User-Centered Evaluation of
Smart Musical Instruments with
Embedded Real-Time Pattern Detection

1% Nishal Silva
University of Trento
Trento, Italy
nishal.silva@unitn.it

Abstract—The emerging class of Smart Musical Instruments
(SMIs), which embed onboard intelligence and wireless connec-
tivity, has opened new avenues for creative possibilities for musi-
cians. This paper addresses the challenge of real-time polyphonic
audio pattern detection embedded into SMIs, which are used to
trigger control messages to external devices upon the pattern
identification during a live performance. We describe a real-
time algorithm based on deep learning that recognizes a set of
predefined polyphonic patterns from an incoming audio stream.
We embed such an algorithm into smart electric guitar and
smart keyboard prototypes connected to external peripherals,
and assess the detection accuracy, latency, and user satisfaction
with a user study involving 22 musicians. Qualitative results
showed that the musicians enjoyed using the system, and they
expressed interest in integrating deep learning-based tools into
their performances. The user study resulted in a precision of
0.72, a recall of 0.67, and an F1 score of 0.66. We also describe
and discuss a musical performance that incorporated two smart
musical instruments with real time pattern detection capabilities,
which were used to trigger external peripherals which included
stage lights, smoke machines, mixed reality headsets, and haptic
wearable devices.

Index Terms—Music Information Retrieval, Pattern Recogni-
tion, Internet of Musical Things, Smart Musical Instruments.

I. INTRODUCTION

The intersection of traditional musical instruments with ad-
vanced computing technologies has given rise to new research
and applications in musical expression and performance. This
insertion of new technologies into music has transformed how
musicians create, perform, and interact with their instruments,
opening novel avenues for artistic innovation and technological
integration in live musical contexts.

Traditional musical instruments have mostly been un-
changed historically, serving as vessels for human artistic
expression. However, the advancement of embedded com-
puting, wireless connectivity, and artificial intelligence has
given rise to a class of Smart Musical Instruments (SMIs)
[1], which represent intelligent, responsive musical platforms.
These instruments embed onboard intelligence and wireless
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connectivity capabilities, enabling new forms of musical in-
teraction that extend beyond conventional uses.

The concept of SMIs is aligned with the Internet of Musical
Things (IoMusT) paradigm, which encompasses networked
musical devices capable of communicating with each other
and external systems [2], offering enhanced functionalities and
creative possibilities for musicians. Moreover, the integration
of artificial intelligence into these instruments has the potential
to enable real-time analysis of musical content.

One of the significant advances in the field of Music Infor-
mation Retrieval (MIR) has been the area of polyphonic audio
pattern recognition [3]. Polyphonic audio pattern detection
involves the identification of musical patterns within compo-
sitions that contain multiple simultaneous notes. This chal-
lenge becomes even more complex when attempted in real-
time and on an embedded system with constrained resources.
Traditional approaches to MIR and pattern recognition have
primarily focused on offline applications or symbolic music
representations, limiting their applicability in live performance
contexts.

This paper presents the enhancement of SMIs with embed-
ded polyphonic pattern detection capabilities for applications
in live music performance, where latency and accuracy are
critical. Leveraging the IoMusT paradigm, a musician will
pre-define a set of musical patterns, which are recognized
by the instrument with minimal latency as soon as they are
played. The detections can then be used as triggers to control
the behavior of external peripherals. These can include smoke
machines, stage lights, haptic wearables, and mixed reality
headsets, which are used to supplement the music with other
creative outputs, thereby impacting the audience experience.

The ability to trigger external devices using musical patterns
can enable new forms of interactive performance that blur
the boundaries between music, visual arts, and technology
[4]. Furthermore, such systems can hold significant potential
in educational contexts. The technology can provide im-
mediate feedback to students, potentially advancing music
pedagogy [5].

In our previous work, we explored the integration of sym-
bolic monophonic pattern detection into a SMI [6]. This



challenge can be considered much simpler than the case
of polyphonic audio, where multiple simultaneous notes, as
well as spectral characteristics must be taken into account.
Furthermore, our previous system was only validated from a
technical standpoint, without a proper assessment of the re-
sulting user experience. Thus, it was unknown how musicians
would perceive this technology.

