedance and allow for 

richer signal content (Clancy, Morin, & Merletti, 2002).  

Similar to many measurements, motion artifact is a large source of noise for EMG signals 

which is present in two forms: electrode motion artifact and cable motion artifact. Electrode 

motion artifact is characterized by electrical potential fluctuations that occur as a result of the 

electrode moving relative to the surface of the skin as well as relative to the muscle body as the 

skin deforms due to pressure or movement. Use of recessed electrodes which consist of a gap 

between the surface of the skin and the electrode which contains a conductive gel is an effective 

damper for this form of motion artifact. Additionally, since electrode motion artifact occurs at a 

low frequency (less than 20 Hz), the noise can be attenuated by using a high pass filter without 

significant loss of physiological muscle signal (Clancy, Morin, & Merletti, 2002).  

Cable motion artifact occurs due to motion and bending of the wire connection between 

the EMG sensor and the recording source which affects the wire’s internal resistance and skews 

the electrical potential recordings in an unpredictable manner. This motion artifact is known to 

occur at frequencies below 50 Hz. The optimal method to reduce this noise source is to securely 

fasten all cables to the subject in order to reduce motion at high frequencies. It is also possible to 

use an active electrode. This includes the use of an operational amplifier which magnifies the 
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EMG signal at the collection sight but does not amplify the cable motion artifact which is 

generated during transmission to the recording source. As a result, the final recorded signal has a 

greater magnitude and is more comprised of physiological signal (Clancy, Morin, & Merletti, 

2002). Use of an active electrode will likely not be optimal for myoelectric control based on the 

power requirements and the increased profile required to house the amplifier. The increased 

electrode profile reduces the feasibility of recording signals within the prosthetic socket.  High 

pass filtering of EMG signals can be used to mitigate the motion artifact. However, since the 

range of possible frequencies overlaps the range of physiological signals, this is not an optimal 

approach.  

The final noise source is power-line interference resulting from the alternating current 

(AC) voltage source of the electrical sensors. Use of the alternating current through the wires 

generates a magnetic field surrounding the wires which in the vicinity of the EMG sensor 

generates a false signal that can be much greater than the EMG signal itself. Due to the 

consistency of the voltage source, the power line interference is presented at 60 Hz and its 

harmonics for 120 V sources.  Shielding the EMG sensor from the magnetic field can reduce the 

presence of the power line interference by blocking the magnetic signal from the EMG sensor. 

Notch filtering of the signal can also be used to attenuate the power line interference, but has the 

potential to similarly attenuate physiological signal as the frequency of the interference overlaps 

the range of physiological signal frequencies (Clancy, Morin, & Merletti, 2002).  

2.1.2 Amputee EMG Signals 

During a transtibial amputation, the muscles of the shank are transected along with the 

bone and soft tissue of the limb while the more proximal thigh musculature remains unaffected. 

Despite the intact nature of the proximal musculature, muscle activation signals have been 

observed to be significantly different in the amputated limb of transtibial amputees compared to 

the unaffected limb and control sampling. This is suggested to be a result of compensatory 

mechanisms to overcome musculoskeletal limitations in gait due to the missing limb (see Section 

2.2.2). 

Based on the transected nature of shank muscles for the transtibial amputee as well as the 

relocation of attachment points, it is expected that EMG and general muscle activation patterns 

for these muscles will vary significantly between control subjects and transtibial amputees. 
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However, there is limited work focusing on the analysis of these signals which makes predictions 

of the signal content difficult. Despite the lack of information regarding signal content, it has 

been shown in previous myoelectric control efforts that transected muscles for both transfemoral 

(Huang, Kuiken, & Lipschutz, 2009; Huang, Zhang, Hargrove, Dou, Rogers, & Englehart, 2011) 

and transtibial amputee (Au, Bonato, & Herr, 2005) generate enough unique content to be useful.  

2.1.3 Consistency of EMG Signal 

The consistency of EMG signals has been questioned with regard to myoelectric control 

as EMG signal has been observed to be affected by sensor location (Vigreux, Cnockaert, & 

Pertuzon, 1979)(Nigg & Herzog, 1999), magnitude of contraction (Broman, Bilotto, & De Luca, 

1985), and muscle fatigue (West, Hicks, Clements, & Dowling, 1995), among other factors.  Any 

myoelectric control scheme is dependent on the consistency of signals in order to provide motion 

intent from the amputee subject to the prosthetic system in a repeatable fashion. Of the noted 

disturbances, location shifting has been observed to have the most significant effect on 

myoelectric classification and muscle fatigue has been observed to have the least effect (Tkach, 

Huang, & Kuiken, 2010). 

 The above referenced disturbances were simulated on an upper limb amputee while the 

myoelectric classifier attempted to separate between different hand motions. In the 

experimentation, electrode shifting was simulated by recording EMG signals from adjacent 

locations along the muscle body simultaneously. A sudden shifting of electrode was reproduced 

by switching the EMG channel used during classification. Such a sudden shift is likely to occur 

during real world use of myoelectric classifiers and will be experienced on a daily basis as the 

placement of a prosthetic on the residual limb varies throughout the day and when the prosthetic 

is donned and doffed. It was observed that upper limb myoelectric classifier accuracy is reduced 

due to disturbances in EMG signals (Tkach, Huang, & Kuiken, 2010). The effects of these 

disturbances have not been evaluated on lower limb myoelectric classification.  

2.1.4 Inertial Measurements 

Inertial measurement units (IMUs) consist of accelerometers, rate gyroscopes, and/or 

other mechanical sensors that are used to measure the kinematics of a rigid body. These systems 

have been used in the estimation of lower limb kinematics (Mayagoitia, Nene, & Veltink, 2002) 

and the control of orthotic and prosthetic systems. Examples of IMUs as control signals for 
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prosthetics and orthotics include detection of gait events (Moreno, Rocon de Lima, Ruiz, 

Brunetti, & Pons, 2006), instability/fall detection (Lawson, Varol, Sup, & Goldfarb, 2010), and 

finite state control (Zlatnik, Steiner, & Schweitzer, 2002) among others. As the lower limb is 

generally assumed to be a set of rigid bodies connected through articulating joints (ankle, knee, 

and hip), placement of IMUs on the major segments of the leg is sufficient to characterize the 

kinematics of the lower limb. These segments can include the foot, shank, thigh, and upper body.   

In general, IMUs are light weight and easily accessible which makes them promising for 

prosthetic control. It is expected that different walking modalities will experience varying 

kinematic patterns for both healthy and lower limb amputees based on the changing function of 

the limb. With the cyclic nature of gait, it is expected that these changes in kinematic features 

will be detectable and assist with the classification of locomotion task. It has been previously 

shown for upper limb myoelectric classification that inclusion of accelerometer signals 

significantly increases the classification accuracy (Fougner, Scheme, Chan, Englehart, & 

Stavdohl, 2011). Similar benefits are expected to be seen for lower limb classification.  

2.2 HEALTHY AND AMPUTEE GAIT 

The loss of normal lower limb function affects the amputee’s ability to achieve normal 

gait patterns as well as more complicated tasks such as managing stairs or ramps and turning. In 

this section the normal function of the human lower limb as well as the adaptations the lower 

limb amputee uses to overcome the limitations of non-responsive prosthetics is briefly outlined. 

Focus is placed on potential improvements to amputee quality of life when using intelligent 

prosthetic systems.  

2.2.1 Healthy lower limb function 

Normal gait patterns over level ground follow a cycle which repeats with each heel 

strike of the same limb. The four primary phases of each cycle include controlled plantar flexion, 

stance, pre-toe off, and swing. The function of the lower limb changes for each phase, which is 

reflected in different muscle activations and as a result, significantly changes EMG signals over 

each phase (Huang, Kuiken, & Lipschutz, 2009). Controlled plantar flexion occurs between heel 

strike and foot flat. During this phase the foot contacting the ground is accepting the weight of 

the body. Slight plantar flexion of the ankle is observed which allows the full profile of the foot 

to contact the ground. With full foot to ground contact, the stance phase begins. The shank 
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rotates over the foot during this phase allowing for forward motion of the body and results in 

dorsiflexion of the foot. As the foot prepares to leave contact with the ground, weight is focused 

on the toe section of the foot. This initiates the pre-toe off phase. It is during this phase that the 

mechanical power of the foot is generated through full plantar flexion of the foot to propel the 

body superiorly and anteriorly. As the toe leaves the ground, the swing phase of gait is begun. 

During this phase, the foot is not in contact with the ground and returns to neutral position in 

anticipation of the next heel strike. 

The functional response of the healthy ankle changes considerably with speed of level 

ground walking and with more complicated gait phases (i.e. stair ascent/descent, ramp 

ascent/descent, and turning). The healthy ankle switches from a net energy absorbing structure at 

slow walking speeds to net energy generation at faster walking speeds. During the first 

approximately 80% of the stance phase of gait, the ankle is absorbing energy. For slow walking 

speeds, the amount of energy produced by the ankle during pre toe off is less than the total 

energy already absorbed. As the speed of gait is increased, the amount of power generated pre 

toe off is increased and the onset of power release is observed sooner in the stance phase of gait, 

which results in a net energy increase for walking speeds above self selected (Hansen, Childress, 

Miff, Gard, & Mesplay, 2004).  

For transitions between level ground walking and ramp ascend/descent, it has been 

observed that lower limb kinetics do not change until the late swing phase of gait directly before 

contact with the ramp. The stance phase kinetics of the transition cycle is similar in nature to 

normal self selected level ground walking speeds (Redfern & DiPasquale, 1997; Prentice, Hasler, 

Groves, & Frank, 2004). After the transition period, it was observed that ramp ascent gait cycles 

were associated with increased energy production by the ankle, knee, and hip joints (Prentice, 

Hasler, Groves, & Frank, 2004). Intuitively, ramp descent studies show decreases in energy 

generation of the lower limb specifically for the ankle joint where there is less power generation 

at toe off (Redfern & DiPasquale, 1997).  

As expected, the ankle angle and moment profiles of stair ascent/descent do not 

resemble level ground walking profiles. Most notably, when descending stairs the ankle assumes 

a fully plantar flexed position prior to stair contact with ankles angles around 20
0
 plantar flexed 

(Protopapadaki, Drechsler, Cramp, Coutts, & Scott, 2007). This allows the ankle to accept the 

weight of the subject on the toe of the foot, eccentrically controlling the resulting dorsiflexion. 
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During the swing phase, the ankle returns to a plantar flexed orientation. Alternatively during 

stair ascent, the ankle begins slightly dorsiflexed at heel strike and transitions into a plantar 

flexed orientation during toe off. During swing phase the ankle angle returns back to its original 

slightly dorsiflexed position. While stair ascent is more closely related to ankle angle profiles of 

level ground walking, distinct difference are observed; the most notable of which is the 

significant reduction in dorsiflexion during the stance phase of gait (Protopapadaki, Drechsler, 

Cramp, Coutts, & Scott, 2007).  

The differences in gait during these different walking modes emphasize the need for a 

prosthetic system that responds to different walking terrains. Ideally, the prosthetic limb would 

respond similarly to the healthy ankle for transtibial amputees during all walking modes 

experienced by the typical subject. The current limitations of commercially available passive 

prosthetic systems do not allow for this change in functionality.  

2.2.2 Functional adaptations-transtibial amputees 

For transtibial amputees, the loss of plantar flexor muscle function is the most 

detrimental musculoskeletal result of amputation. In unimpaired gait it is estimated that this 

muscle group is responsible for generating 80% of the lower limb’s power (Oliveria, Yamaguti, 

Mochizuki, Amadio, & Serrao, 2009). The loss of ankle power generation has been observed to 

increase metabolic energy costs in transtibial amputees by 20-30% when compared to control 

subjects (Waters & Mulroy, 1999; Calbourne, Naumann, Longmuir, & Berbrayer, 1992). These 

increased energy costs suggest that transtibial amputees are less likely to remain active for longer 

periods and less likely to complete more complicated gait patterns. 

In addition, the inability to voluntarily modulate the ankle function gives the amputee 

less control over stability. In order to compensate for the lack of functional ankle control, the 

transtibial amputee adjusts his or her normal gait cycle by modulating the residual limb and 

unaffected limb which are still functional for many amputee subjects. It has been observed that 

unilateral transtibial amputees have asymmetric gait patterns, with less time spent in stance phase 

of gait, decreased stride length (Powers, Rao, & Perry, 1998) and reduced ground reaction forces 

on the amputated side (Beyart, Grumillier, Martinet, Paysant, & Andre, 2008) when compared to 

the intact limb and non-amputee populations. These observations suggest that the amputee 
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subject lacks confidence in their replacement limb. These functional changes to amputee gait 

cycles result in reduced self selected walking speed (Powers, Rao, & Perry, 1998).  

The kinetics of the residual limb knee and hip are also adjusted in transtibial amputees. 

To compensate for the loss of normal ankle function, the hip increases the power absorption 

during early stance and increases power generation during toe off (Winter & Sienko, 1988). Over 

long periods of time, this increased activity of the hip joint has been attributed to increased pain 

in the residual limb and correlates with the onset of joint arthritis (Postema, Hermans, Vries, 

Koopman, & Eisma, 1997). The knee of the residual limb alternatively shows less power 

absorption and generation for transtibial amputees. This is due to the increased co-contraction of 

the thigh extensor and flexor muscle groups of the knee (Powers, Rao, & Perry, 1998).  

By developing a more intelligent prosthetic system that reacts and responds to the 

amputee’s changes in gait, it is hoped that the amputee’s sense of stability will increase and 

reduce the need for compensatory mechanisms. 

2.3 MACHINE LEARNING 

Machine learning techniques are a broad branch of algorithms used to predict results and 

outcomes based on potentially unobservable patterns in correlating inputs. These classifiers are 

typically trained based on a sample set of data and are expected to detect similar patterns in new 

data sets in order to provide continued classification for novel examples. A wide range of 

machine learning and pattern recognition strategies have been used to interpret motion intent 

from EMG signals. Machine learning allows for the detection of changes in the EMG signals that 

are relevant to a functional change in the use of the prosthetic which may not be otherwise 

detectable. The optimal machine learning algorithm for myoelectric control would be 

computationally inexpensive and highly accurate while still allowing for rapid training and even 

provide the potential for adaptive, online learning. Linear discriminant analysis has been used 

frequently in myoelectric classification work due to its high functionality and low computational 

cost. More recently, alternative machine learning algorithms have also been explored.  

