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In 1998, Congress passed Public Law 105-394, also known as the Assistive Technology 

Act. The act was aimed at enabling persons with disabilities to fully participate in education, 

employment, and daily activities at the same level as their peers. One important tool for all three 

of these fields is the Computer; as Barreto, Scargle, & Adjouadi (2000) note, it allows for 

“increased integration into society and productivity by communicating/working through the 

computer, using standard software” and “increased control over their environment, using 

dedicated software/output devices to turn appliances, alarms, etc. ON/OFF.” Research has 

been done on interaction with computers using multiple methods, including eye-gaze tracking 

(EGT), electroencephalography (EEG), and electromyography (EMG). With the release in 2014 

of the Myo armband, a more widely accessible means of EMG gesture recognition became 

available. In the present research, I hope to answer the question of if adding a second Myo 

helps or hinders the user experience. 

For the average person owning a computer, they more-than-likely interact with it using a 

mouse or trackpad to control the cursor, and a keyboard to input text. These cursor control and 

text input interfaces are examples of vision-reliant devices. Within the field of Human-Computer 

Interaction (HCI), there are three levels of user activity to be considered: physical, cognitive, and 

affective. This paper mainly looks at physical aspects of interaction, and physical interaction 

technologies can generally be grouped by the human sense they are designed for: vision, 

hearing, and touch (Karray et al, 2008). 

As mentioned above, devices relying on vision are generally either based on switches - 

such as a keyboard - or pointing devices - such as a mouse or trackpad - with the output being 



some kind of visual display, such as a monitor. Vision-reliant devices are the simplest and least 

costly to build, and because they work adequately for the majority of people, they are the most 

common type of human-computer interface (Karray et al, 2008). 

However, there still exists a segment of the population for which switch or pointer-based 

input devices are not feasible. For many of this subgroup, the cause is some form of motor 

disability which inhibits them from fully controlling a pointer or pressing switches to an adequate 

degree to interact with a computer. For this problem, there are a number of potential solutions: 

the first would be to implement a different form of vision-based interaction requiring activity from 

muscle groups not as heavily affected by the motor disability, such as the tongue or eyes. 

Another is to change the human sense that the interface relies on. Audition-based input devices 

use some form of speech recognition, and touch-based devices provide sensations to the users’ 

skin through touch, resistance, or weight. However, these types of interfaces are progressively 

more difficult and costly to build, and touch-based devices in particular have little application 

outside virtual reality and disability assistance (Karray et al, 2008). Both these options are 

explored below. 

 Barreto et al.  identify selection operations as one of the most common aspects of 

human-computer interaction, and further break it down into two components: pointing and 

clicking. 

There have been a number of different approaches tried for allowing people with motor 

disabilities to interact with computers in this way, including those focusing on those motor skills 

that remain intact. Barreto et al.  specifically mention two interfaces: Tonguepoint  and 

Headmouse.  The Tonguepoint  is a small joystick attached to a mouthpiece that users may 

control with their tongue, while clicking is done by biting down. Headmouse  tracks the user’s 

head movements to move the cursor; dwelling on a single spot will cause a click, or users can 



alternatively use a remote adaptive switch. However, both these interfaces have potential 

disadvantages. Depending on the nature of a person’s disability, they may not have the fine 

motor skills necessary to maneuver a joystick with their tongue and operate the Tonguepoint , or 

be able to turn their head and use the Headmouse . Unfortunately, no research or information 

was found on the quality of either interface in the present day. 

Another interface that has been explored is eye-gaze tracking. Similar to the Headmouse 

interface but holding less requirements for motor skills, EGT uses the direction of the user’s 

gaze to determine the position of the cursor. This is often done by taking video of the user’s eye 

to determine the relation between their line of gaze and the geometric orientation of the eye’s 

features. Once that is done, the point of gaze is determined by allowing the line of gaze to 

intersect with the plane being viewed (usually the computer screen). Clicks can be done by 

blinking or by dwelling on a certain point for a threshold of time. However, this interface also has 

its difficulties: in their experiments with EGT, Hutchinson et al. (1989) found that the bright-pupil 

effect, often used to determine the location of the pupil, is absent in about 5-10% of people. 

Other issues include a margin of error of about one degree in any direction, the need for the 

head to remain fairly stationary to capture image of the eye - following calibration, offsets in 

point of gaze can occur due to small movements of the head - and that, like other interfaces 

previously discussed, potential exists for unintended clicks from dwelling too long on one spot or 

from involuntary or natural blinking.  

