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ABSTRACT
It can be time-consuming and frustrating to acquire any new skill, 
and for one that relies on muscle memory developed through 
observation and repetition it may require hours of supervised 
training to reach even minimal proficiency. This paper explores 
whether real-time feedback that compares data from bio-signals 
and physical movements of a novice learner and an expert can 
shorten the learning process via a wearable device. These signals 
include measurements of muscle activity using electromyography 
(EMG) and from sensors that include accelerometers, gyroscopes, 
and magnetometers. The signals are in the form of sets of 
illuminated RGB LEDs; the learner receives instantaneous 
performance evaluation that enables immediate realization of an 
error and allows for rapid and easy adjustment of movement. 
Preliminary tests using the wearable device in pottery making 
show effectiveness at aiding students to master movements more 
quickly than on average. Hence, the wearable device aids the user 
in acquiring muscle memory. 
Categories and Subject Descriptors
H.5.3 [Interaction, Learning and Teaching]: User Interfaces;
B.4.2 [Input/Output Devices]
General Terms
Adaptability, Interactive and Cognitive Environments 
Keywords
Haptic knowledge, craft, knowledge sharing, wearable ACM 
Classification Keywords H.5.2. Information Interfaces and 
Presentation: User interfaces and Evaluation; User Interfaces; 
Haptic I/O. General Terms Human Factors; Design; 
Measurement. 

1. INTRODUCTION
This paper explores the process of motor skill acquisition, with
the goal of augmenting the traditional, observation-based
approach to learning motor skills with a biofeedback loop. The
effectiveness of this augmentation is explored by conducting user
studies where novices attempt to use both the traditional method

and our augmented learning system to learn the skill of clay 
centering. This research is part of a wider phenomenon of 
innovation in the process of teaching. Some contemporary 
examples are MOOCs [13] and the popular video game `Guitar 
Hero' [10]. Our system is more similar to the latter - we provide 
the user with real-time feedback based on performance of certain 
tasks involving a test of motor skills. It is widely known that 
many years of experience may be required before muscle memory 
has advanced to the stage where one can be called an expert at a 
motor skill. In the book `Outliers' [7], it says that it takes roughly 
ten thousand hours of practice to achieve mastery in a field.  The 
author also claims that most people quit the learning process in 
the first two thousand hours due to the steep nature of the learning 
curve at the start of the knowledge acquisition process. It is at this 
stage that our system is most valuable to the learner, and can 
reduce the time spent on acquiring new muscle memory. 

Imitating an instructor is traditionally at the center of 
methods of learning motor skills in sports and crafts. Learners 
typically imitate based on visual clues about speed and timing, the 
positions and stances of different parts of their bodies, and various 
other elements involved in mastering the skill. Watching someone 
else, though, leaves little room for catching the subtleties of an 
instructor's movement in real time or remembering them later. Our 
system overcomes this limitation by integrating real-time 
feedback that shows how the learner's motion characteristics and 
those of the instructor correspond to each other, providing a vivid, 
precise, and concrete way to compare and contrast movements. 
This makes it possible for learners to align their movements with 
those of the expert instructor without having to rely completely on 
memory. 

Many movements have subtleties that cannot be seen by a learner, 
only felt. Hence, our system provides a real sense to the learner, 
for example how much pressure the expert uses for a particular 
task and whether, for example, the movement requires activation 
of the triceps rather than the bicep. Sports scientists who have 
measured such activity using electromyography [22] have found 
quantifiable differences in the EMG activity between a novice and 
an expert [2]. Our system therefore augments the standard method 
of learning through feedback by matching EMG signals of a 
learner and instructor and displaying this feedback to the learner 
in real time. 

2. CONTRIBUTIONS
This research's main contribution is a system that augments the
process through which learners acquire muscle memory related to
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a particular motor skill. The system first measures motion data 
and EMG signals from an expert performing a movement, 
measures the same data from the learner, and then provides real-
time feedback via a wearable device that can help alter incorrect 
movements or reassure the user when movements are correct.  

As the clay centering experiment discussed in this paper shows, 
real-time feedback aids fast and easy aids acquisition of a motor 
skill by informing a learner of a mistake immediately and 
providing the opportunity to iterate until it is corrected. The 
apparatus we describe could contribute to learning a variety of 
skills, for instance in sports that involve specific movements such 
as tennis (serving), golf (swinging), and basketball (dribbling). 

