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ABSTRACT

In this paper we present preliminary results on expressive synthe-
sis of simple sounds; we control a small set of audio parameters
derived from the analysis of simple musical gestures, in order to
synthesize sounds with different expressions. Then, from results
of listening tests, we show that a control strategy based on the
deviations of parameters leads to an effective communication of
expressive content, even if using a very simple rendering model.

1. INTRODUCTION

The control of expressiveness is a very important concept in au-
dio communication: expressive performance synthesis is a widely
explored field, and several synthesis models have been proposed
(e.g Canazza [1], Friberg [6] and Katayose [7]). The idea behind
these models is to control the expressiveness of structured musi-
cal performances, using the score as reference. This approach led
to the implementation of effective synthesis models, and its suc-
cess is due to the fact that rendering models follow the behavior
of human performers. In fact, musicians enrich their performances
with expression by acting on their available degrees of freedom
[5], and introducing deviations from a mechanical playing of the
score. Apart from the interpretations of the score, expression is
present in non-structured sounds: for example [9], in 60’s science
fiction movies synthetic sounds were used to communicate feeling
of artificiality and sense of disquietude. Expressive synthesis and
control of non-structured sounds have been less studied and ex-
plored; nevertheless, it is an interesting field for possible applica-
tions in the field of Human Computer Interaction (HCI). Expres-
sion can be added to systems for synthesizing and manipulating
non-speech sounds likeAuditory Icons, which refer to everyday
listening sounds that can be either simple sounds or patterns [10].
Also, expressive content could be used inEarcons, that are defined
as abstract musical tones that can be used in structured combina-
tions to create sound messages [11]. Other applications can be
found in well-defined problem like the design of alarm enuncia-
tors: in this field several studies were conducted on the mapping
between sonological parameters and urgency [12], and expressive-
ness control can be added in order to give to the user the infor-
mation about different levels of warning. Furthermore, expression
can be used in other fields such as artistic productions, medical-
therapeutic systems, applications in musicotherapy and so on.

As regards the expressiveness model, the fundamental task is
to find the relationship (mapping) betweenexpressive cathegories
andmodel parameters. To solve this task, the performance para-
digm can useful. In order to communicate different expressive in-
tentions, musicians act on their playing by adding expressive con-

tent: this action results in deviations of sonologic parameters’ from
a performance played in a scholastic way, that we callneutral [8].
These deviations could be embedded in a synthesis model to add
expressive content to aneutral sound. In this kind of approach the
mappingis easily extrapolated from analysis of recordings.

In light of the above considerations, in this work we started
from the analysis of simple musical gestures played by profes-
sional musicians [4]. From the analyses we derived a small set of
audio parameters that we used for synthesize expressive sounds.
Then we performed a listening test, both on real and synthetic
stimuli. Results of test confirmed that expression can be differ-
entiated and effectively communicated in simple sounds, control-
ling a simple synthesis model with a small set of parameters. This
paper is organized as follows: next section describes the analy-
sis and synthesis of expressive sounds; results of previous works
are briefly recalled in Section 2.1, while Section 2.2 describes the
synthesis model. In Section 3, listening test and results will be
presented. Finally, conclusions and remarks will be discussed in
Section 4.

2. EXPRESSIVE ANALYSIS AND SYNTHESIS

In this section we present the synthesis by analysis framework.
We started from a previous work on the analysis of expression in
musical gestures, which is briefly recalled in the next section.

2.1. Data analysis

In [4], a dimensional approach to conceptualize emotions has been
used. This approach consists in placing expressions on a space
with a small number of dimensions. Dimensions are used to sim-
plify the study of highly structured concepts, and yields structures
more suitable for a general comprehension of the phenomena. We
refer to the Kinematics Energy space and to the Valence Arousal
space.

The Kinematics Energy space has been conceptualized in [2]:
professional musicians were told to play performances according
to a set of sensorial adjectives (hard, soft, heavy, light, bright,
dark). Then, a two dimensional space was derived, using measure-
ments of perceptive nature and Multi Dimensional Scaling (MDS).
From a musical point of view, the first dimension is mainly related
to tempo(Kinematics), while the second one is related tointensity
(Energy). We can distinguish four main categories situated at the
opposite sides of the axis: High Energy (HE), Low Energy (LE),
High Kinematics (HK), Low Kinematics (LK). We selected the
intentions (adjectives) whose projection in this space was closer
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VIOLIN Valence Arousal Space Kinematics Energy Space

