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Abstract. In this paper, timbre perception of sounds from 3 different impacted
materials (Wood, Metal and Glass) was examined using a categorization task.
Natural sounds were recorded, analyzed and resynthesized and a sound morphing process was applied to construct sound continua between different materials.
Participants were asked to categorize the sounds as Wood, Metal or Glass. Typical
sounds for each category were defined on the basis of the behavioral data. The
temporal dynamics of the neural processes involved in the categorization task
were then examined for typical sounds by measuring the changes in brain electrical activity (Event-Related brain Potentials, ERPs). Analysis of the ERP data
revealed that the processing of Metal sounds differed significantly from Glass
and Wood sounds as early as 150 ms and up to 700 ms. The association of behavioral, electrophysiological and acoustic data allowed us to investigate material
categorization: the importance of damping was confirmed and additionally, the
relevancy of spectral content of sounds was discussed.

1 Introduction
Natural sounds carry a large amount of acoustic information that can be extracted by
classical signal analysis techniques such as spectral analysis or time-frequency decompositions. Nevertheless, such techniques do not aim at explaining how the brain captures
the information that allows us to identify different aspects of the sound source, such as
its size, shape or material. The current study focuses on the perception of sounds produced by impacted materials, i.e., Wood, Metal and Glass. We aim at identifying the
perceptual properties of these sounds (which are related to the concept of “invariants”
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in ecological acoustics [1]), that characterize material categories, without considering
the mechanical correlates of the sound source1.
Results of acoustic analysis are considered together with the results of behavioral
and electrophysiological analyses. In particular, we examine the agreement between
the acoustic relevancy of sound descriptors with respect to sound categorization as revealed by statistical analysis and their perceptual/cognitive relevancy as revealed by the
objective measures of the electrical brain activity. As a first approach to the identification of these invariants for material perception, we investigate the sound descriptors
that are known to be relevant for timbre perception and for material identification.
Previous studies on the perception of sound categories (of musical instruments or
human voices) have mainly been based on the notion of timbre. Timbre is a perceptual
and subjective attribute of sounds that is not well understood and is often defined by
what it is not: “an indispensable key feature for the appreciation of sound quality other
than pitch, loudness, duration and spatial location” (American National Standards Institute, 1973). Timbre is a complex feature of sounds that requires a multidimensional
representation. Several authors [2,3,4,5] have used dissimilarity ratings to characterize
the sounds of musical instruments and to identify timbre spaces based on the perceptual
distances between sounds. The dimensions of these timbre spaces are correlated with
various descriptors such as attack time (the way the energy rises at the sound onset),
spectral bandwidth (spectrum spread), spectral center of gravity or spectral centroid
(correlated to the brightness of sound) and spectral flux (the way the spectrum varies
with time). Another important dimension of timbre, introduced by [6], is the roughness (distribution of interacting frequency components within the limits of a critical
band). In a musical context, the roughness is closely linked to the concept of consonance/dissonance [7,8].
Regarding the perception of impact sounds, previous acoustic studies have examined
the perception of the physical characteristics of the sound source, that are the properties
of the actions and objects. Regarding perception of objects, [9] has shown that the perceived hardness of a mallet striking a metallic object is predictable from the characteristics of attack time. Further, strong correlations have been found between the perceived
size of objects and the pitch of the generated sounds [10,11,12,13,14] and between
the perceived shape of objects and the distribution of spectral components [15,16]. Finally, perception of material seems mainly to correlate with the damping of spectral
components [17,18,19]. Damping also remains a robust acoustic descriptor to identify
macro-categories (i.e., wood-plexiglass and steel-glass categories) across variations in
the size of objects [20]. From a physical point of view, the damping is due to various
mechanisms of loss and differs as a function of materials [21,22]. The quality of percussive sounds is highly correlated to the frequency-dependency of the damping: high
frequency components being generally more heavily damped than low frequency ones.
Consequently, different damping for high and for low frequency components involve
1

