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Abstract. This study presents the development of a proto-
type software system for evaluating karaoke performances
using a hybrid scoring methodology that integrates objec-
tive and non-intrusive subjective metrics. The proposed
framework employs scientifically grounded techniques to
assess vocal dynamics, timing, pitch, and timbral simi-
larity, complemented by data-driven emotion recognition
to capture the perceptual aspects of the performance. A
key feature of the system is a composite scoring mecha-
nism with customizable weightings, which enables flexible
adaptation to user preferences in pedagogical contexts or
entertainment scenarios. By leveraging artificial intelli-
gence models, the system introduces a novel paradigm in
performance evaluation, offering a structured yet extensi-
ble approach to quantifying aspects of artistic expression
that are traditionally considered subjective. Designed with
modularity and future scalability in mind, the framework
can be expanded to include user-specific evaluation pro-
files with potential applications in both professional and
recreational settings.

1. Introduction

Karaoke (77 5 7# “7) is a portmanteau of the Japanese
terms kara (ZE), meaning “empty”, and okesutora (4 —
7 A N 7), meaning “orchestra”. It refers to the practice
of singing along to pre-recorded instrumental accompani-
ments, typically with synchronized lyrics displayed on a
screen. The absence of a lead vocal track invites the per-
former to substitute their voice, thereby engaging in a par-
ticipatory form of musical expression [1]].

1.1. Historical Origins

Karaoke is widely regarded as one of Japan’s most influen-
tial cultural exports. Its invention is typically attributed to
the Japanese musician INOUE Daisuke (Ff b Kiifi), who
frequently performed at singing cafés where patrons would
sing along to live instrumental accompaniment, known as
utagoe kissa ({77 BAZY), which were popular in Japan ca.
1955-1975 [2].

In 1971, in response to the growing demand, In-
oue collaborated with an electronics technician, wood-
worker, and furniture finisher to develop the first karaoke
machine prototype, known as the 8 Juke. This early version
lacked visual display components, such as lyric screens,
focusing solely on audio playback [2].

Despite Inoue’s pioneering contribution, the only
officially recognized patent for a karaoke machine was
granted to the Filipino inventor Roberto del Rosario
(1919-2003). In 1975, he patented an enhanced “sing-
along system”, which was commercialized in 1978. In

1996, the Supreme Court of the Philippines affirmed del
Rosario’s status as the legitimate patent holder [2} [3]].

1.2. Global Dissemination and Cultural Integration

Following its initial success in Japan, karaoke rapidly
spread across East and Southeast Asia, eventually gaining
popularity worldwide. Its cultural reception varies signif-
icantly: in some regions, it is primarily a leisure activity,
while in others, it is approached as a disciplined art form
requiring skill and rehearsal 1} 2].

An illustrative example of karaoke’s global reach
is the establishment of the Karaoke World Championship
(KWC) in Finland in 2003. Now comprising participants
from over 30 countries, the KWC evaluates performances
using the International Karaoke Federation’s (IKF) Inter-
national Scoring System (ISS), which emphasizes four key
criteria: vocal quality, technical accuracy, artistic expres-
sion, and entertainment value. Each category is scored on
a 50-point scale, with a maximum aggregate score of 100
points. Table [I] summarizes the interpretation of scores
based on the ISS guidelines. Judges are encouraged to pro-
vide qualitative feedback in addition to numerical evalua-
tions, assisting performers in identifying specific areas for
improvement [4, 5,16, [7].

Table 1: Interpretation of performance scores
based on the ISS framework.

Score Range Interpretation

0-20 Low
20-24 Poor
25-29 Average
30-39 Very Good

4044 Excellent

45-49 Outstanding

50 Perfect

Despite its institutionalization through formal
competitions, karaoke remains most prevalent in informal
social environments, such as karaoke bars, private rooms,
and home systems, where the emphasis lies on enjoyment
rather than critical appraisal.

