Proceedings of the 13 International Conference on Auditory Display, Mogat, Canada, June 26 - 29, 2007

HIGH-RESOLUTION ANALYSIS AND RESYNTHESIS OF ENVIRONMENTAL IMPACT
SOUNDS

L.-M. Reissell Dinesh K. Pai

Computer Science, University of British Columbia and Rutgers University
Imre@cs.rutgers.edu pai@cs.ubc.ca

ABSTRACT inaccuracies in mode analysis from typically available data lengths,

even when no other noise is present. Using a lower-rank approx-
I

Impact sounds produced by everyday objects are an important SOUregaion (fewer modes) to correct conditioning problems leads to
of information about contact interactions in virtual environments

. - ) X . mode errors, which are insignificant for the short data, but can au-
and auditory displays. Impact signals also provide a rich class dibly distort longer resynthesis.

of real and synthetic percussive musical sounds. However, their
perceptually acceptable resynthesis and modification requires ac
curate estimation of mode parameters, which has proved difficult

The artificial “impact sound” in Fig. 1 illustrates some of these
‘problems. The short test signal can be modeled well by highly in-
correct modes chosen at random; these random modes also contain

using tra_dltlonal methods._ . non-decaying modes. However, the exponentially growing modes
In this paper we describe some of the problems posed by im- sound nonsensical in longer synthesis

pact phenomena when applying standard methods, and present a In this paper we discuss the accurate off-line estimation of im-

phase-const(aine_d high-resolution algor_ithm Which allows more pact signal modes when only short data windows are available for
iﬁcurz?]te estlmattlon ofdm(?des_trz?nd_angplltu(;jes flor |nt1pact S'gnalst'analysis. We consider the conditioning properties of impact sig-
€ phase-constrained algorithm IS based on least squares es Fals, and their implications for the choice of analysis method. We

n;atlo_?h, with 'Q't.'tal esélmatesb ot?tamed frt(;]m a moan‘LedthESPRIT_ observe that, for many impact signals, the mode-amplitude deter-
algorithm, and it produces better resynthesis results than previ-.. - ion broblem is nearly ill posed.

ously used methods. We give examples with everyday object im- To allow more accurate mode analysis of difficultimpact sounds
pact sounds. : : ;
from short data, we propose an improved high-resolution method.
[Keywords: sound, estimation, synthesis, contact, impact, condi- The method is based on well-known existing methods, least squares
tioning, ESPRIT, least squares] estimation and ESPRIT, modified for impact sounds, and it models
impact sounds better. Experimental results are presented in this pa-

er. They can be seen and heard at a supplemental web page [26].
1. INTRODUCTION P y pp page [26]