3. RELATED WORK 
In our research, we rely on concepts of sensory motor learning 
that expand our perceptual framework. For example, expert video 
gamers develop an extraordinary ability to extract information and 
extend their attention over a wider-than-normal spatial frame 
while experiencing no apparent decrease in attentiveness [8]. 
Notably, this integration process can account for the learning 
opportunities provided by external objects such as tools, which 
means optimal visuo-haptic integration is possible even when 
tactile input comes through a hand-held tool [18]. 
 
Researchers have highlighted motor learning processes and the 
importance of the type of information that is being learned, rather 
than how it is being learned. Wolpert, Diedrichsen, and Flanagan 
further explain in their ‘Principles of Sensorimotor Learning’: 

“Learning can occur at different levels of the motor 
hierarchy. To understand how these changes are 
implemented in neurons, we need theories of the processes 
and representations through which learning is achieved. 
The processes of motor learning can be distinguished by the 
type of information that the motor system uses as a learning 
signal. Although different sensory modalities, such as 
vision, proprioception and touch can all play an important 
part in motor learning, we focus here on the nature of the 
information, independent of modality, that is used during 
learning.”[21] 
In sports today, this theory has proven to be correct as it has 
proven to be beneficial to first determine which skills need to be 
improved upon, and secondarily determine how to best teach the 
players and other members of the team how to acquire said skills. 
EMG-based feedback learning systems have been used for 
basketball dribbling training, taking advantage of the differences 
in sharpness and timing between EMG signals from a novice and 
an expert. Researchers compared the differences in EMG signals 
between an expert and a learner and provided the learner with a 
visualization highlighting the differences [2]. 
 
In this particular experiment, six basketball novices were divided 
into two groups of three, only one of which received visual EMG 
feedback. Both groups were given dribbling technique instruction 
and then trained for 30 minutes, using a metronome to calibrate 
dribble period. Performance tests then determined that in the 
group that received EMG feedback, the forearm muscle activity 
was much closer to correct than in the other group, indicating that 
the feedback led to the acquisition of proper dribbling technique. 
This confirmed the researchers' hypothesis that real-time EMG-
based feedback is an effective addition to the process of motor 
skill learning. 

4. RESEARCH METHOD IN BRIEF 

To develop our project, we first did some initial research on how 
the human body generates natural electric signals and how these 
signals are evaluated in the medical field. The data generates vast, 
unorganized amounts of data, so we next created a circuit that 
would enable us to collect data for later organization and analysis. 
Having determined that a wearable device would be the most 
appropriate medium through which to collect data from body 
movements, we developed a prototype that fit close to the body. 
Our design focused on the ability to monitor specific body 
movements and muscle groups. 
Next, having decided that the craft of ceramics would be a good 
domain within which to test our hypothesis, we interviewed a 
master ceramics craftsman to learn how certain tasks within the 
craft are habitually performed. We recorded measurements of 
muscular movement when performing these tasks from two 
master craftsmen, and also employed EMG to capture bio-signals. 
This data became the data against which we would later test and 
compare data generated by our experiment's learner subjects. 
 
We next developed a computer program to enable the real-time 

comparison and analysis of the data. The program produces the 
appropriate visualizations that allow users to perceive differences 
between the two data sets, which is a prerequisite for establishing 
a useful feedback loop. 
 
Needing a group of participants to test our program with the 
wearable device, we found ideal subjects who had very little 
knowledge and experience working with their hands. We had 
these participants work with clay for a limited time while wearing 
the device, performing the same tasks. We collected a mean range 
of data from this activity in sessions approximately 1 hour in 
duration, with small breaks every 25 minutes. 

Figure 1: Sleeve prototype. 
 



 
In our final step, we inferred a set of conclusions based on the 
data analysis. Our objective was to determine whether the 
wearable device had a significant impact on the speed with which 
the learners in our experiment familiarized themselves with the 
technique and the specific tasks of the craft. 

4.1 Hardware & Sleeve Prototypes 
Several researchers have explored the design space of wrist-worn 
devices. For example, Augmented Forearm [14] is made from a 
row of four interconnected displays worn on the forearm. 
DisplaySkin [4] wraps six displays around the wrist, acting as a 
visual display for mobile device information. The focus is to 
describe the apparatus (hardware components, integration, and 
real-time software implementation) as well as some of the 
experiments possible under the system architecture. We present 
experimental measurements for illustration that compare single 
muscle work-loops under zero and non-zero admittance loads, as 
well as methods for conducting experiments on controlled and 
uncontrolled environments. The primary goal is to provide a 
supervised input to the person learning a task in an attempt to 
prove the hypothesis that biofeedback signal representation is 
suitable for learning. We based our hypothesis on the work done 
by Debaere et al [6] who over the past few decades have shown 
how providing augmented visual feedback also facilitates learning 
bimanual coordination patterns [12], [16], [6], [15] and gives rise 
to complex multisensory integration mechanisms [17]. 
 