Angry Calm Happy Sad Heavy Light Hard Soft
NPS + 0,34 - 0,49 + 0,65 - 0,58 - 0,35 + 0,34 + 0,13 - 0,27

D - 0,40 + 1,05 - 0,51 + 1,49 + 0,56 - 0,30 - 0,20 + 0,41
A - 0,53 + 0,90 - 0,69 + 1,07 + 0,49 - 0,46 - 0,38 + 0,60

IOI - 0,29 + 1,08 - 0,41 + 1,58 + 0,65 - 0,27 - 0,10 + 0,41
PSL + 3,29 + 0,12 + 0,50 - 0,05 + 1,84 + 0,10 + 1,67 + 0,34
SLR + 2,53 + 0,00 + 0,36 - 0,19 + 1,40 - 0,06 + 1,32 + 0,19

R + 0,93 - 0,19 + 0,48 - 0,21 + 0,24 + 0,01 + 0,69 - 0,10
C - 0,07 - 0,03 - 0,05 - 0,02 - 0,02 - 0,01 - 0,02 - 0,02

Table 1: Relative deviations of values of the features in the Kinematics Energy space and in the Valence Arousal space. Violin performances
are taken into account.

to the categories. Thus we have these correspondences:hard-soft
(HE-LE); light-heavy(HK-LK).

The Valence Arousal Space is derived from the “circumplex
model of affect” designed by psychologist Russell, who looks at
emotions in terms of pleasure and displeasure (valence) and arousal
[3]. Russell established that people organize the emotions in a
similar way, when they are asked to place emotions on a two-
dimensional space where the y-axis is the degree of arousal and the
x-axis is the valence. The subjects, for example, placed the adjec-
tives in order to induce the associations “happyvs. sad” (valence)
and “angry vs. calm” (arousal). Similarly to the case of the KE
space, we selected the intentions whose projection in this space
was closer to the categories, thus we considered the correspon-
dences:happy-sad(High and Low Valence);angry-calm(High
and Low Arousal). Thus, in our work we considered 8 intentions
represented by a set of 4 sensorial adjectives (hard, soft, heavy,
light) and 4 affective adjectives (happy, sad, angry, calm). Mu-
sicians were invited to play several executions with different lev-
els of musical structure complexity (excerpts, scales and repeated
single notes), and in addition they were asked to play each perfor-
mance with neutral expression.

From the recordings we extracted a set of 8 relevant features:
Attack(A), Note Duration(D) , Inter Onset Interval(IOI), Note
Per Second(NPS), Peak Sound Level(PSL), Sound Level Range
(SLR), Roughness(R) andCentroid(C). TheAttackis defined as
the time required to reach the RMS peak, starting from the onset
instant. Note Per Secondis computed by dividing the number of
onsets by the window length within the time window. The compu-
tations ofPSL = maxt RMS(t) andSLR = maxt RMS(t)−
mint RMS(t) derive directly from the RMS profile. TheRough-
nessis calculated using the Synchronization Index Model imple-
mented by IPEM Matlab Toolbox [13]. The spectrum centroid is
calculated by following formula:

C =

PN/2
k=1 fk|X(k)|PN/2

k=1 |X(k)|
(1)

whereN is the FFT size,X is the FFT of the input signalx and
fk, k = 1..N , is thek-th frequency bin. A principal components
analysis (PCA) showed that this set of features well discriminate
different intentions, with the exception of categoriescalmandsad.
However, these intentions are not easy to differentiate, and this is
confirmed by the fact that recordings sound very similar. Further-
more,sadnessin music is often related to high level characteristics
of the score (e.g. the mode), which are not controllable in this con-
text. More generally, intentions split into three clusters, as shown

in Figure 1, reflecting intuitive associations between sensorial and
affective categories.

For each feature and intention, we calculated the relative devi-
ation from theneutralperformance, using equation 2:

DF,i =
Fi − Fn

Fn
(2)

whereFi indicates the mean value of featureF of intentioni and
Fn indicates the mean value ofF in the neutral performance. Ta-
ble 1 summarizes values of relative deviations for violin perfor-
mances.

In this work we used the results of the analysis to implement a
prototype of an expressive tone generator, and then we synthesized
different sound stimuli for the listening test. The sound synthesis
system will be described in the next section.
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Figure 1: Clustering of the 8 categories: the positions reflect in-
tuitive associations:light with happy, sadwith calmandsoft, and
angryclose tohard andheavy.

