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Abstract 
Vocal training is difficult because the muscles that control pitch, 
resonance, and phonation are internal and invisible to learners. This 
paper investigates how Electromyography (EMG) and ultrasonic 
imaging (UI) can make these muscles observable for training pur-
poses. We report three studies. First, we analyze the EMG and UI 
data from 16 singers (beginners, experienced & professionals), re-
vealing differences among three vocal groups of the muscle control 
proficiency. Second, we use the collected data to create a system 
that visualizes an expert’s muscle activity as reference. This system 
is tested in a user study with 12 novices, showing that EMG high-
lighted muscle activation nuances, while UI provided insights into 
vocal cord length and dynamics. Third, to compare our approach 
to traditional methods (audio analysis and coach instructions), we 
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conducted a focus group study with 15 experienced singers. Our 
results suggest that EMG is promising for improving vocal skill 
development and enhancing feedback systems. We conclude the pa-
per with a detailed comparison of the analyzed modalities (EMG, UI 
and traditional methods), resulting in recommendations to improve 
vocal muscle training systems. 
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1 INTRODUCTION 
Vocal training depends on precise control of muscles that most 
people cannot see or feel directly. Singers must learn to coordinate 
the thyroarytenoid and cricothyroid muscles to control pitch, yet 
they typically receive feedback only through sound-based methods 
such as spectrograms [33] or, in clinical settings, through invasive 
laryngoscopy [56]. Previous studies have demonstrated the value of 
metrics like the Singing Power Ratio (SPR) in distinguishing vocal 
capabilities [67] and have explored respiratory muscle training 
to enhance vocal function [15]. These approaches remain limited, 
however, because they provide no intuitive connection between 
what singers hear and what their muscles are doing. Spectrograms 
show acoustic output but not the physical mechanisms producing 
it. Singers are left to discover through trial and error how to engage 
their vocal muscles to achieve a target sound. 

This paper addresses these gaps by investigating electromyogra-

phy (EMG) and ultrasonographic imaging (UI) as basis for more in-
tuitive and less invasive visualization methods for vocal cords train-
ing. EMG and UI are methods to measure muscle movements [6, 26]. 
Tension of muscles [63], such as the thyroarytenoid and cricothy-
roid muscles, allows pitch control in voice production. Our goal 
is leveraging the understanding of muscle activity to improve the 
visualization of vocal activity. For this, we conducted a series of 
studies with singers since singing is a specific skill that requires 
the control of vocal cord muscles. 

We conducted three studies to evaluate EMG and UI for vocal 
training. First, we collected a Vocal Cord Sensing Dataset (VCSD) 
from 16 singers with varying skill levels, using both EMG and UI 
to establish baseline patterns of vocal muscle activity. This dataset 
addresses our first research question: 

RQ1: Can EMG and UI be used to capture different levels of 
proficiency in singing and support singers of various skill levels? 

Analysis of the dataset revealed distinct muscle activity pat-
terns between experienced and novice singers, confirming that 
both modalities can detect proficiency differences. Having estab-
lished a technical foundation, we next used the data of experienced 
singers to create reference visualizations for EMG and UI of “correct” 
singing that novice singers could use for training. In our second 
study, we tested whether novice singers could use these references 
to improve their own performance: 

RQ2: How do EMG and UI perform in training novice singers? 
We recruited 12 novice singers to practice matching their muscle 

activity to the EMG and UI reference visualizations in real time. 
Results showed that both modalities support skill development, 
though with different strengths. EMG feedback enhanced perceived 
controllability and reduced fatigue, while UI feedback improved 
vocal cord control for specific pitches but required higher cognitive 
effort. The UI setup also constrained movement due to its physical 
size, limiting its use to stationary practice. 

Having EMG and UI tested for novices, we created a more mobile 
setup based on EMG-only and wireless microphones to support 
performance-oriented scenarios where singer might move. UI was 
not considered in this study due to its rather bulky setup and the 

already established muscle control of experienced singers. Hence, 
in our final study with 15 experienced singers, we wanted to shed 
light on the following research question: 

RQ3: How does a portable EMG setup perform in supporting 
experienced singers compared to traditional feedback methods? 

Our findings showed that EMG captured nuanced muscle en-
gagement, with tenor singers aligning closer to expert references. 
In addition, we found a strong correlation with vocal power, or 
known as Singing Power Ratio (SPR), highlighting superior muscle 
control in experts. Comparing our sensing setup with traditional 
methods, we found that EMG can provide technical precision and 
contextual guidance, showcasing its potential as a portable tool 
for advanced vocal training. Yet, overall a combination of EMG 
and traditional methods is likely to yield the best results as both 
approaches complement each other. 

Across all three studies, we found that EMG and UI feedback 
can be effective for vocal training. While our investigation focused 
on singing, the underlying techniques have broader applications 
in speech detection, language learning, and voice capture. We con-
clude with guidelines for designing effective technology-assisted 
practice systems. 

Contribution. The major contributions of this paper are: 

(1) Improving vocal pitch assessment: We propose an ac-
cessible approach for collecting and evaluating vocal pitch 
using EMG and UI sensing based on real-world data. 

(2) In-depth investigation with singers: We present three 
user studies (in total N=43) varying untrained (novice) and 
trained groups to further investigate the effectiveness, us-
ability, skill transferability of vocal sensing techniques and 
provide a comprehensive design guideline for vocal training 
systems. We provide an open-access dataset of dual-modality 
sensing (EMG and ultrasonography) collected from 16 par-
ticipants with varying levels of vocal training experience, 
available under an osf link: https://osf.io/gkjsx/?view_only= 
0e6aee05b63040a5b1f140297775ece9. 

(3) Broadening EMG and UI for other domains: We show 
how our results motivate and inform further research in 
related domains of vocal training also providing actionable 
guidelines for effective technology-assisted practice systems. 

2 RELATED WORK 
This paper builds on four aspects below, using Electromyography 
(EMG) and ultrasonic imaging (UI) to explore how physiological 
data can improve vocal skill assessment. 

2.1 Vocal Sensing and Feedback in Interactive 
Music Systems 

Interactive music systems have shown potential for musical per-
ception, bodily awareness, and learning outcomes. For example, 
the integration of digital tools and games [27] to support the voice 
treatment of parkinson patients demonstrates how gamification 
can improve vocal therapy by increasing patient participation and 
vocal loudness. Similarly, Bean Academy [30] simplifies music com-

position through vocal query transcription, reducing the barriers 
to music theory comprehension and software proficiency. 

https://doi.org/10.1145/3772318.3790965
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Figure 1: From sensor data collection to visualization: (1) Showing a participant wearing an EMG sensors to detect the activity 
of the cricothyroid muscle. (2) Showing a participant using a B-type ultrasonography device to visualize the thyroarytenoid 
muscle. 

Research on vocal sensing technologies, such as pitch detection, 
remains in early stages. Celestia [55] uses pitch detection for real-
time interaction in music games, showing the potential of auditory 
feedback to improve vocal control. Additionally, BrainiBeats [7] 
uses physiological signals (EMG and EEG) to generate music based 
on emotional states, merging creativity with biological data. These 
systems suggest applications for personalized learning environ-
ments and therapeutic interventions. 

Research has integrated physiological responses into artistic 
performances [21, 23], and interactive installations have further 
explored embodied music creation. “The Music Room” [41] is an 
immersive installation where participants’ movements within the 
physical space trigger and shape musical elements, demonstrat-

ing collaborative, embodied music-making. Similarly, “The Throat 
III” [64] and “The Vocal Corder” [65, 66] allow opera singers to 
manipulate their voices dynamically, expanding the expressive pos-
sibilities of vocal performance through sensor-based technology. 
Mixed reality technologies [54] have also shown a significant in-
crease in co-presence for remote collaboration with musical part-
ners, offering opportunities for vocal sensing. 

2.2 Physiological Foundations of Vocal Pitch 
Control 

Vocal training combines foundational techniques with physiologi-
cal understanding to optimize performance. Estill Voice Training 
(EVT) [57], Speech Level Singing (SLS) [35], and Complete Vocal 
Technique (CVT) [59] represent three widely-used methods. Tra-
ditional approaches to vocal assessment focus on breath control, 
pitch accuracy, volume modulation, and rhythmic precision [69]. 

In this paper, our sensing methods to pitch assessment is built 
on EVT theory [57], which suggests that vocal pitch is determined 
by the tension in the vocal folds, a factor evident in both speech 
and song [3, 63]. Previous studies identified the thyroarytenoid and 
cricothyroid muscles as the primary controllers of vocal pitch [63], 
with their contractions adjusting the tension of the vocal folds by 

rocking the cricoid and arytenoid cartilages. This mechanism alters 
the pitch of the voice [6, 19, 25]. 