Had the aim been to study the perceptual influence of the mechanical properties of the object
(material, geometry), we would have studied structures and material independently. From a
mechanical point of view, the respective contribution of object and material properties to sound
perception is difficult to determine since identical sounds can be obtained by manipulating the
characteristics of one or of the other.
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intrinsic timbre modifications. Nevertheless, a global characterization of the damping
can be given by the sound decay which measures the decrease of the sound energy as
a function of time. Since damping is known to be important for material identification,
we investigated the relevancy of sound decay for sound categorization in addition to
previously presented timbre descriptors.
We used the flexibility of synthesis processes to construct the stimuli by extending the concept of analysis by synthesis [23]. Thus, we recorded, analyzed and resynthesized sounds from everyday life objects made of different materials (i.e., impacted
wooden beams, metallic plates and various glass bowls). Further, we generated realistic sounds unambiguously evoking each material category. In practice, we used an
additive synthesis model so that sounds were reconstructed as the sum of a number of
frequency components controlled separately in amplitude, frequency and temporal evolution. Then, we created continuous transitions between sounds from different materials
(i.e., {Wood-Metal}, {Wood-Glass} and {Glass-Metal}) through a morphing process
based upon an interpolation between the values of the parameters of the sounds at the
extremes of a continuum. Sounds from these continua were used in a categorization
task so as to be sorted as Wood, Metal or Glass. In this way, the limits of the categories
on each continuum and consequently, a set of unambiguous, “typical” sounds for each
category could be identified.
We analyzed both the percentage of responses in each category and Reaction Times
(RTs), as RTs are known to provide a good measure of the chronometry of mental processes [24,25]. Then, we examined the temporal dynamics of the brain processes associated with the perception and categorization of these sounds. In practice, we recorded
Event Related Potentials (ERPs) time-locked to the sounds to analyze the different
stages of information processing as they unfold in real time. The ERPs elicited by a
stimulus (a sound, a light, etc . . . ) are characterized by a succession of positive (P)
and negative (N) deflections relative to a baseline (usually measured within the 100 ms
or 200 ms that precedes stimulus onset). These deflections (called components) are
characterized not only by their polarity but also by their latency of maximum amplitude (relative to stimulus onset), their distribution across different electrodes located at
standard positions on the scalp and by their functional significance. Typically, the first
positive-negative-positive components following stimulus presentation, the P100, N100
and P200, reflect the sensory and perceptual stages of information processing, and are
obligatory responses to the stimulation [26,27]. Depending upon the characteristics of
the stimulation, this N100/P200 complex presents differences. Then, depending of the
experimental design and of the task at hand, different late ERP components are elicited
(N200, P300, N400 . . . ).
Results from studies based on the analysis of the ERPs have provided interesting
information regarding the time course of timbre processing. For instance, the Mismatch Negativity (MMN; [28]) is considered as a good index of pre-attentive discrimination between tones with different acoustic, perceptual, cognitive and/or emotional
attributes (see [29] and [30] for a review). [31] have shown that a MMN is elicited
by infrequent pure tones presented among frequent harmonically rich tones. Moreover, recent results have shown increased MMN amplitude and latency with changes
in spectral centroid [32,33], roughness [34], attack time and spectrum fine structure
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(even harmonic attenuation; [33]. These results thus suggest that such timbre descriptors are processed pre-attentively. Otherwise, in a discrimination task, [35] found increased N100 and P200 amplitude as a function of spectro-temporal complexity (see
also [36,37]). Moreover, the use of a source estimation method (LORETA, [38]) allowed them to uncover possible generators of the N100 and P200 components: N100
resulting from activity in the right posterior Sylvian and inferior parietal regions and
P200 from left and right regions of the posterior Sylvian fissure in the vicinity of the
secondary auditory cortex. Finally, the late positive component, with maximum amplitude around 300 ms, the P300, is thought to reflect the categorization of task relevant
events [39,40]. For instance, [29] showed that P300 latency was longest for emotion
deviants, intermediate for timbre deviants and shortest for pitch deviants.
In the present experiment, regarding the ERPs, since Metal sounds show richer spectra than Wood or Glass sounds, we predicted that Metal sounds would elicit larger P200
amplitude [37]. Indeed, the spectrum of sounds generated from impacted structures with
a given geometry is generally richer for Metal than for Wood or Glass. This can be explained by physical and signal processing considerations because the spectral density of
energy integrates the energy of each frequency component over the entire duration of the
sound. Due to differences in mechanisms of loss between materials, Metal is associated
to less damped vibrations than Wood and Glass [21]. Consequently, the spectral energy
of each mode is higher for Metal sounds, particularly in the high frequency range where
modes are rapidly damped for Wood and Glass sounds. This general spectral behavior is
in line with the results of the acoustic analyses of the sounds used in the present experiment. Sounds also differed from each other on several acoustic parameters: the number
of spectral components (higher for Metal than for Wood or Glass), the damping (lower
for Metal than for Wood and Glass) and the spectral distribution (quasi-harmonic for
Glass, non harmonic for Metal and Wood) and these differences may also influence the
ERP components. Note that since we used an explicit categorization task, we also expected N200-P300 components to be generated [41] and their amplitude and/or latency
should reflect the characteristics of the categorization processes (i.e., shorter latency
and larger amplitude for the sounds that are easier to categorize).