Impact sounds are ubiquitous and carry very useful information 2. RELATED WORK
that can be used for recognition of the structure and material prop-
erties of the environment, and of the nature of the impact [15, 22]. The general problem of estimating the spectral content of a noisy
They are critical in human perception of contact [10, 13, 17]. Im- signal has been extensively studied; see, for instance, [25] for a
pact sounds are also increasingly important in music [5], computer recent overview. The obvious method is to estimate the spectra
graphics [27, 18, 12], and multimodal user interfaces [4, 28]. In by picking the peaks of the discrete Fourier transform (DFT) of a
haptics, impact sounds can be used to complement the force feedwindowed signal, but the frequency resolution of such an approach
back of a haptic device [8, 9], and impact vibrations have been is limited. This problem has been addressed with the development
used to improve performance [14, 19, 16]. of so-calledhigh resolutionmethods, whose accuracy transcends
The impact signal produced by an object is characterized by athe DFT resolution limit, and which can be used on relatively short
discrete set of decaying vibration modes which depend on mate-data samples.
rial properties and boundary conditions. The signal can be mod- Several different classes of methods have been developed for
eled as the real or imaginary part of a sum of complex decaying high resolution estimation and related problems in signal process-
exponentials:’ = e+t or modes determined by complex  ing and system identification [25], [7].
polesz = e***, with complex amplitude coefficients. The prob- Common and effective methods for estimating signal parame-
lem of estimating exponential modes from noisy data is well stud- ters include ESPRIT, MUSIC, and Least Squares (LS) and its gen-
ied in signal processing and system identification, and a numbereralization, Maximum Likelihood (ML). In some settings these
of successful high resolution algorithms — algorithms which can can be formulated as similar optimization problems [7]. LS is
resolve frequencies beyond the discrete Fourier transform (DFT)an important instance of methods which attempt to directly mini-
resolution limit — have been developed for this and related tasks. mize the distance between a low rank shift-invariant subspace and
However, impact signals pose difficulties in the application of the observed signal. ESPRIT and MUSIC are instancesubf
these methods. Unlike the usual contexts in which these meth-space methodsvhich rely on the eigendecomposition of the data
ods have been applied, impact signals are brief and possess fastovariance matrix to determine an estimate for the signal space.
decaying modes. Another difficulty is closely spaced modes, which These latter methods do not require non-linear optimization to im-
are common due to near-symmetries in the vibrating objects. Theselement. Most approaches separate the problems of mode estima-
characteristics lead to serious conditioning problems and to largetion and amplitude estimation. (Amplitude estimation from known
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Figure 1:Randomly picked modes with a wide mode error can approximate test data well. Modes are depicted in a stem plot, frequency
on x-axis, modulation exponent (“decay”) on y-axis. Decaying modes point in the negative y-direction. (a) Original modes (black) and
randomly generated modes (green), some of which do not decay. (b) Signals synthesized from original modes (in black) and from random
modes (in color). Signal approximation from random modes is excellent for the test signal (samples to the left of the vertical line), but gives
nonsensical results in longer synthesis. Test data approximation error is 2.9e-007.

modes for non-decaying sinusoidal signals has been discussed ifior dense modes.

detail in [24].) We applied an earlier version of our algorithm to haptic force
All the above estimation methods are unbiased and have goodsignals in [21]. In the current paper, the algorithm has been ex-

asymptotic properties, especially in the presence of Gaussian noiséended to deal with difficult sound examples, using shorter signal

and when the modes do not decay too sharply. For recent resultssamples and more complicated spectra. We give more details of

on ESPRIT, the most statistically accurate of the subspace methodshe conditioning problems. Added examples and the new results

for the harmonic retrieval problem, see [1], [3]. section give insight into the behavior of the algorithms and into the
The methods present tradeoffs in estimation accuracy and com+easons for looking for improvements to existing methods.

putational complexity. ESPRIT methods are widely used due to

their relatively efficient closed-form solution and good asymptoti- 3. IMPACT SIGNAL MODELS

cal properties [25]. However, in the presence of nearby modes, ES-

PRIT is poorly conditioned and requires very long data samples for we model the measured impact signas the real or imaginary

accuracy, reducing the high-resolution benefits of the method. In part of a complex model signal together with additive noise:
addition, the computational complexity of ESPRIT increases as the

O(N?) required for the usual SVD calculation (although some im-

provements can be made). Accordingly, to reduce model and data y(t) = Rex(t)) +v or yt)=Im(z())+v, (1)
size, sound samples are often preprocessed for ESPRIT by filter- L . ) .
ing. Also, for musical samples, perceptually important higher fre- Where we assume that the noise is Gaussian with vartaﬁce )
quency modes can be enhanced at the expense of lower frequency 1"e model signat is the sum ofi” decaying exponential sig-
“noise.” However, impact sounds, which have denser spectra, canfals produced by the vibratianodesof the sound generating ob-

lose important timbre information in such preprocessing. Jects, « .
As opposed to ESPRIT, Least Squares (LS) estimation, the _ (aptiwy)t t
Gaussian noise form of Maximum Likelihood estimation (ML), z(t) = ;1 cr ¢ - ;1 ChZk- )

requires solving a nonlinear optimization problem. This is gener- . ) .

ally computationally expensive. The method requires good global Here.c. is the complex amphtide of mode consisting of both
search algorithms and initial estimates to converge correctly[25]. Magnitude and phase;, = e**™*“* is a complex pole of the z-
However, in the presence of closeby poles, the method is moretransform ofz, a is the decay parameter and the frequency.
accurate than ESPRIT. The applicability of the standard version 1"€ Poles are assumed distinct here. Note that the number of

of LS for impact sounds is reduced by conditioning problems and M°desK, themodel orderof the problem, is generally unknown
spurious minima. and must be estimated.