2.3.1 Linear Discriminant Analysis 

Linear Discriminant Analysis (LDA) has been used extensively in myoelectric control 

algorithms because it is computationally simple to resolve, provides accurate, fast classifications, 

and allows for multiclass prediction with a single (Oskoei & Hu, 2007; Huang, Kuiken, & 
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Lipschutz, 2009). Generally, LDA operates by using a linear regression to create a defining 

boundary between classes based on relevant features. Features of the class are measurements that 

reflect information that could be used in separating between classes (see Section 2.4.2). A fully 

trained LDA classifier is defined by a weight vector, w, and bias constant, b. When classifying 

data, a features vector, x, is evaluated in eq. 2.1 which defines the linear boundary between 

different classes. The sign of the result defines which class the data set is classified as since y=0 

defines the separating boundary. 

               2.1 

2.3.2 Support Vector Machine 

Support Vector Machine (SVM) classifiers are an extension of LDA with three distinct 

differences: 1) SVM optimize the boundary between defined classes, 2) SVM allows for 

nonlinear separation through use of  kernels, and 3) SVM only use a subset of the training data to 

define the boundary. SVM is named for its use of “support vectors” in generating separation 

boundaries. Support vectors are training set data which are the closest to data sets of a different 

class within the feature space. Only these data points are used to define the separation between 

classes which allows the classifier to ignore data points that are well separated from other 

classes. In LDA, these well separated data points can result in skewing of the linear boundary 

which may result in decreased accuracy for new data sets.  

          
 

 
            2.2 

             
    
    

               2.3 

While LDA uses regression to define the boundary between different classes, SVM 

selects the optimal boundary which maximizes the separation between the boundary and the 

training data sets while still separating the classes of the training data set. The fundamental 

optimization problem is provided in eq.2.2. When evaluating the classifier to new data sets, eq. 

2.3 is used to define the linear boundary between the classes. Similar to LDA, the sign of the 

result determines the predicted class (Abe, 2005). 

The function K defines the kernel. Different kernels can be used to provide better 

classifications and allow for nonlinear separations. Kernels provide a mapping from the original 
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feature space into a new space which appears linear in its projection. The two most common 

kernels used are the linear eq. 2.4 and radial basis function eq. 2.5 (Huang, Zhang, Hargrove, 

Dou, Rogers, & Englehart, 2011)(Abe, 2005). Examples of other suggested kernels include 

neural network kernels and polynomial kernels of any degree (Abe, 2005). Any user defined 

function can be used as a kernel which makes the number of possible kernels infinite.  

                       2.4 

                      
 
         2.5 

 

 The original optimization problem is a quadratic program formulation which is 

computationally expensive to solve. The dual form of the original optimization problem can be 

represented as eq. 2.6. This formulation produces a similar result as the original optimization 

problem, but it instead uses sequential minimum optimization (SMO) to iteratively solve for αi 

which can then be related to w using eq. 2.7. The range of possible values of αi is limited by the 

operator defined constant C, the slack variable. The original optimization problem determines a 

boundary between the classes for which the entire training data set is accurately classified. For 

many classification problems this is desired. However, if there is an outlier on the training data 

set, this rigid constraint can lead to training a classifier that is poorly formulated to make new 

predictions. The slack constant allows for an optimized solution which misclassifies distinctive 

training set data that does not follow typical trends to overcome this limitation. Choosing a large 

slack constant will enforce a firm boundary and reduce the number of training set 

misclassifications and vice versa. Defining the slack constant as infinity will define a rigid 

boundary similar to the original optimization problem (Abe, 2005). 

 

              
 
                      

 
           2.6 

             

             2.7 

Unlike LDA, SVM are inherently limited to binary classification (separations limited to 

two states) because of the form of the optimization problem used to train the classifier. In order 

to allow for classifications between several states, multiclass algorithms must be utilized. The 

two most common multiclass algorithms for SVM are one against one (OAO) and one against all 
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Figure 2-1.Comparison of OAO and OAA SVM multiclass algorithms 

(OAA) (Hsu & Lin, 2002). In Figure 2-1, a visual comparison of both multiclass algorithms is 

provided which show sample (thought not complete) separations between classes using these 

multiclass methods. Both algorithms involve training multiple SVM classifiers to recognize the 

difference between the distinctive classes.  

 For the OAO multiclass algorithm, a SVM is trained for comparisons between each 

individual class (i.e. Class A vs. Class B, Class A vs. Class C, Class B vs. Class C, etc.) utilizing 

only training data from the two classes the classifier is focusing on. Similar SVM separations for 

each combination are trained until a classifier exists to compare every possible state to every 

other non-identical state. This results in n*(n-1)/2 total classifiers where n is the number of 

possible classes. Alternatively, OAA algorithms train classifiers by making separations between 

a specific class and all other possible classifications (i.e. Class A vs. not Class A, Class B vs. not 

Class B, Class C vs. not Class C, etc.) utilizing all training data.  

When the trained classifiers are used for predicting the class of a new set of data, each 

classifier is evaluated and a voting scheme is used to determine the overall correct classification. 

When using the OAO multiclass algorithm, each predicted class receives a “vote” for that class 

as each classifier is evaluated. For the OAA algorithm, if the separated class is selected (i.e. 

Class B predicted over not Class B) that class receives a single vote. If that class is not predicted, 

all other classes receive a vote. Regardless of the voting scheme, the class with the most votes 

when all classifiers have been evaluated is selected as the overall predicted class (Hsu & Lin, 

2002).  
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 Ties between classes are inevitable regardless of the voting scheme. As such, rules for 

breaking ties are well outlined. When using the OAO multiclass algorithm, ties are resolved by 

accessing the classifier trained to separate between the two tied classes. Whichever class is 

predicted by this classifier is selected as the final class. The OAA algorithm resolves ties by 

evaluating the classifier trained to separate the tied class against all other classes. The class that 

shows the furthest separation from the defined boundary is defined as the selected class (Abe, 

2005). 

 Each multiclass algorithm has inherent benefits. Most notably, significantly fewer 

classifiers are needed to be trained when using the OAA multiclass algorithm. This results in a 

reduction in both the time needed to train the classifiers and also the time required for prediction 

when the classifier is being used. The difference in the number of classifiers when using OAA 

and OAO algorithms increases with the number of possible classes. This reduction in classifiers 

results in a loss of accuracy as use of the OAO algorithm has seen better classification accuracy 

for both general SVM use (Hsu & Lin, 2002) and in classification of myoelectric signals (Huang, 

Zhang, Hargrove, Dou, Rogers, & Englehart, 2011).   

2.3.3 K-fold Cross Validation 

When evaluating the accuracy of any machine learning algorithm it is necessary to ensure 

that the classifier is capable of accurately predicting the proper class for data sets that were not 

used to train the classifier. This shows the robustness and flexibility of the classifier. It is also 

more realistic as the functional use of the classifier will likely be making classifications of new 

data sets based on only a subset of previous examples. If the accuracy of the classifier were 

evaluated by training the classifier using all available data and evaluating the accuracy of 

classification with the same data set, the classifier would be receiving more information than it 

normally would prior to making each classification.  

K-fold cross validation, Figure 2-2, is used to correctly determine the classifier’s 

accuracy to new data sets. When using a finite data set, classifier accuracies are evaluated by 

separating the data into training and test data sets. The training data set is used to train the 

classifier while the test data set is used to evaluate the classifier’s accuracy. Both the training and 

test data sets are subsets of the original data and share no similar data points. Separations 
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Figure 2-2. K-fold Cross Validation 

 between training and test data sets are operator defined with the only requirement being that 

training set must contain examples for all possible classes. 

It is undesirable to select a static training and test data set to evaluate the accuracy of the 

classifier as it does not show the capabilities of the classifier when using a variety of training 

data sets. Additionally, with static separations it is possible that the classifier accuracy will either 

be over or under estimated based on a favorable or unfavorable separation of the data. Several 

iterations of training and test data sets are defined in order to mitigate this risk. The number of 

iterations, K, is based on the number of subsets the data is divided into. The final accuracy of the 

classifier is defined as the combined accuracies of the classifier when evaluating test data sets.  

2.4 MYOELECTRIC CONTROL 

Typical pattern recognition myoelectric controlled prosthetics contain four primary steps: 

signal segmentation, feature extraction, signal classification, and controlled response (Oskoei & 
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Hu, 2007). The first three are computational processes that will be discussed in some length. The 

final (controlled response) details how the intelligent prosthetic system responds to the EMG 

signal instructions. The goal of this study is to produce an algorithm that is generalizable across a 

variety of prosthetic systems. How the prosthetic responds will need to be decided based on the 

capabilities of prosthetic system that is being controlled and function of the healthy foot and 

ankle. As such, the controlled response phase will not be discussed. Previous myoelectric control 

algorithms will be detailed with a focus on limitations and potentials for improvement.  

2.4.1 Signal Segmentation and Window Definition 

The first step in pattern recognition based myoelectric control is segmenting the 

physiological signal. During segmenting, a window is defined as a period of time during which 

the signal is evaluated and relevant features are extracted (section 2.5.2).  Traditional segmenting 

for continuous myoelectric classification algorithms takes one of two forms: adjacent windowing 

and overlapping windowing. Adjacent windowing segments the data into even time intervals 

with the following window beginning at the end of the previous. Alternatively, overlapping 

windows are windows of even length that are separated by a uniform change in time (aka. 

overlap window) which is less than the window length and results in windows that overlie each 

other. The time length of segment windows and overlap windows is defined by the designer 

based on practical considerations. Longer segment window lengths result in a longer post 

processing time delay and controller delay while shorter segment window lengths reduce 

accuracy of prediction (Englehart & Hudgins, 2003; Oskoei & Hu, 2007). A practical 

compromise is derived by choosing relatively long segment window lengths with short overlap 

windows. This provides the stability of long segment windows, but also provides fast response 

time as windows are analyzed more rapidly based on the short length of the overlap window. 

However, the computational power required for processing EMG signals increases for 

overlapping windows and further increases with longer segment windows and shorter 

overlapping windows. Regardless of computational power, the overlap window length is limited 

by the post-processing time delay in order to avoid simultaneous computing (Englehart & 

Hudgins, 2003; Oskoei & Hu, 2007). 

In the case of lower limb myoelectric control algorithms, the cyclic nature of gait allows 

for different windowing options. Windows can instead be based on repeated, detectable events 
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within the gait cycle. The defined window in this case would be a constant time interval either 

before or after the chosen event. Example events include either heel strike or toe off (Huang, 

Kuiken, & Lipschutz, 2009) which can be detected based on contact or lack of contact of the 

prosthetic with the ground. This windowing scheme can be used to make classifications about 

the entire gait cycle which is more computationally efficient when compared to continuous 

classifications.  

Additionally, window lengths must be chosen to avoid a noticeable delay from when the 

subject changes their motion intent until the active control of the prosthetic occurs. It is generally 

accepted for upper limb prosthetic system that time delays in excess of 300 ms result in a 

noticeable delay for the amputee (Oskoei & Hu, 2007). This requirement is unlikely to transfer 

over to lower limb myoelectric control applied to the gait cycle due to the short nature of each 

stride which is typically less than 1 sec per stride. The maximum feasible time delay for lower 

limb prosthetics has not been evaluated.  

2.4.2 Feature Extraction 

Dimensionality reduction of the EMG signals into representative features is required in 

myoelectric control schemes due to the complex structure of EMG signals. These features are 

meant to represent the original physiological signal to the classifier in a repeatable and focused 

manner. Extracted features have been categorized into three groups: time-domain, frequency-

domain, and time-frequency domain (Englehart K. , Hudgins, Parker, & Stevenson, 1999). Time 

domain features are defined by the ability to be calculated from discrete time series values and 

are typically related to the magnitude of the EMG signal. Frequency domain features explore the 

frequency content of the EMG signal in order to determine predominant frequencies within the 

signal and typically utilizing Fourier transforms. Time-frequency features investigate the 

frequency content of the signal over distinct periods of time and evaluate how the frequency 

content of the signal changes over time. These representations are used as it has been observed 

that both the magnitude and frequency of EMG signals increase with increased muscle activation 

due to increased electrical stimulation of the muscle. 

The complexity and computational costs of each feature tend to increase from time 

domain to frequency domain to time frequency domain features (Oskoei & Hu, 2007; Englehart 

K. , Hudgins, Parker, & Stevenson, 1999; Englehart, Hudgins, & Parker, 2001). In addition, 
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Table 2-1. Time-domain EMG features from previous research 

Feature Name (Abrev.)  Formula 

Mean Absolute Value (MAV)           
 
    

Variance  (VAR)                
    

Waveform Length (WAVL)                
   
    

Zero Crossings (NZero) Increment NZero 

If                 

 
                 

Slope Sign Changes (NSlope)  Increment NSlope 

If                     

 
                       

Autoregressive Coefficients (ARC) 

                             

     

   

 

 

frequency and time-frequency signals require larger data window lengths in order to insure the 

stability of the features. This results in a longer response time between the change in signal and 

the actuation of the prosthetic (Oskoei & Hu, 2007). In the interest of fast response times, time 

domain features are highly favored for real-time applications although it has been shown that 

frequency and time-frequency realizations better represent the signal and result in better 

classifications (Englehart, Hudgins, & Parker, 2001). A list of prevalent time domain features 

from previous research, as well as how to calculate each feature is shown in Table 2-1. 

