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ABSTRACT

There has been much recent progress in the technical infrastructure
necessary to continuously characterize and archive all sounds that
occur within a given space or human life. Efficient and intuitive
access, however, remains a considerable challenge. In other do-
mains, i.e., melody retrieval, query-by-example (QBE) has found
considerable success in accessing music that matches a specific
query. We propose an extension of the QBE paradigm to the broad
class of natural and environmental sounds. These sounds occur
frequently in continuous recordings, and are often difficult for hu-
mans to imitate. We utilize a probabilistic QBE scheme that is
flexible in the presence of time, level, and scale distortions along
with a clustering approach to efficiently organize and retrieve the
archived audio. Experiments on a test database demonstrate ac-
curate retrieval of archived sounds, whose relevance to example
queries is determined by human users.

1. INTRODUCTION

Recent improvements in high-capacity, high-bandwidth storage and
computational auditory scene analysis are making it possible to
archive all sounds which occur within a given space or human
life [1, 2, 3]. Domains such as surveillance, architectural design
and acoustic ecology have long been concerned with characteriz-
ing sound activity in fixed spaces [3, 4, 5], and now the emerging
field of CARPE (Continuous Archival and Retrieval of Personal
Experience), rooted in the ideas of Vannevar Bush [6], is finding
application to domains ranging from healthcare to personal com-
munication and even education [2, 7, 8]. All such applications
can be augmented considerably via comprehensive characteriza-
tion and archival of the auditory scene. Such archival is preferable
to the selective archival traditionally found in these domains for es-
sentially two reasons. First, it minimizes the effect of human pre-
conceptions on what is archived; i.e., the structure of the space or
activity itself determines what events are important. Second, con-
tinuous/comprehensive archival allows the entire context in which
an audio event occurs to be retrieved along with that event. The
user can thereby gain an awareness of how related events and their
surrounding contexts become linked” through a particular query.
Though the advantages of continuous/comprehensive archival
are multifold, significant challenges remain in terms of access,
which must be fast, intuitive, and supportive of contextual retrieval.
To this end, query by example (QBE) is widely applied to the nav-
igation of large music databases with melody content in the form

*This material is based upon work supported by the National Science
Foundation under Grant No. 0504647.
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of query by humming (QBH) systems. Melody forms a conve-
nient, perceptual common ground between the archived informa-
tion and the information generated by the user to form queries. For
more general audio archives, this common ground is much less
clear. There is the trivial case of seeking “exact matches” from
an archive; recent audio fingerprinting techniques have achieved
much success [9]. However, most users may have only a vague
idea of what they seek, especially at the outset. We must aim for
flexible, distortion-aware QBE in the broader context of action-
based retrieval, where users can upload “typical” examples, or
choose to mimic sounds orally or by manipulating nearby objects
(striking them, scratching them, and so forth).

To this end, we have developed a flexible, distortion-aware
mechanism for the action-based retrieval of environmental and nat-
ural sounds. Queries are currently unimodal (sound-based); how-
ever, our framework is extensible to multi-modal cues including
gesture. Our system is inspired by the extensive work in QBH
(cf. [10]); however, the the high-level melodic representation is
replaced by a low-level feature trajectory representation consisting
of features which are especially well adapted to distinguishing en-
vironmental and natural sounds. These features have been applied
to the problem of environmental sound segmentation by some of
the present authors [1]; we summarize them briefly in Section 2.

Before fully detailing our approach, we describe a ”core method”
as follows. Each sound in the archive is indexed with two dy-
namic Bayesian networks (DBN) built from its associated feature
trajectory representation. The first DBN is a hidden Markov model
(HMM) which encodes the joint distribution over all sounds the
user would expect to recognize as “perceptually similar” to the
given sound. This HMM models approximate feature trends (does
each stay constant, go up, down, or vary in more complex ways?)
and allows arbitrary distortions of the time axis, similarly to dy-
namic time warping models [11]. The second DBN augments the
HMM in the form of a switching state-space model (SSM) which
models additional uncertainties in query production mechanisms,
in the form of affine distortions of feature trajectories. Both DBN’s
are discussed in Section 3. Once presented with a query, our sys-
tem extracts feature trajectories from that query, and retrieves the
M sounds with the highest likelihoods as their corresponding net-
work is evaluated using the query features as observations.! An
unfortunate aspect is the O(N) complexity of retrieval where N
is the number of database sounds. Instead, we have developed

Tn our actual database, sounds are indexed with start/stop time and
other information such as GPS location and various levels of user anno-
tation. This information enables us to retrieve not only the sounds, but
as much of the surrounding context as desired, for instance, minutes-long
sound clips from the same environment which contains the given sound.
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an efficient cluster-based indexing (Section 3.4) which reduces the
average complexity to O(log V) in practice. Despite the approx-
imation inherent in this scheme, results (Section 4) show that our
overall method works quite well.

Because retrieval goals are dependent on human action we
must take into account the perception of the end-user when eval-
uating our system. The results of Section 4 are based upon a
user study where 102 archived sounds are labeled as relevent/non-
relevant with respect to example queries exhibiting realistic dis-
tortions. The outcomes of these user tests are then averaged and
used to quantitatively evaluate our QBE system in terms of the
well-known precision and recall metrics.