In previous work on estimating models of impact sounds [22, __ Thesignal subspaceonsists of the space spanned by fie
20], mode frequencies were first estimated from power spectra and™0desb (¢) = z;.. In discrete time, each mo(():le can b<2=,- wntter]t%[olr .
peak identification. The modes could be pruned based on percep Window ofAM samples, as the vectdr = (2", 21, 26”5 - 26 )
tual criteria [29]. The results provide a convincing method for Then, the signal subspace is the column space of the Vandermonde
modeling moving impact locations, but the perceptual accuracy of Matrx
the synthesized timbres can also be improved. [6] presents a fast
but approximative method, which fits a small number of modes to B = (b1 b2 ... bx). 3)
the signal near each chosen frequency peak. The method is de- Note thatB is a function of the poles; = (z1, ..., zx)7; we
signed to be approximative and it is not clear how it will perform will write B(z) when it is important to highlight this dependence.
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shift direction leads to two similar formulations f&f, where the
matrix Y has Toeplitz or Hankel structure. (For more details, in
the Hankel formulation, see e.g. [1].)

When highlighting the dependence Bfon column length\/, we
will use B
Similarly, we can define the sampled signdt) = (z(t) = (t+
1) ... z(t + M —1))T; y(t) is defined similarly. This notation
allows the signal model in Eq. 2 to be expressed compactly as
4. ESPRIT ESTIMATION OF SIGNAL MODES

4
wherec is the vector of complex mode amplitudes, . . ., cx)”.
Existing performance analyses for the line spectrum analysis

problem indicate that in the presence of Gaussian noise, two of

the most statistically accurate estimation methods are least square
and ESPRIT.

In nonlinear Least Squares (LS) estimation, which is equiva-
lent to Maximum Likelihood estimation (ML) for Gaussian noise,
the problem is to estimate the signal parametessadc so that the
error between the datg and its projection onto the signal space
B is minimized:

x = Bec,
Our mode estimation algorithm is an optimization procedure tai-
lored for impact signals. The initial modes for the optimization are
obtained from an algorithm which modifies the results from stan-
dard ESPRIT [23] to account for the properties of impact signals.
?Other methods for initial mode determination can be used, but ES-
PRIT has the advantage of being asymptotically accurate enough
so that the optimization step may not be necessary for longer data
samples and sparser spectra.)

Standard ESPRIT, which we describe briefly below, is an eas-
ily implemented algorithm based on the eigendecomposition of the
data covariance matrix, or equivalently, on the SVD of the Toeplitz
(5) or Hankel matrixY". The method uses the shift invariance of the

sighal subspace and does not require nonlinear optimization. For

This problem is separable into two optimization problems, one more details, see e.g. [25].
for modes and a linear one for the amplitudes. This is because, for  In ESPRIT, the eigenvectot$ of the covariance matriR are
any set of poleg the optimal choice in the least squares sense for separated into two subspaces, an estirSatéthe signal subspace
the coefficients: is found via the pseudoinverdg! of B: B, and the noise subspa®é. The signal subspace is determined

by the model order, or signal subspace rafk, If the noisev
c(z) = B(2)'y, (6) is gaussian, of varianag’, the covariance matrix of the observed
where Bf = (B*B)~!'B*, where * indicates the conjugate

signaly(¢) is the sum of the covariance matricesBt and the
transpose. This is an unbiased linear estimate with minimal vari-

noise covariance matrix>I. From this it follows that the eigen-
ance for Gaussian noise [24], and can be used with any methodValues OfR corresponding to the signal subspace of ranlare
which provides an estimate of the modes.

the K largest eigenvalues.
For LS, the mode estimation can be performed by substitut-

z,c=argmin | y — B(z)c |’ .