1.3. Technological Evolution

The longevity and adaptability of karaoke are closely tied
to its technological evolution and development. From early
implementations using cassette tapes, the format expanded
to VHS and DVD media. In the digital era, karaoke has
migrated to online platforms and video games. Notable



examples include commercial titles such as Karaoke Rev-
olution, Lips (Xbox®), SingStar (PlayStation®), and Rock
Band, as well as open-source initiatives such as UltraStar
and mobile streaming platforms such as Smule [8} 9]].

These digital systems have introduced interactive
and gamified features that have broadened karaoke’s ap-
peal and accessibility, reinforcing its role in both personal
entertainment and communal experiences.

1.4. Research Opportunities and Objectives

The growing use of technology in karaoke settings has
given rise to the development of Automatic Singing As-
sessment (ASA) and Singing Information Processing (SIP)
systems. These computational tools aim to provide real-
time feedback on performance features such as pitch ac-
curacy and rhythm alignment. The objective is to assist
expert human evaluators [10].

Despite these advancements, most karaoke scor-
ing systems described in the patent literature lack rigor-
ous theoretical underpinnings, transparent evaluation pro-
tocols, or empirical validation [11]. Most existing systems
rely on simplified visual feedback mechanisms that focus
only on dynamics and melody.

Given that the human voice is widely considered
the most expressive musical instrument, with emotional
nuances deeply intertwined with vocal performance, cur-
rent methodologies fall short of capturing the full expres-
sive scope of singing. A significant research gap remains in
the automated analysis, transcription, and classification of
expressive singing attributes, including emotional delivery,
phrasing, and performance style [12]]. This study aims to
address these limitations by exploring new computational
models and evaluation frameworks for expressive singing
assessments in karaoke contexts.

The remainder of this paper is organized as fol-
lows: Section[2]outlines the methodology employed in this
study; Section [3] presents the experimental results; and an
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analysis of the research findings is presented in Section 4]
summarizing the key points and suggesting directions for
future research. Section [5|concludes the paper.

2. Study Objectives and Methodology

This section presents the objectives of the study and the
methodology employed to achieve them. An overview of
the system is illustrated in Figure [T} which represents the
sequential stages of the proposed framework.

The system operates on two primary inputs: (i)
the karaoke singer’s voice recorded in a noisy environment
and (ii) the original song track. The methodological ap-
proach is structured into five core objectives.

1. Source Separation: The initial step involves isolat-
ing the vocal signal from both the karaoke performance
and the original track. This ensures the availability of
clean predictor and target signals for the model.

2. Feature Extraction: Subsequent to isolation, the sig-
nals undergo feature extraction to enable a detailed and
meaningful comparison.

3. Objective Evaluation: Model-driven, objective met-
rics are then applied to evaluate the technical fidelity
of the karaoke performance.

4. Subjective Assessment: Data-driven, non-intrusive
metrics are employed to assess perceived performance
quality, incorporating subjective evaluation paradigms.

5. Composite Scoring: Finally, the system generates a
composite performance score, incorporating tunable
weights across objective and subjective dimensions.

The following subsections elaborate on the
methodological strategies implemented to address each of
the five core objectives.

2.1. Objective 1: Source Separation

The first objective is the separation of the predictor and tar-
get signals, referring to the karaoke singer’s performance
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Figure 1: Flowchart illustrating the general objective of this study.



and the isolated vocals from the original studio recording,
respectively. This step is foundational because it enables
subsequent stages of analysis and evaluation.

The methodology is framed within a realistic
karaoke bar context, in which the singer performs us-
ing a handheld microphone. The performance is accom-
panied by on-screen lyrics and background music deliv-
ered through a sound reinforcement system. This environ-
ment introduces multiple sources of noise contamination,
which significantly complicate the signal separation pro-
cess. These noise types can be broadly categorized as fol-
lows:

(a) Convolutive Noise: Acoustic reflections from surfaces
such as walls, ceilings, and furniture result in rever-
beration and echo. These effects are modeled as con-
volutive noise, which alters the temporal and spectral
characteristics of the recorded signal [13} 14} 15 |16].

