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Abstract

In 2004, the Berlin Database of Emotional Speech (Berlin
EmoDB) was made publicly available, and since then, it has
been utilized in numerous studies on emotional speech, with
over 3,000 citations. We now extend this database with origi-
nal material that was previously absent from the distributed ver-
sions within the research community. This includes ambiguous
samples that were not agreed upon by at least 80 % of the raters,
the addition of glottograms for all samples, and a new rater la-
bel indicating the perceived naturalness of the samples. The
paper provides detailed descriptions and reports on preliminary
studies conducted using this extended data. For instance, incor-
porating glottogram information has been shown to improve the
average recall of an SVM classifier by 8.1 % UAR.

Index Terms: speech, emotion, database, glottograms, uncer-
tainty

1. Introduction

This paper focuses on the extension of EmoDB, a German
database of emotionally acted speech recorded in 1998 in the
anechoic chamber at the Technical University of Berlin [1]. As
one of the earliest publicly available databases without a for-
mal license agreement, it has been utilised in over 3,000 studies
worldwide, according to Google Scholar. Interestingly, despite
its original purpose, the database has been predominantly em-
ployed in machine learning research. The funding project, Pho-
netic Reductions and Elaborations in Emotional Speech, carried
out by the TU Berlin Institute of Communication Science and
funded by the German Research Foundation (DFG), was orig-
inally intended to manually examine the acoustic correlates of
emotional speech.

The database follows a categorical model of emotions, dis-
tinguishing six basic emotions—anger, joy, sadness, fear, dis-
gust, and boredom—alongside neutral speech. Ten professional
native German actors (5 female and 5 male) performed these
emotions by imagining relevant situations, producing 10 utter-
ances (5 short and 5 longer sentences), which were semantically
appropriate for everyday communication and interpretable in all
the applied emotions. An additional linguistic criterion was the
potential for phonetic reduction or elaboration. The recordings
were made using a Sennheiser MKH 40 P 48 microphone and a
Tascam DA P1 portable DAT recorder in an anechoic chamber.
Additionally, glottograms were captured with a portable laryn-
gograph (Laryngograph LTD). Figure 1 shows an actor during
the recording session, with the glottograph sensor visible as the
belt around their neck.

If the voice actors produced more than one convincing por-
trayal of an emotion, these were included as additional versions.
The recorded speech material, consisting of 817 sentences (7
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Figure 1: An actor in the anechoic chamber of the Acoustic
institute of TU Berlin. One can see the laryngograph and its
sensor around the actor’s neck.

emotions * 10 actors * 10 sentences + additional versions), was
evaluated in terms of rater agreement and naturalness through a
forced-choice automated listening test by 20 judges (students of
communication science, of mixed gender). In the first version
of this database, which was distributed over the years via on-
line platforms such as Kaggle or Zenodo, only those utterances
where the emotion was recognised by at least S0We now present
three additions:

* The release of the complete set of samples, including those
with ambiguous emotional portrayals;

* The accompanying glottograms;
¢ Labels for naturalness in addition to rater agreement.

Unfortunately, the individual labels from each rater have been
lost, so we only report mean values.

We publish this version in the open-source audio-data for-
mat audformat [2]'. Given the extensive use of this database for
machine learning, this version proposes a standard data split: 4
speakers (of mixed gender) for evaluation and 6 speakers for
training purposes. The 281 previously excluded, ambiguous
(not being recognized by sufficient number of raters) files are
compiled in a separate table. To maintain backward compat-
ibility, we did not alter the original tables. The raters’ mean
response to the second question, "How natural does the speaker
sound?”, scaled between 0 and 1, has been added as a second
column alongside the emotional confidence value (which repre-
sents the percentage of rater agreement).

"https://github.com/audeering/emodb/tree/
main/2.0.0
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Finally, all tables have been duplicated to include the glot-
tograms (also referred to as laryngograms) that were recorded
alongside the audio data. This paper is organised as follows:
Section 2 provides examples of related work. We then describe
experiments using the additional ambiguous samples to exam-
ine uncertainty in Section 3, followed by Section 4, which offers
initial insights into the potential of glottograms for distinguish-
ing emotional expressions. Section 5 explores the correlation
between naturalness and emotional rater agreement. The paper
concludes with Section 6, which presents a summary and out-
look.