Finding the poles fron$ relies on the shift-invariance of the
ing ¢(z) into the minimization (Eqg. 5), resulting in an amplitude-
independent formulation of the problem:

argmin || (I - BB')y ||°=

arg mzax(y*BBTy). @)

The amplitude-dependent formulation minimizes the error be-
tween the observed signgl and its projection to spacB; the
amplitude-independent formulation, equivalently, maximizes the
alignment between the signal and its projection.

In mode estimation, an alternative to dealing with the sensi-
tive optimization of Eq. 7 is to use shift invariance of the under-
lying signal modes and the covariance matrix of the data, defined
asR = E{yy"}. The estimated covariance matrix is a square
matrix, whose dimension is denoted hereMyx M. The eigen-
structure ofR contains all the information needed to estimate
specifically, the eigenvectors corresponding to ftiedominant
eigenvalues ofR span the signal subspace Bf. ESPRIT, for
example, provides a method for estimatinghis way. We sketch
the main steps of the algorithm below.

Using the eigendecomposition of the covariance matrix is equiv:
alent to using the singular value decomposition (SVD) of the ma-
trix Y, formed from successive windowed observatignf the
datay, y, = (y(t)y(t + 1)...)T. Yconsists of successive
shifted data windows, starting at a given time

Y= (yt Yigr - yt+W—1)' (8)

With y window length M, the covariance matrixR can be
estimated as th&/ x M matrix% Y'Y *. The choice of window
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exponential mode. Shift-invariance of the signal spatés ex-
pressed as

BYEP = B*P diag(2), (9)

where BFEP and BLEP are B with the first and last row
deleted, respectively. Since the corresponding eigenvestaiso
span the signal subspaé&® S is also shift-invariant, and we have
S = GBG™! for a basis-change matri&. This basis change
takes the polediag(z) of the original spaceB to a matrix® =
Gdiag(z)G~* with the poles as eigenvalues, and the shift-invariance
of Eq.9 can be expressed as:

SFRD _ SLRD(I) (10)

The poleszi, k = 1,. .., K are the eigenvalues of the matrix
®, found as a least squares or total least squares solution.[25]

The complex amplitudesare determined from the dateand
the estimated signal subspace mafBxusing the separability cri-
terion of Eq. 6.

For accurate estimation, model ordérmust be chosen to be
equal to (or larger than) the actual dimension of the signal space;
with a lower model order, the estimation results are approxima-
tions. There are several methods for determining model order [25],
[2].

The computational complexity of the ESPRIT algorithm is
bounded by the cost of the eigenvalue computation foithg M
covariance matrix, or equivalently, the SVD computation¥oof
Eq. 8,0(M?) in standard forms. Computationally it is frequently
better to obtain eigenvectors of the covariance maRidirectly
from the SVD of the matrixy”.
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5. CONDITIONING PROBLEMS IN IMPACT SIGNAL
ESTIMATION

Impact signals pose difficulties in the application of standard spec-
trum analysis methods like ESPRIT and ML/LS. Impact signals

are characterized by spectra that are dense or, due to near symme-
tries in the objects, locally dense, and with modes that decay fast or

at widely different rates. These characteristics cause conditioning
problems which make accurate mode determination very difficult
in the presence of noise or truncation errors.

We summarize some of the algorithmic problems in impact
sound mode estimation below.

e Basis matrix conditioning: for many observed impact sig-
nals, the mode-amplitude determination problem of Eq. 4 is
nearly ill posed.

The conditioning of the Vandermonde basis matBxof

Eq. 3 becomes worse when the poles approach each other,

when the modes decay more sharply, and when column
length (sample length) decreases. When estimating impact
signals from short samples, all of these factors apply. The
original signal can then be approximated within a small er-
ror also from nearby, incorrect mode spaces.

One solution is to reduce the number of modes used in the
approximation. But, although the original short samples

can then be adequately represented by such low rank ap-

proximations, or from incorrect modes in general, the in-
duced mode errors may distort new synthesized examples.
This happens for example when generating longer sounds
(Fig. 1) or when different subsets of the signal modes are
activated during impact, or when the sound is modified in
applications such as pitch-shifting.