(b) Additive Noise: Background music reproduced via the
public address (PA) system may be inadvertently cap-
tured by the microphone. Although directional micro-
phones with cardioid polar patterns help suppress am-
bient interference [[17]], residual additive components
often persist.

(c¢) Competitive Noise: Audience-generated noise (e.g.,
cheering, booing, or singing along) constitutes a partic-
ularly challenging form of interference. Because this
noise is often spectrally similar to the desired vocal
signal, it presents a unique challenge for the separation
algorithms.

These noise sources compromise the integrity
of the predictor signal and necessitate the application of
sophisticated speech enhancement and source separation
techniques. A similar issue arises for the target signal: al-
though access to multitrack recordings enables straightfor-
ward vocal isolation, such resources are rarely available
in commercial music. Therefore, blind source separation
methods must be employed to extract the target vocal com-
ponents from mixed stereo tracks.

Traditional model-based approaches, such as
Wiener filtering, beamforming, and time-frequency (T-F)
masking, have long been employed for source separation
tasks. However, the emergence of data-driven methodolo-
gies, particularly those based on machine learning (ML)
and deep learning (DL), has significantly advanced this
field. This evolution has given rise to a subfield often re-
ferred to as Machine Hearing (18], which is analogous to
Computer Vision but focuses on the interpretation and pro-
cessing of auditory data.

A notable example is presented in the work of
researchers at Spotify [19], who implemented a two-
dimensional deep U-Net architecture to separate vo-
cals and instruments. Their model processes magni-
tude spectrograms derived from short-time Fourier trans-
form (STFT) representations of approximately 20,000
song triplets (i.e., original, vocal, and instrumental tracks).
The architecture employs a typical encoder-decoder design
with a bottleneck layer optimized using an ¢; loss func-
tion. This configuration enables the model to function as

a Single-Input Multiple-Output (SIMO) system capable of
producing spectrogram masks for vocals, drums, bass, and
other instrumental components from a single mixed input.

Building upon this foundation, Objective 1 of
our proposed framework is to establish a data-driven pre-
processing pipeline utilizing spleeter [20], an artifi-
cial neural network designed for source separation. This
model is based on the architecture introduced in [19]], but is
trained on a customized dataset to improve the separation
quality under real-world conditions. The successful real-
ization of this objective is foundational because it enables
and supports the execution of the remaining components
within the evaluation framework.

2.2. Objective 2: Feature Extraction

To facilitate a robust comparison between the predictor
(karaoke performance) and target (original vocal) signals,
it is necessary to move beyond direct waveform analysis.
While time-domain representations provide useful infor-
mation about amplitude and timing, they are insufficient
for capturing perceptually and musically relevant differ-
ences in sound. Therefore, this stage involves transforming
both signals into more informative T-F representations us-
ing feature extraction techniques.

Once the vocal signals are cleanly separated, fea-
ture extraction must enable a detailed, multidimensional
analysis of the audio data. These extracted features should
serve as the basis for both model-driven objective metrics
and data-driven subjective evaluation. The combination of
these two classes of metrics can support a hybrid scoring
system capable of delivering a nuanced and perceptually
informed assessment of karaoke performance quality.

According to [21]], the inherent multidimensional-
ity of musical expression requires a structured representa-
tion of audio signals, in which high-level perceptual char-
acteristics are typically inferred from low-level features
that are more easily computable. Some examples can be
grouped based on the musical dimensions they describe.
For instance:

* Timbre-related features: These include the mel
spectrogram, mel-frequency cepstral coefficients
(MFCCs), spectral centroid, spectral roll-off, and
zero-crossing rate. These features capture the tonal
color and spectral shape of the audio signals.

* Harmony-related features: Chief among these is
the chromagram, which condenses spectral informa-
tion into the 12 pitch classes of the Western chromatic
scale, providing a compact representation of harmonic
content over time.

These features are widely supported by standard
libraries in Python (e.g., 1ibrosa) and MATLAB tool-
boxes, making them readily accessible for music informa-
tion retrieval applications [22].