In this paper, we present the development of two SMIs—
a smart electric guitar and a smart keyboard, both outfitted
with the real-time pattern detection system. We also present
a comprehensive user study conducted to validate our system
and evaluate its performance. The study involved 22 musicians
- 11 keyboard players and 11 guitar players with diverse
musical backgrounds. The study was designed to assess the
system’s detection accuracy, latency, and overall user satis-
faction in a realistic performance setting. Participants were
asked to compose two distinct musical patterns for each of
three backing tracks, which were then used to train the pattern
detection model. Subsequently, the musicians improvised over
the backing tracks, incorporating their composed patterns to
test the system’s real-time detection capabilities. We conducted
interviews with each musician to evaluate their perception,
potential use cases, and possible developments to our work.

The following sections will delve into the related works that
informed our approach, provide a detailed description of our
materials and methods, present the results of our user study,
and discuss the implications of our findings for future research
and development in this field.

II. RELATED WORKS

An extensive review of pattern recognition techniques for
polyphonic music transcription is presented in [7], covering
signal processing, machine learning, and hybrid systems. This
work established critical foundations for automated transcrip-
tion research. Parallel insights are offered in [8], which syn-
thesizes methodologies, challenges, and future directions in
music pattern discovery, serving as a key resource for music
information retrieval and computational musicology.

The study presented by [9] introduces a segmentation-based
method for detecting repetitive note patterns in polyphonic mu-
sic using pitch and rhythm analysis via the Structural Features
algorithm. Their framework effectively identifies exact and
approximate repetitions in complex compositions, enabling
advanced music analysis. Building on this, [10] proposes
transposition-invariant algorithms for symbolic polyphonic
pattern matching, achieving superior accuracy and efficiency
in handling intricate structures. Further innovations by [11]
address transposition and time-warp invariances, enabling ro-
bust detection of distorted patterns and advancing real-world
music analysis.

The authors of [12] develops a statistical method integrating
multi-pitch detection and rhythm quantization to transcribe
polyphonic MIDI performances, improving onset/offset esti-
mation accuracy. Meanwhile, [13] critiques evaluation met-
rics for polyphonic sound detection, proposing standardized

measures that better reflect algorithm performance in realistic
scenarios.

Deep learning advances are explored in [14], where Con-
volutional Neural Network (CNN)/Recurrent Neural Network
(RNN) architectures achieve state-of-the-art results in over-
lapping sound event detection. [15] leverages non-negative
matrix factorization to disentangle concurrent audio events,
demonstrating effective separation in polyphonic recordings.
Bridging audio and symbolic domains, [16] pioneers algo-
rithms for discovering repeated patterns directly from audio,
bypassing symbolic representations.

The sudy presented by [17] introduces a multidimensional
detection framework for pitch, rhythm, and timbre repetitions,
enhancing structural analysis of polyphonic works. Comple-
menting this, [18] employs adaptive redundancy filtering to
extract salient motivic patterns from complex textures, offering
tools for compositional and analytical applications.

Collectively, these studies highlight diverse signal process-
ing and machine learning strategies for managing polyphonic
complexity, predominantly focusing on offline pattern de-
tection. Real-time applications remain underexplored despite
advances in low-latency audio processing [19], [20] and em-
bedded systems optimized for live performance [21], [22].
The work presented in this manuscript addresses this gap by
integrating real-time polyphonic pattern detection into SMIs,
enabling novel live performance capabilities.

III. SYSTEM DESCRIPTION
A. Hardware and Software Setup

To evaluate the musicians’ perception of the technologies,
we created two SMI prototypes—a smart guitar and a smart
keyboard. A conventional electric guitar and a keyboard were
outfitted with a Raspberry Pi 4 embedded computing system
coupled with a HiFIberry DAC+ADC audio interface shield.
The choice of Raspberry Pi was motivated by its balance of
computational power, cost-effectiveness, and portability.

The electric output of each instrument was sent to the
embedded system as well as a traditional amplifier. In the
case of the electric guitar, the direct output was fed into the
embedded system. However, a direct output without effects or
tones cannot be obtained form the electric keyboard. Hence,
the musicians were asked to refrain from using time-based
effects such as reverb or delay.

