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Abstract
The expression of emotion in speech communication has been
frequently studied from the analysis of F0 contours. Global fea-
tures such as the mean level and range of F0, as well as the
slope of the contour, have been related to the degree of activa-
tion of an emotion. However, the existence of specific patterns
associated with basic human emotions has not been empirically
demonstrated, and studies generally find no conclusive answer
to this question. In this paper we present a computational study
of emotional speech in Arabic. A computational method for ob-
taining tonal contours based on F0 peak-to-peak and valley-to-
valley distances is presented that is able to capture tonal rhythm
(macro-rhythm). We introduce a model for extracting frequent
tonal patterns to characterize emotions based on the typology
of the patterns. Comparative analysis between sets of neutral
and emotional utterances shows that distinctive patterns exist
for anger, sadness, happiness, and surprise, that are completely
absent in neutral speech. Findings highlight the effectiveness of
the comparative computational methodology presented to dis-
cover macro-rhythmic emotion-specific patterns.
Index Terms: speech emotion recognition, macro-rhythm, pat-
tern discovery, intonation, Arabic.

1. Introduction
The study of emotion in speech communication has been ad-
dressed from various scientific disciplines and with different re-
search foci [1]. In the acoustic analysis of speech, emotion has
been frequently studied from the examination of global features
extracted from the fundamental frequency (F0) contour, such
as the mean, range, and global trend [2, 3, 4]. These features
have been connected to the degree of activation of an emotion
[4, 5], and studies suggest that emotions with higher arousal
(anger, happiness) may be difficult to capture with global in-
tonational features due to the high variability of the F0 contour
[4]. Other authors have found that while intonation patterns sig-
nal the perception of emotions, no one-to-one relationship be-
tween conveyed emotion and intonation pattern was found [6].
Overall, individual characteristics of speech emotions have been
addressed empirically from global descriptors. In this work,
we present a computational method for finding relevant intona-
tion patterns that are especific to human emotions using macro-
rhythm [7].

In the Autosegmental Metrical (AM) model of intonational
phonology, pitch accents and boundary tones define prominence
and phrasing [8, 9]. In the prosodic typology model described
by Jun [7] macro-rhythm was defined as phrase-medial tonal
rhythm whose unit is equal to or slightly larger than a prosodic
word (PWord) [7]. In contrast to traditional speech rhythm
where temporal patterns are formed by sequences of syllables,
morae, or the alternation of weak and strong syllables, tonal
rhythm is solely marked by changes in pitch, and therefore pre-

sented as a sequence of high and low (H, L) points in the F0

contour. Macro-rhythm as a tonal temporal pattern has been
used in the cross-linguistic study of prosodic typologies [7, 10].

Taking into consideration how the slope of the contour is
affected by emotions and their arousal level, we hypothesize
that macro-rhythm should be able to capture emotion-specific
patterns that could be used for characterizing basic human
emotions, and for making direct comparisons between neutral
speech utterances and emotional ones. This approach could fa-
cilitate the creation of tonal inventories of speech patterns as-
sociated with particular emotions, allowing for more analytical
and descriptive comparisons, and for the development of speech
emotion recognition (SER) features to be used in machine learn-
ing systems.

In this paper we consider tonal rhythm as the significant
changes in the F0 slope that occur within an Intonational Phrase
(IP). The goal of this work is first to determine whether tonal
rhythm is a good descriptor of the emotion expressed in a speech
utterance, and secondly, if unique patterns exist for a given emo-
tion set.

In order to compare tonal rhythms between the different
emotions and a neutral state, we develop a method for obtaining
F0 peak-to-peak and valley-to-valley distances. Frequent tonal
patterns of the contours are then obtained using a variant of the
Bide algorithm [11], that discovers and extracts closed maxi-
mal patterns [12, 13] directly from the contour vector. Compar-
isons of maximal patterns are then made to obtain inventories
of unique patterns by emotion.

Prior work in the computational modeling of prosody has
concentrated in the automatic classification and discovery of in-
tonational phrase boundaries [14], the automatic classification
of prosodic events [15], automatic pitch detection [16], promi-
nence detection [17] and more recently with the advent of vec-
tor representation models in the last decade, and more generally,
deep learning algorithms, phrasing detection [18], and melodic
contour extraction [19]. Even though deep learning methods
have achieved a high degree of accuracy in classification tasks,
and distributed representations are able to synthesize complex
relationships and dependencies between prosodic events in a
compact vectorial form, their results often present difficulties
in their explanation and interpretation. Also, vector represen-
tations make assumptions about context that in some cases, are
harder to apply and may limit the quality of the results.