However, a persistent challenge in vocal pedagogy [44] is the 
lack of comprehensive feedback mechanisms, particularly in the 
absence of continuous guidance from professional instructors. Mus-

cle tension is central to discussions of vocal performance pedagogy. 
Controlled tension is necessary for precise manipulation of the 
vocal tract, but excessive tension – is often associated with reduced 
sound quality [40]. Current methods [44] predominantly rely on 
auditory feedback and visual analysis of spectrograms to evalu-
ate vocal performance, with limited insights into the underlying 
muscular mechanisms involved in sound production. Emerging 
trends in vocal training research [8–10, 69] have begun to integrate 
technological innovations, such as muscle activity visualization 
and monitoring, to offer more precise and informative feedback to 
learners. 

Therefore, to integrate the sensing technologies in vocal assess-
ment can enhance the efficiency and efficacy of vocal training pro-
grams, considering the diverse needs and skill levels of practitioners 
across various musical genres and educational settings. 

2.3 Sensing Technologies for Vocal Analysis 
Recent advancements in sensing technologies improve the under-
standing and control of the human voice. Traditional vocal analy-
sis methods [44] often rely on subjective assessments, which can 
be difficult to obtain consistently and are prone to interpretation 
biases. For instance, waveform analysis can detect timing errors 
and improve note alignment, articulation, and transitions, enhanc-
ing recording quality [1]. Recent improvements also enable more 
detailed processing of complex vocal performances [24]. Singing 
Power Ratio (SPR) has been used to provide automated feedback in 
vocal training, assessing resonance and clarity, crucial in classical 
singing [31, 58]. Despite these advancements, traditional methods 
still limit a deeper understanding of vocal production mechanisms. 
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EMG and ultrasonography have enabled researchers to examine 
vocal physiology in greater detail. Existing research has explored 
correlations between uttering vowels or sentences and engagement 
of speech muscles [76], the use of pitch and EMG for omohyoid 
detection [68], and analysis of face and neck muscle movements 
during speech [49]. Ultrasonic techniques capture speech dynamics 
from tongue movement to sound production [26]. 

Certain wearable designs worn on the throat or chest offer a 
potential avenue for enhancing bodily signals as input for vocal 
expression, from a custom wearable collar that monitors vocal 
performance [50], to a breath-related wearable instrument that 
enhances somatic awareness (the conscious perception of internal 
bodily sensations) during singing [13]. Despite significant progress, 
a fully integrated sensing system specifically tailored for detecting 
vocal pitch muscles remains absent. Nevertheless, the integration of 
EMG and ultrasound into practical, wearable systems for real-time 
vocal analysis is still an area ripe for exploration, with promising 
applications in both clinical settings and vocal pedagogy. 

2.4 Muscle Activity Sensing: From General 
Applications to Vocal Training 

The assessment of muscle engagement has increasingly captivated 
the Human-Computer Interaction (HCI) community [16], partic-
ularly within the realms of motor skill training and rehabilita-
tion [47, 52], owing to its potential to elevate skill acquisition and 
optimize performance outcomes. Ultrasound stands out as a tradi-
tional yet potent modality for visualizing muscle movements. As a 
medical imaging technique, it furnishes images of internal bodily 
structures, including muscles [43, 53], thereby offering users a tangi-
ble means to visually comprehend muscle movements. In this study, 
we leverage ultrasonography imaging (UI) to provide real-time 
visualization of vocal cord movements as a training method. 

However, the interpretation of UI can present challenges, and 
quantifying these images’ outcomes often entails complexity [21, 
38, 39, 48]. In contrast, Electromyography (EMG), Mechanomyo-

gram (MMG), and Electrical Impedance Tomography (EIT) present 
alternative methodologies for measuring muscle activity. EMG, by 
recording the action potentials generated by muscle contractions as 
a result of neural activity [32, 60], offers a high degree of sensitiv-
ity to the electrical activities underlying muscle contractions. This 
attribute renders EMG particularly adept at capturing the subtle nu-
ances in vocal cord muscle movements, which are characterized by 
rapid and complex motion. MMG, in contrast, detects mechanical 
signals from muscle surfaces during contraction, through tech-
nologies such as capacitive plane arrays [51] and force-sensitive 
resistors [17]. However, given its propensity for monitoring me-

chanical vibrations, MMG is more apt for assessing larger muscle 
groups rather than the fine movements of the vocal cords. 

Electrical Impedance Tomography (EIT) has been explored for 
capturing hand gesture movements [72, 73] and muscle activity [74, 
75]. Unlike EMG and MMG, EIT monitors both contracted and 
stretched muscles by mapping internal conductivity changes, pro-
viding regional and cross-sectional information. However, its preci-
sion may not meet the requirements for vocal cord training, where 
targeted monitoring of specific muscles is essential. EMG sensors 

provide localized measurement, making them effective for isolat-
ing the activity of small or deeply located muscles such as those 
controlling the vocal cords. 

For vocal training applications requiring precise feedback on 
small, rapidly moving muscles, EMG offers advantages as a measure-

ment technique. Its ability to provide immediate, specific data on 
muscle activity makes it valuable for detailed analysis and feedback 
on vocal performance. Combined with ultrasound visualization, 
these complementary modalities can address gaps in current vocal 
training feedback systems. 

3 Research Approach & Hardware Setup 
Our research program comprised three sequential user studies, each 
building upon findings from its predecessor. We first describe the 
iterative investigation structure, then detail the hardware configu-
rations employed across studies. 

3.1 Iterative Investigations 
We conducted three studies to systematically examine EMG and 
ultrasound imaging (UI) as modalities for vocal training feedback. 
Each study addressed distinct research questions while informing 
subsequent methodological refinements. 

• Study 1 – Data Collection (N=16): This foundational study 
investigated whether EMG and UI can effectively visualize 
vocal cord muscle activity and differentiate between skill 
levels 4. We recruited 16 singers spanning novice to profes-
sional expertise to establish reference datasets. The study 
addressed two questions: (a) Do measurable differences in 
vocal cord activity patterns exist between differently skilled 
singers? (b) Can these differences be rendered as meaningful 
visualizations? Findings from this study informed sensor 
selection and feedback design for subsequent investigations. 

• Study 2 – Novice Study (N=12): In the second study, we 
specifically focused on novice singers to investigate their 
temporal stability through EMG and feedback on muscle 
movements by UI also capturing the task load and usability 
of the setup. In this study, we used a static setup since the 
training of basic skills does not require much movement. 

• Study 3 – Experienced Study(N=15): In our final study, 
we investigated a more realistic setting for advanced singers 
requiring a mobile setup that captures the muscle activity of 
singing during other movements. Because of that, we had to 
rule out UI sensors, since they are rather bulky and require 
the singers to be in a static position. Further, we used this 
study to gather feedback from the experienced singers that 
compares our setup with traditional coaching. 

3.2 Hardware Setup 
Based on previous work, we considered the thyroarytenoid and 
cricothyroid muscles as the primary controllers of vocal pitch [63]. 
We collected two types of data to directly measure muscle activity 
across various pitches: EMG and UI. A microphone collected audio. 

EMG Setup. To capture EMG, we used Delsys Trigno Wireless 
EMG sensors to measure vocal muscle activity. Sensors were posi-
tioned on the anterior neck between the thyroid cartilage (Adam’s 
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Figure 2: Overview of the Iterative Study Process and the Hardware Setup: (1) Ultrasonography sensors require the manual 
positioning of the probe on the skin near the vocal cords. (2) EMG sensors need to be placed bilaterally around the user’s larynx 
to monitor vocal muscle activity. (3) The data recording also includes the use of a noise-canceling microphone. 

apple) and the superior border of the cricoid cartilage. The data was 
captured at 2000Hz in the first study (VCSD dataset) and second 
study (novice study). In the third study (experienced singers study), 
EMG data was sampled at 4370Hz to segment short-duration pitch 
events during song passages, and to align with the higher-resolution 
audio. 

Ultrasonography. The CONTEC CMS600P2 Full Digital B-type 
Ultrasound Diagnostic System was employed. Participants held 
the probe at the front of the larynx, with ultrasonic operating at a 
3.5 MHz transmit frequency and the system recording video at 30 
fps. Ultrasonography was used only in the novice study for visual 
feedback on vocal muscle activity. Due to its bulkiness, this method 
was not used in the experienced singers study. 

Audio Capture. Study 2 employed a Shure SM7B microphone 
for high-fidelity recording in controlled acoustic conditions. Study 3 
substituted a portable wireless microphone to accommodate singer 
movement during performance tasks. 

3.3 Data Analysis Statistical Rationale 
All statistical analyses were conducted in Python using numpy, 
scipy, and statsmodels. Parametric (t-tests) or non-parametric 
(Wilcoxon signed-rank test) tests were chosen accordingly based on 
normality assumptions. Multiple comparisons were corrected using 
the Benjamini–Hochberg FDR procedure [4]. Effect sizes (Cohen’s 
𝑑 or rank-biserial 𝑟

rb
) and 95% confidence intervals were reported 

following recommended standards [11, 29]. For repeated-measures 
outcomes (e.g., pitch-wise EMG stability and vocal-fold length), 
linear mixed-effects models [20] were used with participant as a 
random intercept and Group and Pitch as fixed effects. 