In order to estimate the frequency change of EMG signals without Fourier transforms or 

similar analysis, time domain features are used such as wavelength, number of zero crossings, 

slope sign changes, and autoregressive coefficients. While these features do not provide exact 

frequency signals, they do modulate as the frequency of the signal changes and require 

significantly less computational power to calculate when compared to Fourier transforms 

(Englehart, Hudgins, & Parker, 2001). As a result it has been suggested previously that proper 

combination of these features along with magnitude based time domain features should be 

combined in order to best represent the EMG signal in an efficient manner for real time control 

(Englehart & Hudgins, 2003; Huang, Kuiken, & Lipschutz, 2009). Despite this recommendation, 
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the optimal combination of features has been explored in several publications and feature choice 

varies significantly (Oskoei & Hu, 2007). The stability of features with respect to sensor 

location, muscle activation magnitude, and muscle fatigue disturbances has been evaluated, 

revealing auto-regressive coefficients and wavelength features to be the most stable for upper 

limb myoelectric control schemes (Tkach, Huang, & Kuiken, 2010).  

Neuro-fusion models have also been developed that augment myoelectric control by 

using multi-sensor fusion of EMG signals with more traditional mechanical measurements (i.e. 

force/moment profiles, lower limb inertial measurements, etc.) (Huang, Zhang, Hargrove, Dou, 

Rogers, & Englehart, 2011; Delis, Carvalho, F da Rocha, Ferreira, Rodriques, & Borges, 2009). 

These methods will be discussed in more detail in Section 2.4.3. When these measurements are 

included, features must similarly be extracted from signals in order to match the windowing of 

the EMG signals. These features have been limited to more simplistic features such as mean 

value, variance, maximum, and minimum value over the segment window (Huang, Zhang, 

Hargrove, Dou, Rogers, & Englehart, 2011).  

2.4.3 Signal Classification 

During the signal classification phase, extracted features are used as part of pattern 

recognition or machine learning in order to determine the meaning behind the physiological 

measurements. The individual classes vary depending on the function of the prosthetic system. 

Examples of classifications incorporated into previous systems include discrete joint angle 

estimations (Au, Bonato, & Herr, 2005), joint flexion/extension separation (Ha, Varol, & 

Goldfarb, 2010; Ha, Varol, & Goldfarb, 2011), and functional mode classification (Huang, 

Kuiken, & Lipschutz, 2009; Huang, Zhang, Hargrove, Dou, Rogers, & Englehart, 2011). In 

addition, continuous magnitude based estimations of joint kinematics have been presented 

(Delis, Carvalho, F da Rocha, Ferreira, Rodriques,, & Borges, 2009) but are not as prevalent as 

finite class based separation.  

Various machine learning and pattern recognition classifiers have been implemented for 

use in myoelectric control including (but not limited to) artificial neural networks (Delis, 

Carvalho, F da Rocha, Ferreira, Rodriques,, & Borges, 2009; Au, Bonato, & Herr, 2005; Au, 

Berniker, & Herr, 2008), linear discriminant analysis (Englehart & Hudgins, 2003; Huang, 

Kuiken, & Lipschutz, 2009), support vector machines (Huang, Zhang, Hargrove, Dou, Rogers, & 
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Englehart, 2011), fuzzy logic controllers (Ajiboye & Weir, 2005), neuro-fuzzy hybrids (Karlik, 

Tokhi, & Alci, 2003), Gaussian mixture  models (Huang, Englehart, Hudgins, & Chan, 2005), 

and hidden Markov models (Chan & Englehart, 2005). Linear discriminant analysis and its 

extension, support vector machines, have been heavily investigated due to their high 

classification accuracy and quick computations (Oskoei & Hu, 2007). However, classification 

accuracies are observed to vary widely based on the application and it is unlikely that one 

algorithm will be most successful in all potential uses. Additional information about specific 

classifiers is provided in Section 2.3.  

2.4.4 Previous Lower Limb Myoelectric Controllers 

Myoelectic control of the lower limb has been provided in a variety of forms including 

volitional control (Ha, Varol, & Goldfarb, 2010; Ha, Varol, & Goldfarb, 2011; Au, Bonato, & 

Herr, 2005), proportional control (Ferris, Gordon, Sawicki, & Peethambaran, 2006; Wu, 

Waycaster, & Shen, 2011), and modal classifications (Huang, Kuiken, & Lipschutz, 2009; 

Huang, Zhang, Hargrove, Dou, Rogers, & Englehart, 2011). Volitional control focuses on 

allowing the amputee to voluntarily reposition their prosthesis based on the neural signals from 

controlled muscle contractions. For example, if a transfemoral amputee wanted to extend the 

prosthetic knee, the amputee would contract the extension muscles of the residual thigh. The 

intelligent prosthetic would then recognize this change in EMG signal and reposition the device 

accordingly. The potential for volitional control has been evaluated for both transfemoral and 

transtibial amputees with great success under non weight bearing conditions (Au, Bonato, & 

Herr, 2005; Ha, Varol, & Goldfarb, 2010). However, these control laws have not been evaluated 

during stance based locomotion tasks and are not designed or expected to continue to allow 

volitional control under these circumstances.  

 Proportional control has seen the least advancement for lower limb amputees. 

Proportional control relates the magnitude of the linear envelope EMG signal to torque, angle, or 

angular velocity of the prosthetic joint. Though successful for upper limb amputees (Oskoei & 

Hu, 2007), the difference in the EMG signals between lower limb amputee and healthy subjects 

(i.e. co-contraction and functional adaptations, see Sections 2.1.2 and 2.2.2) as well as the 

baseline muscle activations required by the lower limb during stance that is not observed for 

upper limb amputees make proportional control difficult for use in lower limb amputee 
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populations. Additionally, proportional control implies direct movement of the prosthetic 

according to increases in EMG muscular contraction. These changes could result in instability 

concerns for the lower limb amputee as well as require considerable power to actuate.  

 Modal control has seen the most promising use of myoelectric control of passive 

prosthetic devices during normal ambulation. The focus of modal control is to classify the 

motion intent of an amputee into a finite number of classes such as level ground walking, stair 

ascent/descent, ramp ascent/decent, and turning, among other possibilities. As previously stated 

in Section 2.2.1, the normal function of the knee and ankle vary significantly under these 

different modalities. Proper detection of these modes allows the passive prosthetic system to 

modulate its response in real time as the amputee transitions between these modes. Typical mode 

selection compresses the EMG signals into a finite number of features which represent the level 

of signal activation. These features along with additional inputs are used by machine learning 

algorithms to classify the amputee’s modal intent. The prosthetic then responds accordingly.  

 Limited myoelectric modal control algorithms have been developed for transtibial 

amputees. Au et al. 2008 developed a transtibial prosthetic system that allowed selection 

between two ankle position modes. Modes were selected in order to allow the amputee to either 

enter heel strike in the neural ankle angle orientation (angle angle = 0
o
) or plantar flexed 

orientation (angle angle = -20
o
), the latter of which is useful when descending stairs. Mode 

switching was generated by measuring EMG signals from the residual limb tibialis anterior, 

medial gastrocnemius, and lateral gastrocnemius. The variance of these signals over 100 ms 

windows were utilized in a feed forward neural network. Training of the network was completed 

through virtual visual feedback to the amputee subject as the subject attempted to independently 

contract either the gastrocnemius muscle group to signal plantar flexion or the tibialis anterior to 

signal the neutral position. The effectiveness of ankle angle mode switching was evaluated in a 

clinical trial. The amputee subject was required to consciously contract either muscle group 

during the swing phase of gait in order to change modes. The initial study showed that the 

amputee was able to choose the desired ankle angle at heel strike based solely on EMG signal 

inputs. However, the need for conscious activation of the residual limb muscle in this 

myoelectric algorithm is undesirable compared to a system that intuitively adapts based on the 

natural changes in EMG signals. Additionally, mode switching is only allowed between two 

modes. The ankle angle could be further adjusted at heel strike and the response of the ankle 
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through the following stance phase could be better tailored to terrain if additional modes were 

available.  

 A wider range of mode predicting has been completed for transfemoral amputees. The 

apparent focus on transfemoral amputees may be a result of the more dramatic changes in the 

knee systems for different modes when compared to the ankle. Huang et al 2009 and 2011 

presented classification of transfemoral amputee signal into a wide range of modalities including 

level ground walking, stair ascent/descent, ramp ascent/descent, obstacle crossing, as well as two 

different forms of turning. In the original algorithm, modes were selected separately for two 

distinct events within gait: heel strike and toe-off from EMG signals collected at varying window 

lengths around the transition points. EMG signals from a wide range of muscles were recorded 

including the gluteus maximus, gluteus medius, sartorius, rectus femoris, vastus lateralis, vastus 

medialis, gracilis, biceps femoris long and short heads, and semitendinosus from which a wide 

range of features were extracted including the mean absolute value, number of zero crossings, 

waveform length, number of slope sign changes, as well as the coefficients of a 3
rd

 order auto 

regression. A separate linear discriminate analysis model for each phase of gait was used to 

classify the different modes based on the feature set.  Classification errors for this model ranged 

from 0-45% (Huang, Kuiken, & Lipschutz, 2009) and depended on the phase of gait and type of 

mode being classified. Higher classification errors were observed for turning modalities and 

during the weight acceptance phase of gait.  

 A revised algorithm (Huang, Zhang, Hargrove, Dou, Rogers, & Englehart, 2011) was 

later presented that provided continuous classification of modalities. In addition to EMG signals, 

a six axis load cell was implanted in the pylon of the prosthetic between the artificial ankle and 

knee to measure 3 dimensional force and moment data. Time series data were segmented into 

150 ms sub windows which were incremented at 12 ms. Simpler EMG features were calculated 

over each window from each muscle: mean absolute value, waveform length, number of zero 

crossings, and number of slope sign changes. The maximum, minimum, and mean values from 

each kinetic measurement were also calculated from each window. Linear discriminant analysis 

and support vector machines with a radial basis function kernel were used to classify the mode of 

each segment based on the separate and combined EMG and kinetic features. Similar to the 

original algorithm, classification schemes were separated based on the phase of gait. Mean 

classification accuracies for this algorithm of steady gait cycles were in excess of 90% when 
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using EMG and kinetic features separately. Fusing the EMG and kinetic features in classification 

further increased the accuracy of classification. The support vector machine classification was 

observed to have higher classification accuracy with accuracy increase ranging from 1.5% - 

5.9%. In addition, the classifier allowed for predictive classification of mode by detecting 

changes in the EMG and kinetic features of the amputee subject prior to the transition. When 

using support vector machines, fused data were capable of predicting all transitions for all 5 

subjects (75 transition/subject) prior to the gait cycle where the new mode was observed. The 

predictive ability of the algorithm varied depending on the mode transition, but occurred between 

200 to 600 ms before the new gait cycle which allows ample time for the prosthetic to switch 

functionalities.  

2.4.5 Practical Considerations 

Use of myoelectric control for the lower limb prosthetic has potentially more risk in 

application than upper limb applications. A misclassification could result in serious stability 

concerns for the already unstable lower limb amputee due to changes the prosthetic system 

would have to undergo in order to mimic healthy ankle function. Such stability concerns could 

lead to tripping which, depending on the health of the patient, could result in injury especially 

when performing a complex task such as ascending or descending stairs. As a result, in order for 

a myoelectric classifier to be useful in real world applications, the classifier must be near perfect 

in classification. Ideally, there would be a fail-safe in place in the event of a misclassification to 

either help stabilize the amputee or detect the potential for misclassification.  

 The observed variability of EMG signals is concerning for myoelectric control laws 

regardless of the application. Variability in EMG signals can be observed both within and 

between subjects. Intra subject variability in signals can result in misclassifications of the signal 

which results in decreased accuracy. The variability of EMG signals can either be the result of 

signal disturbances or changes in the way the amputee approaches different modalities. In order 

to overcome these concerns with amputee EMG signals, the model myoelectric controller would 

ideally allow for adaptive learning in order to adjust to changes in the amputee’s walking pattern. 

Adaptive learning could also be used to overcome the sudden onset of poor classification 

accuracy from a signal disturbance.  
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 Inter subject variability also provides interesting challenges. Since EMG signals can 

differ from subject to subject, the myoelectric classifier must be amputee specific in order to 

ensure the desired level of accuracy. When using a myoelectric classifier in real world situations 

the classifier must be trained to recognize each subject’s EMG signals accordingly. Continuous 

training of machine learning algorithms is computationally demanding and requires information 

about the terrain the amputee is navigating. On the surface level this results in the circular logic 

of the need to detect terrain changes in order to train a myoelectric classifier designed to detect 

terrain changes.  

 An additional requirement is that the classifier should allow the prosthetic foot to behave 

similarly regardless of whether it is negotiating a terrain in a consistent mode or whether the 

amputee is transitioning between two different modes. Transient EMG signals between two 

modes may not be representative of EMG signals during consistent terrain locomotion. As a 

result, the most likely location for misclassifications will be during these transitions.  
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Chapter 3. METHODOLOGY 

The first step towards the development of a myoelectric control algorithm is to collect 

and analyze EMG and IMU signals from a sample of the non-amputee and amputee population. 

These signals will be used to determine the capabilities of a myoelectric classifier (See Chapter 

4). Such a collection requires an experimental set up that is compatible for use with both 

amputee and non-amputee populations. Specifically, for amputees, it requires recording EMG 

signals from within their socket for two muscle groups. These signals will be collected over a 

wide variety of walking modes.  

3.1 SUBJECT RECRUITMENT 

Research subjects were recruited from the healthy non-amputee and transtibial amputee 

populations. Potential subjects were excluded if they met the following criteria: 1) amputee 

subjects were congenital amputees 2) subjects were suffering from neuromuscular disorders and 

3) subjects that were not healthy enough or considered active enough to complete the procedure. 

Congenital amputees (as opposed to traumatic amputees) were excluded due to lack of 

development in their residual limb and the resulting limited ability to record EMG signals. The 

institutional review board approved the protocol and informed consent was received from each 

subject prior to testing. 

3.2 MEASUREMENT SYSTEM 

In order to simulate the conditions that would be observed outside of the lab, a portable 

experimental set up was required that allowed for full range of lower limb motion and did not 

affect the gait of subjects. A schematic of the data collection system can be seen in Figure 3-1. 