The software components required to operate the SMIs
include ELK Audio OS and the RNN-based algorithm pack-
aged within a Virtual Studio Technology (VST) plugin. ELK
Audio OS is a low-latency operating system optimized for
audio applications [23]. It provides a real-time kernel and
audio drivers that minimize latency, making it suitable for
live performance applications. The VST plugin is responsible
for audio processing and pattern detection. It hosts the RNN-
based model and handles the real-time audio input from the
instruments.

We intend to use the SMIs to control external devices such
as stage lights via Open Sound Control (OSC) commands
when the musician plays a specified pattern. However, to keep



the user study logistically simple, we opted to simulate a
stage light using a simple desktop application. The application
could receive OSC commands from the embedded system and
had a blank window which changed its color based on the
OSC command received. We opted for a software solution as
transporting and setting up stage lights and light controllers
would further add complexity to the experiment setup in
different locations.

B. Dataflow and signal processing pipeline

The data flow involves capturing the audio output from the
instrument, extracting features, and processing it through the
VST plugin to detect a set of predefined patterns. The detected
patterns are then used to trigger control messages which are
transmitted to external peripheral devices, enabling novel types
of interactive and multisensory performances. A block diagram
of the hardware components as well as the dataflow and signal
processing pipeline is presented in Figure 1.

The signal processing pipeline includes the following steps:

1) Audio Capture: The audio signal from the instrument
is captured using the audio interface connected to the
Raspberry Pi;

2) Preprocessing: The audio signal is preprocessed to ex-
tract relevant features;

3) Pattern Detection: The preprocessed features are fed into
the RNN model, which detects predefined patterns in
real-time;

4) Control Message Transmission: Upon detecting a pat-
tern, the system generates control messages that are sent
to external devices.

C. Cloud computing

The real-time operations of the algorithm (i.e., feature
extraction, inference, control message generation) can be done
within the embedded system itself. However, computationally
intensive tasks, such as training the model, require much
higher computational power. To overcome this issue, we
implemented a distributed system in which computationally
intensive tasks can be performed on a cloud-based service
(Figure 2).

In a real-world scenario, the musicians would record
ground-truth patterns using the SMI, which would then be
transferred to the cloud-based service. Upon training the model
on a remote server, the trained model will then be downloaded
to the embedded system for use in the performance.

D. Polyphonic Audio Pattern Detection

In our previous work, we introduced the RNN-based pattern
detection method, and we compared its performance against a
traditional benchmark [24]. Furthermore, we demonstrated that
the RNN-based method can be run on an embedded computing
device in real-time.

The user study presented by this manuscript is enabled by
the RNN-based pattern detection system we introduced in [24].
The musician will first record the ground-truth patterns, which
are used to create a synthetic training dataset. In our previous
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Fig. 1: A block diagram of the hardware and software setup
of the system embedded in the musical instruments.
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The synthetic dataset is used to train the RNN-based model
containing i) a fully connected RNN layer, ii) a long-short term
memory (LSTM) layer, and iii) a gated recurrent unit (GRU)
layer. The RNN is able to classify a window of audio extracted
from the output of the instrument every 30 milliseconds, into
a list of patterns. We demonstrated in our previous work
that a stacked RNN configuration works well in detecting
monophonic [6], as well as polyphonic [24] patterns. The 30
ms sampling interval was selected as it is approximately the
temporal resolution of the human hearing system to distinguish
between two sequential sound events [25].

The Mel Frequency Cepstral Coefficients (MFCCs) of the
extracted audio window are used as input to the RNN. The
MFCCs were selected to represent the audio features as they
mimic the human auditory system’s response to sound, and
their compact representation of the audio window. We used
the MFCC with an FFT size of 2048, and a hop size of
512, and with 10 Mel bins. These values were experimentally
identified to be the best compromise between accuracy and
speed within an embedded computing device. Similar to the
audio window, the synthetic training dataset contains MFCCs
of possible expressive variations for the ground-truths.