3.4 Ethical Considerations 
Our institutional Ethical Review Board (ERB) approved our study 
design. Throughout our study, we took precautions to treat our 
participants in an ethically correct manner and adhered to strict 
privacy laws. Participants of all three studies received a consent 
form containing detailed information about the captured data, as-
surances that they could withdraw from participating at any point 
without negative consequences, and information about their rights 
in compliance with the General Data Protection Regulation (GDPR) 
and national data protection laws. Participating in any of the three 
studies caused no risks beyond everyday life or psychological harm 
for participants. To protect the privacy of our participants and their 
environment, we have anonymized the transcripts prior to analysis 
as well as the photos of our participants used in this paper. 

3.5 Positionality Statement 
This project was a collaboration between HCI and security and pri-
vacy (S&P) researchers from academia and industry. All members 
of the research team have more than three years of experience in 
conducting, writing, publishing, and reviewing HCI research, while 
focusing on end users, children, and singers. We approach this study 
as researchers located within the HCI and S&P communities. Our 
interest in this topic stems from our own experience conducting 
qualitative HCI and S&P research with end users, children, and 
singers, where we have identified, first-hand, several constraints 
and challenges and aim to understand the extent to which these 
constraints and challenges occur on a scale. Nine of the authors 
grew up in non-Western countries but now collaborate with West-

ern institutions. Three authors grew up in Western countries. The 
resulting research experiences with end users and children from 
different cultural backgrounds shape our understanding of these tar-
get groups. We acknowledge that our dual roles as conducting this 
study and as fellow researchers in this space may have influenced 
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how participants shared their experiences, while also enabling us 
to engage with them more meaningfully. At the same time, our 
positions as HCI and S&P researchers limit our ability to interpret 
findings beyond the perspectives of our own discipline. Our vision 
for this work is to serve as a starting point for our research commu-

nities to work together in addressing the challenges of conducting 
inclusive research and enacting changes. 

4 STUDY 1: INITIAL EMG & UI 
INVESTIGATION (RQ1) 

The primary goal of this study was to conduct an exploratory anal-
ysis of vocal muscle activity during singing using EMG and UI, 
investigating whether these sensing technologies can capture dif-
ferent levels of singing proficiency. To this end, we collected a Vocal 
Cord Sensing Dataset (VCSD). 

4.1 Collected Data 
The collected VCSD dataset consists of a total recording of around 
three hours. The details of the dataset can be found in Table 1. 
Besides the videos of ultrasonography and the 2-channel EMG data, 
the dataset also includes the breath sensor values and the reference 
videos with audio during the collection procedure. 

4.2 Study Procedure 
1) Welcome & Familiarization: Before data collection, the partic-
ipants were informed about their rights and the implications of 
their participation. When agreeing to participation and use of their 
data, they signed a consent form. Then, an initial questionnaire 
was given to collect the participants’ demographics and their vo-
cal training experience. Next, participants were introduced to the 
sensing devices and the task, followed by a 5-minute practice ses-
sion to familiarize themselves with the sensing devices and the task. 

2) Singing Task: Participants were instructed to sing their vocal 
range as accurately as possible, referenced the scientific pitch nota-
tion (SPN). To support pitch accuracy, an 80 bpm piano reference 
of the scale was played in real time. Participants were asked to fol-
low this reference closely and maintain each pitch for two seconds. 
Each participant performed the task with both sensing modalities 
(EMG and UI). Each session was repeated four times, yielding eight 
recording rounds per participant. Session order was counterbal-
anced across participants to mitigate learning effects. 

3) Exit Interview: Finally, the participants were interviewed about 
vocal training and their impressions of the two sensing technolo-
gies. 

4.3 Participants & Recruitment 
We recruited 16 participants (6 female, 10 male, aged 21-33 years, 
mean=25.7) from two local institutes. Ten participants were begin-
ners with little vocal training experience, and three participants 
were intermediate amateurs who had basic vocal knowledge. The 
remaining three participants were experts who experienced profes-
sional vocal training for more than 10 years. Novice and experienced 
participants were provided a 1000 yen gift card per hour as reim-

bursement for their participation in the study. Expert participants 

were reimbursed with 10,000 yen as compensation for their time 
and effort. The collection process was approved by the IRB of the 
local institutes. All data collected within the scope of this study 
are anonymous and are only released with the approval of the 
participants. 

4.4 Results 
Since the raw data contains noise and redundant information, we 
first post-processed the data and analyzed the results from different 
perspectives, to obtain insights from the collected data. 

4.4.1 Data Processing. 

EMG. Since our focus was on the stability and controllability of 
the cricothyroid muscle, we tried to extract stability information 
from the data. The raw data was first denoised through a moving 
average filter (window size = 10ms), then a Hilbert transform was 
performed to calculate envelopes of the signal [12, 45]. The stability 
of muscle activity [18] 𝑠 was then calculated as follows: 

𝑠 = 
1 

𝑁 − 1 

𝑁−1∑︁ 

𝑡 =1 

∥20𝑙 𝑜𝑔 
𝐴𝑡+1 

𝐴𝑡 
∥ (1) 

𝐴𝑡 denotes the previous envelope value of the filtered EMG at 
timestep 𝑡 . This equation is designed with reference to shimmer 
measurement in voice, which is frequently used in the field of 
acoustic analysis [62]. Dividing among envelopes allows calculating 
the stability of each pitch and comparing the differences in scales 
between each participant. 

UI. The UI video had to be quantified for analysis. Therefore, we 
developed a landmark detector for tracking the vocal cord muscle 
from the ultrasonic images. Here, we focused on five important key 
points in the video: start points (connection) of two vocal cords, 
ends of the inner side of vocal cords, and the end of the outer side of 
vocal cords, as shown in Figure 3. These five points discern changes 
in the true vocal cord structure and cartilage position based on 
previous research [28]. Since the shape of the vocal cord differs 
for each participant, we manually annotated the key points on an 
initial frame for each session. With the positional data from the 
five key points, we computed the length of the true vocal cords 
(depicted in red in Figure 3) as follows: 

𝐿 = 
1 
2 
∗ 

 
𝐷𝑖𝑠𝑡 

 
𝑃𝑉 𝑆 , 

𝑃𝑉 𝐿1 + 𝑃𝑉 𝐿2 

2 

 
+ 𝐷𝑖𝑠𝑡 

 
𝑃𝑉 𝑆 , 

𝑃𝑉 𝑅1 + 𝑃𝑉 𝑅2 

2 

 
(2) 

4.4.2 Data Analysis. To understand the effect of the two sensing 
data as well as to answer RQ1, we further analyzed the collected 
data among the participants. 

Following recommendations for statistical reporting [11, 29], we 
report effect sizes (partial 𝜂 2) alongside 𝑝 -values. First, the pro-
cessed data was statistically analyzed using linear mixed-effects 
models (LME) [20] among the three groups of different level par-
ticipants (beginners, intermediate amateurs, experts). Pitch was 
treated as a repeated factor, Group of different levels as a between-
subject factor, and Gender as a covariate. Participant number was 
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Dataset Sampling Novices (1-10) Experienced 
(11-13) Professionals (14-16) Total Size 

Subject - 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 16 
Pitch Range (the 
number of pitch) 

G2 - E6 
(27) 

F3 - F4 
(14) 

C3 - C4 
(8) 

F3 - G4 
(9) 

C3 - B4 
(14) 

G3 - D5 
(12) 

G3 - D5 
(12)

D3 - C5 
(14) 

G3 - C5 
(11) 

F3 - D5 
(13) 

F3 - D5 
(13) 

F3 - E5 
(14) 

F2 - C5 
(19) 

G2 - E5 
(20) 

E3 = E6 
(22) 

D3 - E6 
(22) 

G2 - C6 
(25) 

G2 - E6 

2-channel 
EMG Data 

2000 hz/s 316s 253s 179s 383s 348s 277s 342s 130s 245s 329s 298s 249s 421s 139s 495s 524s 4928s 

Ultrasonography 
Data 

30 fps 273s 333s 264s 287s 217s 213s 280s 336s 232s 288s 333s 288s 368s 483s 583s 360s 5138s 

Table 1: Statistics of the VCSD datasets: EMG, UI, and pitch range for 16 users across skill levels (Novice, Intermediate, Expert) 

+300μV 

-300μV 

G2    A2   B2 C3   D3   E3    F3   G3    A3   B3    C4   D4   E4    F4    G4

      0μV 

Time (s) Open Position Closed Position FIve Key Points 

Figure 3: Left: EMG sensor placement and visualization of a sample of raw EMG data accompanied by muscle/cartilage position 
annotations. Right: Positioning of the ultrasonography probe and sample of raw ultrasound imaging data accompanied by 
muscle/cartilage position annotations. 