So mode errors can be perceptually relevant, even if the test
data error norm is small.

Covariance matrix conditioning

The conditioning of the covariance mati#kand the condi-
tioning of the matrixY” of Eq. 8 depend on the conditioning
of B and the complex amplitudes of the signal. This can be
seen from the following relationship between the matrices
B andY . In this discussion, we assume thatis formed
from the complex noiseless signal.

If we assume thaY” is formed fromi/ -many data windows
of length M, taken from time index onwards, where is
indexedag = 0,1, 2,..., we can write

Y = Budiag(z")diag(c)Bly, (11)

wherec are the complex amplitudes of the signal, d\g,

By are Vandermonde basis matrices with column lengths
M, W (see Sec. 3).

From this formulation it can be seen that the maximum rank
of Y is the maximum ranlfs of B, and that (a sufficiently
large)Y has full rank exactly when the polesare distinct
and the amplitudes are non-zero. The same result is seen
to hold for R by writing out the covariance matrix expres-
sion for R in terms ofY. (See also [11, 1].)

ESPRIT conditioning

Given a fixed data sample length, ESPRIT will be inaccu-
rate when the covariance matrR is poorly conditioned;
that is, when the mode basis is poorly conditioned or the
mode amplitudes are small.

ICAD

In this case, small errors due to data truncation or noise
can make the determination of the eigenvectiand of

the signal subspace, estimated as the span of a subset of
U, widely inaccurate. Algorithms for determining model
order using the covariance matrix eigendecomposition ([1])
can also miss.

In poorly conditioned ESPRIT a portion of the signal sub-
space determined by ESPRIT is noise.

An example is given in Figs. 2, 3. In Fig. 2(b) the “non-
sense” modes correspond to noisy eigenvectats.ifrig. 3(b)
shows the consequence of poor ESPRIT conditioning on
signal approximation: the test signal has a good low-rank
approximation from the decaying ESPRIT modes, but de-
cay and pitch errors are visible and audible in longer resyn-
thesis.

Optimization

For the same reasons as above, closeby modes and sharp
decays yield “too many near solutions” to the general op-
timization problem. As the Vandermonde matrix becomes
more rank-deficient, these near-solutions become more ac-
curate, and, similarly, spurious local error minima approach
zero. It is very difficult to get convergence to the correct
modes in optimization algorithms unless the problem is reg-
ularized further.

The difficult conditioning properties of impact signals have
some implications in the choice of analysis method when accurate
mode modeling is important:

e For impact signals, perceptually acceptable mode accuracy
is not guaranteed by a small 2-norm error for the test signal.

For dense spectra and sharp decays, cross-validation or fur-
ther optimization, possibly from multiple initial values, is
needed to ensure that a mode value near the global opti-
mum has been found.

One strategy is to use a large number of modes with fur-
ther constraints to regularize the optimization problem and
to reduce the number of spurious minima. We use a phase-
constraining strategy below. Another strategy is low-rank
approximation. Low-rank mode approximations can be very
useful when the decays for dense modes are so sharp that
the low-rank estimation is accurate even with larger sample
lengths. However, ensuring the perceptual correctness of
a low-rank approximation usually requires cross-validation
or careful psychoacoustic analysis.

6. PHASE-CONSTRAINED MODE ESTIMATION FOR
IMPACT SIGNALS

We address the difficulties described above by using phase con-
straints.

We constrain the LS/ML algorithm with a physically based
constraint and require that the phases of the modes equal zero or
m. This effectively aligns the signals with the time of impact, and
restricts the amplitude to real numbers. This exploits an impor-
tant piece of prior information available about impact signals not
present in many other types of signals, and reduces the number of
local minima of the target function.

Due to the reduced number of local minima, phase-constrained
optimization is not as sensitive to initial value placement as opti-
mization allowing arbitrary phase, but the LS algorithm still re-
quires relatively good initial values to converge correctly.
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Figure 2:Problems with DFT peak finding and ESPRIT. (a) FFT magnitude of test sound (only 2 maxima visible for 15 modes, shown in a
frequency-decay stem plot). (b) The results of the unmodified ESPRIT method. Only the “nonsense” modes unrelated to signal content are
visible - the signal modes and the 5 decaying ESPRIT modes occupy the small black box in the image.