IV. EVALUATION

The user study was conducted to evaluate the system’s
performance, and to obtain the feedback from musicians in
a realistic musical context. A set of musicians were selected
to represent a diverse range of musical styles and skill lev-
els, ensuring that the results were generalizable. The user
study involved 11 keyboard players and 11 guitar players
(all Sri Lankan; 7 females, 15 males; aged between 19 and
36 years, mean = 27.28, SD = 4.86). Some musicians were
recruited from the University of Visual and Performing Arts
in Colombo, Sri Lanka, and some were professional musi-
cians involved in live bands, music production, and music
composition. They had varying musical backgrounds, which
included Western classical music, Eastern classical music,
ethnic music, contemporary rock and pop, jazz, and electronic
music. The experiments took place at the University of Visual
and Performing Arts Colombo premises, private recording
studios, and the homes of the musicians.

Informed consent was obtained from all participants prior
to their involvement in the study. Each participant was made
aware that their responses to the questionnaires would be
utilized for research purposes, including analysis and reporting
of findings. Participants were assured that their data would
be handled confidentially and that any identifying information
would be removed to protect their privacy.

A. Procedure

The musicians were given three simple backing tracks to
improvise over. The backing tracks were obtained from royalty
free online sources. The tracks were selected such that both
keyboard and guitar players could improvise over them. All
backing tracks were approximately 2 minutes in length.

e Track 1: A pop style track using the T-vi—-IV-V chord
progression in the key of F major. The track consists
of drums, bass guitar, rhythm guitar, and a synth pad.

o Track 2: A groovy track using the vi—IT chord progres-
sion in the key of D. The track consists of drums, bass
guitar, soft strings, and a rthythm guitar.

o Track 3: A rock style backing track using the Andalusian
Cadence in the key of C major. The track consists
of drums, bass guitar, an acoustic rhythm guitar, and a
slightly overdriven rhythm guitar in some sections.

Each musician was asked to compose two musical patterns
for each backing track. The musicians were given the artistic
freedom to use expressive techniques and note choices that
they desired. The composed patterns served as the ground-
truth for training the system. Upon composing the patterns for
each track, the pattern detection model was trained on a remote
server, and the musician was asked to improvise over the track.
The musician was instructed to incorporate the two recorded
patterns in their improvisation to test the pattern detection
system. The accuracy of the system was measured using the
number of patterns detected during the improvisation, and each
musician was asked to fill out a questionnaire to understand
their perception of the system. A block diagram outlining the
procedure of the user study is presented in Figure 3

1) Pattern Composition Task: The two composed patterns
reflected the musical background of each musician, as well
as their personal playing styles. Guitar players incorporated
techniques such as string bending and slides, while keyboard
players used techniques such as pitch bending and arpeggio
sequences. The duration of patterns ranged from 2 seconds
to 5 seconds. It should be noted that all musicians opted to
compose shorter patterns due to the nature of the experiment,
where they had to remember the two patterns they composed
for the subsequent improvisation task. Upon composing and
recording the patterns, the synthetic training dataset was
created on-the-fly, and the RNN model was trained to be used
in the improvisation as elaborated in Section III.

2) Improvisation Task: Upon training the model, each mu-
sician was asked to improvise over the backing tracks, using
the composed patterns in their improvisation. Similar to the
pattern composition phase, each musician’s personal style and
musical background was reflected in their improvisation.

During each improvisation, the input was routed to the
pattern detection algorithm containing VST. The VST plugin
was initialized to use the RNN model corresponding to the
patterns associated with each track on setup. The user study
was set up to display the pattern detection using a desktop
application running on a laptop, which changed the screen
background color upon the reception of a given pattern, to
simulate a stage light or a smoke machine triggered. The
decision to simulate the output digitally rather than involving
peripherals was taken due to the ease of setting up the system
at different locations. The two patterns were assigned to
separate colors for easier observation (blue and red) . While
the musician was improvising, the number of detections, as
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Fig. 3: A block diagram of the user study procedure

shown by the desktop application, was recorded. This data
was used to assess the accuracy of the system.

3) Questionnaire: Participants were asked to fill out a ques-
tionnaire upon completing each improvisation, which served
to gain qualitative insight into the user experience and the
system’s potential applications. Musicians’ willingness to use
Al-based solutions was also one of the key observations of
the questionnaire. Specifically, musicians were asked to rate
the following statements on a 11-point Likert scale [not at all,
very much]:

Ql: I am satisfied with the behaviour of the system;
Q2: I enjoyed using the system;

Q3: I would use Al tools in my performances;

Q4: I was confident when using the system.