One other approach, which is less dependent on the user’s remaining motor skills, is the 

Brain-Computer Interface (BCI) (Barreto et al,  2000). The BCI relies on electroencephalographic 

(EEG) waves in the brain, and a number researchers have directed attention at the mu rhythm, 

a sinusoidal brainwave occurring from the sensorimotor cortex. The contralateral mu rhythm is 

suppressed when any voluntary physical movement occurs in a phenomenon called 



event-related desynchronization (ERD). Since ERDs happen before any physical movement, 

they are being explored as a basis for computer control devices for individuals with motor 

disabilities, under the concept that a user could think a movement and a corresponding ERD 

would be produced. Indeed, through biofeedback, some users can be trained to control ERDs. 

However this control is only on a very limited scale, and is not sufficient in itself to allow the ideal 

level of accessibility. Moreover, a major issue comes from the potential for noise contamination. 

EEG signals have small amplitudes, and so their biopotential amplifiers use very high 

amplification. Because of this, muscle movement in the head or neck can create a large amount 

of noise from the resulting Electromyographic (EMG) signal, which is quite problematic for users 

with conditions like cerebral palsy.  

Despite its interfering effect with EEG, some researchers have tried to incorporate 

surface EMG (sEMG) into EEG-based interfaces. Andrew Junker (1995) was the first to do so, 

developing the Cyberlink device to analyze combinations of EEG signals and EMG signals in 

the head and neck. However, while it allowed for great control capabilities, the amount of 

concentration required as well as possible distractions from visual feedback hampered the 

overall control. Barreto et al. created a system with greater reliance on EMG signals in the 

hopes of being more intuitive for the user, with text input being provided through an onscreen 

keyboard. However, while this interface was usable by participants with severe motor 

disabilities, it was more tedious for longer cursor movements, and task completion time was 

much slower (about 16 seconds) than it was for unimpaired subjects using a typical handheld 

mouse. In 2008, Chin et al. tried to build off this system using EGT instead of EEG signals to 

improve response time (a strength of EGT but major issue of EMG) and accuracy (a problem for 

EGT but something EMG handles very well). While this system succeeded in reducing the rate 

of errors to levels close to that of a mouse, completion time was still significantly slower than 



that of unimpaired subjects. While this may be acceptable for computer usage in times of leisure 

or recreation, if people with motor disabilities are to be able to participate fully in society then it 

is necessary that this gap in speed be attended to. The overarching issue also still exists that 

these approaches are not very feasible outside of a laboratory setting, that is, they would be 

difficult for a person to set up and use on their own. 

In addition to selection operations, another important function to consider is text input. 

This function is largely encompassed by the above systems for facilitating selection operations 

in that users are able to move the cursor to navigate an on-screen keyboard. However, this 

creates the same problem mentioned above: much slower task completion times compared to 

subjects using a standard keyboard. Instead of addressing this problem through cursor control, 

some attention has been directed to gesture-based text input: the recognition of hand gestures 

and their conversion into text by an algorithm. The most common gesture recognition systems 

involve capturing video footage of a user’s hand and arm and using a machine learning 

algorithm to identify different gestures. However other implementations exist and indeed, this 

particular method of gesture recognition is not practical for this area of accessible computing. 

Ideally, the interface should be easily usable to a layperson without the need for much 

outside help, but the necessity of having a camera set up means that such systems may not be 

easily usable without help from trained assistants. Some attention has been given to this issue 

and there do exist products that allow for computer-vision based approaches to gesture 

recognition without extensive setup or specialized training, such as the Leap Motion Controller: 

a low cost sensor consisting of 2 cameras and 3 LED infrared lights. Even a simple Wii remote, 

an IMU based controller packaged with the Nintendo Wii video game console, has been used in 

some studies to examine gesture recognition in 3 dimensions (Schlömer et al , 2008). However, 

this interface has its own problems, particularly concerning the physical limitations of users; If 



the system is intended for users with motor disabilities, it would be reasonable to assume that 

such users would not possess such a degree of control over their extremities, and thus could 

not utilize such a system in the first place. Fortunately, this is an area where sEMG signals are 

incredibly useful. As Riillo et al.  (2014) showed in their research comparing the performances of 

healthy participants and transradial amputees with an EMG classifier, users with motor 

disabilities, or even users with portions of the limb amputated are still able to achieve similar 

recognition rates to those of healthy users. This suggests that EMG classification is a feasible 

method of gesture recognition for users with motor disabilities (Riillo et al , 2014; Gabriel, 2016). 