The primary goal of collection was to record EMG signals from lower limb muscles during the 

selected modes. In order to use these signals, the timing of relevant gait events was needed to 

later separate the signals into distinct gait cycles. A Telemyo DTS wireless EMG system 

(Noraxon, Scottsdale, AZ) in a bipolar single differentiation configuration was used. Surface 

electrodes were placed on the skin and connected through short leads to a local transmitter. For 

this experiment, the electrodes were passive. For distal muscle groups (below the knee) low 

profile Ambu NF-50-K/US neonatal electrodes (Glen Burnie, Maryland) were used to allow for 

placement in the prosthetic socket between the residual limb and gel liner when the subject was 
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Figure 3-1. Experiment measurement system schematic 

an amputee. This low profile configuration increased patient comfort and provided a realistic 

means of including EMG sensing in current prosthetic assemblies. For muscle groups above the 

knee, Noraxon Single Electrodes #272 (Scottdale, AZ) were used. These electrodes had a higher 

profile with a thickness of 1.5 cm, but since the skin surface at this point was superior to the 

prosthetic socket, the profile of the electrode did not affect the comfort of the amputee patients. 

Identical electrodes were used for non-amputee subjects for consistency.  

All electrodes were wire connected to a local transmitter. The local transmitter recorded 

the signal at 1500 Hz, amplified it by 100 dB, and routed the signal through a blue tooth 

connection to a Telemyo DTS Telemetry global transmitter the subject wore either around the 

waist or over the shoulder based on the subject’s preference. This global transmitter then routed 

the time-synchronized signals  to a Telemyo 2400 T G2 PC interface which connected to a laptop 

computer through a USB connection. Myoresearcher XP Master Edition software v1.07 

(Noraxon, Scottsdale, AZ) was then used to view and record the signals in real time.  

In addition to EMG signals, Noraxon Force Resistive Sensors (FRS) #FRS1 (Scottsdale, 

AZ) were used as foot switches on both feet and transmitted wireless through the Telemyo 
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system. Foot switches were placed on the surface of the heel directly inferior to the bony surface 

of the calcaneus and the first metatarsophalangeal joint on the plantar surface of the foot. These 

foot switches produce voltage signals when force on the sensors exceeds an adjustable tolerance 

and allow for marking periods of gait where either the heel or toe sections of the foot are in 

contact with the ground. With this information, it is possible to separate each gait cycle into four 

relevant phases: weight acceptance, stance, pre-toe off, and swing.  

The secondary goal for each collection was to record inertial measurements of the lower 

limb segments simultaneous to the EMG and footswitch sensors. These inertial measurements 

were taken to assess whether they could aid in mode classifications based on the previously 

reported benefits of multi-sensor fusion for myoelectric classification (See Section 2.4.4). The 

commercial Biosyn system (FAB, Burnaby, BC) was utilized for these measurements. The small 

sensor boxes were placed on the predominant segments of the lower limb: right/left shank, 

right/left thigh, and pelvis. Each of these sensor boxes housed a three dimensional accelerometer 

and rate gyroscope. The raw measurements from each sensor were captured at 25 Hz through the 

Biosyn receiver which stored these signals based on a USB laptop connection.  

With the use of both EMG and IMU measurements it was necessary to generate a 

synchronizing signal that could simultaneously start both systems and ensure that the time 

markings of each system were identical. This signal was generated by the Biosyn system when 

each test was started. This signal was then transmitted wirelessly using the Noraxon Wireless 

Sync Transmitter #232B (Scottsdale, AZ). The global transmitter received the sync signal and 

then sent it to the laptop recording system which triggered the Myoresearcher software to begin 

recording. Using such a connection allowed the start of EMG data collection to be within 7 ms of 

the Biosyn IMU system. 

3.3 EXPERIMENTAL PROTOCOL 

A protocol was developed that allowed for the consistent collection of myoelectric and 

inertial signals from both amputee and non-amputee subjects. In order to test a myoelectric 

control law’s ability to distinguish between these signals over a variety of walking modes (level 

ground of varying speeds: self selected, slow, and fast, stair ascent/descent, and ramp 

ascent/descent) each subject completed a research protocol that allowed for similar signals to be 

collected from each subject while completing these modalities. 
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Table 3-1. Selected muscles for EMG collection and electrode placement, as described in 

Delagi et al. (1975). 

Muscle (channel) Electrode Placement 

Tibialis Anterior (1) 4 fingers inferior to tibial tuberosity 

1 finger lateral 

 

Tibialis Anterior (2) Directly proximal to Tibialis Anterior (1) along muscle body 

 

 

Medial Gastrocnemius (1) 1 hand inferior to popliteal fossa 

Medial aspect of shank, angled with muscle fibers 

 

Medial Gastrocnemius (2) Directlly proximal/lateral to Medial Gastrocnemius (1) 

 

 

Vastus Lateralis (1) 1 hand superior to patella (knee extended) 

Lateral aspect of thigh (muscle visable) 

 

Vastus Lateralis (2) Directly distal to Vastus Lateralis (1) along muscle body 

 

 

Biceps Femoris (1) Midpoint of ischial tuberosity and fibular head while prone 

Placement was adjusted tactically 

 

Biceps Femoris (2) Directly distal to Biceps Femoris (1) along muscle body 

 

 

 

3.3.1 EMG and General Sensor Placement  

Four lower-limb muscles were selected from which to record EMG signals based on 

relatively distal placement of electrodes, role in knee actuation, and presence in both non-

amputee and transtibial amputee populations. These muscles included the tibialis anterior (TA), 

medial gastrocnemius (MG), vastus lateralis (VL), and bicep femoris (BF). Signals from these 

muscles were collected bilaterally for control and amputee subjects. Placement of EMG sensors 

was consistent with recommendations outlined in the “Anatomic Guide for the 

Electromyographer” (Delagi, Perotto, Iazzetti, & Morrison, 1975) , summarized in Table 3-1 and 

pictured in Figure 3-2. Slight adaptations of placement were at times necessary for amputee 

subjects due to abnormalities in musculature of transected muscles. When EMG signal was 

abnormal or weak for amputees at the outlined location, electrodes were shifted slightly based on 

tactile observations while the amputee flexed the affected muscles. 
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Figure 3-2. EMG electrode placements for the (a) Tibialis Anterior (amputee), (b) Tibialis 

Anterior (control), (c) Medial Gastrocnemius (amputee), (d) Medial Gastrocnemius (control), (e) 

Vastus Lateralis, and (f) Biceps Femoris. 

 (a) (b) (c) 

 (d) (e) (f) 

Prior to placement, the skin surface was shaved of hair and cleaned with alcohol wipes in 

order to reduce the noise in the signal. Amputee residual limbs were not shaved due to the risk of 

ingrown hairs and skin irritation. Two EMG channels were collected from each muscle in order 

to observe changes in signal content when electrode locations are shifted. Due to the limited 

number of channels in the collection system, only a single channel of EMG signal was recorded 

on the thigh muscles (Vastus Lateralis and Biceps Femoris) on the sound limb for amputee 

subjects and the left limb for non-amputee subjects. For some amputee subjects, there was not 

enough surface area on the residual limb on the amputated side to record two quality signals 

from either the tibialis anterior or the medial gastrocnemius. When this was observed to be the 

case, only a single EMG signal was recorded. The “first” channel of each collection was the 
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Figure 3-3. Placement of Telemyo local transmitters of EMG sensors from the (a) non-

amputee anterior and (b) non-amputee posterior 

 (a) (b) 

primary EMG channel and the “second” channel was used to simulate a disturbance in the EMG 

signal that would be observed by a significant shift in electrode placement.  

The ground electrode for the EMG signals was on the inner surface of the local 

transmitters for each channel. This required the transmitters to be in contact with the skin of each 

subject in order to record properly. Transmitter boxes for the thigh muscle EMG signals were 

placed on the lateral aspect of the thigh and transmitters for the shank muscles were placed on 

the anterior aspect of the thigh. Transmitter boxes were similarly placed for both amputee and 

control subjects. Both placements can be observed in Figure 3-3. No transmitter boxes were 

placed on the shank as this section is covered for amputee subjects. Wired connections allowed 

for transmission of signals from shank electrodes to transmitters on the thigh. The wires were 

grouped and immobilized against the surface of the skin in order to reduce noise from motion 

artifact. These wires did not affect the subject’s ability to fully bend the knee. Transmitter boxes 

were anchored to the subject using STIK IT GL-2 skin adherent produced by Gordon 

Laboratories (Upper Darby, PA). Similarly, wired connections were secured to the thigh using 

medical tape in order to reduce the motion of the cables and reduce potential motion artifact.  

Biosyn IMUs were placed on the lateral aspect of the shank and thigh for each limb. The 

placement of the IMUs were relatively distal on each limb segment and incompliance with the 

manufacturer’s specifications. An additional IMU was placed on the lower back at the level of 
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Figure 3-4. Final placement of all sensors on control subject from the (a) anterior and (b) 

posterior and amputee subject from the (c) anterior and (d) posterior.  

 

 (a) (b) 

 (c) (d) 

lumbar vertebrae 1 and 2. These five IMU were cabable of capturing the kinematics of the major 

segments of the lower limb. Biosyn IMU placement can be observed in Figure 3-4 . 

3.3.2 Experimental Course and Data Collections 

After placement of electrodes and IMUs, maximum voluntary contraction (MVC) 

measurements were recorded from each subject. The measurements were used to verify 

significant signal from the EMG electrodes and are meant to provide an indication of the 

expected magnitude of the signal during collection. For the thigh muscles, MVCs were collected 

as the subject sat in the seated position on a surface that didn’t allow the feet to touch the ground. 
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Depending on the muscle group, the subject either tried to bend (biceps femoris) or extend 

(vastus lateralis) their knee against resistance provided by one of the experimenters placing 

his/her hand on the anterior or poster aspect of the shank. For the shank muscles, subjects 

remained in the seated position and were told to either plantar flex or dorsiflex their foot with 

resistance provided as necessary. Amputee subjects were told to imagine flexing their phantom 

foot on the amputated side in order to get similar measurements.    

During the experiment, both non-amputee and amputee subjects performed identical 

tasks. Each collection was initiated in a straight hallway outside of the lab with several level 

ground walking trials which were completed at three different walking speeds: self selected, 

slow, and fast. The speed of level ground walking was selected by the subject based on 

instructions provided prior to the experiment. Instructions included the use of either self selected, 

slow, or fast to describe the speed as well as a brief description of how the speed should feel (i.e. 

running late for a meeting, relaxed window shopping, etc.). In order to provide rough 

quantification of walking speed, the distance of level ground walking was recorded with a 

measuring tape placed along the direction of travel and the time duration of walking was 

recorded using a stop watch. These measurements were used to show that the subject was 

adjusting walking speed based on the instructions provided. For each level ground trial, data for 

at least eight gait cycles per limb were collected. Self selected walking speed tests were 

completed for five trials followed by two slow walking trials and two additional fast walking 

trails.  

Following level ground walking, the subject was instructed to complete stair 

ascent/descent and ramp ascent/descent trials. Each stair and ramp trial was initiated and 

terminated with level ground walking in order to observe the transition cycles leading into the 

different modalities and transitioning back to level ground walking. For these trials, the subject 

began from the standing positions, completed 5 gait cycles of normal level ground walking, 

transitioned and completed the selected mode (ramp or stair), and transitioned back into level 

ground walking for at least five gait cycles before terminating gait. This procedure was identical 

for stair and ramp trials, with the exception of the stair ascent to level ground and level ground to 

stair descent transitions which only included three gait cycles of level ground walking based on 

space restrictions. Each of the possible transitions from level ground to either stair or ramp 

modes were initiated with both the left and right limbs for non-amputee and amputee subjects. 
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Figure 3-5. Modal course schematic 

Three trials per transition leading limb were completed for each possible mode (stair 

ascent/descent and ramp ascent/descent) providing six trials for each modality. Collections for 

stair and ramp modalities were recorded in separate parts of the experiment while alternating 

between either stair/ramp ascent and stair/ramp descent. For each trial, four or five gait cycles 

(depending on the leading limb)  were collected for stair ascent/descent modality and nine to ten 

gait cycles were collected for ramp ascent/descent modalities. In addition, each mode trial 

contained two example gait cycles of transitions between level ground and either stair or ramp 

modality or vice versa.  

Both stairs and ramp surfaces were standard. For stair trials each stair was 6.5 in. high 

and 11 in. long. A total of eleven stairs were completed for each trial both when ascending and 

descending. Stairs did include handrails which both subject populations were allowed to use if 

they were determined to be necessary for safe completion or was typical behavior for the subject. 

For ramp trials, the ramp terrain consisted of two ramp surfaces separated by a short (5 ft.) level 

ground section. Each ramp was between 21 ft. and 24 ft. in length and was sloped at 

approximately 5 deg from horizontal. Gait cycles occurring on the level ground section between 

the two ramps were not used in any part of the analysis.  

Following individual stair/ramp data collections, subjects completed a mode “course” 

which consisted of level ground walking, ramp, and stair terrains within close proximity. Stair 
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and ramp features during this mode course were similar to previous surfaces. The general path of 

the modal course can be seen in Figure 3-5.  Each subject completed the mode course in both 

directions to capture all modalities previously tested. No instructions were given that would 

influence how the subject approached the course with the exception that subjects were told to 

take a wide turn when over the far level ground surface. This provided a realistic experiment that 

captured the subject’s nature style of ambulation. Two trials were completed for each direction 

of the course.  

3.4 SIGNAL PROCESSING 

In an effort to develop an efficient myoelectric controller, it is desirable to use minimal 

signal processing steps in order to reduce the computational requirements and maintain a quick 

response time. The majority of signals taken are raw signals with only the necessary filtering to 

reduce motion artifact and noise in the signal. 

With current methods utilizing a wireless EMG transmitting system as well as efforts to 

attach necessary wiring to the subject, the motion artifact was minimized. This removed the 

necessity for increasing the low pass filter above the recommended 20 Hz. The sole signal 

processing was a 4
th

 order Butterworth band-pass filter between 20 and 500 Hz for EMG signals. 