4.2 Device Components 
1.Electrodes provide information to the myoelectric sensor board. 
It also has several electronic components that allow for adjusting 
the input and for filtering any incoming noise, enabling a clear 
signal quickly and thus eliminating the processing load on the 
plate board. The design of analog filters and amplifications are 
derived from standard EMG practice [11]. The amplified 
myoelectric sensor data are connected to the analog inputs of the 
micro-controller Cortex-M4 Teensy 3.1 [19] which samples the 
analog inputs at approximately 10kHz and sends out RMS values 
to the on-board SD card for each sensor with a window size of 32 
values at a rate of 63Hz. This reduces both the amount of data to 
be transferred and the required processing power. 
2. A compression sleeve is fitted over the arm of the participant, 
from shoulder to wrist of the dominant hand. The sleeve features 
small patches of conductive fabric placed strategically over the 
general areas of the bicep, wrist flexors, and forearm flexors. 
These patches have snap connections that allow the electrodes to 
snap onto the sleeve while maintaining a conductive connection. 
 
3. At the top of the bicep near the should joint, the electrodes 
connect back to the EMG Band, which slides over the sleeve and 
tightens down with a simple flexible fabric band similar to an 
armband one might use to secure an MP3 player while jogging. 
The program is loaded in this EMG band and the computation 
occurs using a Teensy micro-controller. 
 
4. The Glance-Based display at the wrist, on a strap made of 3D 
printed flexible plastic, allows users to visualize the data produced 
by their actions. Glance-Based interfaces do not demand a user's 
focal attention, providing visualization to the eyes quickly and 
only when needed [3]. An array of LEDs is concealed within the 

strap's three narrow slots and therefore the LEDs are visible to the 
subject when illuminated. (Figure 3) 
 
5. The LEDs on the visual display of the wrist serve as the 
interface between the apparatus and the user; the LED strips 
run vertically along the arm (see Figure 6 for clarification on 
the orientation of the LED array) and measure both the 

position of the forearm as well as the speed of movement 

when performing a given task. 
 
 
LED Strip 1 – Progress: When performing the specific task, 
the first of the LED strips that is closest to the thumb (worn 
on the right hand) measures accuracy on matches for the 
position of the forearm, speed of movement, and the EMG 
data. The number of lit LEDs increases with proper 
movement. The LEDs change color to show progress, 
beginning with a purple light and proceeding to blue, yellow, 
and then to green to show mastery of the skill. Clearing a 
color bar means the user has matched o r  s u r p a s s e d  the 
data block set from the master recording. 
  
LED Strip 2 – EMG Amplitude: The middle strip of LEDs 
measures the EMG signals the user's body produces during the 
task. These lights increase in quantity and change color to indicate 
progress, moving from yellow to orange and then to red 
(signifying the highest level of muscle contraction) to show 
improvement. 
 
 LED Strip 3 – Orientation: The final strip of LEDs at the pinky 
side of the display compares the current position and EMG signals 
of the forearm to those of the control data. This strip operates 
slightly differently from the other two in that the lights do not 
progress but instead remain green when the participant's arm 
position is considered to be 'correct' and turns red when 'incorrect.' 
 
5. EXPERIMENT OVERVIEW 
In the experiment we recorded how master ceramics craftsmen 
perform a particular task and then compared how closely a learner 
could replicate the master's force, position, and speed. By 
providing the comparison to the learners, they can determine 
which alterations they need to make to their own motions to 
replicate the master’s techniques more closely. 

Figure 2. LEDs Color interface chart. 
 



he learners performed the given tasks during 25-minute intervals 
The learners performed the given tasks during 25-minute intervals 
and did not find the sleeve and apparatus to be uncomfortable or 
fatiguing. The compression sleeve allowed us to keep the 
electrical components tight to the body to prevent any issues with 
balance.  In total, the sleeve and electrical components weighed 
58 grams.  
To ensure accurate data from both sources, we created a 
controlled environment suitable for work with clay. We set up 
video equipment in the space to record important motion-tracking 
information that we could digitize and convert into visual 
simulations. We also used EMG monitoring devices to determine 
which muscles both the master and the learners were using most 
frequently. 