In the research presented in this paper we use a sequential
pattern mining algorithm to extract frequent macro-rhythmic
patterns from Arabic speech utterances. Sequential pattern min-
ing algorithms are a class of data mining methods for discover-
ing hidden frequent patterns in sequential data [20]. Since we
are dealing with sequences of F0 intervals from IPs, sequen-
tial data mining algorithms will allow us to extract meaningful
patterns that can be quantified and individually analyzed. As
shown in a previous work by two of the authors of this paper
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[21], intonation patterns extracted with this method could be
used as the input for end-to-end speech recognition systems.

2. Computational Method
The computational approach presented in this paper is com-
posed of the following steps, as shown in Figure 1.

• From the raw audio signal a vector of F0 points is ex-
tracted.

• The initial F0 vector is transformed into a vector of inter-
vals expressed in cents.

• A contour simplification function is applied to the vector
of intervals to obtain peak-to-peak and valley-to-valley
distances and slopes.

• A variant of the Bide algorithm is used to extract maxi-
mal patterns of macro-rhythm from the closed set of pat-
terns.

• Following a similar method as the anti-corpus approach
utilized in Music Information Retrieval [22], unique
macro-rhythmic patterns are obtained for each emotion.

2.1. F0 extraction

From the collection of raw audio files, we extract F0 using
Praat’s [23] Python interface Parselmouth [24] using ranges of
F0 between 75-650 Hz (floor, and ceiling), resulting in a vec-
tor of frequencies per utterance. Unvoiced audio segments were
linearly interpolated and octave jumps eliminated.

2.2. Contour approximation and representation

In order to extract macro-rhythm from the F0 contour, interval-
lic distances between 50 ms consecutive frames were obtained
in cents. A contour approximation function was developed for
finding relevant changes in F0 movement. The contour approx-
imation method detects changes in F0 that are greater than a
semitone (100 cents). Once semitone distances were obtained,
distances between local minima and maxima points were com-
puted in cents, and coded in intervallic form to avoid differences
in speaker ranges.

Initially, we coded distances between local minima and
maxima using integers, where 1 represented 100 cents (a semi-
tone). After an initial evaluation of the pattern extraction al-
gorithm, and observing the large amount of patterns obtained,
we represented changes in intervallic distances using 1 for 200
cents (1 whole tone, 2 semitones), using the negative sign - for
descending distances. For instance, a sequence of [3,-3, 2, -2]
represents and ascending 6 semitones, followed by 6 descend-
ing semitones, and 4 ascending and 4 descending semitones.

Since the goal is to code and represent distances between
L and H points in the contour, this coding scheme resulted in
clearer results.

2.3. Pattern discovery

The main objective of descriptive pattern mining is to extract
hidden patterns from sequential data. The problem of sequen-
tial pattern mining was defined as the problem of mining sub-
sequences in a set of sequences [25]. More formally, given a
set of distinct items I = {i1, i2, ..., ik}, a sequence S is de-
fined as an ordered list of events 〈e1, e2, ...em 〉 where ei is
an item such that ei ∈ I for 1 ≤ i ≤ m. If sequence Sa
is contained in sequence Sb, Sa is then a subsequence of Sb,

and we call Sb a supersequence. The absolute support of a se-
quence Sα is the number of times that Sα appears in a sequence
database (SDB), and the relative support the percentage of Sα
contained in SDB. We say then that Sα is frequent on SDB if
Sα appears with a frequency above a certain support threshold
or minimum support (min sup). And we say that Sα is closed
if there is no other proper supersequence of Sα with the same
support. In this context a sequence and a pattern refer to the
same object.

2.3.1. Maximal patterns

We use the BIDE algorithm to obtain the set C of closed pat-
terns from the entire database of utterances. A set of maximal
patterns is defined as the set M ⊆ C such that every pattern in
M is not strictly a subpattern of any other closed pattern in C.

The setC tends to be of large cardinality and therefore con-
tain many patterns that may be subpatterns of other superpat-
terns with different support. In cases where the search space
does not need to be that large, maximal patterns not only re-
duce the search space, but also provide more informative pat-
terns. Since we are dealing with IPs, finding the largest possible
macro-rhythmic pattern that it is not contained in another sub-
pattern will allow us to make inferences about the typology of
specific emotions with more information and descriptive power.

2.3.2. Unique distinctive patterns

From the set M we create subsets by emotion and compare
them with neutral patterns following the concept of anti-corpus
described in [22] which defines a distinctive pattern as the one
that is overrepresented in a corpus compared to an anti-corpus.
In our case, we limit this definition even further to define unique
patterns as those that are present in a corpus given a minimum
support and completely absent in an anti-corpus. This restric-
tion will highlight further the uniqueness of certain patterns
when comparing emotion sets with a neutral one acting as the
anti-corpus.