Figure 4: Comparison of the stability calculation derived from EMG data and the measured vocal cord length via ultrasonography 
across a pitch range from G3 to G4. Left a set of a participant’s raw EMG imaging data, right a set of a participant’s ultrasound 
imaging data, each spanning over one octave. 

included as a random intercept to account for within-subject de-
pendency across pitches. Since most beginners cannot “correctly” 
sing the notes, we focused on the data between the intermediate 
and expert-level participants in the following analysis. 

EMG. For the stability score, we picked up the common range 
(G3-G4) of the intermediate and expert groups to perform a deeper 
investigation. The mixed-effects analysis revealed a significant main 
effect of Group, with experts showing markedly lower EMG insta-
bility than intermediate singers (𝛽 = −0.48, 95% CI [−0.83, −0.12], 
𝑝 = .013, partial 𝜂 2 = .18). Because higher EMG stability scores 
indicate poorer temporal muscle control, this result reflects substan-
tially more stable cricothyroid activity among expert singers across 
the octave. The main effect of Pitch was not significant (𝑝 = .28), 
although EMG instability tended to increase at higher notes (F4– 
G4). The Group × Pitch interaction was not significant (𝑝 = .62), 

suggesting a consistent stability advantage for experts across the 
octave range. Gender had no significant influence on EMG (𝑝 = .26). 

The results per pitch are shown in the left figure of Figure 4. 
Despite an overall better temporal stability of the expert group, 
we found an obvious difference in the higher pitches (F4 and G4), 
which indicates the ability to control vocal muscles in high-pitch 
sounds of the experts. 

UI. For the vocal length data estimated from the UI, there was no 
significant difference between intermediate and expert singers (𝛽 = 
−1.82, 95% CI [−6.97, 3.34], 𝑝 = .49). Pitch did not reach statistical 
significance (𝑝 = .29), although an expected increase in length was 
observed toward higher notes. Gender showed a significant main 
effect (𝛽 = 12.43, 95% CI [4.85, 20.01], 𝑝 = .003, partial 𝜂 2 = .25), 
indicating systematic differences in UI measurements between male 
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and female singers. No significant Group × Pitch interaction was 
observed (𝑝 = .99). 

The results suggest a similar trend as the EMG data that the 
range of vocal cords is more stable for the experts (see right part of 
Figure 4). Although the UI does not provide any temporal informa-

tion, it shows that expert singers can more precisely manage their 
vocal cords. 

Interpretation Across Pitches. As visualized in Figure 4, expert 
singers demonstrate lower EMG instability (better temporal muscle 
control), particularly at higher pitches. They also show more con-
sistent vocal cord positioning in the UI data, indicated by narrower 
distributions of measured lengths. Intermediate singers, in contrast, 
exhibit greater variability in both EMG and UI, highlighting less 
stable laryngeal control strategies. 

4.4.3 Result Summary: RQ1. In sum, EMG and UI can both ef-
fectively capture the vocal cord muscle activity and be used to 
differentiate the level of singers in the scale task. The EMG feed-
back was easy to understand and provided a better representation 
of the temporal stability of vocal cords. UI offers a direct visual cue 
of vocal cords, providing intuitive feedback of muscle activities. 

5 STUDY 2: NOVICE STUDY (RQ2) 
Study 1 demonstrated that EMG and UI can differentiate vocal cord 
muscle activity across skill levels, with EMG capturing temporal 
stability and UI providing direct visual feedback of vocal cord po-
sitioning. Building on these findings, we conducted a study with 
novice singers to evaluate how each feedback modality supports 
vocal training. Participants practiced matching their muscle activ-
ity to expert reference visualizations derived from the Vocal Cord 
Sensing Dataset (VCSD) collected in Study 1. 

5.1 Study Procedure 
The study employed a within-subjects design in which each par-
ticipant completed training under three conditions: audio-only 
baseline, EMG feedback, and UI feedback. Condition order was 
counterbalanced across participants. The procedure (see Figure 5) 
consisted    
1) Welcome & Familiarization: First, we welcomed the participants 
and obtained their consent. 

2) Warm-Up & Pre-Training: We did a warm-up for 5-10 minutes to 
prepare the participants for the vocal exercise. Next, we measured 
a pre-training baseline for EMG and UI. 

3) Practice Sessions: The participants practiced for 5 minutes under 
one of the three conditions with a vocal guide which is brief demon-

stration on vocal muscle structure and the vocalis mechanism. The 
participants then learned from experts’ reference recording (that 
we obtained from the VCSD collected in Study 1) for each practice 
session. 

4) Post-Training: Next, we measured the post-training performance 
without a vocal guide and asked the participants to fill in a ques-
tionnaire about the condition. To capture the perceived task load, 

of five phases:

we used the NASA-TLX [22]. We further captured a subset of the 
Sense of Agency Scale (SoAS) [61]. Here, we extracted five pertinent 
questions from the SoAS, focusing on evaluating aspects of control-
lability. The steps (2) to (5) were repeated for three conditions. The 
order of EMG and UI was counterbalanced. 

5) Exit Interview: The participants were interviewed about their 
preferences, evaluation, and suggestions for the system. Further, 
we captured the participants’ feedback on the advantageous and 
less beneficial aspects of each training methodology. 

5.2 Participants & Recruitment 
To investigate the training effects of visual cues from both above 
vocal cords sensing, 12 novice participants (6 male, 6 female; aged 
24-34 years, mean=27.4) were recruited. Regarding the singing (vo-
cal training) experience, none of the participants had experienced 
professional training before, while all participants are singing en-
thusiasts who visit Karaoke (or similar activities) at least once a 
month. Participants received a 1000 yen gift card per hour as re-
imbursement for their participation in the study. The study was 
approved by the local Institutional Review Board. 

5.3 Results 
5.3.1 Sensing: EMG Stability Decreased, While Mean Vocal Cords 
Lengths Increased After the Practice. 

Stability Controlling (EMG). We evaluated muscle activity dur-
ing vocal training, calculating the stability 𝑠 ↓ of EMG signals (see 
Section 4.4.2) before and after practicing with the EMG training 
method. For each pitch (G3–G4), we conducted paired Wilcoxon 
signed-rank tests to compare pre–post stability within participants 
and applied Benjamini-Hochberg false discouvery rate (FDR) cor-
rection [4]. Before correction, three pitches (B3, C4, E4) showed sig-
nificant increases in instability after training (B3: 𝑊 = 6, 𝑝 = .048, 
𝑟
rb = .62, 95% CI [.08, .88]; C4 (𝑊 = 8, 𝑝 = .065, 𝑟 

rb = .47, 95% 
CI [−.15, .82]); E4: 𝑊 = 14, 𝑝 = .009, 𝑟 

rb = .74, 95% CI [.22, .93]). 
After applying FDR correction, only E4 remained statistically sig-
nificant (𝑝FDR = .036), while the remaining pitches did not survive 
correction (𝑝FDR > .10). The post-training stability was generally 
lower than the pre-training levels (see Figure 6 (left)). This find-
ing stands in contrast to the self-reported perceptions of increased 
controllability as indicated in the responses to the adapted SoAS 
questionnaire. Notably, this decrease in stability was statistically sig-
nificant, especially for pitches B3, C3, and E4, with 𝑊 = 6, 𝑝 = 0.048, 
𝑊 = 3, 𝑝 = 0.049, and𝑊 = 14, 𝑝 = 0.009 respectively, as determined 
by the Wilcoxon’s signed-rank test. 

To address potential confounding factors, we fitted a linear 
mixed-effects model [20] with fixed factors Pre/Post, Pitch, Or-
der, and Gender, and random intercepts for participants. The model 
revealed a significant main effect of Pre/Post, indicating increased 
instability after training (𝛽 = 0.41, 95% CI [0.12, 0.69], 𝑝 = .018, 
partial 𝑅 2 = .21). Order (𝛽 = 0.08, 95% CI [−0.11, 0.27], 𝑝 = .41) and 
Gender (𝛽 = 0.10, 95% CI [−0.12, 0.32], 𝑝 = .33) were not significant. 
No significant interactions were observed. 
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(6) Within-subject study: Repeat for three different conditions (Baseline/EMG/Ultrasonography) 

(2) Pre-training measurement 
(without vocal guide) 

(1) Warm up (3) Practice under a condition 
(5 min, with vocal guide) 

(7) Interview(5) Questionnaire(4) Post-training measurement 
(without vocal guide) 

Figure 5: The procedure of the novice study. 
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Figure 6: Left: Results of the stability 𝑠 ↓ test on the vocal muscle activity following the Equation 3, pre- ("before" in light blue) 
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The decrease in EMG stability could be attributed to distraction, 
as participants primarily focused on maintaining stable visual feed-
back while managing the cognitive demands of interpreting raw 
EMG data. We further address this in the discussion section. 