5.1 Master Craftsmen and Subjects 
We engaged two master craftsmen for the experiments. Master 
craftsman 1 is a pottery instructor, aged mid- to late-30s, with 
more than a decade's experience in the craft and more than 6 years 
of experience instructing new students in pottery making. Master 
craftsman 1's artwork has been displayed in museums throughout 
the United States and abroad. 
Master craftsman 2, aged mid-30s, has close to 20 years' 
experience working with clay, having first apprenticed for many 
years with experienced pottery makers in Japan and India. For the 
past few years, master craftsman 2 has been teaching at a 
university in Cambridge, Massachusetts. 
 
Subjects in the experiments were all students from our university 
between ages 18 and 30, selected because students in this age 
group typically have a close relationship with technology and thus 
were less likely to face certain technological challenges that might 
have adversely affected the conduct of the experiment.  

5.2 Control Group: Experiment 1 
To test the system we proposed in experiment 1, it was crucial to 
establish a control group and to collect data in a state-of-the-art 
facility with proper equipment. By being able to compare data 
collected with the system prototyped for this study from such a 
facility, one can begin to gauge results. Conducting the initial 
experiment in an ideal environment provided an opportunity to 
record data with the lowest level of noise possible, which will 
then provide a baseline against which all other experiments can be 
compared.  
 
We employed a 12-camera VICON motion-capture system [20] to 
track markers (9 mm in diameter) at a rate of 120 frames/second. 
Marker tracking was accurate within 1.5 mm. Markers were 

placed on subjects as follows (Figure 3): four on the head, left, 
and right shoulder; one each on the center of the clavicle, the C7 
area of the spine, right scapula, left and right elbow mid and ulna, 
left and right upper arm, left and right lateral side of forearm, left 
and right radius and ulna, left and right thumb, and left and right 
middle finger.  

 

Both analog and digital devices can be connected to the Vicon 
System mainframe, just as a wireless mouse can be connected to a 
computer. Such versatility allowed continuous storage capabilities 
for 16 Trigno sensors (Delsys's EMG wireless system) operating 
at a full bandwidth, with 3 DOF accelerometer data per sensor. 
Once all sensors were placed on the body, the subject could move 
into the space where the group of calibrated infrared cameras was 
ready to begin collecting motion-tracking data.  
The first users were master craftsmen, so we could collect data 
from their movements. We asked them to perform the initial 
actions when working on the potter's wheel for extended periods, 
which allowed us to identify specific patterns for later use. We 
made a total of five recordings, which produced an interesting 
result of the translation to the digital space of materiality. By 
tracking the motions of the hands while working with clay, a 
translation of materiality was embedded into the 3D data.  
To establish the other end of the control group, we had someone 
as a second user (Subject 2) with no pottery experience making 
things by hand. Subject 2 began with a 25-minute demonstration 
of the sort one would receive in an introductory pottery course; it 
emphasized centering the clay on the wheel and coning the clay 
up and down (thus the demonstration corresponded with this 
paper's focus). The subject was also shown how to create a hole in 
the clay's center, open the hole, and make a cylinder. The explicit 

Figure 3: Tracker Placement on users 
. 

Figure 5: experiment 1 
. 

Figure 4: Master and novice MoCap and EMG visualization 
. 



information provided by the master craftsman in the 
demonstration included key actions to which the subject should 
pay close attention. During the experiment, the master craftsman 
also provided verbal instructions to help Subject 2. 

Figure 4 shows the representation model of the two subjects while 
working on the wheel. The raw EMG data are shown as a series of 
plotted graphs, each representing a channel, with the length of the 
plot related to the recording's duration. Evidently, there is a 
difference between the master's EMG signal on the left and the 
beginner's on the right, which show clearly the contrast between 
the moment of muscular contraction and muscular extension. The 
EMG signals from the master show bursts only at intended times, 
whereas those of the beginner oscillate continuously, showing 
nervousness and a lack of knowledge of the technique. 

5.3 Technique Comparison: Experiment 2 
The second experiment tested the EMG sleeve and the bio- 
feedback LED display for accuracy and effectiveness in assisting 
the user to perform a desired task. Some subjects had no visual 
feedback from LEDs and had to rely exclusively on the 
indications from the instructor to perform the task. Others had to 
wear the components while performing the task, comparing the 
two different sets of data afterwards. All participants were 
recorded to track their motions using the sensors placed on their 
bodies. The ability to track the participants' motions provided an 
opportunity to compare those wearing and not wearing the device 
and determine whether the visual feedback had an effect on the 
user's technique. Figure 5 shows a direct comparison of a master 
craftsman and a novice performing the same task: creating a 
cylinder on the pottery wheel. It is clear that the master craftsman 
on the left has achieved a high comfort level with the medium, as 
seen by the tall, rigid walls of the cylinder. The student on the 
right has created an uneven and incomplete cylinder, illustrating a 
lack of familiarity with the material and technique.  