We use ESPRIT to produce the initial values, modified to al- 3. Form a subset of the modes of length K’, by discard-

low its use for impact signals despite poor conditioning. (For gen-
eral signals, this modification is not possible.) The essential step is
the obvious one of removing non-decaying modes from the results
of the ESPRIT algorithm. In addition, we assure that the condi-
tioning of the resulting Vandermonde matrR is better than a
given tolerance both by removing modes and by normalization.
Since with impact signals ESPRIT usually reduces problem
rank and can miss significant modes, we supplement the initial
mode estimates from ESPRIT by frequencies from DFT peak find-
ing. (One should note that the best low-rank approximations usu-

ally do not satisfy the same physical constraints as the signal modes:

for example, the ESPRIT rank-deficient approximation modes do
not generally have zero phase, even if the original modes do.) The
advantage of using ESPRIT is its asymptotic accuracy for most
data.

Finally, we refine the modes by solving the nonlinear opti-
mization problem of Eq. 5, with the phase constraint.

Modified ESPRIT alone can be sufficient for impact signal
modeling, especially if a large sample is available for the estima-
tion. But for difficult, fast-decaying impact signals with closeby
modes, this phase-constrained LS optimization with modified ES-
PRIT initial values produces better resynthesis results than previ-
ously used methods.

ing all nondecaying modes; renumber the modgsc =
1,..., K"

. Determine the estimated Vandermonde maRifor the re-

maining modes.

. Determine the amplitudes and phases from the complex am-

plitudese, the datay, and the estimated signal subspace
matrix B using the optimization separability criterioa:=
Bfty.

. Retain only thekX” = K'’/2 complex conjugate poles,

with positive imaginary part, and their coefficients Renum-
berthe modes ag,,k = 1,...,K".

. Givency, and the polesy, k = 1...K", the estimated signal

model is then

K"

z(t) = Z ape?tt elantivn)t (12)
k=1

where the decays and frequencigswy, are obtained from
the poleszi, and the amplitudes and phases from the com-
plex coefficients:y,.

B. Add missed DFT peaks

If DFT peak frequencies are missed to a given tolerance by
step A, add modes corresponding to these peak frequencies.
(There are several methods for approximating the correspond-

6.1. A summary of the algorithm:

For phase-constrained optimization, the signal is modeled as the
imaginary part of the complex signal.

A. Initial Mode Determination from Modified ESPRIT

1. Determine a model ordé¥f, and the covariance matrix size,
M.

Since the signal is real, and the model is complex, the algo-
rithm will use K = 2K™, whereK™ is the number of real
exponentials expected in the data. Wellét= (N +1)/3.

2. Determine the estimates for the polesk = 1,..., K as
in standard ESPRIT.

ing mode decays, but for initial modes, using an average mode
decay has been sufficient.)

C. Zero phases and determine initial real amplitudes

Zero all phases, and use the real form of the separability con-

dition Eqg. 6 to determine the best (real) amplitudes for the initial
modes.

D. Phase Constrained Least Squares

Using modes obtained in the previous step as initial values,

ICAD-193
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Figure 3: Modified ESPRIT. (a) Original modes (black) and the 5 modified ESPRIT modes (red). (b) In the modified ESPRIT algorithm,
pruned modes are used to produce a good fit to the test signal (to the left of vertical line). Mode errors become apparent with a longer
synthesis; here ESPRIT (red) diverges from the correct signal (black). Pitch and decay errors are clearly heard in longer synthesis. Our
optimization algorithm addresses this problem.

constraint. For single impact sounds, the phase constraintis imple-7.2. Real impact sound
mented simply by allowing the amplitudes in the signal model ) . .
Eq. 2 to take any real values, which constrains the phase variable@Ur algorithm performs well even in the more difficult case of a

to zero orr.

We used the Matlab functidsgnonlin

To allow for better performance and to reduce the number of
variables in optimization, it is in many cases possible to carry out
the bulk of the optimization in band-limited steps, finetuning the
results in a final global step. (Straightforward band-limited opti-
mization will obviously be the more accurate the better the modes
separate into mutually nearly orthogonal signal subspaces.)