While timbre-related features are essential for
capturing differences in vocal quality and articulation,
chromagrams offer a unique advantage in performance
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Figure 2: Waveform (top) and chromagram (bottom) of the isolated target (left) predictor (right) voice signals.

evaluation because of their sensitivity to pitch content
and harmonic structure. Unlike traditional spectrograms,
which display detailed frequency information, chroma-
grams provide a pitch-class representation that is invariant
to octave transposition, making them particularly suitable
for analyzing melodic and harmonic consistency [22].

Figure [2] illustrates a comparative chromagram
analysis using librosa’s chroma_stft. On the left,
the waveform (top) and chromagram (bottom) of the open-
ing line of Queen’s I Want to Break Free are shown, using
isolated vocals from the original studio multitrack record-
ing. On the right, an untrained singer attempts to repro-
duce the same phrases. While the waveform highlights
timing and dynamic differences, the chromagram captures
discrepancies in pitch accuracy and the melodic struc-
ture. Such comparative analyses enable both qualitative
and quantitative assessments of vocal performance fidelity.
Owing to copyright restrictions, no excerpts are provided.

2.3. Objective 3: Objective Evaluation

Following the successful extraction of relevant features
from both the predictor and target signals, model-driven
approaches are designated to quantitatively evaluate the
technical aspects of vocal performance, such as dynam-
ics, timing, pitch, and timbre. The comparison is per-
formed using chromagram matrix representations of the
vocal signals, enabling a robust and systematic evalua-
tion framework that distinguishes this system from con-
ventional karaoke-scoring mechanisms.

The proposed evaluation methodology draws on
established principles in signal processing and aligns them
with vocal performance criteria inspired by the KWC [6].
Each criterion is operationalized using a corresponding
signal comparison technique applied to the chromagram
representations of the target and predictor signals. This
allows for a quantitative assessment while maintaining in-
terpretability in relation to perceptual attributes:

* Dynamics: This refers to the variation in vocal inten-
sity throughout the performance. The dynamics are
captured using the amplitude of the chromagram bins.
To quantify the difference in dynamic expression be-
tween the predictor and target, the Euclidean distance

(€2 norm) is computed using SciPy’s euclidean
function. This provides a direct measure of amplitude-
level dissimilarity across the chromagram bins, thereby
reflecting dynamic consistency.

* Timing: Timing encompasses both rhythmic accuracy
and expressive deviations from strict tempo. It is eval-
vated using Dynamic Time Warping (DTW), which
aligns the temporal sequences of chromagrams from
the predictor and target. The DTW distances are com-
puted with 1ibrosa’s dtw implementation, allowing
for an assessment of temporal alignment and detection
of timing irregularities or expressive liberties.

e Pitch: Pitch accuracy is assessed through cross-
correlation (X-Cor), which measures the degree of
alignment between the frequency components of the
predictor and target chromagrams. This is imple-
mented using SciPy’s correlate function. Higher
cross-correlation values indicate greater pitch congru-
ence, serving as a proxy for intonational accuracy and
control.

* Timbre: Timbre, or the tonal quality of the
voice, is evaluated through cosine similarity (S¢),
which measures the angular similarity between har-
monic content vectors extracted from the chroma-
grams. This is implemented via scikit-learn’s
cosine_similarity function. Higher values of
Sc indicate a closer resemblance in the tonal character
between the two signals.

Table [2] provides an overview of the proposed
model-driven objective metrics, detailing their perfor-
mance criteria, value ranges, and interpretations with re-
spect to the evaluation outcomes.

Table 2: Summary of objective metrics.

Metric Dimension Range Optimal Values
Ly Dynamics [0, 00) Lower
DTW Timing [0, 00) Lower
X-Cor Pitch [-1,1] Higher
Sc Timbre [—1,1] Higher

The integration of these model-driven metrics is



intended to establish a robust and interpretable framework
for evaluating karaoke performances. Each metric is de-
signed to capture a distinct technical dimension of singing,
thus enabling the analysis of vocal proficiency. Collec-
tively, these metrics facilitate a comprehensive and mul-
tidimensional assessment of performance quality. In the
following section, this objective framework is further en-
hanced by incorporating data-driven subjective metrics.