 

5.3.1 Evaluating the Sensitivity of Sensors 
The first test using the devices focused on a simple movement, 
which the subject performed and then had to match to evaluate 
sensor accuracy (Figure 6). It involved the subject wearing only 
the visual display (i.e, we did not use EMG data), which enabled 
us to isolate the sensors' measuring of arm position over time and 
produce a speed and trajectory of the arm's movements - 
information displayed through the first row of LEDs. The test 
subject was asked to perform the same motion once to compare 
motions to the previous test run, but multiple test runs became 
necessary because the subject was unable to match the control 
data set with ease. Despite the subject's belief that the same 
motion was being reproduced, the LED display showed a different 
evaluation of the movement. The subject required time and effort 

to slow motions and focus on the display, which enabled the arm 
adjustments needed to match the previous test. We determined 
after a few trials that a gradual increase in the accuracy threshold 
would give the subject greater leniency in motion and produce a 
positive result. 

5.3.2 Evaluating System Efficiency 

 

For the second preliminary test, we asked the subject to wear all 
three components so we could test the device in totality. This 
involved a few different experiments with the subject to test the 
posture and force applied by to the material. The subject crushed a 
rubber ball using one hand, and we used the electromyography to 
monitor muscular contraction and expansion. The subject then 
traced the outline of a lamp and we monitored the speed and 
accuracy of movements over time; for the latter, the subject 
attempted to match a recorded data control set. 

5.4 Pilot with Ceramicist: Experiment 3 
Gauging the accuracy of the EMG sleeve and LED display with 
the pottery wheel became crucial to our experiment's success, so 
we had the subject perform some initial calibration routines 
derived from tests mentioned earlier in this paper. As in 
Experiment 1, the master craftsman showed each subject how to 
perform some simple pottery techniques, which the subject then 
tried to replicate. We had to adjust program parameters to get the 
EMG signals to match and increase the threshold that assigns a 
numerical value to the degree of accuracy so the subject could 
adapt and understand how the system works. The initial goal of 
subject accuracy within 10 degrees of the master's movements 
proved unachievable, but increasing the threshold to 25-percent 
accuracy made it possible for the subject to evaluate mistakes and 
make corrections with the aid of the LED signals. All subjects 
were given the typical length of a pottery class, one hour, to 
perform the experiment.  
 Figure 5. Expert and Novice pulling clay walls 

 

Figure 6. Evaluating sensor sensitivity through repetition 
 

Figure 7: Window and Envelop filters 
 



The master craftsmen were extremely deft at centering the clay on 
the wheel, as would be expected. Master craftsman 1 needed only 
4 minutes and master craftsman 2 only 7 minutes (see Figure 8). 
Novice subjects all required the entire 60 minutes without 
feedback, but once they used the biofeedback sleeve they all were 
able to reduce the time significantly and complete the clay-
centering task. One subject who had been unable to center the clay 
during the first 60-minute period succeeded in 12 minutes with the 
biofeedback. 

6 RESULTS  
The preliminary experiments demonstrated the considerable ease 
with which participants could become familiar with the 
movements involved in the task at hand without paying close 
attention to the visual display; the participants felt they were 
performing the task correctly even when different results were 
displayed on the device. Refocusing on the visual display helped 
participants adjust their technique to meet the readings of the 
control data set. 
 
As we developed the feedback display software, it became 
apparent that the strip of LEDs on the pinky side of the wrist 
(worn on the right hand) performed extremely well in monitoring 
forearm position. Users could easily tell when their arm angle 
differed from that of the control data because of the change in the 
LED display from a full strip of green light to a single, small red 
light. A slight elbow or shoulder adjustment would correct 
participants' posture immediately, changing the red lights back to 
green. Obvious shifts from negative to positive feedback made 
clear to users that their movements did not match those from the 
master craftsman data. 

 
Recording the movements of both the master craftsmen and 
learners using motion tracking sensors made clear that a 
combination of motion tracking video and EMG feedback 
provides an extremely accurate digital representation of the craft 
and makes it possible to understand movements without the need 
to watch the action in real time. These data could be used to create 
a three-dimensional learning environment or an archive of 
movements made by masters of a particular craft. Digital 
recordings of both motion tracking and EMG would allow remote 
teaching from anywhere. 
 