2 Methods
2.1 Participants and Stimuli
Twenty-two participants (11 women and 11 men), 19 to 35 years-old, were tested in this
experiment. They were all right-handed, non-musicians (no formal musical training),
had normal audition and no known neurological disorders. They all gave written consent
to participate in the experiment and they were paid for their participation.
To design the stimuli, we first recorded impact sounds from everyday life objects
made of different materials (i.e. impacted wooden beams, metallic plates and various
glass bowls) to insure the generation of realistic sounds. Then, we used a simplified
version of the analysis-synthesis model described in [42], based on an additive synthesis
technique to resynthesize these recorded sounds (at 44.1 kHz sampling frequency):
s(t) = θ(t)

M

m=1

Am sin(ωm t)e−αm t

(1)
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where θ(t) is the Heaviside function, M the number of components, and the parameters
Am , αm and ωm are respectively the amplitude, damping coefficient and frequency of
the mth component.
To minimize timbre variations induced by pitch changes, all resynthesized sounds
were tuned to the same chroma (note C): Wood sounds to the pitch C4, Metal sounds
to C4 and C5 and Glass sounds to C6 and C7. The specific properties of the different materials did not, however, allow us to tune all sounds to the same octave. For
instance, Glass sounds can not be transposed to low pitches as they will no longer be
recognized as Glass sounds. Nevertheless, based on [43], we considered that the octave
differences between sounds should not influence sound categorization. When the pitch
was changed, the new value of the damping coefficient of each tuned frequency component was evaluated according to a damping law measured on the original sound [44].
Sounds were also equalized in loudness by gain adjustments. These sounds were called
reference sounds of each material categories.
Finally, we built 15 continua (5 for each transition: {Wood-Metal}, {Wood-Glass}
and {Glass-Metal}) composed of 20 hybrid sounds that simulate a progressive transition between different materials. By using a morphing process, the interpolation was
computed both on the amplitudes of the spectral components and on their damping parameters. Sound examples are available at http://www.lma.cnrs-mrs.fr/∼kronland/Categorization/sounds.html.
2.2 Procedure and Recording ERPs
Participants were asked to categorize sounds pseudo-randomly presented through one
loudspeaker, as Wood, Metal or Glass, as fast as possible, by pressing one response button out of three. The association between response buttons and material categories was
balanced across participants. Brain electrical activity (Electroencephalogram, EEG)
was recorded continuously from 32 Biosemi Pin-type active electrodes (Amsterdam
University) mounted on an elastic headcap and located at standard left and right hemisphere positions over frontal, central, parietal, occipital and temporal areas (International extended 10/20 system sites [45]: Fz, Cz, Pz, Oz, Fp1, Fp2, AF3, AF4, F7, F8,
F3, F4, Fc5, Fc6, Fc1, Fc2, T7, T8, C3, C4, Cp1, Cp2, Cp5, Cp6, P3, P4, PO3, PO4, P7,
P8, O1, O2). Moreover, to detect horizontal eye movements and blinks, the electrooculogram (EOG) was recorded from Flat-type active electrodes placed 1 cm to the left and
right of the external canthi, and from an electrode beneath the right eye. Two additional
electrodes were placed on the left and right mastoids. EEG was recorded at a sampling
rate of 512 Hz using Biosemi amplifier. The EEG was re-referenced off-line to the algebric average of the left and right mastoids and filtered with a lowpass of 40 Hz. Data
were analyzed using routines of Matlab EEGLAB toolbox [46]. Data were segmented
in single trials of 2500 ms, starting 200 ms before the onset of the sound.