2.4. Objective 4: Subjective Assessment

Contemporary karaoke scoring systems predominantly
rely on objective metrics that focus on technical parame-
ters such as pitch accuracy, timing, and dynamics. While
such metrics represent a significant advancement, they do
not fully capture the expressive or emotional aspects of a
musical performance. Integrating subjective metrics, once
calibrated against human evaluations, can offer comple-
mentary insights through probabilistic and empirical learn-
ing methods. These metrics have the potential to replicate
human judgment in a non-intrusive and scalable manner.

One promising application lies in Song Emo-
tion Recognition (SER), wherein artificial neural net-
works classify vocal performances into emotional cate-
gories (e.g., happiness, sadness, and neutrality). Musi-
cal performances often aim to convey specific emotional
content, aligning the singer’s expressive intent with the
listener’s perceived emotion. However, this alignment is
nontrivial, as Music Emotion Recognition (MER) involves
complex cognitive processes shaped by individual experi-
ences and cultural backgrounds [22]].

Although ML provides a powerful framework for
SER, it introduces methodological challenges. A compre-
hensive review by [22] examined common feature repre-
sentations and model architectures for SER, particularly
in the a cappella context. Their findings identified chro-
magram features as highly effective, with a 2D convolu-
tional neural network (CNN) achieving a test accuracy of
0.84 + 0.02 on the RAVDESS dataset [23]. The emotion
classes in that study included neutral, calm, happy, sad, an-
gry, and fearful. Data augmentation techniques were used
to improve the generalization of the model.

Within the context of karaoke scoring, emotional
expressiveness can be conceptualized as the capacity to
“exude emotion and passion appropriate to the song, con-
veyed through voice, body, and facial expression”, a cri-
terion that is frequently emphasized in vocal performance
competitions. Incorporating emotion recognition into the
scoring framework not only deepens the evaluative granu-
larity, but also aligns the system with the inherently artis-
tic and performative nature of singing. In this study,
emotional analysis is conducted using the best-performing
CNN model identified in [22]], which is applied to the chro-
magrams of the isolated vocal signals obtained via source
separation.

2.5. Objective 5: Composite Scoring

The final objective focuses on computing a composite
score by integrating model-driven objective metrics with

data-driven, non-intrusive subjective evaluations. The
overarching aim is to develop a scientifically grounded
scoring system that delivers meaningful feedback to
karaoke performers, encompassing both technical accu-
racy and artistry.

The composite score is computed as a weighted
average of the normalized metrics derived from both ob-
jective and subjective analyses. These weights can be ad-
justed, enabling the tuning of the evaluation’s strictness
based on the intended application (e.g., casual entertain-
ment vs. competitive performance). To complement the
final score, a detailed breakdown of the individual com-
ponents is also presented, offering granular insights into
specific performance dimensions.

In summary, this composite scoring approach in-
tegrates multiple analytical perspectives into a coherent
framework, balancing technical precision with perceptual
relevance. This establishes a robust foundation for both
evaluative feedback and future research extensions in au-
tomated performance assessment.

3. Experimental Results

To evaluate the proposed methodology, two primary input
signals were utilized: (i) a karaoke performance recorded
in a real-world setting and (ii) the original studio recording
of the same song performed by the original artist. Figure[3a]
presents the waveform of the professionally produced orig-
inal song (“Paranoid” by Black Sabbath). As shown in the
figure, aside from a brief introductory segment, the audio
signal exhibits consistent dynamic compression, with loud-
ness shaped in an aesthetically controlled manner during
mixing and mastering. Owing to copyright restrictions, no
excerpts are provided.

In contrast, the karaoke performance was cap-
tured in a bar environment, featuring an untrained singer
accompanied by loud and enthusiastic audience members.
Consequently, the recording was characterized by signif-
icant additive noise originating from both the PA system
and the crowd. Figure shows the waveform of this
recording, clearly illustrating the aforementioned artifacts.
Additionally, instances of clipping are evident.