Upon completion of all 3 improvisations, the musicians
were asked to rate the following questions on the same scale
as before:

Q5:  To what extent did you enjoy using the system?

Q6: To what extent would you consider integrating this
system into your performance?

Q7: Would you recommend this to a fellow musician?

Q8: To what extent was the system easy to learn?

Moreover, musicians were asked to answer the following
open-ended questions having the purpose of understanding
musicians’ perception about the system, acquiring feedback
on how they would use the system, and obtaining suggestions
for improvements:

o In what musical activities would you use this system?

o Please explain any other ways you would use this system?

« If you had access to this system (where another external
output can supplement the music) when composing a
piece, would there be any changes in the way you would
approach the composition?

o Would you associate specific musical phrases with spe-
cific output devices?

« How would you improve the system?

o In your opinion, what is the added value of the system?

e Do you have any other comments?

V. RESULTS
A. System performances

1) Recognition accuracy: The accuracy of the system was
measured by calculating the number of accurate detections.
The experimenter kept track of the correct detections while
the musician was improvising. Moreover, the improvisations
were recorded as audio for later analysis. Table II presents the
average Precision, Recall, and F1 score for all improvisations.

It is possible to notice that the system showed a high level of
average accuracy across musicians with various backgrounds
and playing styles. Figure 4 illustrates the average precision,
recall, and F1 score for the 3 improvisations per musician.
These results show that some musicians experienced high rates
of accuracy, while others had low accuracy. This may be
attributed to the fact that the improvisations done by some
musicians were very similar to the patterns they composed,
hence rendering false detections. Figure 4 also shows the aver-
age accuracy, precision and f1 score for the guitar players and
the keyboard players through the 3 improvisations separately.
It is evident that there are no significant changes in accuracy
between the two instruments.

2) Latency and computational load: Latency is a crucial
aspect in any real-time system. For the pattern detection to
work in real-time, the pattern must be identified as soon
as the musician plays the last note, and the control signal
must be transmitted instantaneously. As the pattern detection
system runs within an embedded computer, it must have a
low computational load. Table I shows the average latency
in detecting a pattern after the last note has been played,
the latency in emitting a control message upon discovering
a pattern, and the average CPU consumption of the algorithm.

B. Questionnaire quantitative Analysis

Figure 5 shows the results of the questionnaire after each
improvisation. The ratings show that, on average, musicians
enjoyed using the pattern detection system and were satisfied
with its performance. Moreover, the results show that musi-
cians who used this system were likely to use Al-based tools



mean standard deviation
Detection latency (ms) 14.699 3.855
Transmission latency (ms) | 45.033 12.122
Average CPU usage (%) 31.36 1.558
Average RAM usage (MB) | 442.606 | 1.027

TABLE I: The average latency values for the pattern detection
and to emit a control message upon detecting a pattern, along
with the average CPU and RAM usage.

mean | standard deviation
Precision | 0.723 | 0.169
Recall 0.670 | 0.222
F1 Score | 0.663 | 0.143
TABLE II: Average Precision, Recall, and F1 score across all

improvisations

during a musical performance, and that they found it relatively
easy to use.

The musicians were asked to complete the same questions
after the second and third improvisation. Figure 5 also shows
the responses after the second and third improvisation respec-
tively, These results show that the initial perception of the
system was unchanged.

Figure 6 shows the results of the questionnaire given to
the musicians after completing all three improvisations. The
results show that musicians were likely to integrate Al-based
solutions into their performances, they would recommend Al-
based solutions to other musicians, and found the system
proposed was easy to learn.