Vocal Lengths Controlling (UI). We analyzed UI recordings by an-
notating five frames per pitch (compared to one frame in Study 1) to 
increase measurement reliability. Mean vocal cord length increased 
for each pitch after UI-feedback training (Figure 6, right panel). 
Before multiple-comparison correction, we observed medium-to-

large effects and trends toward significance at pitches B3 (𝑊 = 3, 
𝑝 = .089, 𝑟 = .49, 95% CI [−.12, .83]) and C4 (𝑊 = 7, 𝑝 = .058, 
𝑟 = .52, 95% CI [−.08, .84]), and a significant increase at D4 (𝑊 = 4, 
𝑝 = .049, 𝑟 = .57, 95% CI [−.01, .86]). However, after controlling the 
false discovery rate across all eight pitches using the Benjamini– 
Hochberg procedure [4], none of these effects remained statistically 
significant (B3: 𝑝FDR = .24, C4 and D4: 𝑝FDR = .23). Despite the 
lack of FDR-corrected significance, the consistent positive effect 
sizes suggest a systematic tendency toward longer vocal cord con-
figurations after training, which aligns with the pattern observed in 
the VCSD, where expert singers exhibited longer and more stable 
vocal cord lengths than intermediate participants. 

5.3.2 Perception: EMG Enhanced Perceived Controllability, While 
UI Increased Mental Workload. 

NASA-TLX. We compared the workload between three methods: 
(1) training with audio-only feedback (baseline), (2) training with 
audio and EMG visual feedback, and (3) training with UI feedback 
(see Figure 7). Our results show that both the training with EMG 
and UI feedback have a slightly higher workload than the base-
line. Further, training with UI has a slightly higher workload than 
training with EMG. 

When comparing UI against the Baseline condition, we observed 
medium-to-large effects for Performance (𝑊 = 6, 𝑝 = .071, 𝑟 

rb = .56, 
95% CI [−.09, .86], 𝑝FDR = .14) and Effort (𝑊 = 14, 𝑝 = .044, 
𝑟 
rb = .63, 95% CI [.03, .88], 𝑝FDR = .10), with the latter approaching 
statistical significance after correction. Other dimensions (Mental, 
Physical, Temporal, Frustration) showed smaller effects and did not 
reach significance (𝑝FDR > .30). Comparing UI to EMG revealed a 
similar pattern: Effort showed a large and statistically significant 
increase for UI (𝑊 = 1.5, 𝑝 = .0094, 𝑟 

rb = .71, 95% CI [.18, .92], 
𝑝FDR = .028), while Mental and Physical workloads showed moder-

ate but non-significant trends (𝑝FDR = .18 and .13). No significant 
differences were observed for Temporal, Performance, or Frustra-
tion (𝑝FDR > .30). It is expected that both of our sensing methods 
offer participants a direction of active practice to use their vocal 
muscles to sing, instead of adjusting the way to pronounce pas-
sively based on the pitch from audio feedback. Participants per-
ceived a greater improvement in their vocal Performance following 
training with the proposed systems, as compared to solely relying 
on auditory feedback from hearing their own audio. This subjec-
tive assessment underscores the enhanced efficacy of the training 
methodologies implemented in our study. 

Controllability. The analysis of the adapted SoAS questionnaire 
(see Figure 8), indicates an increased perception of controllabil-
ity among participants using our proposed vocal muscle sensing 
system, as compared to three alternative training methodologies. 

Before correction [4], we compared EMG-based feedback against 
UI feedback using Wilcoxon signed-rank tests that participants 
showed significantly higher controllability ratings for EMG in Q1 
(𝑊 = 3, 𝑝 = .048, 𝑟 

rb = .67, 95% CI [.06, .91]), Q2 (𝑊 = 3, 𝑝 = .045, 
𝑟
rb = .68, 95% CI [.07, .91]), and Q5 (𝑊 = 7, 𝑝 = .013, 𝑟 

rb = .74, 
95% CI [.22, .93]). After FDR correction, the effect for Q5 remained 
significant (𝑝FDR = .032), while Q1 and Q2 showed marginal trends 
(𝑝FDR = .072). Q3 and Q4 did not show significant differences 
(𝑝FDR > .40), consistent with their smaller effect sizes (𝑟 

rb < .30). 
Notably, the EMG approach demonstrated superior controllability, 
possibly because of the more intuitive representation of EMG sig-
nals. Furthermore, the EMG methodology notably outperformed in 
Q5, which pertains to self-presentation confidence [61]. 

5.3.3 Audience Involvement: EMG Enhances Control and Re-
duces Fatigue; UI Visualizes Muscles but Lacks Precision. Audience in-
volvement integrates expert evaluations and performer self-assess-
ments to provide a comprehensive evaluation of vocal performance 
and the usability of sensors. Therefore, we first invited an expert 
group for scoring participants recorded audio across our three prac-
tice methods. Second, participants engaged in a playback session of 
their own recordings during an exit interview, incorporating their 
reflections into the evaluation. 

Expert Group. Here is a brief description about three experts’ 
background and their scoring criteria. 

Exp1: 5 years experience in music production and piano practice 
since childhood, this expert focused on evaluating both bass 
and tenor recordings, noting fluctuations in performance 
due to vocal fatigue. 

Exp2: An acoustic engineer with 15 years of piano practice and 
vocal knowledge, this expert prioritized vocal stability, accu-
racy, and loudness, emphasizing the impact of gender and 
vocal range on performance. 

Exp3: A former professional musical stage actor with over 10 years 
of experience, this expert assessed recordings based on vocal 
stability and pitch control, noting difficulties in low notes, 
particularly for female participants. 

Rating of Experts. To ensure reliability, all audio evaluations 
were conducted on both pre- and post-training recordings using 
consistent recording equipment and environmental settings. 

In our investigation, the expert evaluations focused on scoring 
participants recorded audio to appraise participants vocal perfor-
mances separating in low&high pitch conditions of participants 
before&after they underwent training based on three critical as-
pects: Stability, Asthenia, and Harmonic. According to the data 
provided in Figure 9, the experts observed that vocal performances 
enhanced across all three aspects following training with the UI 
method. In contrast, training with the EMG method yielded some-

what diminished performance levels, as per expert assessments. 
Notably, the scores reflecting improvement in high-pitched vocal-
izations were more pronounced compared to those in lower pitches, 
exhibiting average enhancements of approximately 0.157 and 0.113 
respectively, on a 5-point likert scale (see Appendix B). This scale 
was developed through expert discussions and references to previ-
ous research [14, 71]. 
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Figure 8: The results of the pick-up SoAS questionnaire with the Wilcoxon signed-rank test. (*: 𝑝 < 0.05. Error bars represent 
standard deviations. Above questions (Q1-Q5) lists as following: (Q1) My actions just happen without my intention. (Q2) My 
behavior is planned by me from the very beginning to the very end. (Q3) I am completely responsible for everything that results 
from my actions. (Q4) My movements are automatic - my body simply makes them. (Q5) I am in full control of what I do. 

Figure 9: The outcomes of the expert evaluations regarding participants’ singing performances are quantified in three distinct 
aspects: Stability↑, Asthenia↓, and Harmonic↑, shown in the bar chart above. 
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Participants and Experts Interviews. Practice Feedback Suggestion 
from Experts: Experts observed notable differences in the perfor-
mance of vocal stability, harmonics, and asthenia across the training 
methods. Exp2 rated audio (condition 1 with expert’s reference prac-
tice) and UI (condition 3 with ultrasonograph practice) feedback 
higher, stating, “1, 3 sound clearer and louder than 2 [with EMG 
practice]; there are fewer noises, less hoarseness and bubbling sounds.” 
(Exp2). Exp3, however, noted the consistent difficulties participants 
had with low notes: “Females generally have difficulty in stably pro-
nouncing the low notes... it may be better to change the key for female 
practice.” (Exp3). 

Participants’ Reported Feedback on Sensing Methods. From the 
participant feedback, EMG proved more effective in enhancing 
control and reducing fatigue. As P6 noted, “Following the chart helps 
improve vocal position in real-time, and reduces vocal fatigue.” (P6). 
Participants also highlighted how EMG offered real-time insights, 
with P7 commenting on the teacher’s vocal stability: “I noticed that 
the teacher’s vocal EMG changes were stable during vocalization.” 
(P7). 

Conversely, UI provided valuable visualizations but was less 
intuitive for control. P4 mentioned, “Ultrasound clearly shows the 
muscle movement process.” but P8 found it challenging to control: “I 
find it hard to control my vocals to the exact position I want.”. Exp2 
confirmed this, stating, “Ultrasonography sounds it takes slightly 
more efforts than EMG.” (Exp2). 

Participants found the baseline method to rely heavily on un-
derstanding the expert’s reference. As P3 said, “I try to adjust pitch 
based on reference sound feedback.”, indicating reliance on auditory 
feedback rather than active vocal control. EMG, on the other hand, 
facilitated real-time correction, while UI offered clear visualizations 
but lacked precision for improving vocal positioning. 