2.2. Sound synthesis

We implemented the expressive tone generator using the real-time
synthesis environmentpd (Pure Data). In the first version of the
application, sound synthesis is very simple: we control the ADSR
envelope of an additive synthesizer with 5 harmonic partials, vary-
ing three different kind of parameters: Tempo related features (At-
tack, Duration, Note Per Second), Intensity related features (Peak
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Figure 2: Diagrams of the relative deviations of features values
from the neutral performance within the three clusters (single re-
peated notes).

Sound LevelandSound Level Range) and perception related fea-
tures (RoughnessandCentroid). Intensity and Tempo parameters
are controlled using the ADSR envelope values, whileRoughness
andCentroidare modified by changing frequency and amplitude
of the partials.

In particular, forRoughnesswe used the model proposed by
Vassilakis [14]: for a pair of sinusoidal tones with frequenciesf1

andf2 and amplitudesA1 andA2, with fmin = min(f1, f2),
fmax = max(f1, f2), Amin = min(A1, A2), andAmax =
max(A1, A2), theRoughnessis calculated using:

Rsynth = X0.1 · 0.5 · (Y 3.11) · Z (3)

where:
X = Amin ·Amax

Y =
2 ·Amin

Amin + Amax

Z = e−b1s(fmax−fmin) − e−b2s(fmax−fmin)

andb1 = 3.5, b2 = 5.75, s = 0.24/(s1 ·fmin+s2), s1 = 0.0207,
s2 = 18.96.

The termX0.1 represents the dependence of theRoughness
from the intensity (related to the amplitude of the added sines);
the termY 3.11 represents the dependence from amplitude fluctua-
tion degree (related to the amplitude difference of the added sines)
and the termZ represents the dependence from amplitude fluctu-
ation rate (frequency difference of the added sines) and register
(frequency of the lower sine). The overallRoughnessis calculated
by adding the roughness of the individual sine-pairs. TheCentroid
of synthesized sounds is given by the following formula:

Csynth =

P5
k=1 fkakP5

k=1 ak

(4)

wherek is the partial index,fk andak are the frequency and the
amplitude of the partialk respectively. Note that in this case we
consider sounds with only five harmonics. Figure 3 shows thepd
patch that allows the control of the frequency and the amplitude
of the harmonics in the synthesis process. The tone generator per-

Figure 3: Patch for the control of frequency and amplitude of the
harmonics.

forms a repeated single note with the values of the parameters de-
rived from previous analyses. We defined theneutral soundby
using the values of parameters from violin neutral performances.
Then, we applied the transformations (deviations) resulting from
the analysis to synthesize theexpressive sounds, according to the
8 categories. Synthesized sounds were used in a listening test de-
scribed in the next section.

3. LISTENING TEST AND RESULTS

For the preliminary listening test we used the forced-choice iden-
tification method, asking 26 subjects (age: 18-30) to evaluate the
expression of a 16 stimuli series: 8 sounds were both violin and
synthetic, and referred to sensorial categories (hard, soft, heavy,
light); the other 8 sounds referred to affective categories (happy,
sad, angry, calm). Also in this case, stimuli were both violin and
synthetic. The test has two goals: regarding violin stimuli, we
want to test the actual possibility to differentiate and communicate
intentions in non-structured sounds (in this case, a single repeated
note). The second aim is to comprehend the amount of expressive
content that a simple synthesis model is able to convey, with re-
spect to the real sounds. Results on violin and synthetic stimuli
will be presented in the next two sections.
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V I O L I N S Y N T H E T I C

HARD SOFT HEAVY LIGHT HARD SOFT HEAVY LIGHT
HARD 73,08 7,69 11,54 7,69 HARD 38,46 19,23 38,46 3,85
SOFT 11,54 61,54 11,54 15,38 SOFT 3,85 73,08 7,69 15,38

HEAVY 15,38 11,54 69,23 3,85 HEAVY 11,54 19,23 65,38 3,85
LIGHT 3,85 7,69 0,00 88,46 LIGHT 30,77 15,38 7,69 46,15

HAPPY SAD ANGRY CALM HAPPY SAD ANGRY CALM
HAPPY 76,92 0,00 23,08 0,00 HAPPY 46,15 15,38 34,62 3,85

SAD 0,00 80,77 0,00 19,23 SAD 0,00 34,62 0,00 65,38
ANGRY 19,23 0,00 80,77 0,00 ANGRY 7,69 3,85 84,62 3,85
CALM 3,85 30,77 0,00 65,38 CALM 0,00 23,08 3,85 73,08

Table 2: Confusion matrices for violin and synthetic stimuli in the Kinematics Energy space and in the Valence Arousal space. Baseline
accuracy = 25%.