C. Questionnaire qualitative analysis

The open-ended questions were analyzed with a reflexive
thematic analysis [26]. The following themes were identified.
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1) Performance Applications: 16 musicians expressed a
strong interest in using the system across various performance
contexts. Solo performances and improvisational performances
were frequently mentioned, highlighting the potential to sup-
plement their artistic output. The ability for a musician would
gain to maintain consistency across different performance
setups was particularly valued (e.g., “I would use this system
in a live improvisation. I would also use this in a solo
performance and during teaching activities.”; “I would use
this during live performances with my band and also while
I'm doing session work. It would be great to always have
the same output so that I can maintain consistency when I’'m
playing with different bands or with different sound and light
setups.”; “I would use this system when I’'m working as a DJ.
The playlist is not always consistent and sometimes I change
the orders of the songs depending on the crowd interaction at
the time. Having something like this will help me to always
trigger the lights and smoke machine I associate with certain
sections of songs”).

2) Educational Uses: The potential of this system as an
educational aid was a recurring theme for 9 participants. Those
musicians saw it as a valuable tool for teaching, to provide
a feedback and enhance students’ learning. The ability to
recognize whether the student has played a phrase correctly,
and the ability to identify the extent of correctness (e.g., “It
would be beneficial to see how similar the phrase played is to
the original pattern, this would assist in teaching activities”;
“Can you use the system to track finger positions? It would be
great if I could get an indication if the student uses the correct



hand position to play scales — this would be really useful as a
teaching aid”; “I would love to use this as a teaching aid for
disabled musicians. It would be great if blind students could
get haptic feedback based on how accurate their playing is
compared to what should have been played”).

3) Creative Impact: Musicians believed that access to the
system could positively influence their creative processes,
particularly in composition. They felt that the system would
motivate them to use more repeating themes and iconic
phrases. The ability to associate specific musical patterns with
visual or equipment effects was seen as a creative opportunity
that could enhance their performances and compositions (e.g.,
“Yes, there would be changes in the way I compose if I have
access to this. I would do my compositions with the phrases
that are specifically associated with lights”; “If I had access
to this when composing, I would be more motivated to use
repeating themes in my compositions”).

4) Technical Features and Improvements: Musicians pro-
vided feedback on desired technical features and potential
improvements. They expressed interest in multi-instrument
support and integration with existing software like Mainstage.
There was also a desire for the system to recognize specific
techniques and playing dynamics, which would enhance its
utility in both performance and educational contexts. Pref-
erences for different hardware implementations, such as a
pedal-based system, were also mentioned (e.g., “It would be
great if the system can be improved to use multiple musical
instruments instead of a single one”; “Can I use this system
to trigger shortcuts on my recording software? For instance,
when I am completely immersed in the music, moving my hand
to the keyboard can sometimes be a distraction”; “Can we use
this system to change patches or effects on my pedalboard?
For instance, if I play a specific phrase, can you recognize it
and immediately use that information to switch to a different
patch or change the parameters of my existing patch”).

5) Automation and Control: The system’s potential for
automating various aspects of performance was a key theme.
Musicians valued the ability to control lighting, effects, and
other equipment automatically, which would allow them to
focus more on their playing. Automation was seen as a way
to enhance the performance experience and reduce the need for
manual adjustments. (e.g., “I can easily maintain consistency
between specific parts of songs and lights, smoke, and other
visual indications”; “The value of the system to me is the
ability to automate some tasks such as switching on lights,
switching on the smoke machine, and changing patches”).

D. Usage in actual performance

To further assess the potentialities of the system, we created
an IoMusT ecosystem leveraging it and a live concert was
performed. A musical trio consisting of a guitarist, pianist,
and a drummer; of which the electric guitar and piano were
equipped with the embedded pattern detection system for the
performance.

The performance consisted of a simple musical piece where
the guitarist and pianist could trigger a number of peripheral

devices using four distinct patterns played with their instru-
ments. Several stage lights, a smoke machine, visual on mixed-
reality headsets, and haptic wearable vests were used as the
output devices.

The performance was conducted to assess the usability of
the system in a live performance. The interviews conducted
with the composer, musicians, as well as the audience revealed
the novelty of such a system. The musicians expressed their
interest in incorporating lights and smoke machines into the
actual performance, and the audience reported an enhanced
multisensory experience. A video compilation of the perfor-
mance is available online!.

VI. DISCUSSION

The results of the user study indicated that the system
was effective in detecting predefined patterns during live
improvisations. As reported in Table II, the precision, recall
and F1 score indicate an accuracy that can be considered high
for a real-time, live evaluation conducted within a resource
constrained embedded system.