5.3.4 Result Summary: RQ2. In sum, EMG feedback significantly 
enhanced the participants’ perceived sense of control and self-
presentation confidence, outperforming both the baseline and UI 
feedback. Despite this increased perception, actual muscle stability 
decreased post-practice, possibly due to cognitive overload from 
visual feedback interpretation. In contrast, UI feedback led to mea-

surable improvements in vocal control, particularly in lengthening 
vocal cords for specific pitches, although some participants strug-
gled with precise control due to usability challenges with the UI 
probe. Overall, both methods showed benefits, but with different 
strengths and challenges in practice. 

6 STUDY 3: EXPERIENCED SINGERS STUDY 
(RQ3) 

In our final study, we investigated the perceptions of experienced 
singers to investigate RQ3: How does a portable EMG setup perform 
in supporting experienced singers compared to traditional feedback 
methods? 

6.1 Study Procedure 
The study was approved by the local IRB, following a systematic 
procedure to ensure consistency across data collection: 

1) Welcome & Warm-Up: The study started with a 10 minutes warm-

up, guided by a vocal expert with over 10 years of professional 
musical stage experience. 

2) MVC Calibration: Before the recording trials, participants per-
formed a maximum voluntary contraction (MVC) task by sustaining 
a vowel (/a:/) at their highest comfortable intensity for about three 
seconds. This task was repeated multiple times within a 35-second 
calibration window, with a five-second rest period between each 
sustained vocalization. The EMG signal was monitored in real time 
using the Avanti Sensor interface (see the third picture in Figure 10), 
which automatically computed the maximum amplitude and base-
line noise. This MVC value was used to normalize subsequent EMG 
data. 

3) Recording Trials: Each participant practiced and mimicked Chris-
1tine’s audition segment from the musical "You Are Music"  
. Head-

phones were used to ensure accurate feedback and prevent inter-
ference from ambient noise. 

4) Feedback Sessions: Next, participants were divided into focus 
groups, where they first received traditional feedback from the 
vocal expert. Second, they were presented with the EMG and audio 
analysis of their singing, and finally discussed with their peers 
about questions stated by the group moderating researcher. 

6.2 Participants & Recruitment 
We recruited 15 male experienced singers with the average age of 
15 years (Min=13; Max=17; SD=1.146)), all of whom had received 
continuous formal vocal training experience for more than one year. 
Consent of the parents was given before the study. The participants 
were either bass or tenor singers. 

For the focus group discussion, the participants were randomly 
split into four groups, leading to one tenor-only, one bass-only and 
two mixed groups. For an overview of the allocation of participants 
to the focus groups see Table 2. 

6.3 Results 
Before analyzing our data, we had to process it to extract key fea-
tures, such as EMG Normalized Root Mean Square (EMG RMS) and 
Singing Power Ratio (SPR). The EMG RMS reflects vocal cord mus-

cles activation [14, 34], indicating muscle coordination and strength, 
while SPR [67] measures energy distribution in the voice, enabling 
accurate tracking of vocal power and resonance across different 
frequencies. The Raw EMG data (sampled at 4370Hz) was normal-

ized using the Maximum Voluntary Contraction (MVC) method [2] 
to allow for consistent muscle activity comparisons. Data were seg-
mented into 200ms windows to calculate Root Mean Square (RMS) 
values. For the SPR, microphone array data (sampled at 48kHz) 
were first processed with a band-pass filter (500–4000 Hz) to sup-
press low-frequency rumble and high-frequency noise. Singing 
Power Ratio (SPR) was then calculated using the Librosa pack-
age [37],following standard acoustic definitions of SPR [67]. Librosa 

1
The musical notation in Fig 11 is an original illustration created by the author based 
on "You Are Music" by Maury Yeston, © 1991, purchased from Musicnotes.com. This 
usage falls under the Fair Use doctrine for academic purposes. 

https://Musicnotes.com
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Figure 10: Photos of participants during the experienced singers study: (1) Stage rehearsal for the Phantom musical. (2) Warm-up 
sessions ensuring participants’ proficiency in the selected solfeggio before recording. (3) Participant wearing the sensing setup 
for the solfeggio recording.(4) The focus group discussion were conducted together with experts, amateurs and researchers. 

Focus Group Participants Expertise Year PerAb ↑ SinAb ↑ RMS Mean (SD) ↑ SPR Mean (SD)↑ 
F1 P1.1 Tenor 2 41 25 -57.30 (165.18) -0.248 (0.367) 

P1.2 Tenor 1 39 23 -75.33 (154.78) -0.247 (0.367) 
P1.3 Tenor 2 43 34 -33.77 (111.40) -0.247 (0.367) 
P1.4 Tenor > 10 43 37 -33.74 (131.66) -0.246 (0.366) 

F2 P2.1 Bass 2 28 32 -125.87 (157.67) -0.245 (0.366) 
P2.2 Bass 4-5 38 12 -27.00 (162.21) -0.247 (0.367) 
P2.3 Bass 4-5 44 33 - -0.246 (0.366) 
P2.4 Bass < 1 28 24 -88.35 (150.10) -0.244 (0.365) 

F3 P3.1 Tenor 4-5 40 30 -95.24 (153.60) -0.247 (0.369) 
P3.2 Bass 1 44 30 -90.01 (159.65) -0.247 (0.367) 
P3.3 Tenor > 10 39 26 -76.93 (146.11) -0.246 (0.367) 
P3.4 Bass 4-5 40 32 -90.12 (153.37) -0.244 (0.365) 

F4 P4.1 Tenor 3 46 24 -58.34 (175.46) -0.248 (0.367) 
P4.2 Bass 1 38 26 -58.63 (129.48) -0.238 (0.358) 
P4.3 Bass 2 51 33 -93.59 (155.78) -0.244 (0.366) 

Table 2: Participant to Focus Group Allocation of our experienced singers study. Demographics are collected by the Goldsmiths 
Musical Sophistication Index (Gold-MSI) [42]: Year (Experience), PerAb (Perceptual Ability), SinAb (Singing Ability). Descriptive 
Statistics of EMG and SPR are calculated separately for students and expet by the difference of normalized EMG Root Mean 
Square (RMS) and SPR. 

was used for signal loading, Short-Time Fourier Transform (STFT) 
computation, and spectral energy extraction. Specifically, we ap-
plied librosa.stft() to obtain the magnitude spectrogram, from 
which SPR was derived as the ratio of energy in the high-frequency 
band (2–4 kHz) to that in the low-frequency band (0.5–1 kHz). The 
band energies were computed by summing the squared magnitude 
values across their respective frequency bins over time.as follows: 

SPR = 10 · log
10 
  

∫ 
4 kHz 
2 kHz 𝑃 ( 𝑓 ) 𝑑 𝑓 ∫ 
1 kHz 
0.5 kHz 𝑃 ( 𝑓 ) 𝑑 𝑓 

  

(3) 

6.3.1 Sensing: Tenor Group Shows Higher Muscle Engagement; 
Expert Displays Strong EMG-SPR Correlation. 

Tenor versus Bass. The Tenor Group had RMS Mean differences 
(RMS and SPR differences were calculated by the student’s Mean 
Value minus the expert’s) ranging from -33.73 to -95.23, with mod-

erate variability (see Table 2). In contrast, the Bass Group exhib-
ited larger differences (-125.87 to -26.9972) and greater variabil-
ity, indicating less consistent muscle engagement. Both groups 
demonstrated stable SPR differences around -0.245, with minimal 
variability. 

The Tenor Group displayed higher and more consistent EMG 
RMS values, indicating greater muscle engagement, while the Bass 
Group exhibited wider variability and lower muscle activation. 
These differences are further illustrated in the group comparison 
Figure 11, where the tenor group appears to have more controlled 
muscle activation, closer to expert performance. 

Expert EMG demonstrated significantly higher and more flexible 
RMS values than the trained group, suggesting more controlled 
and efficient muscle activation. These results align with the dataset 
findings, reinforcing the expert’s superior performance. 

EMG versus SPR. We downsampled EMG RMS and SPR, aligned 
them with the notes and calculated Pearson correlations across the 
expert and student participants. Pearson correlation coefficients 
between EMG and SPR revealed a strong positive correlation for 
the expert (𝑟 = .75, 𝑝 < .01), indicating a significant relationship 
between vocal muscle activation and singing power. 

Specifically, from the observation of Pearson values in Figure 12, 
we see that the expert and experienced student show similar acous-
tic patterns, with more positive correlations, suggesting that their 
acoustic characteristics align despite differences in physiological 
responses, indicating similar techniques. 
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Figure 11: Upper: The song ’You Are Music’ has a tempo of 102 BPM, with 3 beats per measure and a beat duration of 0.588 
seconds, equivalent to a quarter note or two eighth notes (0.292 seconds). Bottom: The line chart compares EMG RMS values for 
different participant groups and an expert over the time period from 23s to 30s. It displays the average EMG RMS values for the 
All Group (blue), Tenor Group (green), Bass Group (red), and the Expert (purple), illustrating differences in muscle activity and 
performance between the expert and the student groups. 