The Telemyo system (Noraxon, Scottsdale, AZ) completed a 500 Hz low pass filter during 

collection and a 20 Hz high pass filter was completed during post processing in Matlab.  

Inertial signals were recorded at 25 Hz. To reduce high frequency signal contact, these 

signals were low pass filtered with an 8 Hz cutoff frequency using a 4
th

 order Butterworth filter. 

Filtering was completed as part of post processing in Matlab.  

3.5 SUMMARY 

A wireless recording system was created that allowed for myoelectric and inertial 

measurements of gait during a variety of different walking modes and within the real world 

environment. This system allowed for identical and safe use for both amputee and  non-amputee 

subjects. Signals were recorded over a variety of different walking modes (level ground: self 

selected, slow and fast walking speeds, stair ascent/descent, and ramp ascent/descent).  

Collection over these modes provided a data set that included a vast range of myoelectric and 

inertial data from motions that would occur during normal walking. Minimal signal processing 
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was performed for both EMG and IMU measurements to reduce the computational cost of any 

classifier that is designed.   
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Table 4-1. Test subject demographics and statistics 

Subject Demographic  Control Subjects (n=5)  Amputee Subjects (n=5)  

Age (years)  28.8 ± 5.40 39.2 ± 16.0 

Height (cm)  174 ± 4.3 173 ± 3.0 

Weight (kg)  78.9 ± 15.7 78.0 ± 5.1 

Sex (F:M)  1:4 0:5 

Dom/ Pros Limb (L:R)  0:5 3:2 

   

   

 

Chapter 4. MYOELECTRIC CLASSIFICATION AND PREDICTION 

The myoelectric and inertial signals collected for both non-amputees and transtibial 

amputees were used to classify different walking modalities. Classification was designed to not 

only detect the current walking mode, but also to predict transitions between walking modes to 

allow for fluid adaptation of the prosthetic over different terrains. In addition to demonstrating 

the ability to make classification, the practicality of a myoelectric controller was evaluated 

within the limitations of the current data set. Specifically, a myoelectric classifier must be robust 

in response to potential EMG signal disturbances to not result in spontaneous misclassification 

during use. The effects of the most predominant and expectable disturbance (electrode shifting) 

were evaluated. A myoelectric classifier must also have a degree of generalizability among 

subjects. If generalizability of classification exists, it will allow for more intuitive use as part of a 

prosthetic system as the classifier will be able to begin making classifications for each subject 

from initial electrode placement as opposed to requiring time consuming training before 

classification can be functional.  

4.1 RESEARCH SUBJECTS 

The experimental procedure was completed on five subjects from each population group. 

For amputee subjects, four amputees were traumatic amputees and a single subject required 

amputation as a result of complications with diabetes (amputee subject 04). All subjects had 

normal walking patterns and were free from mobility issues with the exception of amputee 

subject 05. It was observed prior to experimentation that this particular subject was unable to 

plantar flex his sound side limb foot due to a subtalar fusion as a result of a previous injury. It 

was decided prior to testing that this would not affect myoelectric signals on the amputated side 

and as it did not affect the patient’s ability to complete all walking modes experienced in the 



41 

 

 

Figure 4-1. EMG and IMU sub-window definitions (HS – Heel Strike, TO- Toe Off) 

experiment, should not result in exclusion from experiment. A summary of test subject 

demographics is presented in Table 4-1. No subjects were excluded because of gender, height, 

weight, or other non relevant physical characteristics.  

4.2 FEATURE EXTRACTION 

Heel strike (HS) and toe off (TO) events were identified by initial and final foot contact 

based on footswitch data. These events were used as reference points when defining sub-

windows of the gait cycle over which classification would occur. Unlike in previous lower limb 

myoelectric control algorithms, windowing definitions are set up to include signals from the 

entire gait cycle. Current myoelectric algorithms capture a short window of the signal which 

provides limited information to the classifier. Misclassifications with this existing method are 

overcome through use of majority voting and other post decision algorithms in addition to 

classification. Defining fewer windows over each gait cycle will reduce the computational cost 

of classification and training as compared to current continuous classifiers (See Section 2.4.4). 

Myoelectric data were segmented into three sub-windows: EMG1(from HS to HS + 200 

ms), EMG2 (from TO-300 ms to TO), and EMG3 (from TO to TO+100 ms), Figure 4-1. The 

inertial data sub-window ranged from HS to TO. The longer window for IMU features was due 

to the low sampling rate of the inertial signals in order to ensure that enough data points were 

present to allow for stable and consistent features. Windows definitions and HS/TO reference 
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Figure 4-2. Gait cycle subset from data collection to be included in classification 

points were identical for all walking modalities. Features from each sub-window were extracted 

to be used for classification based on definitions from literature. For myoelectric signals, these 

features included the mean absolute value (MAV), root mean square (RMS), wavelength 

(WAVL), Number of zero crossings (NZero), Number of slope sign changes (NSlope), and 6
th

 

order auto regressive coefficients (ARCs) model. Features from inertial signals included the 

MAV, RMS, and WAL in addition to the max and min of the signal over each window. More 

information about these features can be observed in Section 2.4.2. The total number of features 

was 44 (4 muscles x 11 features/channel) and 30 (6 IMU signals x 5 features/signal) for each 

EMG and IMU window, respectively. 

4.3  WALKING MODE CLASSIFICATIONS 

It is desired that mode classification could be used as part of an active prosthetic system 

in order to adjust the response of the ankle foot prosthetic for different styles of walking. In order 

to test the ability of machine learning algorithms to distinguish between different modes solely 

on the features extracted from EMG signals, several trials of EMG patterns from the data 

collection were used as examples of different walking modes. The current classifier attempted to 

make distinctions between level ground walking at three speeds: self selected (SSW), slow 

(SLW), and fast (FTW), stair ascent/descent (SUP/SDW), and ramp ascent/descent (RUP/RDW). 

The experimental procedure and different trials were previously outlined (See Section 3.3.2). 

From these collections, a subset of example gait cycles for each mode was extracted. The 

different data subsets and amount of gait cycles used per trial are presented in Figure 4-2. 

When testing a classifier, it is desired to collect data relating to different classes in a 

random sequence to reduce the potential that classification accuracy is artificially inflated due to 
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(a) 

 

 
(b) 

Figure 4-3. Average walking speed at each instructed speed for (a) amputee subjects and (b) 

non-amputee subjects 
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the classifier detecting changes to features in time as opposed to between different classes. Since 

the data collection for this experiment was taken on examples of each mode within the real world 

in separate locations, randomizing the different mode trials was not possible. However, “modal” 

trials were collected over a surface where all five modes were present (level ground, SUP/SDW, 
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and RUP/RDW) at the end of each collection (See Section 3.3.2). Examples of stair 

ascent/descent and ramp ascent/descent gait cycles from the modal trials in addition to the 

examples from stair and ramp trials were used to observe if classification was affected by the 

time of collection. It is believed that if a classifier is equally capable to classify modes at 

different times, time domain changes in the signal are not being used to make separations 

between different modes.  

For each level ground walking speed trial, subjects were instructed to walk at one of three 

different speeds. Estimates of the average speed of each level ground walking trial were 

collected by recording the distance traveled and time of each trial to insure that subjects were 

modifying their walking speed as desired. In order to realistically expect a classifier to make 

separations between each speed, significant differences between each instructed speed must be 

observed for all subjects. As can be seen in Figure 4-3, though the subject’s speed at each 

instruction varied, each subject can be observed to have individual modification of walking 

speed when changing from self selected to slow, and to fast. In general, the variance of walking 

speed between similarly grouped trials appears insignificant, showing the consistency of each 

subject’s selected speed based on the instruction.  

 

4.3.1 Mode Detection 

The ability of a classifier to separate between the different modes and level ground 

walking speeds was first assessed using subject-specific classifiers. For subject-specific 

classification, a separate classifier is developed for each subject and does not use data from any 

of the other subjects in the study. Both Linear Discriminant Analysis (LDA) and Support Vector 

Machines (SVM) were used in classification. Both machine learning algorithms were executed in 

the Matlab v10.7.0 environment using a combination of custom coding and built in functions.  

When using SVM, a linear kernel was used for all classifications. Other kernels were explored as 

part of a preliminary assessment, but were repeatedly observed to present poor classifications 

(data not shown). Sequential minimum optimization (SMO) and the one-against-one (OAO) 

multiclass algorithms were used based on previous successes in literature (See Section 2.3.2). 

Features from all three EMG sub-windows (EMG1, EMG2, and EMG3) were combined towards 

classification (See Figure 4-1). 
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Table 4-2. Comparison of classifier accuracy for both LDA and SVM using features sets that 

either include or exclude auto regressive coefficients 

 

Amputee Subjects  LDA  SVM  

EMG features (include ARCs) 96.7% (± 1.22)  97.7% (± 1.66)  

EMG features (exclude ARCs)  97.9% (± 0.22)  97.9% (± 1.39)  

 

Non-amputee Subjects  LDA  SVM  

EMG features (include ARCs) 91.6% (± 4.92)  95.7% (± 3.22)  

EMG features (exclude ARCs)  93.3% (± 2.62)  94.7% (± 2.82)  

 

In order to evaluate the accuracy of classification for each subject with the finite data set 

available, a k-fold cross validation assessment was utilized (See Section 2.3.3). The available 

data were separated on a “leave one trial out” k-fold scheme. The only exception was that all 

modal trials were grouped together as a single fold since fewer gait cycles from the modal trials 

were used as compared to other trials. The total number of folds was 32 (5 SSW, 2 SLW, 2 

FTW, 6 SUP, 6 SDW, 6 RUP, 6 RDW, 1 modal). For each fold a single trial was removed from 

the training set and set aside as the test set. The trained classifier was then used to classify the 

removed trial. The resulting classification for each test set after all iterations were complete was 

used to define the total accuracy of each classifier for each subject. K-fold methods were used in 

order to predict how the classifier will respond in a real world situation where only a finite set of 

data is provided and the classifier is then used to classify data sets that were not provided as part 

of the original training. 

Of the EMG features used in detection, the auto regressive coefficients are the most 

computationally demanding to compute (See Section 2.4.2). Reducing the computational 

requirements of any classifier will improve the likelihood of its use in real world applications. 

Classification through both classifiers was performed using both a full feature set: mean absolute 

value (MAV), variance (VAR), wavelength (WAVL), number of zero crossings (NZero), 

number of slope sign changes (NSlope), and 6
th

 order auto regressive coefficients (ARCs) as well 

as a limited feature set which included all the features with the exception of the ARCs. 

Classification without ARCs was tested as ARCs are the most computationally expensive feature 

to calculate. Classification accuracy averages and standard deviations were calculated for each 

individual subject using the k-fold methods. The overall classification accuracy for all seven 

classes (SSW, SLW, FTW, RUP, SUP, RDW, SDW) is presented in  
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(a)                                                              (b)     

 

 
(c)                                                              (d) 

Figure 4-4. Combined confusion matrix for all amputee (LDA – (a), SVM – (c)) and non-amputee 

(LDA – (b), SVM – (d)) subjects for modal detection.  
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Table 4-2. As can be observed, the benefits of including ARCs for classification was 

limited or a negative result. ARCs were removed from the feature set as a result.  

For control subjects, a slight increase in classification accuracy can be observed when 

using SVM as opposed to LDA (94.7% (± 2.82) compared to 93.3% (± 2.62), respectively). 

Alternatively, for amputee subjects this trend is not observed with classification accuracies of 

97.9% (± 0.22) and 97.9% (± 1.39) observed for LDA and SVM, respectively. In order to better 

understand which modes are being misclassified, the confusion matrix which displays the 
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predicted mode relative to the actual mode for both amputee and control subjects using LDA and 

SVM is presented in Figure 4-4.  

It can be observed that the worst classification accuracy regardless of the subject 

population or classification method is between the different level ground walking speeds. Even 

though several misclassifications are associated with speed, the misclassifications of one speed 

are typically incorrectly classified as one of the other two remaining speeds. These speed 

classifications are part of the larger level ground classification.  

The summary of total misclassifications as well as the percentage of misclassifications 

relative to the total number of gait cycles is presented in Figure 4-4. This count highlights the 

large number of misclassifications associated with misclassifications between walking speed 

which was observed across different subject populations and for both classifiers. For amputee 

subjects, the accuracy of speed classification was 91.9% (± 14.1) and 91.5% (± 8.43) when using 

LDA and SVM, respectively. The next largest group of misclassifications was observed for 

misclassifications between level ground walking and either ramp ascent or ramp descent. Also, 

the number of misclassifications confusing ramp ascent and ramp descent is of a similar 

magnitude. In general, misclassification of stair ascent/descent against other modalities was very 

low for both amputee and non-amputee subject populations. Classification between the five 

major classes (level ground, RUP/RDW, and SUP/SDW) resulted in a reasonable classification 

accuracy of 98.5% (± 0.30) and 98.2% (± 0.71) for amputee subjects when using LDA and SVM, 

respectively.  

4.3.2 Mode Prediction 

In mode detection, the classifier is distinguishing between individual modes based on 

EMG and/or IMU (See Section 4.4) data collected while the prosthetic of the amputee is 

experiencing that mode. Even with accurate mode detection, the function of a prosthetic system 

will not necessarily be able to adapt to changing modes since by definition, detection of mode 

occurs after the mode has already been completed. Use of solely mode detection would result in 

a one gait cycle delay before adaptation. In order to allow for a smooth transition between 

different modes, the ideal classifier must also be able to detect changes in the EMG features 

before the transition occurs which is referred to here as ‘mode prediction’. It is desired that 
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Figure 4-5. Redefinition of modes into other (OTR), stair ascent (SUP), stair descent (SDW) 

and transition modes (Trans1-4) from the previous data to specifically predict stair modality

  
prediction occur with enough time before the mode switch in order to allow the responsive 

prosthetic mechanisms enough time to adjust to the new modality.  