3 Sound Descriptors
To characterize sounds from an acoustic point of view, we considered the following
sound descriptors: attack time AT, spectral centroid SC, spectral bandwidth SB, spectral
flux SF, roughness R and normalized sound decay α.
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The attack time AT is a temporal timbre descriptor which characterizes signal onset.
It is defined by the time necessary for the signal energy to raise from 10% to 90% of
the maximum amplitude of the signal.
The spectral centroid SCG is a spectral timbre descriptor which is commonly associated to the brightness of the sound and is defined by [47]:

ω(k) | ŝ(k) |
1 k
SC =

(2)
2π
| ŝ(k) |
k

while the spectral bandwidth SB, commonly associated to the spectrum spread is defined by [48]:



| ŝ(k) | (ω(k) − 2π × SC)2

1  k


SB =
(3)
2π 
| ŝ(k) |
k

where ω and ŝ represent the frequency and the Fourier transform of the signal,
respectively.
The spectral flux SF is a spectro-temporal timbre descriptor quantifying the time
evolution of the spectrum and is defined by [49]:
SF =

C
1 
| pn,n−1 |
C c=1

(4)

where C represents the number of local spectra (frames) and pn,n−1 the Pearson product
moment correlation coefficient between the local spectra at the discrete times n and
n − 1.
Based on the [50] and [51] models, the roughness R of a sound, commonly associated
to the presence of several frequency components within the limits of a critical band,
can be computed by summing up the partial roughness rij for all pairs of frequency
components (i,j) contained in the sound [52]:
0.1

rij = 0.5×(Ai Aj )



2 min(Ai , Aj )
×
Ai + Aj

where
s=

3.11

×(e−3.5s|ωi −ωj | −e−5.75s|ωi −ωj | ) (5)

0.24
0.0207 × min(ωi , ωj ) + 2π × 18.96

(6)

and where Ai and Aj , ωi and ωj are respectively the amplitudes and frequencies of a
pair of frequency components (i,j).
Finally, sound decay quantifies the global amplitude decrease of the temporal signal.
Since the sounds consist of the sum of exponentially damped sine waves (Equation (1)),
the sound decay is directly estimated by the slope of the logarithm of the envelope of the
temporal signal. Nevertheless, since the damping is frequency dependent, this decrease
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depends on the spectral content of the sound. Consequently, we chose to consider a
normalized sound decay α with respect to a reference that takes into account the spectral
localization of the energy. Then, we defined α as the ratio of the sound decay to the SC
value.

4 Results
4.1 Behavioral Data
Participants’ responses and RTs were collected for each sound. Sounds were considered
as typical if they were classified in one category (i.e., Wood, Metal or Glass) by more
than 70% of the participants. This threshold value was determined using a statistical
approach based on hierarchical cluster analysis (see [53] for details).
Data were averaged as a function of participants’ responses in each category (Table 1). Results were analyzed using repeated-measures Analysis of Variance (ANOVAs)
including Material (Wood, Metal and Glass) as a within-subject factor. For this and following analyses, effects were considered significant if the p-value was less than .05.
When interactions between 2 or more factors were significant, post-hoc comparisons
(Tukey tests) were computed. Clearly, participants more often categorized sounds as
Metal than as Wood or Glass [F(2,42)=25.31, p<.001] and RTs were slower for Glass
sounds [F(2,42)=29.1, p<.001] than for Wood and Metal sounds.
Table 1. Percentages of responses (N) in each material category (W=Wood, M=Metal, G=Glass),
of responses Ntyp associated to typical sounds of each category (i.e., sounds classified in the
category by more than 70% of the participants), and of responses Nnontyp associated to non
typical sounds (i.e., sounds classified by less than 70% of the participants). Mean RTs for each
category are also indicated in milliseconds. The data are reported with their respective standard
deviation (±SD) across participants.
N

RT

Ntyp

RT

Nnontyp

RT

W

31(±7)

936(±195)

17(±2)

829(±185)

14(±5)

1080(±250)

M

42(±5)

1028(±275)

29(±1)

964(±254)

13(±3)

1170(±323)

G

27(±5)

1152(±247)

9(±1)

1010(±211)

18(±3)

1203(±263)

4.2 Electrophysiological Data
To examine the time course of the perception of typical sounds, as defined from the
results of the behavioral data, as well as potential differences between the 3 sound
categories, ERPs data were averaged separately for the typical sounds of each material
category (Wood, Metal and Glass). Based upon visual inspection of the ERP traces, the
following time windows were chosen for statistical analysis to focus on specific ERP
components: 0-50 ms, 50-80 ms (P100), 80-150 ms (N100), 150-230 ms (P200), 230330 ms (N280), 400-550 ms and 550-700 ms (Negative Slow Wave, NSW and P550).
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Fig. 1. Event-Related Potentials (ERPs) to typical sounds of Wood (grey solid trace), Metal (black
solid trace) and Glass (dotted trace) at midline (Fz, Cz, Pz) and at lateral electrodes ({F3, CP5,
P3} / {F4, CP6, P4}). The amplitude (in microvolt μV) is represented on the ordinate and negativity is up. The time from sound onset is on the abscissa (in millisecond, ms).