2. Related work

Since the inaugural release of EmoDB at Interspeech 2004
[1], numerous analogous speech databases have been developed
across languages — sharing four principal characteristics:

¢ Inclusion of core emotion categories (typically angry, happy,
sad, and neutral)

* Fixed textual content across emotional conditions

* Limited speaker cohorts (4-20 participants, with occasional
larger samples)

¢ Acted rather than spontaneous emotional portrayals, though
some incorporate film/TV excerpts

We present representative examples of such corpora. Most
retain the three core emotions above, frequently extending to
Ekman’s ”Big Six” model [3] — originally devised for facial ex-
pressions. Notably, fear is often excluded, likely due to ethical
considerations.

The IEMOCAP corpus [4] features emotionally acted di-
alogues captured via multimodal sensors, with 10 actors gen-
erating 12 hours of data. MELD [5] extends this paradigm to
multi-party conversations by annotating excerpts from the tele-
vision series Friends. RAVDESS [6] comprises 24 professional
actors producing vocalisations at two intensity levels (normal,
strong).

Several databases source material directly from media:
CHEAVD [7], a Mandarin corpus with 238 speakers of diverse
demographics, exemplifies this approach, though resultant tex-
tual and acoustic variability complicates analysis. The well-
known CREMA-D [8] contains 91 speakers across US English
dialects delivering fixed phrases for six basic emotions plus neu-
tral.

Until recently, English dominated this field, but multilin-
gual resources now proliferate:

« EMOVO (Italian): 6 actors simulating 7 emotions via 14 sen-
tences [9]

* ASED (Ambharic): 65 non-professionals portraying 5 emo-
tions [10]

* CaFE (Canadian French): 12 actors performing 6 emotions +
neutral [11]

* Polish Emotional Speech: 8 speakers delivering 5 sentences
across 6 states [12]

* SUBESCO (Bangla): 22 speakers enacting Ekman’s “Big
Six” with fixed text [13]

» KES is a corpus in Kannada: 13 speakers of varying age [14]
¢ DES (Danish): 4 professionals using varied phrases [15]

« BUEMODB (Turkish): 11 amateurs producing 11 sentences
for 3 emotions + neutral [16]

Emergent meta-collections like EmoBox [17] now aggre-
gate multiple databases (including EmoDB 1.0). A cross-
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Figure 2: Confidence distribution per emotion, all samples left
of the dotted line at 80% were previously discarded.

domain analyses of many of the above mentioned databases is
presented in [18].

It has been argued, and shown in scientific experiments [19]
that acted emotions are not really comparable to real emotions,
as speakers do not really feel the emotion and therefore tend
to overact the expression. Nevertheless, we argue that acted
databases are still relevant, mainly for two reasons: First, there
are use cases where you are interested in acted emotional ex-
pression, for example, when using emotional expression as a
communicative signal. Secondly, these expressions are usually
much more clear than daily life recordings and are well suited to
compare machine learning approaches. They are further easy to
collect under acoustically undisturbed condition, which renders
them attractive for studies under added noise in controlled ways
and speech synthesis training.

3. Ambiguous samples and uncertainty

At the beginning of the era of automatic speech-emotion recog-
nition (SER) the attention was primarily laid on the general ca-
pability of recognising emotions. For this formulation of the
task, it is easiest to select only those samples where the raters
could agree on a common prediction so that there is a labelled
ground truth.

Since the introduction of Transformer models [20], near-
perfect unweighted average recall (UAR) recognition has been
achieved on EmoDB resulting in no notable performance im-
provements on simple classification tasks over the last years
[21]. Consequently, recent research has shifted its focus to-
wards more complex, real-world applications, which present
challenges such as realistic recording conditions and the inher-
ent ambiguity of emotions [22]. Additionally, the importance of
predicting the confidence of any given prediction has increased,
as making no prediction is often preferable to making an incor-
rect one. Models with robust uncertainty estimation should be
capable of filtering out samples where raters could not reach
consensus on a ground truth.

Uncertainty is commonly divided into two types: aleatoric
and epistemic uncertainties [23, 24]. The epistemic uncertainty
is primarily introduced by the predictor, while the aleatoric un-
certainty is a result of the variability of the underlying data it-
self, and thus cannot be reduced by improving the model. The
newly published ambiguous samples aim to contribute to further



research on the aleatoric/data uncertainty of emotional speech
data.