The most critical transition to predict is when transitioning from level ground walking to 

either stair ascent or stair descent. For all the other modes explored in this effort, initial foot 

contact is made on the heel. The foot then follows a similar pattern with slight adjustments for all 

level ground walking speeds and ramp ascent/descent. However, for both stair ascent and 

descent, initial foot contact after the swing phase tends to be on the ball of the foot and the 

response of the healthy ankle is adjusted much more than for other modalities. As a result, the 

primary focus of mode prediction was detecting transitions leading into the stair modalities and 

transitioning back to level ground. 

To evaluate the potential for mode prediction when transitioning between other 

modalities and into/out of stairs, the transition gait cycles from the data collection were included 

into the classification. Transition gait cycles were defined as gait cycles where the foot changed 

from one type of mode surface to another during the swing phase of gait. The stance phase of 

gait before this swing phase and the transition swing phase were grouped together as the 

transition gait cycle. Accordingly, a new definition of classes is presented in Figure 4-5. The new 

definition includes the transition cycles into and out of each modality from the stair trials during 

experimentation in addition to the previous data set. The other (OTR) mode under this new 

definition includes all modalities that were not either transitions into a stair mode or a stair mode. 

The ramp ascent and ramp descent modes in addition to level ground walking are included in 
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Figure 4-6. Finite state machine for switching between modalities when predicting 

transitions between level ground and stair surfaces 

 

order to show that not only is the classifier capable of detecting transitions into stair modes from 

level ground gait cycles, but also able to separate a wide range of normal gait cycles that are 

experienced during every day walking including a wide range of speed and ramp modes from 

transitions into stairs.  

Three different classifiers were trained in order to detect transitions. The classifier 

separations are defined in Figure 4-5 by the colored square separations. The first classification 

includes separation between all OTR modes and transitions into either stair ascent or stair 

descent. The other two classifications include distinguishing between stair ascent/descent and a 

transition into level ground walking. The idea behind these classifications is that they would be 

used as part of a finite state machine mode switching algorithm in order to predict changes 

between level ground walking and stair modes (See Figure 4-6). When an amputee walks 

normally at any speed or over ramp surfaces, the classifier identifies the class as an OTR mode. 

During the transition gait cycle, the classifier then detects the transition as either a Trans1 or a 

Trans2 classification which would allow the prosthetic controller to switch into either stair ascent 

or stair descent, respectively. The amputee would then complete the stair mode and a new 

classifier would continue to identify the current mode as a stair mode until the gait cycle that 

transitions back into level ground walking. The separate classifier would then either identify the 

gait cycle as a Trans3 or Trans4 classification which would signal to the prosthetic controller that 

it must switch back into the level ground state.  

Two different types of transition cycles are identified: lead and follow transitions. Lead 

transitions are defined as the transitions when the prosthetic limb transitions from one mode to 
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Figure 4-7. Definition of lead and follow transitions for all mode transitions considered 

another while the sound limb is still in the previous mode (i.e. the prosthetic limb transitions 

from level ground to stair ascent while the sound limb is on a level ground surface). 

Alternatively, a follow transition occurs when the prosthetic limb transitions from one mode to 

another after the sound limb has already made a similar transition (i.e. the prosthetic limb 

transitions from stair ascent to a level ground surface after the sound foot has already 

transitioned to level ground). Lead and follow transitions are demonstrated for all transitions 

considered in Figure 4-7. The prediction of both types of transitions was explored in the current 

study.  

If detection of the transitions into and out of the stair mode is possible, there would 

ideally be a period of time between the EMG data window from which features are extracted 

until the heel strike when the prosthetic first contacts the stairs. This would allow the prosthetic 

controller time to adapt its function to position the foot in the correct orientation for initial foot 

contact and respond appropriately to the stair surface. The features from EMG sub windows 

EMG1 and EMG2 (See Figure 4-1) were used in order to make the defined classifications. This 

leaves the entire swing phase of gait to process the signals, make the classification, and adjust to 

prosthetic system when eventually applied to an online real-time system. K-fold cross validation 

“leave one trial out” strategies similar to mode detection and LDA and SVM classifier identical 

to mode detection algorithms (See Section 4.3.1) were used for classification.  
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Table 4-3. Error of classification (%; mean ± SD (count)) for predictive detection of follow 

transitions between (a) level ground to stair ascent/descent, (b) stair ascent to level ground, 

and (c) stair descent to level ground.  

  LDA  SVM  

Amputee Subjects 

    - False Positive 

    - False Negative 

    - Transition Confusion 

 

1.3  ± 2.2 (12) 

3.3  ± 8.4   (1) 

0.0  ± 0.0   (0) 

 

0.1  ±  0.4   (1)  

6.7  ±  9.1   (2)  

3.3  ±  6.8   (1)  

Non-amputee Subjects  

    - False Positive 

    - False Negative 

    - Transition Confusion 

 

1.3  ± 1.6   (9) 

0.0  ± 0.0   (0) 

0.0  ± 0.0   (0) 

 

0.1  ±  0.3   (1)  

6.7  ±  9.1   (2)  

0.0  ±  0.0   (0) 

 

(a) 

 LDA  SVM  

Amputee Subjects 

    - False Positive 

    - False Negative 

 

1.5  ±  1.9  (2) 

6.7  ± 16.7 (1) 

  

 0.0  ±  0.0   (0) 

13.3  ± 18.2  (2) 

Non-amputee Subjects  

    - False Positive 

    - False Negative 

 

0.0  ±  0.0  (0)  

0.0  ±  0.0  (0)  

 

0.0  ±  0.0   (0)  

0.0  ±  0.0   (0) 

 

(b) 

 LDA  SVM  

Amputee Subjects 

    - False Positive 

    - False Negative 

 

0.7  ±  1.9   (1) 

6.7  ±14.9   (1) 

  

 0.0  ±  0.0   (0) 

  6.7  ± 14.9   (1) 

Non-amputee Subjects  

    - False Positive 

    - False Negative 

 

0.0  ±  0.0   (0)  

0.0  ±  0.0   (0)  

 

0.0  ±  0.0   (0)  

0.0  ±  0.0   (0) 

 

(c)  

The error rates for transition detection and mode prediction is outlined in terms of false 

positive and false negatives. A false positive is associated with a steady state mode being 

incorrectly classified as a transition into another modality. Alternatively, a false negative is 

associated with missing the detection of a transition and instead classifying the transition cycle as 

a steady state gait cycle. Both false positive and false negative percentages are relative to the 

number of examples in the correct class (i.e. a false negative percentage is the ratio of missed 

transition detection relative to the total number of example transitions provided). If the subject is 

in the OTR modality, there exists a third possibility; when the classifier predicts a transition is 
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Table 4-4. Accuracy of classification for predictive detection of lead and follow transitions 

between (a) level ground to stair ascent/descent, (b) stair ascent to level ground, and (c) stair 

descent to level ground. 

 LDA  SVM  

Amputee Subjects 

    - False Positive 

    - False Negative 

    - Transition Confusion 

 

3.1 ±  2.7 % (19) 

33.3 ±  4.8 % (17) 

0.0 ±  0.0 %   (0) 

 

0.5 ±  0.5 %   (6)  

20.0 ±12.5 % (12) 

5.0  ±  7.5 %   (3)  

Non-amputee Subjects  

    - False Positive 

    - False Negative 

    - Transition Confusion 

 

4.1 ±   4.0 % (28)  

48.3 ± 21.9 % (29)  

0.0 ±   0.0 %   (0) 

 

1.3 ±  1.3 % (10)  

25.0 ±  8.3 % (15)  

3.3 ±  7.5 %   (2)  

 

(a) 

 LDA  SVM  

Amputee Subjects 

    - False Positive 

    - False Negative 

 

5.6 ±   7.7 %  (6) 

37.5 ± 16.7 %  (9)  

  

2.2  ±  3.3 %   (3)  

36.6  ±  7.5 % (11)  

Non-amputee Subjects  

    - False Positive 

    - False Negative 

 

3.7 ±  3.0 %  (5)  

26.7 ±  9.6 %  (8)  

 

1.5 ±  2.0 %   (2)  

16.7 ±11.8 %   (5)  

 

(b) 

 LDA  SVM  

Amputee Subjects 

    - False Positive 

    - False Negative 

 

3.7 ±   2.1 %  (4)  

25.0 ± 19.2 %  (6)  

  

 2.2  ±  3.3 %   (3)  

33.3 ± 20.4 % (10)  

Non-amputee Subjects  

    - False Positive 

    - False Negative 

 

9.6 ± 15.8 % (13)  

33.3 ± 40.8 % (10)  

 

3.0 ±  4.8 %   (4) 

13.3 ±13.9 %   (4)  

 

(c) 

occurring, but predicts the wrong transition (i.e. transition out of level ground walking detected, 

but the next modality is incorrectly identified as stair ascent instead of stair descent). These types 

of error are identified as transition confusion. The error of transition detection for follow 

transitions is presented in Table 4-3 and for lead and follow transitions combined in Table 4-4.  

Separation of transition gait cycles from steady state gait cycles is observed to be possible 

with a low error rate. The detection of follow transitions is more accurate than detecting both 

lead and follow transitions. For amputee subjects, the highest false positive rate during follow 

transition detection was 1.5 ± 1.9 % and 0.1 ± 0.4 % when using LDA and SVM, respectively. 
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Figure 4-8. Comparison of myoelectric and myoelectric – inertial fusion for both classifiers and 

subject populations 
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The highest false negative rate for similar detection was 6.7 ± 16.7 % and 13.3 ± 18.2 % for 

LDA and SVM, respectively. Unlike in steady state mode detection, the use of different 

classifiers affected the accuracy of classification. When using LDA, the accuracy of detecting 

transitions was increased as compared to SVM. Alternatively, LDA experienced a higher false 

positive rate than SVM. 

4.4 EMG AND IMU SENSOR FUSION 

Based on the previous advantages of fusing mechanical measurements with myoelectric 

signals in intent classification algorithms in both upper and lower limb prosthetics (See Section 

2.4.4), inertial signals were collected along with myoelectric signals during experimentation. The 

fusion of inertial measurements and myoelectric signals had not been explored for lower limb 

prosthetics previously (though recent efforts have utilized these signals for upper limb 

prosthetics with significant benefits). Sensor placement and inertial signals collected can be 

observed in greater detail in Section 3.3. The signal channels included in this fusion effort were a 

three dimensional accelerometer and rate gyroscopes placed on the lateral aspect of the shank. 

These signals were chosen because this placement resulted in sensors mounted on the lateral 

aspect of the prosthetic socket for transtibial amputees. It was believed that if this detection 

algorithm were to be used in a prosthetic system that this placement would be a safe and 

repeatable location for the sensors to be placed. Inertial signals were sampled at 25 Hz. From 
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these signals, similar features to the myoelectric were extracted from the signal. These features 

included the MAV, RMS, and WAVL. NZero and NSlope sign changes were not considered 

since inertial signals follow a much more repeatable pattern than EMG and no changes were 

observed in these features for the different modalities. In their place, the maximum and minimum 

of the signal over the sample window were used to capture information about the range of each 

inertial signal. These features were observed to be more relevant to classification.  

A comparison of classification accuracy when using only myoelectric signals and with 

the fusion of myoelectric and inertial signals using all EMG windows (EMG1, EMG2, EMG3) 

and the single IMU window is presented in Figure 4-8 for both classification algorithms and 

subject populations. While a slight increase in classification accuracy was observed for control 

subjects using both classifiers, the same trend was not observed for amputee subjects. The fusion 

of myoelectric and inertial sensors for amputee subjects had a negative effect on classification 

accuracy when compared to solely using myoelectric signals. When making classification for all 

seven classes (including separations between speed) for amputee subjects the classification 

accuracy was reduced from 97.9% (± 0.22) to 96.9% (± 1.63) and 97.9% (± 1.39)  to 96.1% (± 

2.37) when including inertial signals with LDA and SVM, respectively.  

4.5 GENERALIZABILITY OF CLASSIFICATION 

In order for a myoelectric classifier to be used in a real prosthetic system, it is desirable to 

develop a classifier that is general enough to be used over a wide range of patients. This will 

allow the classifier to engage immediately when the prosthetic is donned. The alternative would 

be subject specific training of the classifier, which would be time consuming and potentially 

unrealistic for the clinical setting. Even if the general classifier is not as accurate as the subject 

specific model, it can provide a starting point for which to further train a classifier. Starting from 

a general classifier, the myoelectric controller could be incrementally adapted into a subject 

specific system that more closely matches the subject specific classifiers outlined previously.  

Since the voltage range of EMG signal varies for different subjects and placement, the 

subject-specific signals were first normalized for all amputees. The normalization was based on 

the largest value recorded during the maximum voluntary contraction (MVC) collection before 

the experiment after band pass filtering the myoelectric signals between 20 – 500 Hz. Each 
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(a)                                                         (b)    

Figure 4-9. Generalized classifier accuracy for all amputee subjects when using (a) LDA and (b) 
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myoelectric signal was then divided by the maximum value of the signals during MVC. This 

results in a myoelectric range between -1 and 1.  

A generalized myoelectric control algorithm would use example data from previous 

subjects in order to make predictions for a subject whose myoelectric signals it has not been 

exposed to. A 5-fold cross validation scheme was set up where each classifier was trained using 

features from all three EMG windows (EMG1, EMG2, and EMG3) from all amputee subjects 

except for one. The subject excluded from the training was the test subject. Multiple iterations 

were completed so that each subject was used as the test subject once. Each iteration of the 5-

fold cross validation was used to evaluate the overall accuracy of the generalized classifier. The 

combined confusion matrices for the general classifier are presented in Figure 4-9.  

The classification accuracy of the general classifier was significantly reduced from the 

subject-specific classifier with average classification accuracies of 52.8% (± 23.6) and 39.5% (± 

14.2) compared to 97.9% (± 0.22) and 97.9% (± 1.39) when using a subject-specific classifier for 

LDA and SVM, respectively. Despite the large decrease in classification accuracy for the general 

classifier, certain modes exhibited better generalizablilty than others. Specifically, stair ascent 

and descent modes were better able to generalize classification for both LDA and SVM 

classification. If separations are only desired between other modalities and stair ascent/descent, 

the generalized model is capable of correctly separating 90.9 % and 83.2 % of the total example 
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gait cycles for LDA and SVM, respectively, without using any gait cycle examples from the test 

subject.  