Separate repeated-measures ANOVAs were conducted for midline and lateral electrodes. Factors were Material (Wood, Metal and Glass) and Electrodes (Fz, Cz, Pz) for
midline analyses. Factors were Material, Hemispheres (left vs. right), Regions of Interest (3 ROIs: fronto-central, centro-temporal and centro-parietal) and Electrodes (3 for
each ROI: {AF3, F3, FC5} / {AF4, F4, FC6}; {T7, C3, CP5} / {T8, C4, CP6}; {CP1,
P7, P3} / {CP2, P8, P4}) for lateral analyses. Effects were considered significant if the
p-value was less than 0.05. Results are reported in Table 2.
Figure 1 shows the ERPs recorded at midline electrodes and at one lateral electrode
per ROI (selected as the most representative of the ROI). Typical sounds from each
category elicited small positive components, with maximum amplitude around 65 ms
post-sound onset (P100), large negative components peaking around 100 ms (N100)
followed by relatively positive (P200) and negative (N280 and NSW) components at
fronto-central sites or large positive components (P550) at parietal sites. Results of
ANOVAs revealed no main effect of Material on P100 amplitude (Midlines, p=.76;
Lateral, p=.69) or on N100 amplitude (Midlines, p=.07; Lateral, p=.22) either at midline or at lateral electrodes. By contrast, at both midline and lateral electrodes, Metal
sounds elicited smaller P200 and larger N280 and NSW components than Wood and
Glass sounds that did not differ from each other (Table 3). Moreover, Metal sounds
elicited smaller P550 component than Wood sounds (Table 2). This effect was largest
over fronto-central and centro-temporal regions in the 400-550 ms latency range and
over fronto-central region in the 550-700 ms latency range (see Table 4).
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Table 2. F statistics and mean amplitude values (in μV) for the main effect of the Material factor
(W = Wood, M = Metal, G = Glass) in the latency windows in which the effects were significant.
Amplitude differences (W-M, M-G and W-G in μV) are indicated only when significant. For this
and following tables, the level of significance is given by * (p<.05), ** (p<.01), *** (p<.001).
(a)
indicates a marginally significant effect at p=.059.
150-230 ms

230-330 ms

P200 comp.

N280 comp.

Mid.

Lat.

∗∗

F(2,42)

Mid.

∗

5.26

Mid.

∗

4.99

550-700 ms

NSW and P550 comp.

Lat.

∗

4.11

400-550 ms

4.88

Lat.

∗

4.00

Mid.

∗

Lat.

∗

4.08

3.18∗

4.00

W

0.92

0.46

0.47

0.96

1.63

3.65

0.99

4.00

M

-1.57

-1.35

-1.30

-0.78

-1.39

1.05

-1.97

1.56

G

0.48

0.13

1.35

1.32

0.51

2.25

0.78

3.13

∗

∗

∗

∗

∗

∗

W-M

2.49

1.81

–

1.74

3.02

2.6

2.96

2.44∗

M-G

-2.05∗

–

-2.65∗∗

-2.10∗

–

–

-2.75(a)

–

W-G

–

–

–

–

–

–

–

–

Table 3. F statistics, mean amplitude values (in μV) for Material (W = Wood, M = Metal,
G = Glass) by Electrode (Fz, Cz, Pz) interaction in the latency windows in which the effects
were significant. Amplitude differences (W-M, M-G and W-G in μV) are indicated only when
significant.
150-230 ms