In the context of Speech Emotion Recognition (SER) this
aleatoric (stochastic) uncertainty especially comes from the am-
biguity of emotions. The same utterance might be perceived by
different listeners in a different way, leading to different emo-
tion predictions. In addition, different speakers might utter the
same emotion in other ways. Since there is hence no such thing
as a perfect ground truth, every emotion prediction system will
reach its limitations should the emotions become too blurry and
(acoustically) too close to one another. For reliable SER pre-
dictions, it is therefore essential to understand these limitations.
The new ambiguous samples in the Berlin EmoDB are intended
to provide a better insight into the limitations of credible emo-
tion prediction. Here, a potential task for a predictor could be to
detect the ambiguous samples and mark them as unsuitable for
an emotion prediction.

Another interesting factor regarding aleatoric uncertainty is
that the task to act an emotion so that it is reliably decoded, is
also not equally difficult across all emotions. As can be seen
in Figure 2, some emotions are much easier to identify than
others. Although nearly all of the anger samples were identified
correctly, almost half of the sadness samples were discarded in
the first version due to insufficient agreement. Since this is an
acted dataset, it is difficult to say whether it is harder to act
those emotions or to identify or differentiate them from other
emotions.

Other sources of aleatoric uncertainty could be a bad
recording condition or language or cultural differences between
the speakers and the raters. However, since the recording was
done in an anechoic chamber and all speakers and raters are
German native speakers, we can neglect those sources of uncer-
tainty.

In order to compare ambiguous samples to ones the raters
agreed on, we use the open source wav2vec2-large-robust
model pruned to 12 layers [20] that has been fine-tuned for di-
mensional emotions (arousal, dominance, valence) on the MSP-
Podcast data set [25]. Because in EmoDB emotion expression is
encoded as categories, we cannot use the model directly, but use
the penultimate layer as embeddings. We train a simple Support
Vector Machine (SVM) classifier with RBF kernel and C=1 on
the embeddings®>. Adhering to the suggested splits; we use 6
speakers for the training, leaving the remaining 4 speakers for
evaluation (both sets gender distributed). We train two versions
of this model: one trained on only (the original) non-ambiguous
samples, and one trained on all samples. We then evaluate on
both the non-ambiguous test samples and all test samples to-
gether. As shown in Tab. 1, as to be expected, the UAR is in
general higher for non-ambiguous samples than for ambiguous
samples. Further, the model that includes the ambiguous train-
ing samples is better than the model that does not on both test
sets. Figure 3 shows the confusion matrix of both models on the
ambiguous test samples. As can be seen, the prediction of dis-
gust improves the most by including ambiguous samples in the
training, but fear and sadness benefit as well. The only category
that is slightly degraded is boredom which is in half of the cases
confused with neutral. Whether these findings are merely spe-
cific to EmoDB or some underlying principle is shown, would
be a topic for further investigation.

2We use the same approach as shown in the tutorial of the wav2vec2
model https://github.com/audeering/w2v2-how-to
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Table 1: Results in terms of UAR for two SVM models us-
ing wav2vec2 embeddings, one trained on only non-ambiguous
samples, and the other trained on all samples. We then evaluate
on the non-ambiguous test samples, as well as all test samples.

training data ~ UAR non-ambig. =~ UAR all
non-ambig. .89 .83
all .95 .90
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ambiguous samples
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Figure 3: Confusion matrix for an SVM model trained on
wav2vec2 embeddings, trained on only ambiguous samples (a)
and trained on both ambiguous and nonambiguous samples (b).
The models are evaluated on the ambiguous samples of the test
speakers.

Feature type

Figure 4: Results on the test partition obtained for all feature set
combinations. os=eGeMAPS, dv=DisVoice, ac=Acoustic sig-
nal, gl=Glottogram.

