
Abstract
Extreme vocal techniques like growling and shrieking define 
the intensity of metal and related genres, yet remain 
underrepresented in both Music Information Retrieval (MIR) 
and musicology due to limited fine-grained vocal 
categorisation. Existing systems oversimplify these styles, 
hindering accurate tagging and retrieval. To assess the 
potential of machine learning as a reliable alternative to 
human judgment, this study compares human and machine 
performance in classifying such vocals. Based on the 
Extreme Metal Vocals Dataset (EMVD), it includes a 
listening test with 158 expert participants. Perceptual results 
achieve 76.2% Unweighted Average Recall (UAR), while a 
Support Vector Machine (SVM) trained on ComParE 
features reached 90% UAR on average using leave-3-
singer-out cross-validation. These findings highlight the 
feasibility of automatic vocal annotation and show how MIR 
methods could help organise and analyse underrepresented 
genres, promoting diversity in musicological research.

Taxonomy
1. Low / Mid / High Groups
Based on interviews with metal vocalists, we applied a perceptual pitch-
based classification (Low/Mid/High) using STFT-derived maximum 
frequencies. A Welch’s ANOVA confirmed significant differences across 
groups (F(2, 58.41) = 37.3, p < .001), with Games-Howell post hoc 
tests showing all pairwise comparisons were significant (p < .001), 
indicating a robust and reliable trend in max_frequency values.

Figure 1: Estimated 
marginal means of 
max_frequency for
different groups. Error 
bars show 95% 
confidence intervals.

Figure 2. Log-Mel 
spectrograms of the four 
investigated vocal 
techniques performed by 
Singer ID 10 (male) with 
‘Mid_a’ (vowel
‘a’ sung at a mid-
frequency pitch). In the Y-
axis and X-axis, 
frequency (in Hz) and 
time (in seconds) are 
given, respectively. 

Classifier: Support Vector 
Machine (SVM, linear kernel, 
scikit-learn)
Feature set: ComParE (Eyben et 
al., 2010. 6373 features via 
openSMILE)
Feature selection: SelectKBest 
(ANOVA F-test); k ∈ [100–1000]
Hyperparameter tuning: Grid 
search (C × k) (C ∈ [1-
0.000001])
Cross-validation: Leave-3-
singers-out; speaker-disjoint
Test set: Matches 71 human-
labeled samples

Human Perception
Platform: SoSciSurvey
Participants: 158 expert listeners 
(M = 29.5, SD = 8.1; 23 Females)
Recruitment: Metal scenes & 
online
Experience: 63% fans, 18% 
performers; 42% >10y
Task: Forced-choice (20 lyric clips, 
15s each)
Stimuli: 71 clips (rated 2) from 4 
techniques
Design: Demo + test; genres 
hidden; optional feedback via 
code
Evaluation: UAR, precision, recall

Machine Classification

Results

Machine Classification

UAR: 90.7% (±3.9). 
Clear Voice classified with 100% 
precision/recall. 
Black Shriek (85%) was 
misclassified as Hardcore 
Scream (15%); Death Growl 
(86%) as Black Shriek (14%).  
ML confusion patterns closely 
matched human results—except 
Hardcore Scream→Black Shriek, 
which ML avoided. High 
consistency and precision 
across categories indicate ML 
outperforms human perception 
in both accuracy and reliability.

This study compared human and machine classification of extreme vocal 
techniques using the EMVD dataset. SVM models outperformed human 
listeners (UAR: 90% vs. 76.2%), especially for difficult categories like Black 
Shriek and Hardcore Scream. Findings highlight the potential of ML for vocal 
annotation and the need for more inclusive, perceptually-informed classification 
systems. 
We sincerely thank all participants and vocalists who contributed to this study.
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Research Objectives

1. Investigate confusion patterns in human perception 
of extreme vocal styles and the acoustic features 
involved.
2. Compare human and machine errors to uncover 
shared sensitivities in vocal style classification.

2. Vocal Techniques / Vocal Effects
This study used a four-class vocal technique taxonomy from the EMVD 
dataset for machine learning. Vocal effects and other styles were 
excluded.

UAR: 76.2%. 
Clear Voice (97%) and Death 
Growl (80%) had highest recall. 
Black Shriek (69%) and 
Hardcore Scream (61%) were 
frequently confused, especially 
with each other (23.5% Hardcore 
Scream→Black Shriek, 15.2% 
Death Growl→Black Shriek). 
Black Shriek had lowest 
precision (63%) and may have 
served as a fallback label. 
Results suggest that perceptual 
categorization was influenced by 
both acoustic features and 
contextual expectations.
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