230-330 ms

P200 component

N280 component

F(4,84)=3.63∗∗

F(4,84)=2.83∗

Fz

Cz

Pz

Fz

400-550 ms

550-700 ms

NSW and P550 components
F(4,84)=3.99∗∗

Cz

Pz

Fz

F(4,84)=7.06∗∗∗

Cz

Pz

Fz

Cz

Pz
6.67

W

-1.25

1.57

2.44

-2.63

0.06

3.98

-4.21

0.99

8.12

-4.45

0.75

M

-3.93

-1.43

0.65

-4.77

-2.00

2.86

-7.75

-2.82

6.39

-8.71

-3.20 6.00

G

-1.49

1.09

1.83

-1.56

1.20

4.42

-5.05

-0.15

6.74

-4.61

0.32

W-M 2.68∗∗∗ 3.00∗∗∗ 1.79∗∗∗ 2.14∗∗∗ 2.06∗∗∗
∗∗∗

∗∗∗

M-G -2.44

-2.52

–

–

W-G

∗∗

-1.18
–

∗∗∗

∗∗∗

-3.21

-3.20

–

–

3.54∗∗∗ 3.81∗∗∗ 1.73∗ 4.26∗∗∗ 2.45∗∗∗

–
∗∗

-1.56
–

∗∗∗

∗∗∗

∗∗∗

∗∗∗

6.65
–

-2.7

-2.67

–

-4.1

-3.52

–

–

–

–

–

–

–

4.3 Acoustic Data
A set of sound descriptors (as defined in Section 3) were calculated for the typical
sounds from each material category: attack time AT, spectral centroid SCG, spectral
bandwidth SB, spectral flux SF, roughness R and normalized sound decay α. An acoustic analysis was conducted to determine whether each sound descriptor explains sound
categorization.
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Table 4. F statistics, mean amplitude values (in μV) for Material (W = Wood, M = Metal, G =
Glass) by Region (R1 = Fronto-central, R2 = Centro-temporal, R3 = Centro-parietal) interaction
in the latency windows in which the effects were significant. Amplitude differences (W-M, M-G
and W-G in μV) are indicated only when significant.
400-550 ms

550-700 ms

F(4,84)=3.9∗∗

F(4,84)=4.59∗∗

R1

R2

R3

R1

R2

R3

W

-2.18

4.84

8.28

-1.76

5.55

8.23

M

-6.28

2.53

6.91

-6.23

3.53

7.39

G

-3.68

3.03

7.41

-2.87

4.17

8.10

–

–

∗∗∗

W-M

4.1

∗∗∗

∗∗∗

2.31

∗∗∗

∗

1.37

∗∗∗

4.47

∗∗∗

M-G

-2.6

-0.5

–

-3.36

–

–

W-G

–

–

–

–

–

–

Table 5. Statistics (χ2 ) and mean values (reported with their respective standard deviation, ±SD)
for the Material factor (Wood, Metal, Glass) corresponding to AT (in ms), SCG (in Hz), SF, R (in
asper) and α (in dB). The level of significance of post-hoc comparisons are indicated next to the
mean values.
AT

SCG

SF

R

α

χ2 (2,198)=

20.08∗∗∗

33.55∗∗∗

97.21∗∗∗

71.71∗∗∗

159.81∗∗∗

Wood

0.24(±0.47)

2573∗ (±597)

105∗ (±69)

0.4(±0.32)

-0.088∗ (±0.033)

Metal

0.11∗ (±0.63)

3536(±1154)

655(±719)

1.71∗ (±1.24)

-0.013∗ (±0.006)

Glass

0.37(±0.48)

3426(±891)

550(±403)

0.58(±0.45)

-0.037∗ (±0.016)

A Kruskal-Wallis test was computed for each sound descriptor including Material
(Wood, Metal and Glass) as a factor. Results are presented in Table 5. Except for SB,
all descriptors explained the differentiation of at least one category from the other 2.
Specifically, AT and R were relevant to discriminate Metal from both Wood and Glass;
SCG and SF to discriminate Wood from both Metal and Glass and α to discriminate the
3 categories.