Figures [3c| and [3d] depict the waveforms follow-
ing source separation using spleeter. In the case of the
clean target (Figure [3c), the output contains largely muted
regions with minor artifacts, corresponding to sections that
previously contained instrumental components (e.g., elec-
tric guitar solo). Notably, the vocal signal envelope is well
preserved.

In contrast, the clean predictor (Figure re-
tains substantial vocal noise components. This discrepancy
arises because crowd cheering shares spectral characteris-
tics similar to those of the lead vocal signal. Consequently,
the neural network extracts not only the singing voice but
also other vocal-like sounds, highlighting a key limitation
of this separation approach.

The impact of this limitation is further observ-



able in the chromatograms shown in Figures [3¢] and [3f]
The chromagram of the clean predictor exhibits a high de-
gree of noise and disorganization, whereas the clean tar-
get displays clearer harmonic content. Both chromagrams
were computed with the parameters set as follows: Ngpr
= 2048, hop length = 512, N¢hroma = 12, and a Hann
window. Despite the improved clarity in the clean target,
some bins still exhibited energy during segments that were
expected to be silent, suggesting residual artifacts and in-
complete separation.

To assess the similarity over time and pitch
classes, the metrics were computed between the chroma-
grams on a frame-by-frame basis. The resulting time series
of these metrics is plotted in Figure[3g} with the y-axis rep-
resenting the scores and their mean values for interpretabil-

ity.
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A key design consideration in constructing the
composite score is to ensure the compatibility and com-
parability of its constituent parts. Certain objective met-
rics, such as the /5 norm and DTW, are unbounded above,
which may result in a disproportionate influence on the
overall score if they are left unbounded. In contrast, sim-
ilarity measures, such as X-Cor and S¢, are inherently
bounded within [—1, 1], which facilitates a more stable in-
tegration.

To address this imbalance, all metrics were
rescaled or transformed into a common bounded domain
prior to aggregation. This normalization step ensures that
no single metric dominates the composite score and that
each contribute equitably to the final evaluation. The nor-
malization schemes are defined as follows:
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Figure 3: Visualization of various stages: recording, pre-processing, scoring, and analysis.
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in which DT'W .« was assumed to be 10, while £5 nax Was
defined as v/12 x N, in which N denotes the number of
time frames in the predictor signal.

Emotion recognition was conducted using input
chunks of 211 frames at a time. For the clean target, pre-
dictions were predominantly associated with the emotions
of “sadness”, “anger”, and “fear”, although the model also
generated predictions for segments that should have been
silent (e.g., instrumental parts removed during source sep-
aration). In the case of the clean predictor, the model pre-
dicted a more diverse emotional profile, including “happi-
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ness”, “fear”, “neutrality”, and “sadness”.

4. Discussion

Traditional karaoke scoring systems typically assign a sin-
gle numerical grade to performances. This score is often
derived from factors such as signal amplitude thresholds
or the alignment of musical note intensity, duration, and
pitch accuracy relative to a predefined musical structure,
commonly extracted from MIDI files.

In contrast, the methodology proposed in this
study evaluates karaoke performances against the refer-
ence performance of the original artist. This human-to-
human comparison has both advantages and limitations.
Conceptually, it is arguably more meaningful to compare
one human performance with another rather than with a
synthetic representation such as MIDI. However, this ap-
proach also raises concerns about subjectivity and fairness,
especially when the original performance includes expres-
sive liberties and stylistic nuances that an amateur singer
may not replicate. Nevertheless, any evaluative system
must anchor itself to a reference, and in this case, profes-
sional performance serves that role.

