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Abstract 
In this study, the relationship between rhythmic metrics, emotion recognition, and 
speaker variability is investigated using the German emotional speech corpus 
(VMEmo). Using principal component analysis and linear discriminant, the results 
show accuracies close to 0.40 when rhythmic features from different acoustic domains 
of time, intensity, and frequency are merged to identify linguistic behavior. However, 
the fluctuating accuracies of 0.44 to 0.17 in classifying speakers based on specific 
rhythmic feature categories emphasize the significant differences within these feature 
subgroups. These variations suggest possible nuances or complexities that require 
deeper exploration and thorough investigation to better understand the differences 
between these features and their impact on speaker classification accuracy. 
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Introduction 
In the literature, rhythmic patterns in speech have been introduced not only as 

potential markers for individual features but also as cues for emotion 

recognition (Lykartsis, 2020; Mefiah et al. 2015). In this study, we investigate 

the interaction between rhythmic measures, emotion recognition, and speaker 

variability, focusing on the German emotional speech corpus (VMEmo, 

Batliner et al., 2000). The emotional data in this corpus were elicited through an 

experimental method in which participants interact with machines in tasks such 

as making an appointment. The experiment was purposefully designed to elicit 

various emotional fluctuations in the speaker as a result of the machine’s 

responses. However, emotional fluctuations were not labelled directly, rather 

the corpus tags mark the speaker’s linguistic behavior during emotional 

expressions. With our focus on rhythmic patterns, we examined the prosodic 

dimensions of this linguistic behavior and considered the prosodic tags of each 

utterance, including peculiarities such as pauses between words, strong 

contrastive stress, pauses between syllables, syllable lengthening, etc. The 

research focused on answering these two questions: how accurately can we 

identify different prosodic strategies for expressing emotion based on rhythmic 
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rhythmic indicators? 

indicators? and, how effectively can speakers be distinguished based on these 
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Method 
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Results 
The  study  employed  principal  component  analysis  (PCA)  and  linear 

discriminant analysis (LDA) as the models of analysis. Figure (1) illustrates the 

distribution of the values of the first component across different speakers, 

sorted by the variance of values. The distribution of PC1 values within each 

violin plot shows the range and distribution of these values across the different 

phrases uttered by each speaker.  
 

Figure 1. Visualizing within-speaker variability through PCA Analysis. 

Data preparation involved extracting key information from the VMEmo 

corpus, including start and end times of human-generated segments, speaker 

phrases, and prosodic peculiarity tags. Machine-generated segments were 

excluded, and waveforms from 33 speakers were selected. Phrases under 4 

seconds were omitted following Tilsen and Arvaniti (2013). Automatic 

segmentation was conducted using WebMAUS (Kisler et al., 2017), and 
annotations were enriched in Praat TextGrids with details on phrase numbers, 

peculiarity tags, and consonant/vowel intervals.  

 In feature selection, rhythmic indices such as %V, ΔC (Ramus et al., 1999), 

nPVIv, rPVIc (Grabe and Low, 2002), varcoC and CV rate (Dellwo, 2006) 

were examined. Following He and Dellwo (2016), intensity-based rhythmic 

indicators, including the SD and nPVI of peak and mean intensity values, were 

analyzed. Also referring to Mousavi and Grawunder (2023), metrics from the 

frequency domain reflecting intensity indicators were also included. In total, 14 

rhythmic features were categorized into four subgroups: duration-based, 

intensity-based, frequency-based and all metrics  
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 Figure (2) depicts the variance among speakers based on their PC1 and PC2 

values. Closely clustered points indicate speakers with similar rhythmic patterns, 

while greater distances between points suggest greater variability in the 

rhythmic measures.  

 

Figure 2. The variance among speakers based on their PC1 and PC2 values 
 

 Following this, we employed linear discriminant analysis for two main tasks: 

classification of phrases into prosodic peculiarities, regardless of speaker 

identity and evaluate the discriminative power of rhythmic features in 

distinguishing prosodic patterns, and speaker recognition, which focuses on 

speaker identification under the abstraction of emotional context. In addition, 

rhythmic groupings were  compared across acoustic domains for their 

discrimination potential.  
 

Figure 3. The accuracy of the recognition of prosodic peculiarities (left) and 
speaker (right) 

 
 While the differences in accuracy between these rhythmic metric categories 

suggest slight discrepancies in their effectiveness, the significance of these 

discrepancies requires further investigation. However, the notable differences in 

these accuracy values suggest possible differences in the discriminative abilities 

of these metrics for speaker discrimination.  
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Discussion 
In this study, we investigated the effectiveness of rhythmic features extracted 

from vowel and consonant intervals in three different acoustic domains. The 

results show an approximate accuracy of 40% in distinguishing linguistic 

behaviors using rhythmic features in different acoustic domains. Furthermore, 
speaker identification achieved a similar level of accuracy when merging 

features from all acoustic domains. These results are consistent with previous 

research using rhythmic indicators extracted from different approaches to 

rhythm measurement, e.g. from Music Information Retrieval (Lykartsis, 2020). 

However, the interpretation of the accuracy levels achieved depends on their 

context of use and must be evaluated in accordance with the intended 

application and study objectives. Further research could also include a detailed 

investigation of the robustness of these rhythmic features in different 

emotional states, different linguistic contexts, or even in specific 

communication environments to allow a more nuanced understanding of their 

applicability.  
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