5 Discussion
Behavioral data allowed us to define which of the 20 sounds from each continuum were
most typical of each material category (i.e., the sounds that were categorized as Wood,
Metal or Glass by more than 70% of the participants). The ERPs to these typical sounds
were then analyzed to examine the time course of sound perception. Acoustic analysis
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of these typical sounds revealed the relevancy of sound descriptors to explain sound
categorization. Results of these analyses allowed us to discuss sound descriptors that
are most relevant for material perception.
Results of the acoustic analysis showed that the normalized sound decay α alone
allowed the discrimination of the 3 material categories. Since in our case, the normalized sound decay characterizes the damping, the relevancy of α is in line with previous
results showing that damping is an important cue in the perception of sounds from impacted materials [17,18,19,20]. However, while damping may be of particular importance for sound perception, results of several studies have shown that it is not sufficient
for a complete discrimination between different materials. For instance, [19] concluded
that the length of bars influenced the perception of material with glass and wood being
associated with shorter bars (i.e., higher frequencies) than rubber and steel. Similarly,
[15] also found frequency effects on material perception: glass and rubber were associated with higher pitches than wood and steel. Finally, [20] concluded that within a
macro-category, material identification is based on plate size (i.e., signal frequency) so
that steel and plastic were identified more often from larger plates than wood and glass.
Consequently, our perception of material seems to be guided by additional cues
other than damping that most likely are linked to the spectral content of sounds. To
directly test for the influence of damping and spectral complexity on the perception of
the sounds used here, we constructed 9 stimuli by independently combining the spectra
of typical sounds (of Wood, Metal or Glass) with the damping characteristics of these
sounds. The experimental design is detailed in2 . The percentage of responses obtained
for the 9 hybrid sounds is presented in Table 6. Results confirmed that typical sounds
(with spectrum and damping within the same category) were associated with the highest percentage of responses in their respective category. Moreover, results revealed that
sounds with Metal damping and spectrum of Wood or Glass, were categorized as Metal,
thereby showing that damping remains a robust descriptor to characterize the Metal
category. For sounds with Wood damping, the one with Metal spectrum was still categorized as Wood while the one with Glass spectrum was categorized as Glass so that
damping did not entirely characterize the Wood category. Finally, sounds with Glass
2

Experimental protocol: Participants: 10 participants (3 women, 7 men) were tested in this
experiment. They were all non-musicians and had normal audition. Stimuli: one reference
sound (Section 2.1) of each material category (Wood, Metal and Glass) was selected. From the
3 reference sounds, 9 hybrid sounds were created using the additive synthesis model defined in
Equation (1). The sounds were constructed by independently combining each spectrum (Am
and ωm values) with the damping law characteristic of each material categorie (measured on
the original sound). Thus, these sounds correspond to the 9 possible combinations between the
3 spectra and the 3 damping law characteristics of each material category. The sounds are
available at http://www.lma.cnrs-mrs.fr/∼kronland/Categorization/sounds.html. Procedure:
sounds were presented through headphones (Stax SR-202 with amplifier SRM-310). As a
training, participants first listened passively to 2 typical sounds of each material category (different to the typical sounds used for the construction of the stimuli). Then, they listened passively to the 9 hybrid sounds presented randomly. Finally, they were asked to categorize these
9 sounds as Wood, Metal or Glass by using a computer keyboard. Participants could listen to
the sounds as often as they wanted before answering. The responses for the 9 sounds were
collected.

12

M. Aramaki et al.

damping combined with either Wood or Metal spectrum lost their Glass specificity:
they were mostly categorized as Metal. Thus, damping is not sufficient to characterize the Wood and Glass categories. Clearly, this experiment further showed that both
damping and the spectral content of sounds are relevant cues for material categorization. Therefore, at least, one descriptor other than the normalized sound decay α (that
robustly characterizes the damping of each material category since the 3 values of α for
a given material damping have close values across different spectra, see Table 6) needs
to be considered for an accurate sound categorization of materials.
Table 6. Percentage of responses in each material category (W, M and G) and normalized sound
decay values (α) for the 9 sounds constructed by combination of Wood, Metal and Glass spectrum
with Wood, Metal and Glass damping. The highest percentage obtained by each sound among the
3 categories is highlighted in bold.
Wood damp.

Metal damp.

Glass damp.

W

M

G

α

W

M

G

α

W

M

G

α

Wood spec.

80

20

0

-0.033

0

90

10

-0.001

10

70

20

-0.012

Metal spec.

60

20

20

-0.047

0

100

0

-0.002

20

70

10

-0.020

Glass spec.