In the experimental setup presented, the karaoke
performer achieved average scores of 57/100 for vocal dy-
namics, 55/100 for rhythmic timing, 53/100 for pitch ac-
curacy, and 72/100 for timbral similarity, the latter being
the highest among the objective measures (cf. Figure [3g).
Applying equal weights across these categories yielded a
composite technical score of 59.25/100, indicating a rela-
tively average overall performance, according to Table[I]

Howeyver, several contextual factors must be con-
sidered. The source separation process was limited in its
ability to isolate the singer’s voice from overlapping envi-
ronmental noise. Because the recording environment in-
cluded loud audience cheering and ongoing conversations,
vocal elements unrelated to the singer were retained and
consequently evaluated against the target signal. These
extraneous voices were often present during instrumental
sections when the singer was silent, thereby skewing the
assessments. Therefore, future implementations should
incorporate voice activity detection (VAD) to distinguish
between vocal segments attributable to the performer and
background interference.

Additionally, the audio was captured informally
by a member of the audience using a smartphone rather
than being directly recorded from the singer’s handheld
microphone. This significantly affected the signal qual-
ity and hindered accurate evaluation. Ideally, a direct feed
from the vocal microphone should be used to minimize dis-
tortion and isolate the performer’s voice more effectively.

Regarding emotion recognition, the emotional
trajectory of the original artist (predominantly sadness,
anger, and fear) is consistent with the expressive nature of
the song. In contrast, the karaoke singer’s emotional pro-
file included neutrality, happiness, fear, and sadness. These
discrepancies are understandable, given the informal and
convivial setting of a bar environment where alcohol was
present and audience interaction was high.

These findings suggest several directions for fu-
ture research. First, improvements in the experimental de-
sign are essential, particularly regarding high-quality vo-
cal capture. Second, exploring alternative source sepa-
ration methods, potentially including approaches tailored
to “cocktail party” environments [24]], could enhance the
noise mitigation. Third, integrating VAD post-separation
would allow the removal of silent segments and reduce er-
ror propagation in chromagram computation.

The temporal evolution of the evaluation met-
rics, as depicted in Figures and underscores the
importance of integrating real-time visual feedback into
the karaoke-performance-assessment framework. A solely
post hoc summary of performance is inadequate for ped-
agogical applications, as singers may find it difficult to
associate abstract scores with specific error moments. In
contrast, real-time feedback facilitates immediate correc-
tive action, thereby promoting a more interactive and ef-
fective learning environment, particularly among untrained
vocalists. By delivering timely and detailed assessments,
real-time feedback has the potential to transform karaoke
systems into practical educational tools, enabling singers
to iteratively improve their techniques through continuous
constructive evaluation.

5. Conclusion

This study introduced a novel methodology for evaluating
karaoke performances by integrating objective and subjec-
tive metrics within a unified framework. Unlike conven-



tional scoring systems that rely predominantly on simpli-
fied representations, such as MIDI files, the proposed ap-
proach evaluates performances relative to professional stu-
dio recordings by the original artists.

The methodology leveraged advanced source sep-
aration techniques, enabling performance evaluation in
acoustically challenging environments. By incorporating
both technical and perceptual aspects, the system facili-
tated a holistic assessment of vocal performance.

Despite these contributions, the experimental
findings highlight several limitations that warrant further
investigations. Source separation remains a critical chal-
lenge, particularly in environments with background noise
that is spectrally similar to singing voices, such as crowd
chatter. Additionally, the reliance on ambient audio cap-
tured via consumer devices negatively impacted the signal
quality, reinforcing the need for a dedicated microphone
input to ensure a reliable analysis. The absence of voice
activity detection complicates the accurate segmentation
of vocal content, which is essential for meaningful chro-
magram and metric calculations.

The dynamic nature of the proposed evaluation
metrics, as observed over time, further underscores the
value of real-time visual feedback. Such a capability would
enhance the system’s educational potential by allowing
performers to make immediate corrections, thereby trans-
forming karaoke into a practical training tool for improving
vocals. Additionally, the emotion recognition component
warrants further validation to better understand its role in
performance assessments.

In conclusion, while technical challenges remain,
the findings presented here contribute to a deeper under-
standing of vocal-performance assessment in real-world
settings.
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