4.6 CLASSIFIER SENSITIVITY TO DISTURBANCE 

During real world use, a prosthetic is donned and doffed on a regular basis. This presents 

a challenge to myoelectric control algorithms as the myoelectric signals are measured through 

direct contract of the electrode with the surface of the skin. Different placements of the 

electrodes can result in varying signals even when the electrode is placed over the same muscle 

body. This is partly due to the non-uniform stimulation of the muscle during activation. It is 

desirable to have a myoelectric classifier that is robust in its ability to handle different electrode 

placements as repeated removal and reattachment of the prosthetic is likely to result in a slight 

shift in electrode contact with the skin each time the prosthetic is reattached.  

To simulate a shifted electrode, a k-fold cross-validation technique was utilized similar to 

that used in the walking mode detection (See Section 4.3.1) including 32 folds for each subject. 

For each instance, the classifier was trained on features extracted from the first normalized EMG 

channel for each muscle. After training, the test data set was used to determine the accuracy of 

the classifier. The test set data was composed of a sample of data which contained features from 

a secondary normalized EMG channel for one of the four muscles investigated: tibialis anterior 

(TA), medial gastrocnemius (MG), vastus lateralis (VL), and biceps femoris (BF). Secondary 

EMG channels were recorded adjacent to the primary channel along the muscle body and were 

placed as close as possible to the original channel without electrode overlap. The offset of 

placement was between 1 to 2 inches from the primary channel. This setup allowed simulation of 

the effect on the classifier when trained with myoelectric signals from muscles with an initial 

electrode placement and applied after a single electrode has been shifted. Simulations were 

conducted for shifting the electrode for each of the four muscles and compared to the original 

cross validation assessment of mode detection. 

Shifted electrode results are presented in Table 4-5. For the majority of subjects, shifting 

the thigh muscle electrode locations had little effect on classification accuracy. Classification 

accuracy was much more sensitive to electrode location of the tibialis anterior or the medial 

gastrocnemius. Across all subjects, shifting the medial gastrocnemius electrode resulted in the 

most degradation in classification accuracy.  
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Table 4-5. The difference in classification accuracy for a shifted electrode compared to the 

original placement for all amputee (LDA – (a), SVM – (b)) and non-amputee (LDA – (c), 

SVM – (d)) subjects for all four muscles used by the myoelectric algorithm: Tibialis Anterior 

(TA), Medial Gastrocnemius (MG), Vastus Lateralis (VL), and Biceps Femoris (BF) 

 No Shift Shifted TA Shift MG Shifted VL Shifted BF 

Amputee 01 90.0 % -17.7 % -3.0 %  1.4 % 1.9 % 

Amputee 02 98.0 % NA -46.3 % -10.5 % -0.8 % 

Amputee 03 97.9 % NA -4.1 %  1.1 % 0.0 % 

Amputee 04 97.7 % -1.9 % -9.8 % -0.3 % -0.3 % 

Amputee 05 98.2 % NA -15.6 % -4.4 % -0.2 % 

(a) 

 

 No Shift Shifted TA Shift MG Shifted VL Shifted BF 

Amputee 01 89.6 % -21.8 % -5.3 % 2.3 % 0.7 % 

Amputee 02 95.8 % NA -50.3 % -11.7 % 0.2 % 

Amputee 03 97.9 % NA 0.5 % 0.5 % 0.0 % 

Amputee 04 98.4 % -1.6 % -41.6 % -0.5 % -1.1 % 

Amputee 05 98.7 % NA -17.7 % -5.9 % -1.8 % 

(b) 

 

 No Shift Shifted TA Shift MG Shifted VL Shifted BF 

Control 01 93.0 % 0.1 % -17.6 % -2.1 % -0.4 % 

Control 02 94.0 % 0.1 % 0.1 % 0.6 % 0.6 % 

Control 03 95.4 % -62.0 % -67.6 % -5.1 % -1.3 % 

Control 04 95.3 % -4.0 % -15.5 % -4.0 % -0.5 % 

Control 05 89.0 % -0.3 % -11.0 % -3.1 % -1.4 % 

(c) 

 

 No Shift Shifted TA Shift MG Shifted VL Shifted BF 

Control 01 91.4 % -5.7% -40.5 % -16.0 % 0.6 % 

Control 02 96.4 % -6.7% -9.4 % -4.0 % -3.4 % 

Control 03 97.7 % -58.3% -63.8 % -3.0 % -1.0 % 

Control 04 96.1 % -0.7% -7.7 % -7.1 % -0.7 % 

Control 05 92.0 % -2.2% -12.3 % 0.1 % -2.2 % 

(d) 

Shifting the electrode location on the medial gastrocnemius was observed to have the 

greatest effect on classification accuracy. Confusion matrices for all amputee and non-amputee 

subjects when using both classification methods are presented in Figure 4-10 when the medial 

gastrocnemius muscle electrode was shifted. As can be observed, classification of stair ascent 

and descent compared to other modes was not much affected despite decreases in classification 

accuracy of up to 50% for some subjects. For amputee subjects, classifications between stair 
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(a)                                                                          (b)     

  
 

(c)                                                                         (d) 

Figure 4-10. Combined confusion matrix for all amputee (LDA – (a), SVM – (c)) and non-amputee 

(LDA – (b), SVM – (d)) subjects for modal detection when medial gastrocnemius electrode 

location is shifted 
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ascent/descent and other modes after shifting an electrode was 98.7% and 97.9% when using 

LDA and SVM, respectively. High classification accuracy for stair ascent/descent against other 

modes was preserved because decreases in accuracy when electrodes were shifted were either 

due to misclassifications between different level ground walking speed classes or between level 

ground and ramp ascent/descent. 
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4.7 SUMMARY 

Five transtibial amputees and five non-amputee subjects were recruited for this study. 

Each subject completed an experimental protocol during which the subjects performed different 

walking modes including level ground walking at various speeds, stair ascent/descent, and ramp 

ascent/descent. From the collected data, a windowing scheme was developed based on repeatable 

events in the gait cycle (heel strike and toe off). From these windows, relevant features were 

extracted that represented the level of activation of each muscle in order to decompose the signal. 

These features were a subset of features explored in previous myoelectric control literature. 

The capability of myoelectric walking mode detection has been explored in this study. 

The classifier is computationally simplistic requiring the use of only a few, short windows of 

EMG data from each gait cycle. In addition, the feature set utilized for classification is 

computationally simplistic, using time domain features. The most computationally expensive 

feature explored (6
th

 order autoregressive coefficients) was observed to have no discernible 

benefit towards classification and as a result was not used in this study. For transtibial amputees, 

mode detection accuracy was 97.9% (± 0.22) and 97.9% (± 1.39) for LDA and SVM, 

respectively. No benefits were observed for one classification algorithm over the other. The 

fusion of myoelectric and inertial signals was observed to have a negative effect on classification 

accuracy compared to solely using myoelectric features for amputee subjects.  

The ability to predict transitions between modes was also considered. Prediction of 

modes focused on detecting when the subject was transitioning from any other mode into stair 

ascent/descent or from a stair mode into a normal walking mode. Such detection was observed to 

be possible when transitions were “follow transitions” (See Figure 4-7). Of the 60 total example 

transitions, 57 and 54 (95% and 90%) of the transitions were detectable for amputee subjects 

when using LDA and SVM, respectively. A trade-off was observed between a low false positive 

rate when using SVM and the accuracy of transition detection when using LDA. Very few 

transitions were observed as part of the current study with three examples available for each 

transition type. The inclusion of more examples may increase the ability of the classifier to make 

these predictions. 

An examination of the generalizability of the myoelectric classifier was completed in 

order to determine the classifier’s potential limitations during real world use. Classification 

accuracy was decreased to 52.8% (± 23.6) and 39.5% (± 14.2) compared to 97.9% (± 0.22) and 
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97.9% (± 1.39) when using a generalized classifier for LDA and SVM, respectively. This reveals 

a limited ability to use the classifier without subject-specific training prior to use if the desired 

application of the classifier is to distinguish between the seven modes explored in this study. 

Separations between stair ascent/descent and other modalities showed the highest level of 

generalizability with accuracies of 90.9% and 83.2% when using a generalized model for LDA 

and SVM, respectively. A more generalized model may be possible with the inclusion of more 

subjects. 

The robusticity of the classifier in response to shifts in electrode location was also 

examined in this study. For both amputee and non-amputee subjects, the classification accuracy 

was most sensitive to shifts in the medial gastrocnemius electrode location. When this and other 

electrodes were shifted, the classifier showed a decreased ability to make separations between 

level ground walking speeds and also between the level ground and ramp ascent/descent modes. 

The effects of electrode location shifting on the ability of the classifier to separate between stair 

ascent/descent and other modalities were minimal for all muscles.  
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Chapter 5. DISCUSSION 

Based on the results presented in this study, a discussion of the major limitations of the 

current work is outlined. The overall goal of this study was to develop a myoelectric control 

algorithm that could be used as part of a real world prosthetic system. The most realistic use of 

this classifier will be discussed.  

5.1 EXPERIMENTAL SYSTEM AND PROCEDURE LIMITATIONS 

Use of the current measurement system did have slight technical limitations. Most 

notably, use of the synchronization signal malfunctioned during a small subset of the 

experimental data. The rare instances where the synchronization signal did not operate properly 

were easily observable as the time length of data collection between the two systems did not 

match. For these trials, it was observed that the signal either failed at the beginning or the end of 

the data collection. When at the end of collection, no changes to the time stamps were needed as 

they were identical, with one system recording for slightly longer. Alternatively, when the time 

synchronization failed at the beginning of the data collection, the IMU data were time shifted to 

match the time recordings of the EMG and footswitch signals. For the few trials where this was 

necessary, IMU signals were observed to match the cyclic footswitch data and showed consistent 

profiles.  

The IMU sensors used in this study had a relatively low sampling rate at 25 Hz. Due to 

the relatively short duration of each gait cycle, this restricted the data points available for modal 

classification using IMU signals. Future studies would likely benefit from the use of an IMU 

system with higher sampling frequencies. 

All measurement devices have the potential to influence the system that they are being 

used on. The system used in this study is no exception. The light weight of the current system 

and placement of wiring was specifically designed to provide minimal influence on the gait of 

both control and amputee subjects. All wiring spanning between limb segments was given 

enough slack to allow for full range of joint motion.  

5.2 CLASSIFIER LIMITATIONS 

The potential does exist that the classification accuracies observed in this study were 

inflated compared to what they would be in real world situations based on the limited 
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experimental data collected. Specifically, all myoelectric and inertial signals were recorded over 

a short period of time (under 3 hours). The use of this data set for each subject ignores the 

potential time dependence of the signals and assumes that signals are constant enough that a 

classifier trained on a subset of signals will still be viable at a later time. It is unknown to what 

extent these signals may change over time and how this will affect the classifier.  

The stair and ramp surfaces for all the data collection were kept constant for the data 

collection. During real world use, the prosthetic would need to make accurate classifications for 

these modalities regardless of the uniformity of the terrain. Ramp and stair surfaces are expected 

to change in either angle or height of step depending on the modality. These physical variations 

were not taken into consideration in the present study and as a result their effect on the classifier 

is unknown.  

 The current classifier assumes that all possible terrains fit well into the different modes 

experienced during this experiment. However, the amputee subject is not bound by these 

modalities and is expected to experience other ambulation conditions such as sharp turns, 

jumping, stutter steps, and abrupt stops among others. How these more chaotic walking styles 

would be classified is unknown. Future efforts should evaluate how a more diverse set of 

walking modalities may affect the operation and safety of a prosthetic system which utilizes a 

myoelectric classifier.  

5.3 WALKING MODE CLASSIFICATION 

5.3.1 Mode Detection 

In previous literature, ARCs were observed to benefit classification accuracy (Huang, 

Kuiken, & Lipschutz, 2009; Tkach, Huang, & Kuiken, 2010) . With the exception of using SVM 

for control subjects, excluding ARCs from the feature set increases the average classification 

accuracy for all subjects and reduces the standard deviation of the classification accuracy in the 

current study. This implies a more accurate and stable classifier without the use of ARCs. Due to 

the combination of the increased computational demand of calculating the ARCs and the 

observed reduction in classification accuracy, ARCs were considered to not benefit classification 

and were removed for analysis. The EMG feature set included only the MAV, VAR, WAVL, 

NZero, and NSlope. These features were standard from literature for use in myoelectric control 

algorithms.  
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The amount of misclassification between different speeds is likely due to the similarity 

between gait patterns and is less concerning than other misclassifications especially since the 

misclassifications within speed still fall under the larger level ground classification. 

Alternatively, very few misclassifications were observed between stair ascent/descent and all 

other modalities. The function of the lower limb during stair ambulation is dramatically different 

than level ground or ramp modalities. This is believed to result in the better classification 

accuracy observed for these select modes.  

If this style of detection were to be used in a prosthetic system, there would likely be a 

tradeoff between the number of modalities the system is able to detect, the computational 

demand of the classification, and the accuracy of the classifier. The increased number of classes 

results in an increase in the computational demand of the detection algorithm. Speed 

classifications would not likely be used due to the similar desired response of the prosthetic and 

the low classification accuracy. 

As previously stated, stairs had a low misclassification rate when compared to other 

modalities. Due to the extreme change in the function of the ankle when ascending/descending 

stairs compared to other modes, it may be the case that a significant advantage to the amputee 

would be present if the prosthetic were only able to adjust its function to handle stairs more 

similarly to the natural foot ankle system. If classifications are only desired between all other 

modalities and stair ascent/descent, the classification accuracy is 100% (± 0.00) and 99.8% (± 

0.29) for amputee subjects when using LDA and SVM, respectively. This is considered 

extremely accurate and highlights the potential for such classification in real world prosthetic 

systems. 