40

0

60

-0.047

0

60

40

-0.001

0

20

80

-0.013

Regarding the ERPs, the analysis revealed no significant differences on the amplitude of the N100 component that is notably influenced by variations in sound onset
parameters [54]. This is not surprising insofar as the AT differences between sound categories were approximately 0.1 ms (see values in Table 5) and were therefore below
the temporal resolution of hearing [55]. Then, typical Metal sounds elicited brain activity that differed from the other 2 typical sound categories starting around 150 ms after
sound onset and lasting until the end of the recording period at some scalp sites. In particular, Metal sounds elicited smaller P200 and P550 components, and larger N280 and
NSW components than Wood and Glass sounds. Results from previous experiments
have shown that the P200 component, that typically reflects sensory and perceptual
processing, is sensitive to spectral complexity [37,56]. In particular, [35] found larger
P200 amplitude, and an additional effect on N100 amplitude, for instrumental tones
(complex spectra) relative to sine wave tones. It should be noted, however, that while
increased spectral complexity enhanced the amplitude of the N100 and/or P200 components in previous studies [37,35], the present results showed decreased P200 amplitude
and increased N280 amplitude to Metal sounds. Two factors may account for these differences. First, the present task and experimental design differed from previous experiments because we used an explicit sound categorization task. Such tasks are known to
elicit N200-P300 components that are thought to reflect the categorization and decision
processes [41,39]. Thus, the occurrence of the N280 and P550 (P300-like component)
is likely to be task-dependent. Note that since N280 amplitude was larger for Metal
sounds, the reduction in P200 amplitude may result from an overlap effect. Second, the
present sounds differed from those used in previous studies. In the experiments by [35]
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and [37], stimuli differed in spectral complexity but were equated in pitch (F4/B4 and
C4, respectively) and in duration (400 and 500 ms, respectively). By contrast, our stimuli differed both in pitch (the chroma was the same, i.e., C, but the octaves sometimes
differed) and in duration (mean values of normalized sound decay3 for each category
in Table 5). However, differences in pitch are not likely to explain the large ERPs differences between Metal sounds and the other 2 sound categories because the largest
pitch differences are found between Glass sounds (notes C6 and C7) and the other 2
sound categories (Wood: note C4 and Metal: notes C4 and C5). By contrast, [57] have
shown that increasing sound duration from 200 to 300 ms significantly increased N200
amplitude. Consequently, the N280 enhancement for Metal sounds can reflect a sound
duration effect because of the longer duration of Metal sounds. Finally, a long-lasting
NSW larger for Metal sounds than the other 2 sound categories developed over frontal
regions. Based on previous studies, NSW may reflect processes related to the maintenance of stimuli in working memory, expectancy since a row of XXXX followed sound
offset [58], attention [59] and also sound duration (as the “sustained potential” reported
by [60]).
To summarize, the analysis of the electrophysiological data revealed that spectral
complexity and sound duration seem to be relevant cues to explain the differentiation of
the ERPs to Metal sounds compared to the ERPs to Glass and Wood sounds. Note that
the occurrence of an N280 component is most likely driven by the categorization task
but the increased amplitude of this component to Metal sounds is most likely linked
to the longer duration of Metal compared to Wood and Glass sounds. The relevance
of sound descriptors investigated in Section 4.3 can be compared with results from
ERPs. In particular, we can support that descriptors reflecting the spectral content of
sounds (i.e., SB, SCG, SF and R) and sound duration (which is related to α) may be
relevant from a perceptual point of view. Note that the roughness R seems to be the
most relevant descriptor to account for electrophysiological data since it allowed the
distinction of Metal sounds from the other 2 categories. Moreover, from a perceptual
point of view, the roughness R most accurately describes the typical dissonance of Metal
sounds. By contrast, AT (characterizing sound onset) revealed as relevant descriptor
by acoustic analysis to discriminate Metal sounds from both Wood and Glass sounds
was not considered as a relevant descriptor from a perceptual point of view since no
differences on N100 components were found in the ERPs results.

6 Conclusion
The aim of the current experiment was to investigate the perception of sounds from different impacted materials. For that purpose, we collected behavioral and electrophysiological data from a categorization experiment and we conducted acoustic analysis
of typical sounds by investigating sound descriptors known to be relevant for timbre
3

In our case, the normalized sound decay is related to sound duration. We chose to investigate
sound decay instead of sound duration since the perceptual correlate of sound duration is not
well defined. Actually, its estimation still is an open issue for rapidly damped signals since the
perceived duration differs from the actual duration of the signals.
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and material perception. Synthesis allowed the generation of perfectly controlled stimuli and the construction of sound continua through a morphing process. From the behavioral data, we were able to define typical sounds for each material category. ERPs
results allowing the investigation of the brain dynamics processes supported the assumption that our perception of impact sounds from material categories is based on
the damping (characterized by normalized sound decay) together with spectral content
(characterized by spectral descriptors). Further, these relevant descriptors should allow
us to address the problem of identifying acoustic invariants of sound categories. Future
studies will aim at defining these invariants, assumed to be based on a combination of
the relevant descriptors.
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