However, the moderately low recall values presented by
Table II and Figure 4 can be attributed to false detections. The
high optimization done to the RNN model to run within an
embedded computing system may be the cause for such false
detections. Moreover, we noticed that some sections within the
improvisations sounded very similar to the defined patterns,
which is another possible cause for the false detections. It
should also be noted that the patterns were recorded, and
the improvisations were done with the same instrument, using
the same tone and identical settings. The nature of the study
did not allow for patterns to be recorded and the subsequent
evaluation to be done with different instruments. This condi-
tion will impose further challenges to our task as the model
needs to be sensitive to different timbral characteristics as well.
Notably, no significant change in the accuracy between the two
instruments was found, as illustrated by Figure 4.

The quantitative questionnaires given to the musicians at
the end of each improvisation, along with the qualitative
questionnaires given at the end of the experiment, provide
insights about the musicians’ perception of the pattern detec-
tion system. Figure 5 shows that the musicians’ engagement
with the system remained high during all three improvisations.
It also shows that musicians were confident in using the
system, and a majority of them were willing to adopt Al-
based solutions in their performances. The final questionnaire
(see Figure 6) revealed that participants enjoyed using the
system, found it easy to learn, and they would highly consider
integrating it into their personal performances. Moreover, the
majority of the musicians would recommend this system to
fellow musicians.

Regarding the open-ended questions, overall, musicians
reported positive experiences with the system, highlighting
its responsiveness and the enhanced interactive capabilities it
provided. The ability to trigger control messages to external

Thttps://www.youtube.com/watch?v=jfm5L3DYIcc
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devices such as lighting systems, Mixed Reality headsets,
smoke machines and haptic wearables, was considered to add
a new interesting dimension to their performances, making the
instrument a versatile tool for multimedia expression.

Compared to existing methods in polyphonic audio classifi-
cation and pattern recognition, our approach has the potential
to stand out due to its real-time capabilities and integrability
within an SMI. Whereas previous research primarily focused
on offline applications [16], [14], [10] or symbolic music
representations [6], the present study addressed for the first
time the real-time polyphonic audio challenge. The system’s
ability to operate in a live performance setting, with minimal
latency and high accuracy, marks a significant advancement in
the fields of MIR and SMIs.

In our study, the model training was performed on a co-
located laptop, as the computational demand for this process
and the time requested for the system to be perceived as
responsive enough are not met by the embedded systems.
Adhering to the IoMusT paradigm, in a real-world scenario
(such as a commercial application), the training process would
occur in the cloud, which would ensure ubiquitous usage of
the system. This would necessitate a low-latency network able
to exchange with minimal delay the content from and to the
SMI, as well as sufficient cloud computing resources able to
generate quickly the model. The features of 5G networks and
beyond, such as slicing and Multi-access Edge Computing
(MEC) [27], represent promising avenue for this purpose.

However, the study also identified some challenges and
limitations at the technical level. The performance of the
system varied depending on the complexity of the musical
patterns and the proficiency of the musicians. Some false
positives and missed detections were observed, which indicates
room for further optimization of the algorithm.

VII. CONCLUSION

This paper presented a novel user study-based evaluation
of a real-time polyphonic musical pattern detection from
audio signals using SMIs. The created smart guitar and smart
keyboard prototypes successfully integrated machine learning
algorithms to detect predefined polyphonic musical patterns
and trigger control messages to external devices in real-
time. The integration of a robust RNN-based algorithm and
a low-latency hardware setup resulted in a highly responsive
and interactive tool for musicians. The user study confirmed
the system’s effectiveness and highlighted its potential for
enhancing live performances through multimedia integration.

In future work we plan to optimize the algorithm for even
greater accuracy. We also plan to extend the results of this
study by creating a wider range of SMIs prototypes. This
will entail the collection of new datasets that are specific to
each instrument. Moreover, we plan to explore inter-instrument
timbral characteristics so that pattern detection is not restricted
to the same instrument and tone with which it was initially
composed and recorded.

In conclusion, this research has provided insights and practi-
cal solutions to the challenges of real-time polyphonic pattern

detection, paving the way for more advanced and interactive
musical technologies at the service of musical expression.
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