Figure 12: In the period (21s-28s) of the singing segment (upper graph), the trends in EMG and SPR of an expert, and a student 
who leads the Christine role, are shown. Significance markers (asterisks) are placed above certain correlation values to denote 
statistical significance. 
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Professional participants’ correlations varied from approximately 
𝑟 = .09 to 𝑟 = .53, showing different levels of engagement with the 
sensing feedback. This finding highlights a closer relationship be-
tween SPR and EMG signals in experts, potentially reflecting higher 
coordination between vocal performance and muscle control. 

Principal Component Analysis (PCA). We further applied PCA 
and statistical tests using Python to explore differences between pro-
fessional groups (Tenor and Bass) based on three Factors of PerAb 
(Perceptual Ability), SinAb (Singing Abilities), and RMS Mean. One 
participant (P2.3) was excluded as the outlier since EMG sensor 
could not be securely attached due to their moisture skin. 

PCA reduced the dataset’s dimensionality by extracting two prin-
cipal components that explained 86.29 percent of the total variance. 
Principal Component 1 (PC1), which explained 44.26 percent of 
the variance, was influenced by PerAb and RMS Mean Difference. 
Principal Component 2 (PC2), explaining 42.03 percent, was driven 
by SinAb and RMS Mean Difference. These components effectively 
capture the variation in perceptual and singing abilities and muscle 
signals. 

In the PCA space, the Tenor group appeared more clustered, 
indicating consistency among participants, while the Bass group 
was more spread out, particularly along PC1, suggesting greater 
individual variability. To test for group differences, we conducted 
𝑡 -tests and a Wilcoxon signed-rank test. The 𝑡 -tests showed no 
significant differences in PerAb (𝑡 (8.64) = 0.91, 𝑝 = .388, Cohen’s 
𝑑 = 0.44, 95% CI [−4.05, 9.44]), SinAb (𝑡 (12.74) = 0.21, 𝑝 = .838, 
𝑑 = 0.11, 95% CI [−6.37, 7.72]), or EMG Mean Difference (𝑡 (11.02) = 
1.40, 𝑝 = .189, 𝑑 = 0.75, 95% CI [−11.68, 52.51]). The Wilcoxon 
signed-rank test also did not reveal significant differences. 

6.3.2 Focus Group: Participants appreciated the precision of tech-
nology-assisted training but recommended combining it with tradi-
tional coaching for clearer feedback. To analyze the interview data 
from the focus groups, we first transcribed the interviews into 
written form. Next, we did an inductive coding. Therefore, first 
one researcher familiarized themselves with the data and proposed 
a codebook. Second, two coder applied the codebook to half of 
the transcripts. Finally, both coder validated each others’ assess-
ments, and disagreements were resolved in a review meeting. We 
followed suggestions by literature, not to do multiple independent 
codings and calculate Inter Coder Reliability (ICR) to prove relia-
bility [5, 36, 46], acknowledging the influence of the researcher on 
the process. After this, both researchers grouped the codes into our 
main themes. 

Theme 1: Impressions of Technology-Assisted Training. When 
we first explained the visualization to the participants, some strug-
gled to understand it immediately. After answering participants’ 
questions, all participants were confident to gain a even better un-
derstanding the more frequent they engage with the visualization. 
Aspects of the visualization participants were most interested in 
were (1) the time interval, (2) their applied muscle force repre-
sented in the visualization, and (3) voice differences between the 
“user”, i.e. male participants, and the female expert-baseline, their 
singing was compared against. 

Participants from F1 and F2 recognized that the visualization 
showed timing differences between when they started to sing com-

pared to the expert-baseline. P1.1 suggested to use a 0.1 seconds 
time interval (instead of 0.2 seconds) for visualizing the data even 
more accurately. 

Further, participants showed an interest in how their applied 
muscle force is represented to see how they have to adjust their 
own muscle, as P1.3 asked “Well, this vertical axis is the amount of 
muscle power applied, right?” (P1.3). At the same time, the visual-
ization of the muscle force made some participants realize that 
they could improve their singing by increasing the muscle control. 

Finally, participants wondered if the gender of the expert that 
sang in the training-baseline should match the gender of the person 
training with the baseline. P1.4 and P1.2 concluded that “There are 
differences between male and female voices.” (P1.4), so “It’s better to 
do it with the same gender.” (P1.2). Participants from the bass group 
F2 considered it as helpful for their singing to see the different 
amplitudes in the graph of female and male singers: “The second 
graph shows the difference between the male and female voices, so 
the amplitude of their voices is completely different.” (P2.1). 

Theme 2: Limitations of Traditional Vocal Training. The 
participants’ discussion about their first impression of the visual-
ization transitioned into discussing their singing voice types (bass 
or tenor), and how traditional training is limited to address specific 
aspects of it. 

Participants from the tenor group especially experienced chal-
lenges with reaching high pitches. They discussed that they often 
reached a threshold which they cannot overcome, and that addi-
tional difficulties can occur for persons singing in falsetto 2 

. Because 
of this, some participants mentioned to sing “based on instinct” 
(P1.4) to achieve best performance, or trying to imitate the original 
singer of a song. Participants referred to this as “intuitive training”, 
meaning that they do not follow a dedicated training schedules or 
routine, but rather sing intuitively during their day, as P3.1 said: “I 
sing in the bath” (P3.1). 

In contrast, other participants mentioned to have dedicated train-
ing routines including listening to others singing a song before 
learning it themselves, singing karaoke, doing certain vocal exer-
cises, or recording themselves singing to listen to it. Additionally, 
P3.4 mentioned to sing during his workouts to include various body 
muscles in his singing: “I was told that if I push a desk while singing, 
I can learn how to use my stomach, so I’m doing it.” (P3.4). However, 
solely relying on auditory feedback was perceived as less effective 
to improve the learners’ vocal Performance compared to training 
with a technology-assisted method as also found in our novice 
study (see Section 5). 

Within their traditional training, participants experienced chal-
lenges in controlling their natural and singing voice, finding a 
balance between their normal voice and falsetto, and memorizing 
their training without visual cues that they can re-check at a later 
time. 

2
Falsetto [70] is the vocal register occupying the frequency range just above the modal 
voice register and overlapping with it by approximately one octave. It is produced by 
the vibration of the ligamentous edges of the vocal cords, in whole or in part. 
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Theme 3: Advantages of Technology-Assisted Training. Our 
participants identified several advantages of training with our vi-
sualization compared to traditional training. First, they considered 
the visualization to be more precise, as it directly points out which 
parts of the singing need improvement. This makes it easier for 
participants to “see” the volume and the pitch of their voice at one 
glance. Further, participants reported that this helps them to easier 
understand on which parts of their muscle they need to focus: “So, 
when I use such a graph, it is easier to understand the specifics from 
my muscles.”(P1.4). Participants also felt that the visualization was 
beneficial when it came to language barriers between them and 
their traditional coaches. Further, participants liked that they were 
able to confirm their expectation of singing with the visualization. 
Participants from the bass group compared the amplitude of their 
singing with the tenor group: The bass groups’ visualization had 
less fluctuation compared to the tenor group, which is in line with 
expectations when comparing bass and tenor singers. Participants 
therefore expressed a feeling of relief when identifying this be-
havior with the visualization: “I’m in the bass group, so I’m high 
stability that’s how it is. That’s good. I’m relieved.” (P2.1). Similar 
observations were made in the mixed group F4. There, participants 
discussed the difference between tenor and bass voices, comparing 
the different types to the expert-baseline. 

Theme 4: Concerns towards Technology-Assisted Training. 
Our participants not only considered advantages of technology-
assisted training but also expressed some concerns. Participants 
considered that singing coaches need to set some expert singing to 
be the standard-baseline for singing when they employ the visual-
ization feedback in their current training. This led to the concern 
that students might not be able to fulfill these criteria anymore. 
Further, they wondered whether the perception of “good” singing 
might change, once there is a technical solution to evaluate some-

one’s singing: “When the machine thinks it’s good, everyone thinks 
it’s good.” (P4.3), only leaving little room for subjective interpreta-
tion. Participants further missed the human interaction with their 
coach, and P1.4 argued that interacting only with a numerical rep-
resentation in the visualization is not as natural, since “A human 
being is not a machine. So, it is not something that can be moved by 
inputting numerical values. In the end, we use our nerves, our senses, 
and our bodies, so I think it’s a little difficult to understand even if 
you look at it numerically.” (P1.4). 

Theme 5: Future of Technology-Assisted Training. Our par-
ticipants came up with ideas how they would like to incorporate 
the technology-assisted training in their current routines. The par-
ticipants’ ideas to include the visualization as it is are (1) to 
get an overview of their progress, (2) as a substitute for finding 
a learning group, (3) as a substitute for a coach when training at 
home, or (4) as an addition when training karaoke. 

However, participants also had several suggestions on how to 
combine the visualization with traditional training which we detail 
below. When comparing traditional feedback from their coach to 
the feedback provided by the visualization, participants considered 
the form of feedback: While their coach can provide them feedback 
combined with suggestions how to improve their singing, with the 
visualization participants had to find out by trying themselves what 
they need to do in order to improve. Hence, participants expressed 

a need to supplement the visualization by advice, similar to the 
advice a coach would give. 