7. RESULTS

real impact sound. Since itis difficult to convey the accuracy of re-
sults of sound synthesis with figures, we have collected the sounds
and other figures that could not be included due to space limitation
on the website.

We recorded sounds from everyday objects by tapping them in
different locations. The objects include wine glasses, a four-sided
plastic office trashcan tapped with a flick of a finger, and a plastic
water bottle struck with a wooden striker.

The recording was performed in an acoustic isolation chamber
(built by Eckel Noise Control Technologies, Cambridge, MA), us-
ing a 1/2 inch condenser microphone type 41891 and Kjeer,
Denmark). The signal was digitized at 44.1 KHz, 16 bit resolution,
using an NI DAQCard-6036 (National Instruments, Austin, TX)

For the examples below, the sounds and additional data are alsand Matlab’s Data Acquisition Toolbox (The MathWorks, Natick,

available at a supplemental webpage [26].

7.1. Artificial impact sounds

We illustrate ESPRIT conditioning problems with an example of
an artificial “impact” sound consisting of 15 modes between 765
and 872 Hz in frequency. The modes form two groups which
are visible from the DFT, Fig.2(a), but the modes are sufficiently
closely spaced so that individual modes cannot be picked out.

To illustrate the effects of conditioning with truncated data, we
do not add noise. The data length heréVis= 1024 for clearer
illustration, but the behavior of ESPRIT is analogous for longer
data lengths. The covariance matrix sizédds= (N + 1)/3 (for
reasons for the choice, see [1]).

MA). Microphone placement varies for the different objects, for
example, for the bottle example, it was held approximately 50cm
from the middle of the bottle. The data lengths used for estimation
are standard, varying from 37 ms to 68 ms. The sound was not
preprocessed for the algorithms.

7.2.1. Wine glasses, a bottle, and a trashcan

We resynthesize sounds from tapping on a plastic trashcan, wine-
glasses, and a plastic bottle. The different modal content of the
sounds is reflected in the difficulty of analysis.

For the wineglass sounds, which have sparse spectra, Fig. 4(a),
modified ESPRIT alone produces very good results. The ESPRIT
resultis perceptually difficult to distinguish from the original (both
on paper and in sound). For the other sounds, phase-constrained

For this test signal, ESPRIT will be inaccurate for all parame- optimization produces audibly the best results. For the bottle sound,
ter choices, because the eigenproblem of the covariance matrix isvhere we have used a long data sample for analysis, the modified
poorly conditioned and sampled matrices have truncation errors.ESPRIT version is perceptually quite similar to the original, but
ESPRIT misses decaying modes. In Fig.2 and Fig.3, 10 of the mode inaccuracies are still heard in longer resynthesis.

15 original modes estimated by ESPRIT are “nonsense” modes,  The trashcan example has the densest mode spectrum, Fig. 4(b),
or non-decaying modes clearly outside the frequency range. Hereand phase-constrained optimization is clearly better than ESPRIT
modified ESPRIT provides a low-rank approximation to the data, here. The resynthesis results are depicted in Fig. 4(c). The esti-
Fig.3(a, b). However, mode errors distort longer synthesis, Fig.3(b)mated modes were used to resynthesize longer data. In this cross-
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validation, the phase-constrained optimization result is perceptu- [5] P. Cook. Real Sound Synthesis for Interactive Applications

ally difficult to distinguish from the original. Phase-constrained A.K. Peters, 2002.
optimization converges even when initial values are determined [6] R. Corbett, K. van den Doel, J. E. Lloyd,
from ESPRIT with a relatively arbitrarily chosen model order. and W. Heidrich. Timbrefieldss — 3d in-

teractive  sound models for real-time audio.

http://www.cs.ubc.catkvdoel/publications/preprint2.pdf,
7.3. Synthetic Sound Modification Example 2086. P prep P