4. Emotion recognition with glottograms

As mentioned in Section 1, one of the key additions in EmoDB
2.0 is the inclusion of glottograms alongside the acoustic wave-
forms. This raises the pertinent question, particularly in the con-
text of machine learning, of how glottograms can contribute to
SER. From each of the two speech signals—the acoustic wave-
form (ac) and the glottogram (gl)—we extracted features from
two sets:

e os: openSMILE eGeMAPSv02 functionals and summary
statistics [26]

* dv: DisVoice glottal source feature summary statistics [27]
(originally referred to as static features)®

For DisVoice glottal feature extraction from glottograms,

3DisVoice features were extracted using the following code:
https://github.com/jcvasquezc/DisVoice.



samples 816. PCC: 0.819

1.0

emotion.confidence
o o
o ®

o
S

021 ee® []

0.2 0.4 0.6

emotion.naturalness

0.8

Figure 5: Correlation between majority rater agreement
(named emotion.confidence in the distribution) and naturalness.

we first extracted the glottal closure instants (GCI) by local ad-
mittance peak detection within voiced regions. Voiced regions
were identified by means of RAPT pitch extraction [28]. For
GClI detection, the glottogram was smoothed by Savitzky Go-
lay filtering, which well preserves the time locations of local
maxima. Local peak detection was then guided by minimum
distance, minimum height, and minimum valley constraints of
(adjacent) peak candidates. Threshold values were adjusted dy-
namically for each voiced region.

Subsequently, for both os and dv feature extraction the
glottograms were inverted in order to convert the admittance
signal into a pseudo sound pressure signal. For the inverted
glottograms we discarded all os features related to formants,
namely formant frequencies, amplitudes, bandwidths, as well
as formant-related spectral tilt summary statistics.

We then utilised all signal and feature set combinations in
an emotion classification experiment, employing an SVM clas-
sifier with an RBF kernel and a C value of 10. The same train-
ing and test partition split, as outlined in Section 3, was applied.
Figure 4 presents the UAR results for the test partition, with
error bars representing the 95

Both the dv and os feature extractors were originally de-
signed to operate on sound pressure signals, not inverted glot-
tal admittance signals. This explains why in Figure 4, both
dv-gl and os-gl exhibit lower UAR values compared to dv-ac
and os-ac, respectively. In no case do features derived solely
from glottogram signals outperform those derived from acous-
tic waveforms. However, in all cases, performance improves
when glottogram-derived features are added, with a particularly
notable improvement when eGeMAPS features based on glot-
tograms are included. In the most extreme case, we observe an
8.1

Which emotional category benefits the most from adding
glottogram information will be explored in future research, and
additional data should certainly be included in such an investi-
gation.

5. Labeler agreement and naturalness

As mentioned in Section 1, we incorporated the mean natural-
ness label into the database, raising questions such as: “Can
naturalness be predicted automatically?”, “Is there a correla-
tion between rater agreement and naturalness?”, and “Is natu-
ralness biased by emotion category?”

To begin addressing these questions, we conducted ex-
ploratory experiments using the Nkululeko toolkit [29]. As il-
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Figure 6: Prediction and truth of naturalness.
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Figure 7: Density of naturalness distribution for emotional cat-
egories.

lustrated in Figure 5, we found a strong correlation between
rater agreement and naturalness, with a Pearson correlation co-
efficient (Pearson’s correlation coefficient (PCC)) of .816.

We then attempted to predict naturalness based on acous-
tic features, using the openSMILE eGeMAPS feature set [26]
and an SVM regressor (RBF kernel, C=10), employing the sug-
gested training/evaluation splits. As shown in Figure 6, the cor-
relation between the predicted and true naturalness values for
this experiment yielded a PCC of .59.

Lastly, we plotted the distributions of mean naturalness
across emotional categories, as shown in Figure 7. To assess
the impact of emotion on naturalness, we computed pairwise
Cohen’s D. The largest effect size was found between anger,
which exhibited relatively high naturalness values, and disgust,
which showed lower values (Cohen’s D = 1.826). All figures
and analyses were generated using Nkululeko [29].

6. Summary and outlook

This paper introduced new contributions to a widely recognised
database of acted emotional expressions and presents some pre-
liminary findings based on this data. We acknowledge that fur-
ther experiments, including those involving additional datasets,
are required to establish statistically robust conclusions. These
initial investigations serve primarily as baseline experiments for
our research and potentially for the broader scientific commu-
nity. One limitation of the current study is that several topics
discussed would benefit from a more detailed analysis, which
we intend to address in future work.
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