Saponas et al  (2008) were among the first to examine the feasibility of EMG based 

gesture recognition for human-computer interaction. Using eight sEMG sensors wrapped in a 

band around subjects’ forearms, Saponas’s team were able to detect and classify 18 different 

finger gestures, divided into the four broad categories of pressure, position, tap, and lift, with 

accuracies of 84%, 78%, 78%, and 95% respectively. It is worth noting, however, that these 

readings were obtained when the classifier was trained on the same person who was used to 

test it. Thus, cross-user classification accuracy, while still above chance, was much lower, so 

this data may not be indicative of the performance of a commercially available EMG recognition 

system. 

Another issue is that the interface relied on the position of the user’s arm being fixed, an 

unrealistic scenario for everyday use. Thus, in 2009, Saponas et al.  conducted another study in 

an attempt to explore interfaces that more closely mimicked the circumstances of daily life. To 

accommodate for the variable positions of a user’s arm, sEMG data was taken over three 

different arm postures: the maximum rotation in each direction, as well as a midpoint between 

them, meant to approximate the more natural position of a person’s arm. The study also tried to 

account for the possibility of existing load on the muscles of the user’s forearm by recording 



finger gestures while the user was already holding something in that hand, such as a coffee 

mug or a laptop bag. In the hands-free stage of the experiment, users were prompted to pinch 

their thumb with a specified finger on their hand. In the later stages, they were asked to exert 

more pressure on the object they were holding using the specified finger. The results of the first 

phase of the study found the highest classification accuracy when the arm position during 

testing matched its position during training, and was negatively correlated with the arm’s 

displacement between the training and testing phases. Specifically, the classifier achieved 77% 

mean accuracy for zero displacement, 72% for displacement by one posture, and 63% for 

displacement by two postures. However, when the classifier was trained on all of the data 

instead of just data from a specific posture, it achieved 79% accuracy.  

In the second phase of the same study, participants achieved on average 65 and 86% 

recognition accuracy in the mug and bag conditions, respectively. However, certain 

modifications to the experimental design were able to improve the classifier’s accuracy. 

Removing data for subjects’ pinky fingers caused the accuracy for each condition to rise to 77% 

and 91%, and perhaps most importantly, providing visual feedback to the subjects about the 

classifier’s estimate of the current gesture improved accuracy in both conditions to 85% and 

88% with inclusion of pinky data (excluding the data resulted in a change in the accuracies to 

86% and 90%). This use of visual feedback would later be explored by van Aken (2015) and 

Gabriel (2016) in their research on the use sEMG gesture recognition for text input. 

Little further research was found on the use of sEMG for gesture recognition until 2014, 

with Thalmic Labs’ release of the Myo Armband. Consisting of an array of eight sEMG sensors, 

it is capable of accurately reading EMG signals without the pre-preparation that is normally 

required (for instance, the setups used in both of Saponas et al ’s studies required the users’ 

arms to be cleaned with an abrasive scrub and coated with a conductive gel before the sensors 



were applied. It is noted that this was a quality of the specific sensors used, and that if a 

different make of sEMG sensor were used this procedure could be avoided. However, it is also 

worth noting that this is the procedure usually taken in medical settings, where sEMG is most 

commonly used). The armband also includes an inertial measurement unit (IMU) to measure its 

orientation in 3-dimensional space. The Myo is capable of encoding both EMG and IMU data 

and is thus capable of recognizing gestures and arm positions that would not be detectable by 

each modality individually. Using this combination of signals, the Myo is able to reliably detect 

five different hand and arm gestures out of the box. These built-in gestures are: fist, fingers 

spread, wave-in, wave-out, and “double-tap,” which consists of the user tapping their middle 

finger twice to their thumb.  

A major issue with previous sEMG-based gesture classifiers had been a lack of 

person-independent recognition, that is, many EMG gesture classifiers, while still above chance, 

do not always adapt well to new users. While the Myo’s default calibration also suffers from this 

issue, it is addressed by allowing users to make their own custom calibration profile, a process 

which takes roughly one minute and is therefore not as cumbersome for everyday situations as 

the full training programs done by Saponas et al . According to van Aken’s (2015) research, the 

Myo’s custom calibration is most effective if done each time the band is put on, most likely due 

to the constraint that the band be in precisely the same position during use as it was during the 

custom calibration procedure. 