Accurate mode analysis can be used also as a starting point for [7] A.-J. V. der Veen, E F. Deprett_ere, _and A L. Swindlehurst.
Subspace based signal analysis using singular value decom-

compression, or to synthesize artificial but realistic impact sounds = .

which modify the mode structure of existing sounds. The modi- 8] Bo%tilgir;ibzg)%nﬂ :DEEKE %g,g)%ﬁgz}lle’%?] gﬁgitgrgggrhg%?%
fications can include, for example, pruning modes selectively or interface for contact interactions. WIST'00 (13th Annual
changing the behavior of the modes of one sound to mimic speci- ACM Symposium on User Interface Software and Technol-

fied features of another. ogy), November 2000
As a simple example, we compress sound representation by [9] D.E. DiFranco, G. L. Beauregard, and M. A. Srinivasan.

starting with the full set of estimated modes and removing all The effect of auditory cues on the haptic perception of stiff-
modes with decays faster than a preset decay limit. Removing ness in virtual environments. Bixth Annual Symposium on

sharply decaying modes also softens the attack. For sounds like  Haptic Interfaces for Virtual Environments and Teleoperator

the wineglass sound, the results are perceptually close to the orig- Systemspages DSC-\Vol. 61, pp. 17-22. ASME, 1997.

inal with only a few modes retained (12 out of 83). By chang- [10] W. W. Gaver. What in the world do we hear?: An ecological

ing the decays of the slowest-decaying modes only, we can also approach to auditory event perceptidacological Psychol-

change the decay properties of the sound without affecting attack ogy, 5(1):1-29, 1993.

quality. The modified sounds, which are realistic, can be heard on[11] Y. Hua and T. Sarkar. Matrix pencil methods for esti-

the website. mating parameters of exponentially damped/undamped sinu-
soids in noise.IEEE Trans. Acoust. Speech Signal Process-
ing, 38(5):814-824, May 1990.

8. CONCLUSIONS [12] D.L.James, J. Barbic, and D. K. Pai. Precomputed acoustic
transfer: output-sensitive, accurate sound generation for geo-
Accurate estimation of the parameters of impact sounds is very dif- metrically complex vibration source&CM Transactions on
ficult due to the poor conditioning of the problem, and traditional Graphics 25(3):987-995, July 2006.
approaches have not produced perceptually accurate resynthesid 3] R. L. Klatzky, D. K. Pai, and E. P. Krotkov. Hearing material:
results from short samples. We have outlined these conditioning Perception of material from contact soundBRESENCE:
problems, and described a high resolution method based on ES- Teleoperators and Virtual Environmen&(4):399-410, Au-

PRIT and least squares estimation, with phase constraints. The gust 2000.

method gives excellent resynthesis results even with difficult im- [14] D. A. Kontarinis and R. D. Howe. Tactile display of high-

pact signals and short samples. Example sounds are available at ~ frequency information in teleoperation and virtual environ-

[26]. ments.Presence4(4):387-402, 1995. . )
[15] E. Krotkov and R. Klatzky. Robotic perception of material:

Experiments with shape-invariant acoustic measures of ma-
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Figure 4:(a) Tapping on a wineglass, data length N = 3000. FFT of original (black) and modified ESPRIT (red) shown superimposed,
original on top, modified ESPRIT (red) modes on bottom. The zoom shows the two FFTs to be close to identical. Estimated modes are
plotted in stem plot (red) at frequency locations, with decay given by the length of the stem. (b) Tapping on a plastic trashcan, data length
N =1630. FFT of original signal, with a stem plot of the optimized modes (black). Modes are densely spaced also beyond the zoomed view.
(c) Tapping on a plastic trashcan, data length N = 1630, zoom. Original data (black), phase-constrained optimization (blue), modified
ESPRIT (red). Longer data has been resynthesized from estimated modes and compared in cross-validation with unused portions of the
original sound. Test data is to the left of the vertical line. The modified ESPRIT algorithm produces slightly incorrect pitch and decay;
phase-constrained optimization is nearly identical to the original. (The optimization procedure has been stopped before full convergence
and the ESPRIT model order in the data in Fig. 4 has been chosen relatively arbitrarily; the results are representative but not optimal.)
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