In contrast to supplementing the visualization by advice, P1.4 
suggested to use the visualization as a supplement to tradi-
tional feedback. Participants argued that it is hard to understand 
the correlation between the visualization and muscle movement 
solely from the visualization. Making participants suggest that a 
connection between what they see and feel is necessary, and could 
be achieved by discussing the visualization with their coach during 
traditional training. 

Overall, the participants expressed a preference to use a mixture 
of traditional feedback and the new visualization method, as 
P1.2 stated “I don’t think it is right to choose only one of them.” (P1.2). 

6.3.3 Result Summary: RQ3. Traditional feedback currently en-
counters several challenges in terms of availability when no coach 
is present, language-barriers between coach and learner, and preci-
sion, e.g., when learners have to review recordings of their singing, 
leading to delayed inaccurate feedback. Despite some concerns how 
technology-assisted training could lead to higher expectations and 
singing standards, all our focus groups found positive aspects and 
opportunities on how to employ it. Participants therefore came up 
with ideas on how to combine traditional and technology-assisted 
training in their current routines. 

7 DISCUSSION 
Our three studies demonstrate that EMG and ultrasonography pro-
vide complementary feedback modalities for vocal training, with ef-
fectiveness varying by skill level and voice type. Study 1 established 
that these sensing technologies can differentiate muscle activation 
patterns between novice and experienced singers. Study 2 showed 
that novices improved vocal performance with both technologies, 
though each imposed distinct cognitive demands. Study 3 revealed 
that experienced singers exhibited strong coordination between 
muscle activation and acoustic output, with notable differences 
between tenor and bass voice types. Below, we synthesize these 
findings to address how physiological sensing can augment vocal 
pedagogy. 

7.1 Summary of Key Study Results 
Both EMG and UI demonstrated promising capabilities in detecting 
and differentiating vocal muscle activity across different skill levels. 

In our second user study with novice singers, EMG enhanced the 
participants’ perceived control, even though the stability decreased 
post-training, while UI improved vocal cord length control but re-
quired more effort to interpret. The decrease of the stability likely 
is a temporary effect that can have two possible explanations. First, 
this temporary decline should not be interpreted as performance 
loss, but rather as a transitional adaptation phase. Novices are re-
quired to recruit and coordinate muscles in a way that differs from 
intuitive singing, and such re-coordination is often accompanied 
by short-term instability. Prior vocal pedagogy literature similarly 
notes that increased or misdirected tension can momentarily de-
grade sound quality when new techniques are introduced [40]. Our 
findings align with this view: the sensing feedback drew attention 



Sensing Your Vocals CHI ’26, April 13–17, 2026, Barcelona, Spain 

to specific muscle groups, prompting novices to consciously engage 
muscles they previously controlled implicitly, resulting in short-
term variability. Second, novices need to “re-learn” their ability to 
control their vocal cords in a new way compared to singing by intu-
ition. More long-term training lets individuals regain this stability. 
As shown in our first study, novices typically have less stability in 
their EMG signals compared to more experienced singers. 

In our third study, (the experienced singers study) we revealed a 
strong correlation between EMG and singing power in experts, with 
Tenor participants showing more consistent muscle engagement 
than Bass participants. While participants appreciated the preci-
sion of the sensing feedback, they also expressed concerns about 
over-reliance on numerical data and emphasized the importance of 
integrating technology with traditional vocal training for a more 
balanced approach. 

Our studies collectively showed that both EMG and UI provide 
valuable insights into vocal muscle control, but their impact on 
perception differs. EMG offers intuitive, real-time feedback, improv-

ing muscle engagement and control, while UI provides detailed 
visual cues for vocal cord movement, helpful in early-stage training 
or refining specific techniques. The need for such visual feedback 
was also evident in our final study with the experienced singers 
where we investigated EMG exclusively. Our first study revealed 
significant differences between beginners and experts, with EMG 
excelling in temporal stability and UI in visualizing muscle activity. 
The novice study highlighted a trade-off between perceived control 
and cognitive overload with EMG, while UI required more effort to 
interpret but improved vocal control. The experienced singers study 
further demonstrated that tenor singers exhibited better muscle 
engagement, and a strong correlation between EMG and SPR was 
observed in expert singers, indicating higher coordination between 
muscle activity and vocal performance. 

7.2 Enhancing Muscle Control and Vocal 
Performance 

7.2.1 Traditional versus Technical. One current challenge of singing 
training revealed by our experienced singers study is that frequent 
training is necessary, but often no learning groups for extracurric-
ular learning (without coach) are available. This leads to singers 
currently rely solely on auditory feedback from recordings of their 
own voice. But results of our novice study showed that learners 
can reach a greater improvement of their vocal Performance when 
utilizing UI or EMG as training methods. 

7.2.2 Tenor versus Bass. In comparing EMG and UI for skill trans-
ferability, our findings showed that EMG stability decreased post-
training for novices, especially in lower pitches, while UI improved 
vocal cord length control, particularly in higher pitches. In the 
professional group, tenors exhibited more consistent muscle con-
trol than bass singers, who showed greater variability and diffi-

culty in skill transfer. Pearson correlations between EMG and SPR 
highlighted stronger coordination in the expert, with students, es-
pecially bass singers, showing lower correlations. PCA analysis 
confirmed that tenors had more consistent performance, while bass 
singers displayed higher variability, indicating the need for more 

targeted feedback to improve muscle stability. Overall, EMG bene-
fits tenors more, while UI aids novices in muscle coordination, with 
bass singers requiring additional support. 

7.3 Implicating the Design Guideline for 
Musical Training and Performance 

In designing effective vocal training systems, the integration of 
EMG and UI offers significant advantages by providing detailed 
feedback on muscle activity and vocal cord movements. EMG excels 
in capturing fine motor control in vocal cords, offering precise data 
for vocal performance, while UI provides direct visual cues, helping 
users understand complex vocal mechanisms. 

Building on advances in Human-Computer Interaction for mu-

sic performance, such as BrainiBeats [7], these technologies can 
enhance not only vocal pedagogy but also applications in speech 
therapy and personalized music education. However, usability chal-
lenges with UI, especially as a wearable, highlight the need for 
refining its design for broader accessibility. Combining these sens-
ing technologies into user-friendly, real-time systems could support 
continuous feedback, improving training for users at all skill levels. 

7.4 Limitations and Future Works 
Longer-term Training Periods. One limitation we identified 

is that evaluating pitch immediately after training may not fully 
reflect long-term effects. To explore this, we recalled 6 novice partic-
ipants to assess their performance on "Little Star." The EMG method 
showed average improvements of 8.16 Hz in pitch accuracy and 
7.53 Hz in consistency [37], while the UI method had smaller gains. 
These results suggest both methods enhance pitch control, with 
EMG showing stronger effects. Future work should focus on how 
sensory feedback can support long-term improvements in muscle 
control and vocal performance. 

Interface Design. We recognized the cognitive load in inter-
preting raw EMG and UI data in the novice study and the need for 
improved visual feedback in the experienced singers study. Future 
systems should offer more intuitive feedback aligned with expert 
models and extended training routines. Additionally, current sens-
ing is limited by Bluetooth interference between the EMG sensor 
and ultrasound probe, which we aim to resolve with a dual-modal 
interface and automated UI using neural networks. 

Group Variability and Sample Size Limitations. Although 
PCA analysis revealed different distributions between the Tenor and 
Bass groups in the principal component space, the statistical tests 
failed to show significant group differences. This may be attributed 
to the small sample size or high within-group variability, indicating 
that further research with a larger sample size is needed to explore 
these potential differences in more depth. 

Gender and Developmental Confounds. In Study 3, our male 
adolescent participants (ages 13–17) were compared against a fe-
male expert baseline. We chose this baseline because the musical 
piece (“You Are Music”) is written for female soprano, but this cre-
ates a confound: male and female singers have different laryngeal 
anatomy, so differences in EMG and SPR (Figure 11) may reflect 
sex rather than skill level. Our adolescent participants were also 
undergoing vocal development, adding further variability. Future 
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work should use sex- and age-matched baselines to better isolate 
training effects. 

8 CONCLUSION 
In conclusion, this research explored the vocal cord muscles ac-
tivities using novel sensing (EMG and UI) for vocal performance 
assessment. Through our user studies with novice, experienced and 
expert singers (44 in total), we demonstrated that these sensing 
technologies can effectively capture vocal muscle activity and pro-
vide valuable feedback for improving vocal control. While both 
methods showed promise in enhancing pitch accuracy and stability, 
future work is needed to optimize user experience and investigate 
long-term training effects. Our findings highlight the potential of 
integrating advanced sensing technologies into vocal training, offer-
ing more precise, intuitive feedback to support diverse user needs 
in vocal education and performance. 
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