 

7 IMPROVING THE DEVICE 
At present, our work focuses on improving EMG signal 
acquisition and employing more advanced digital signal 
processing techniques before comparisons are conducted. 
Improving the feedback system for learners constitutes an 
important future area of work. 

The custom hardware from which EMG signals are acquired, 
processed, and compared works by using an on-board 
microcontroller. Feedback is provided through colored LEDs. 
This setup, though, may be inappropriate for some physical tasks, 
and the on-board microcontroller seems to be a limiting element 
of the system for advanced digital signal processing in real time. 
The user faces some challenges in looking at the LED feedback 
signals while moving. So, we are looking for ways to decouple the 
various functions of the current hardware and thus overcome these 
challenges. 

7.1 Signal acquisition improvements  
We are considering the Myo armband [1] for the task of acquiring 
and communicating raw EMG signal data, as well as data 
regarding physical movement such as pose, orientation, and 
velocity. This would replace the custom EMG sensor device. 
Several characteristics of the Myo are particularly attractive in 
this regard: it is inexpensive, lightweight, and sufficiently 
accurate, while also interacting easily with the device using a 
number of popular programming languages. The latter allows us 
to use a language such as Python, which is particularly well suited 
to digital signal processing. We are also exploring modifying the 
device so it can be used with muscles other than those in the arm. 
 

7.2 Signal processing improvements  
The EMG signal reported by the Myo undergoes some basic 
processing. Currently, this is used mainly for the purposes of 
smoothing in the existing implementation. The processing 
includes removal of DC offset by de-trending, rectification by 
taking absolute value, and smoothing using a low-pass filter. The 
specifics of the low-pass filter vary based on the source and 
characteristics of the data. For example, a fifth-order Butterworth 
filter with a cutoff frequency of about 1% of the sampling rate has 
worked well for data collected using the custom hardware 
described previously in the paper. Figures 9 and 10 show the raw 
and processed EMG signals across the same time period when the 
subject touches the thumb to the middle finger several times. The 
current developments in this area include normalizing the signal 
against the peak or mean values of a subject for purposes of easier 

Figure 8. Task completion times of masters and novices both with and without bio-feedback. 
 



comparison among subjects across trials, and if deemed necessary, 
addition of pre-processing to remove noise from the raw EMG 
signal.  

 

8 FUTURE WORK 
From our system and from previous research [2] it has been seen 
that a movement that is part of a craft or a sport can be well 
described using data on motion characteristics and EMG activity. 
One possible avenue of further exploration is the generalization of 
the bio-signal comparison and real-time feedback system. This 
means that a user could access a portal containing files that 
describe a particular motor skill in terms of the bio-signals 
mentioned previously. A user could interact with this portal by 
choosing a motor skill to learn, and an instructor whose 
movement the user wishes to learn from. The portal would then 
interact with a wearable device that is located at an appropriate 
location to measure the learner's EMG signals. Feedback would be 
provided based on a comparison between the learner's EMG 
signals and those of the chosen instructor, after undergoing some 
processing [5] and normalization [9]. This could include visual 
feedback in the form of LEDs, overlaid graphs, or words. Another 
possibility is haptic feedback via the wearable device, perhaps to 
nudge the user in a certain direction or to provide immediately 
understandable status feedback. This portal would allow a user to 
more quickly and easily learn many motor skills involving muscle 
memory acquisition, including clay-centering, basketball 
dribbling, swinging a golf club or tennis racquet, or throwing or 
pitching a ball. This paper's contribution is an early version of this 
system, minus integration with an online portal. Our current 
system can thus be seen as a proof of concept of such an online 
learning portal to augment the traditional in-class learning 
experience in many fields. 
 

9 CONCLUSION 
This paper presents a system aimed at easing and hastening the 
process through which one acquires muscle memory. The method 
involves collecting signals about pose, velocity, and muscle 
electrical activity (EMG) from someone who has mastered a given 
skill and then comparing the signals generated by a learner of the 
same skill in real time. The learner receives real-time feedback 
based on the comparison through colored LEDs on a wearable 
device. The results of our initial experiments show that the system 
does augment tradition imitation-based learning and make it 
possible for learners to pick up a skill much quicker than those not 
employing the system. The promising nature of the outcomes 
compels us to make enhancements to the system, including more 
convenient signal acquisition, more sophisticated signal 
processing, and the most learner-friendly feedback system 
possible.  
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