We make the software implementation of the method pre-
sented available to the public 1.

3. Data: KSUEmotions Corpus
To perform our experiments The King Saud University Emo-
tions (KSUEmotions) corpus was used [26], which contains
emotional speech recorded by speakers from Saudi Arabia,
Syria, and Yemen. Speakers recorded sixteen sentences ex-
tracted from newspaper articles, where each speaker is asked
to record each sentence in five different emotions: neutral, hap-
piness, sadness, surprise and anger. The total number of audio
files in the KSUEmotions corpus is 3276 as table 1 shows.

Table (1) Statistics of the KSUEmotions Corpus

Corpus

Num. of audio files by male speakers 1639
Num. of audio files by female speakers 1637
Total number of audio files 3276
Total number of hours 5 hr. and 10 m.

The verification of the emotions followed two phases. First,
a human perceptual test is done. Nine human raters listened to

1https://github.com/aitor-arronte/robust-speech-emotion-
recognition
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Figure (1) Schematic diagram of pattern recognition and extraction

the audio files and assigned the appropriate emotions and gave
a score on a scale from 1 to 5 where (1: bad, 2: poor, 3: fair,
4: good, 5: excellent). Only audio files that obtained the high-
est scores have been selected. Additionally, during the human
perception test, five emotions were considered for the baseline
corpus: neutral, sadness, happiness, surprise and questioning.
Since we are interested in understanding the basic human emo-
tions following the Ekman model [27, 28] questioning was dis-
carded.

Table (2) distribution of audio files with respect to speakers’
gender and emotion type.

Emotion Male female

Neutral 328 328
Happiness 328 328
Sadness 327 326
Surprise 328 328
Anger 168 168

3.1. Arabic intonation

The corpus uses Educated Standard Arabic (ESA) (see: [29])
and pronounced by Saudi, Yemeni, and Syrian speakers. Ara-
bic is a stressed-timed language in which the stress depends on
the weight of the syllable [30]. Every content word has a promi-
nent stressed syllable with distinctive phonetic properties such
as a higher-pitch, loudeness, and longer vowel duration. Thus,
F0 associated with the stressed syllable will interact with the
intonation encoded at the post-lexical level [31, 32].This gives
prominence to the syllable and the whole word associated with.
Some Arabic varieties exhibit greater F0 excursion and longer
duration in focused constituents, and pitch range compression
in post-focus materials; however, pre-focus components have
no systematic behavior [33, 34, 35].

4. Analysis of Results
In order to evaluate macro-rhythm as a prosodic feature for
modeling emotion types, we quantify it using the Macro-rhythm
Variation Index (MRVI) measure proposed in [7], which is de-
fined as the sum of the standard deviations of the rising slope,
falling slope, peak-to-peak, and valley-to-valley distances. A
high MRVI value indicates weak macro-rhythm and therefore
more variability in their peak-to-peak and valley-to-valley dis-
tances. MRVI values closer to 0 will indicate more regularity
and stronger macro-rhythm. We conduct statistical analysis on
this measure, as well as on F0 mean and range to confirm previ-
ous findings on global features [2, 3, 5].

Table (3) Results of ANOVA tests

One-way ANOVA F-value p-value

F0 range ∼ emotion 20.07 0.001 ***
F0 mean ∼ emotion 162.5 0.001 ***
Macro Rhythm Index ∼ emotion 90.97 0.001 ***

4.1. Statistical analysis

One-way ANOVAs were performed on F0 mean, F0 range, and
on MRVI using emotion (5 levels) as a factor. Min-max nor-
malization was applied to MRVI. The tests were run using the
statistical programing language R [36]. As we can see in Ta-
ble 3, results were significant for all 3 measures (p ≤ 0.001).
Post-hoc Tukey tests (α = 0.05) were conducted to determine
which levels of the factor show significant differences. For
MRVI, all pairwise comparisons were significant with the ex-
ception of neutral-happiness (p = 0.076). In Figure 3, we
can see how the MRVI median values for neutral and happi-
ness are close to each other, with means of 0.283 and 0.263
respectively. This indicates similar macro-rhythm, with no sig-
nificant differences as the test shows. Since happiness is con-
sidered a higher arousal emotion, this result is somehow sur-
prising. Also, we should note that anger is the emotion with
the strongest macro-rhythm with a MRVI mean of 0.195. The
weakest conveyed emotion in terms of macro-rhythm is sad-
ness with an MRVI mean of 0.353. Pairwaise comparisons on
F0 mean showed non-significant differences for sadness-neutral,
and surprise-happiness pairs. These results are more expected
and coincide with previous findings in the literature since both
pairs share similar arousal categories, low for sadness-neutral,
and mid/high for surprise-happiness. F0 range results showed
findings compared with previous literature, and all compar-
isons were significant except for the pair neutral-sadness (p =
0.99). High-level arousal emotions had higher F0 range means
(anger=279.5 Hz, happiness=382.7 Hz, and surprise=485.2 Hz)
, which was predicted based on the previous research.