V I O L I N S Y N T H E T I C

Cluster 1 Cluster 2 Cluster 3 Cluster 1 Cluster 2 Cluster 3
Angry, Heavy, Hard Happy, Light Calm, Sad, Soft Angry, Heavy, Hard Happy, Light Calm, Sad, Soft

Cluster 1 83,33 10,26 6,41 79,49 5,13 15,38
Cluster 2 13,46 82,69 3,85 36,54 46,15 17,31
Cluster 3 7,69 6,41 85,90 5,13 5,13 89,74

Table 3: Confusion matrices for violin and synthetic stimuli considering the three clusters.

3.1. Violin stimuli

Table 2 shows the confusion matrix of listeners’ responses. On the
top left the violin stimuli Kinematics Energy Space matrix is pre-
sented, related to the sensorial categories, while on the bottom left
we have the Valence Arousal Space results (affective categories).
We have good results in both the two spaces (baseline accuracy is
25%): affective categories lead to better accuracy of detection, but
some confusion betweencalm andsad is confirmed. In general,
opposite adjectives (e.g.happyandsad) are well discriminated,
while confusion arises when trying to distinguish between other
categories. This is confirmed by the remark of some listeners: they
tended to make two mental categories (e.g.hard with heavy, and
light with soft) and then they tried to discriminate inside the cate-
gories, having more difficulty.

3.2. Synthetic stimuli

Results from synthetic stimuli are shown on the top and on the
bottom right of Table 2. We still exceed the baseline accuracy, but
high confusion arises between similar categories, confirming ob-
servations by some listeners. On the Kinematics Energy Space,
heavyis often confused withhard; in the Valence Arousal space,
happyis confused withangryand the difficulty to discriminatesad
andcalm is also confirmed. We gathered answers from listeners
with reference to the 3 clusters mentioned in Section 2.1: results
are shown in Table 3. As one may expect, violin stimuli results are
good, while some difficulty arises in synthetic stimuli. In particu-
lar, Cluster 2is often (36% of cases) confused withCluster 1: this
fact derives from the confusion betweenhappyandangry, but also
from the not-effective rendering of intentionlight which is often
perceived ashard.

4. CONCLUSIONS

Preliminary results on expressive synthesis of simple sounds have
been presented. From sonological analysis of musical performances
a small set of parameters has been extracted and used for synthe-
sis. Listening tests have been conducted both on real and synthetic
sounds; results of listening test confirmed the possibility to com-
municate different intentions with simple sounds. Furthermore,
results on synthetic stimuli evidenced, with some limit, the effec-
tiveness of a very simple rendering model. Current research is
focusing on the study of sounds that are not related to musical per-
formance (e.g. physical based synthesized sounds), with the goal
of deriving effective mappings between expressive control space
and rendering model parameters. This is an ambitious task: with-
out having the explicit control strategies of performers, perceptual
tests are needed to find the relationship between model parame-
ters and control space dimensions (e.g. Kinematics/Energy or Va-
lence/Arousal). This work is a further step on expressive control
of non structured sounds: more work is needed to increase the
knowledge of this interesting but barely explored field.
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Zanon, P. “Analysis and modeling of expressive intentions
in music performance”,Proc. of International Workshop on
Human Supervision and Control in Engineering and Music,
Kassel, Germany, September 21-24, 2001.

[9] De Poli, G., D’inc̀a, G., Mion, L. “Computational models for
audio expressive communication”,Proc. Audio Engineering
Society Annual Meeting, November 9-12, Como, Italy, 2005.

[10] Gaver, W. “Auditory icons: using sound in computer in-
terfaces.”Human Computer Interaction, 2(2), pp. 167-177,
1986.

[11] Brewster, S. A., Grease, M. G. “Correcting menu usability
problems with sound”,Behaviour and Information Technol-
ogy, 18(3), pp. 165-177, 1999.

[12] Stanton, N. “Human Factors in alarm designs”,London, UK:
Taylor & Francis Ltd, 1994.

[13] Leman, M. “Visualization and calculation of roughness of
acoustical musical signals using the synchronization index
model (SIM)”, Proceedings of the of the COST G-6 Confer-
ence on Digital Audio Effects (DAFX-00), Verona, Italy, pp.
125–130, 2000.

[14] Vassilakis, P. N. “Perceptual and Physical Properties of Am-
plitude Fluctuation and their Musical Significance”,Doc-
toral Dissertation, University of California, Los Angeles.
Systematic Musicology, 2001.

ICAD06-5

ICAD06 - 186

cf
Rectangle