Because of its lower price and ease of use, the Myo is a natural choice to use in EMG 

gesture recognition research. In 2015, Adam van Aken looked into applying the Myo’s various 

functionalities for the purpose of accessible computing. His work used the Myo’s IMU 

components to act as a cursor control (a function that is included out of the box), triggered by 

using the finger spread gesture, while the other 4 gestures are used to implement a limited form 



of text input. The small number of gestures was accommodated for using an ordered gesture 

tree with two gestures. That is, by mapping a different control to a combination of two 

consecutive gestures. Van Aken’s keyboard approximation used the letters a-m  (excluding j due 

to limited frequency), space, backspace,  and period , as well as a final gesture to abort a gesture 

sequence and return to mouse control. The results of this experiment found that, using this 

interface subjects could type at a speed of 6 words per minute (WPM). Accuracy over all 

commands was 93.3% for custom calibration, and 88.6% for the Myo’s default calibration 

profile. Accuracy when typing a specific passage, without correcting mistakes, was 95%. The 

study demonstrates the potential of the Myo as a replacement for the traditional mouse and 

keyboard setup, however further research would be required before reaching this goal. 

Gabriel (2016) also conducted research into the use of the Myo for text input, putting 

greater focus on using the Myo’s IMU in tandem with its EMG gesture recognition. The 

experiment involved the design of several interfaces which allowed the user to scroll through 

different characters by moving their arm into different “zones,” as well as the incorporation of 

two new gestures using the Myo’s built-in gyroscope. Gabriel’s research was also noteworthy for 

its incorporation of both visual and haptic feedback, where previous studies of EMG gesture 

recognition had only used visual feedback. Gabriel’s highest WPM achieved in any of his 

designed interfaces was three. However he theorized that with more practice users could bring 

up the input speed even more. One issue that both van Aken and Gabriel note is that lower 

input speed due to both their implementations compared to a standard mouse and keyboard is 

confounded with lower speed due to unfamiliarity with a new system of text input. Van Aken 

proposes that to address this, future work should use a novel keyboard layout (such as Dvorak) 

as a control.  



Gabriel’s and van Aken’s research is the only work that could be found concerning the 

application of the Myo’s gesture recognition capabilities for text input, but other groups have 

explored other methods of accessibility using the Myo. Among these is Johns Hopkins 

University’s Applied Physics Laboratory, who have incorporated the Myo as an interface to 

control their Modular Prosthetic Limb (MPL), which they promote as being “capable of 

effectuating almost all of the movements as a human arm and hand.”  They use a range of 

different interfaces to accommodate different levels of limb damage, but one of said interfaces 

uses two Myo armbands around the patient’s residual limb, which read the EMG data and 

translate it into arm and hand movement. My original assumption was that the second band was 

needed to encode more fine movement, such as individual finger motion. However, after 

emailing the research team I was told that this could be done with just one Myo. Further 

correspondence revealed that the reason for using two armbands was “to cover more areas of 

the reinnervated region of [the] subject.” Doing so reportedly improved the degree of control 

subjects had over the prosthetic, with no drawbacks observed by the research team.  

The question of whether or not using two Myo armbands would improve the user 

experience is difficult to answer, as there exist indicators toward both conclusions. Van Aken 

mentions that using two devices would greatly expand the number of available gestures and 

allow them to accommodate a larger library of commands. The John’s Hopkins Team concludes 

that using two devices would be more efficient for the operation of their MPL. However, the 

reasons for a second armband improving the utility of operating a prosthetic limb do not 

necessarily imply that a second band would to the same for gesture recognition. Moreover, 

there are also user concerns that should be considered. Even with visual feedback, a larger 

library of gestures has the potential to induce excessive cognitive load in a user;. In a system 

with potential applications for accommodating those with motor disabilities, even the extra 



physical effort of putting on the second device needs to be considered, although the John’s 

Hopkins research found this to not be a problem. Future work in this area should focus on 

mitigating the additional costs of using a second device, be they mechanical, cognitive, or 

physical in nature. One possible method of achieving this could expand on Gabriel’s research in 

providing feedback through multiple channels to reduce cognitive load; Gabriel himself noted 

possible expansions such as improving his interface by increasing user control over such 

aspects as scrolling speed or streamlining the code to reduce the amount of data polled by the 

script, which caused freezing in one of his test interfaces. One further proposed area for 

expansion on Gabriel’s research is the creation of more gestures to give users more options 

when using the Myo. This is the most likely area where the addition of a second armband would 

be useful, as it may either allow the recognition of a new hand gesture or allow existing gestures 

to be recognized with greater accuracy. 
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