The statistical analysis showed some unexpected results on
macro-rhythm. Low-arousal emotions (sadness, and neutral)
showed higher degree of variability in macro-rhythm as ex-
pressed in MRVI values, and therefore weaker macro-rhythm
when compared with high-arousal emotions such as surprise,
and anger. Happiness seems to be closer to neutral speech.
This may indicate a cultural difference, or a different degree
of activation in the emotion that the annotation does not cap-
ture. Even though F0 range is larger for high-arousal emotions,
results on MRVI highlight more predictability from these emo-
tions in terms of the distances from peaks and valleys, and the
size of the slopes, resulting in stronger macro-rhythm.
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Figure (2) Unique maximal patterns by emotion. Interval distances on the y axis, and time units (50 ms) in the x axis.

Figure (3) Boxplots for the Macro-Rhythm Variation Index.
Horizontal lines indicate median values.

4.2. Pattern extraction

Taking as input the audio files from KSUEmotion corpus, we
apply the computational model described in section 2 to obtain
maximal patterns by emotion type. Once maximal patterns are
extracted, we compare all patterns associated with a given emo-
tion against the neutral ones acting as the anti-corpus, resulting
in subsets of unique patterns by emotion. The parameters of
the algorithm were set to 6 for minimum support, and 5 for the
minimum length of a pattern. In other words, we only accept
as frequent maximal patterns those that appear within a given
emotion set with a frequency greater or equal than 6, and that
contain at least 5 slopes (peaks and valleys). Of particular im-
portance here is the concept of anti-corpus, since F0 patterns
that are completely absent in neutral speech highlight their emo-
tional content. In this context then, the frequency of appearance
of a pattern is crucial, since it determines the relevance within
an emotional subset. This approach is the dominant view in the
frequent pattern mining literature [37].

Image 2 presents the top-2 most frequent unique patterns
by emotion. Following the statistical analysis, where anger and
surprise had the strongest macro-rhythm, we can see that both
emotions had more regular temporal patterns in their peak-to-

peak, and valley-to-valley distances, especially when we com-
pare them with sadness patterns, which show less temporal reg-
ularity. Anger patterns seem to be characterized by regular, and
steeper F0 slopes, while surprise contain sudden excursions fol-
lowed or preceded by shorter, regular intervals. Sadness on the
other hand, contain patterns with more irregular slopes and in-
tervallic distances, which is supported by the weaker MRVI as
seen in Figure 3. Patterns that belong to happiness seem harder
to place or characterize, since they do have a weaker macro-
rhythm. Anger had the least percentage of unique maximal pat-
terns with 11.3% of the total maximal patterns, but with higher
frequency of occurrence compared to sadness, happiness, and
surprise. This may be the cause of the stronger macro-rhythm.

Overall, results on macro-rhythm suggest that high-arousal
emotions such as anger, and surprise, tend to have stronger
macro-rhythm than low-arousal emotions such as sadness. Hap-
piness seems to vary between regular and irregular patterns, and
it is harder to characterize. The pattern extraction method pro-
vides a more descriptive analysis by emotion of the top-k most
frequent patterns that are completely absent in neutral speech,
and by comparing sets of patterns by emotion we can find pat-
terns that are specific to an emotion and completely absent to
another. Since the goal of this paper was to determine the suit-
ability of macro-rhythm for the characterization of emotions
in speech, the proposed approach was able to uncover partic-
ular patterns that can be further analyzed, providing more de-
scriptive power to the statistical analysis. We speculate that
this approach could be used in the automatic classification of
emotions, since it produces statistical patterns that can uniquely
identify an emotion. This however, goes beyond the scope of
this work and should be tested in a machine learning study.

5. Conclusions

In this paper, we presented a computational method for extract-
ing macro-rhythmic patterns from speech utterances. It was
shown how macro-rhythm could be used as a significant feature
in the analysis of emotions in speech, and how the compara-
tive computational approach can highlight particular emotion-
specific patterns. Results show that high-arousal emotions tend
to have greater F0 ranges, but more regular tonal patterns, and
therefore stronger macro-rhythm.
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