In general, unlike previously observed (Huang, Zhang, Hargrove, Dou, Rogers, & 

Englehart, 2011), no consistent advantage was observed for the use of SVM when compared to 

LDA in modal classification. While a slight increase in the classification accuracy was observed 

when using SVM for the non-amputee subjects, this increase in accuracy was due to an increase 

in the classification of different walking speeds (See Figure 4-4). Such classifications are 

unlikely to be used in future applications due to the relatively lower classification rate and the 

similar function of the foot ankle system during these different speeds relative to other 

modalities. No increase in classification accuracy was observed for amputee subjects when using 

SVM over LDA.  



64 

 

5.3.2 Mode Prediction 

The only myoelectric controller that allowed for detection of transitions between modes 

for transtibial amputees accounted for transitions between two modes: level ground walking and 

stair descent (Au, Bonato, & Herr, 2005). The transition detection algorithm outlined in the 

current study detects transitions between three modes. The previous myoelectric controller 

required conscience contraction of the muscles on the residual limb and was only evaluated on a 

single subject. The conscience muscle contraction required to switch modes does have benefits. 

It provides more direct control of the prosthetic by the amputee.  

Another myoelectric controller law for transfemoral amputees detected a wider range of 

transitions between modes, focused only on “follow” transitions, and required continuous 

classification with increased computational cost (Huang, Zhang, Hargrove, Dou, Rogers, & 

Englehart, 2011). The presence of errors in transition detection is much higher when including 

both “lead” and “follow” transition types together. This is likely due to the actual changes the 

classifier is detecting when predicting a transition between two modes. Presumably, the classifier 

is detecting a change in muscle activation that is present due to a different motion pattern in that 

limb or due to stabilization associated with a different motion pattern in the contralateral limb. 

The outlined classifier only uses EMG signals from the stance phase of gait. For lead transitions, 

the change in muscle activation associated with transitions will likely not occur until mid to late 

swing phase. Any changes in muscle activation before this point would likely be slight and 

difficult to detect. As a result, many lead transitions may not be detectable using the current 

classifier. The inclusion of EMG signals from the swing phase of gait could be used to detect 

these transitions, but the benefit would likely be lost as detection at this point wouldn’t allow a 

prosthetic controller enough time to classify and respond to the detected transition.  

Unlike mode detection, there are observable differences between the classification results 

when using LDA and SVM. Neither classifier is convincingly more accurate, but each classifier 

demonstrates certain advantages. When using LDA, there is a general trend towards a reduction 

in false positives, especially when focusing on follow transitions only. This means that LDA 

would likely predict more transitions than SVM. In previous literature, SVM showed an 

increased ability to detect transitions between modes (Huang, Zhang, Hargrove, Dou, Rogers, & 

Englehart, 2011). Alternatively, the presence of false positives is increased when using LDA 

compared to SVM. This would result in increased misclassification of OTR or normal gait cycles 
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as transition cycles when no transition is about to occur. If this detection were to be used as part 

of a responsive prosthetic system, such false positives would likely result in unexpected action of 

the prosthetic which could be potentially dangerous to the amputee. Alternatively, the opposite is 

true when predicting transitions with SVM. Transitions are less likely to be detected, but the 

false positive rate is much lower. This would result in a safer use of the prosthetic with SVM, but 

would also be less useful as fewer transitions would successfully be detected.  

A missed transition from one modality to another does not necessarily mean the adaptive 

nature of the prosthetic will be lost. In the event that a transition is not predicted through the 

myoelectric signals, the high rate of stair modality detection of steady state gait cycles means 

that a stair will be detected after the transition is completed when the prosthetic completes the 

first gait cycle in the new mode. The prosthetic will then be able to adapt its function with a one 

gait cycle delay. Current passive, commercial systems provide no change in function as changing 

into and out of stair ascent/descent and other modalities. This lack of immediate adaptation of the 

prosthetic should not produce instability concerns.  Though not optimal, it is a sufficient back up 

in the event of missed transitions.  

5.4 EMG AND IMU SENSOR FUSION 

The inclusion of IMU features in classification was observed to negatively affect 

classification accuracy which differs from results observed for similar fusion techniques for the 

upper limb (Fougner, Scheme, Chan, Englehart, & Stavdohl, 2011). The lack of an increase in 

classification accuracy when including features from IMU signals for amputees may be due to 

the different kinematics of the shank for transtibial amputees. The amputee is less likely to 

experience the full range of movement when using a prosthetic system. This reduction in motion 

may result in an inability of the classifier to detect changes between different modes for amputee 

subjects. Since any developed classifier would be used solely on amputee subjects when 

developing a real world prosthetic system, the influence of inertial signals on amputee 

classification is the more important observation. As a result, the fusion of myoelectric and 

inertial signals appears to have negative effects on motion classification based on the current data 

set and will be removed from immediate consideration. There is the possibility that the sampling 

rate of the inertial signals was too low to capture enough information to properly classify the 

different walking modes, particularly since the IMU window over which features were sampled 
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was so short (~ 400 to 600 ms depending on the mode). Increasing the sampling rate in future 

development efforts may improve these results.  

5.5 GENERALIZABILITY OF CLASSIFICATION 

The accuracy of classification was significantly reduced for the detection of all seven 

walking modes when using a generalized classifier. This is due to the strong variation between 

signals for different subjects that is expected when working with myoelectric signals. However, 

certain modes were more generalizable than others. A reasonable accuracy of classification can 

be obtained for the detection of stair modalities without knowledge of the myoelectric signals 

from an individual amputee. This presents the possibility of a generalized myoelectric control 

law that is capable of detecting stairs for the instance the prosthetic is donned on.  

Greater accuracy may be possible with a larger test sample to better train the generalized 

classifier. A larger population would provide more information to be used in classification which 

would likely result in clearer trends in signals among different subjects. In the current sample of 

amputees, only four subjects were used to train the generalized classifier at a time. This is a 

small number and provides possibility that a single non conforming subject could skew the 

trained classifier away from a better generalized model.  A larger sample would likely increase 

the generalizablity of the classifier. 

5.6 CLASSIFIER SENSITIVITY TO DISTURBANCE 

The medial gastrocnemius muscle was observed to experience the worst degradation in 

classification accuracy when an electrode was shifted.  This is believed to be due in part to this 

muscle’s role in powered plantar flexion. Decreases in accuracy of classification for shifted 

electrodes were primarily the result of misclassifications between level ground walking speeds 

and ramp ascent/descent modalities. For different walking speeds, the magnitude of powered 

plantar flexion increases with different walking speeds (Hansen, Childress, Miff, Gard, & 

Mesplay, 2004). Similarly, powered plantar flexion is expected to be adjusted when completing 

ramp modalities. This suggests that during the training process the classifier was using the 

magnitude of medial gastrocnemius excitation as an important indicator between speed 

separations and ramp ascent/descent classification. These separations appear to have a narrow 

distinction between the different classes. When the electrode was shifted and resulted in a slight 
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change in magnitude of the myoelectric features, the classifier lost part of its ability to make 

these key separations.  

It was observed similar to other tests that stair ascent/descent detection was particularly 

robust against electrode shifting disturbance. This is likely due to the large changes in muscle 

activations between stair ascent/descent modes for which changes in all myoelectric signals is 

observed when experiencing a stair modality.  

5.7 SUMMARY 

The major limitations of the current study include the low sampling rate of the IMU 

signals and the short period of time over which myoelectric signals were collected (< 3 hrs). This 

study was a proof of concept in order to determine the capability of myoelectric classification for 

transtibial amputees. These limitations will be addressed as part of future efforts. 

For both mode detection and prediction, stair ascent/descent classification was more 

accurate than any other separation. This is believed to be due to the large changes in muscle 

activation for these modalities when compared to any other modes that share more similar gait 

patterns. This gave the classifier the ability to make more distinct separations between other 

modes, stair ascent, and stair descent. This strength of separation was observed during 

myoelectric control law robustness tests for generalizability and resistance to the electrode shift 

disturbance. For both of these tests, stair ascent/descent classifications were observed to be 

particularly accurate despite the lack of accuracy among other modes.   
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Chapter 6. CONCLUSIONS AND FUTURE WORK 

6.1 LDA AND SVM COMPARISON 

In previous myoelectric control literature, using SVM as a classifier was reported to be 

superior to LDA. Increased classification accuracy was reported when using the radial basis 

function kernel for SVM (the linear kernel was not considered for that particular study). For the 

current study, neither classifier showed consistent advantages for all capabilities and limitations 

of the myoelectric classifier that were explored. When detecting between the seven different 

modes, SVM and LDA performed equally well as a classifier for the amputee subjects in this 

study. It is of interest that when comparing classification accuracy between the two machine 

learning algorithms on a per subject basis that SVM showed a reduction in classification 

accuracy for three of the ten subjects considered in this effort: two amputee subjects and one 

control subject. This reduction ranged from .2 - 2.2% in decreased classification accuracy.  

When predicting transitions between modes, each classifier presented its own advantage. 

The SVM classifier experienced a much lower false positive rate while the LDA classifier was 

able to predict more of the example transitions. While the increased prediction of transitions 

when using LDA may seem more advantageous initially, the lower false positive rate when using 

SVM may be more important during real world use. If a transition is incorrectly detected during 

level ground walking, the prosthetic would change its function before the next heel strike, 

potentially without the subject’s observation. This could prove dangerous to the amputee subject 

and lead to increased tripping of the amputee. If a transition is missed, the high classification 

accuracy observed when detecting stair modes indicates that the prosthetic would be able to 

detect the stair modality after the missed transition and adjust its function with a one gait cycle 

delay. Alternatively, the LDA approached exhibited a better ability to generalize between 

research subjects. The generalizability of LDA was also observed with in a classifier that was 

slightly more robust against disturbances in electrode location.  

Based on the different benefits of each classifier, the real distinction between them may 

not be based on accuracy of detection but on other features of the classifier. Specifically, LDA 

uses regression analysis to train the classifier as opposed to the iterative methods for SVM. This 

makes LDA a more computationally simplistic classifier to train. A real world myoelectric 

algorithm would likely need to perform adaptive training to continue to evolve with the 
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differences in myoelectric signals and gait patterns of the patient. The reduced computational 

cost of training LDA makes it a more desirable classification method when accuracies are not 

definitively better for SVM.  

In addition, it is noted that current comparisons between LDA and SVM may be limited 

due to the small subject sample in this study. For this limited sample, trends may have occurred 

that are not representative of all individuals in the general population. Different trends may 

develop with a larger sample of subjects.  

6.2 MYOELECTRIC CLASSIFICATION FOR STAIR DETECTION AND PREDICTION 

While classification between all seven modes explored in this study was determined to be 

possible, the highest accuracy in classification was observed when making separations between 

all other modalities and stair ascent or stair descent. For this separation the classification 

accuracy is 100% (± 0.00) and 99.8% (± 0.29) for amputee subjects when using LDA and SVM, 

respectively. In addition, the ability to predict transitions between all other modalities and either 

stair ascent or descent provides the potential for the prosthetic system to smoothly adapt between 

these three modes. Of the total 60 example transitions, 57 and 54 (95% and 90%) of the 

transitions were detectable for amputee subjects when using LDA and SVM, respectively, while 

still maintaining a low false positive rate. In addition, separation between stair modes and other 

modes showed good performance for both generalizability of classification and robusticity of 

classification with shifting electrodes (See Sections 4.5 and 4.6).  

This observation opens the potential for the use of a myoelectric classifier that solely 

makes distinctions between the three classes of stair ascent, stair descent, and all other 

modalities. The ultimate goal of prosthetic engineering is to develop a foot ankle system that 

completely replicates all functions of the natural foot ankle system. The natural ankle makes 

more substantial adjustments for stair modes compared than it does when varying speed and 

completing ramp modes. This emphasizes the importance of developing a foot ankle system that 

specifically adapts its function when the subject is completing a flight of stairs. The current 

study’s results for classification of stair ascent/descent against other modalities show that such a 

stair-specific myoelectric control law for transtibial amputees may be possible with the current 

methods.  
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6.3 FUTURE WORK  

The long term goal if this project is to include a similar myoelectric control law as part of 

a responsive lower limb prosthetic system. Before this can become a reality, several unanswered 

questions relating to the use of myoelectric algorithm need to be considered. The current effort 

focused on making classifications from a finite data set after an experimental collection. This 

collection occurred over a short time period (< 3 hrs) and with consistent stairs and ramps.  With 

the observed proof of concept for myoelectric classification, a real-time classifier could be 

developed in order to test the ability of the myoelectric control law to make separations between 

different walking modes in real time. This would provide an understanding of the amount of time 

required to make classifications and the feasibility of making classification quickly enough to 

allow for prosthetic adaptation. This real time classification system could also be used in a wider 

variety of walking terrains (i.e. ramps of varying inclines, uneven surfaces, turning, during 

initiation and termination of gait, etc) in order to observe how robust the classifier is when 

detecting walking modes over surfaces that are not identical to surfaces that is was trained with. 

Since any myoelectric control algorithm for a prosthetic would be used over several years, the 

time dependency of consistency also needs to be evaluated. Towards real-time classification, any 

reduction in computation cost when calculating features or making classifications would benefit 

the classifier. This could be investigated through a systematic evaluation of the optimum feature 

set in classification as well as investigating the effects to classification when individual features 

are removed from the feature set.  

Myoelectric signals were collected from amputee subjects when using their currently 

prescribed passive, non responsive prosthetics. With the inclusion of a myoelectric control 

algorithm, it is expected that any prosthetic the algorithm is used in would respond to different 

walking modes. This adaptation will affect the gait patterns of the amputee and as a result, their 

muscle activations which will be reflected in the myoelectric signals. It is unknown how these 

changes to the myoelectric signal will affect the accuracy of classification. This will need to be 

investigated prior to use of such a prosthetic system.  
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APPENDIX A: SUBJECT CONSENT FORM 

 



 

 

 

 



 

 

 



 

 

 



 

 

 



 

 

 



 

 

 



 

 

 



 

 

 



 

 

 