2. FEATURE EXTRACTION

The audio features used to characterize the dynamic trajectories of
both the queried and archived sound files were chosen to represent
a large variety of sounds without specifically assuming particular
categories, e.g., speech or music. Due to the diversity of sounds
under consideration, we have found it necessary to calculate fea-
tures at time scales from 40ms (short-term) to one second (long-
term). In our study we use five short-term features: RMS level,
Bark-weighted spectral centroid, spectral sparsity (the ratio of L™
and L' norms calculated over the short-time Fourier Transform
(STFT) magnitude spectrum), transient index (the L? norm of the
difference of Mel frequency cepstral coefficients (MFCC’s) be-
tween consecutive frames), and harmonicity (a probabilistic mea-
sure of whether or not the STFT spectrum for a given frame ex-
hibits a harmonic frequency structure). The long-term feature fem-
poral sparsity (the ratio of L> and L' norms calculated over all
short-term RMS levels computed in a one second interval), rounds
out our feature set. A detailed description of all features can be
found in [1].

Short-term features are computed either directly from the win-
dowed time series data or via STFT using overlapping 40ms Ham-
ming windows hopped every 20ms. Long-term features are com-
puted using a sliding window to combine the data from 49 of the
40ms windows. Using 98% overlap for the sliding window, (i.e.,
slide in 20ms steps), both long and short-term features remain syn-
chronous. Once the features for a given sound file are computed,
each trajectory is then pre-filtered using a fourth order Savitsky-
Golay smoother, which returns not only the filtered trajectory, but
also an estimate of its derivative.

3. LIKELIHOOD-BASED RETRIEVAL

Letting ¢ € 1:7 be the time index of the audio frame, for a record-
ing of length 7', and ¢ € 1: P be the feature index (P = 6 in our
experiments), we define Y, = [z{" &("]T

ture vector at time ¢. Here, ac,(f) denotes the inherent feature value

and r'gi) its derivative. We assume that all features are statistically
independent, i.e,

, as the observed fea-

P
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where Y1<:1T:P> are the observed features from the sound query, n
is the index of the archived sound n € 1: NV in a database of N
sounds, and A4 is a DBN estimated from the ith feature trajectory
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Figure 1: Markov transition diagrams for Mt(i) under the three
possible polynomial fits of the feature trajectories.

of archived sound n. Details on the estimation of /\,(f ) and com-
putation of (1) using either a HMM or the novel distortion-aware
DBN will be described next.

3.1. Probabilistic Model Construction

The smoothed feature trajectories are used to automatically cre-
ate a DBN for every archived sound file by fitting constant, linear,
and parabolic least squares (LS) polynomials to each observation
trajectory, Yl(fT). The Akaike information criterion is used to deter-
mine the optimal polynomial order for a given observation trajec-
tory. The optimal fit is denoted by S,gi) = [zt(i), z,E”]T, where z,@
is the value of the fit at time ¢, and Ztu) is the derivative of the fit
at time t. Next, we define the discrete hidden mode Mt(’) whose
Markov transition diagrams for constant, linear, and quadratic fits,
are shown in Figures 1(a), (b), and (c), respectively. The pos-
sible values of Mt(” are equally-spaced sample points from the
polynomial fit of the observation trajectory, e.g., Figure 2, for
a quadratic fit of a harmonicity trajectory, with the dots repre-
senting the values of Mt(z). The mode transition probabilities,

P(Mt(jr>1 = G‘Mt(i) = b) = Pba, a,b € 1:5 (Figure 1) are

assumed to originate from a Poisson process, where the expected
time a sound remains at any one value of Mt(“ is l/d((f), and dS
is the frame difference between two consecutive values of Mt(i)
(e.g., Figure 2). Clearly, since Mt(i) is discrete we can use a
HMM framework to compute (1), where the emission probability
distribution is P(Y,\ ) |M{") = N (u(M{?), D) with u(M)
being one of the possible values for Mt(i), while covariance ma-
trix £ is estimated from the residuals of the observation tra-
jectory, Yl(:iT), and the optimal LS polynomial fit SY)T The prior
P(M 1(i> = 1) = 1 is chosen so that likelihoods are always com-
puted assuming the observation starts at the beginning of its trajec-
tory.

3.2. Distortion-Aware Extension

Human imperfections when trying to mimic natural sounds, as
well as differences in recording conditions can cause distortions
in feature trajectories. To model affine distortions in the query
feature trajectories, we define the continuous-valued state vector

Vt(i> = [a,gi)7 Bti>]T, where agi) models level distortion in the
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Figure 2: Example of LS quadratic fit (solid line) and correspond-
ing discrete mode values to harmonicity trajectory (dotted line).

query, and Bt(“ models scale distortion. The HMM can be made
distortion-aware by modifying the distribution of the observation,
ie.

POV, M)
@, @ alt) — g0 2 (1252(5)
=N By N(Mt )+ ¢ Ot 7[ﬁt ] %

where z< ") is the mean calculated over ¢ of the polynomial fit z@T
In order to compute the likelihood in the distortion aware model,
we no longer have a HMM, but rather a switching state space
model (SSM), and must use a multiple model approach for likeli-
hood estimation [12]. In this approach a bank of dynamic models,

(@3]

each matched to a specific value of discrete mode th are com-
bined in order to infer the values of the hidden variable sequences
V) and M{").. For a given value of M," the dynamic system
governing the distortion-aware model is described by

v =v 3)

() _

QO él)zél)

Y = B0 u(M?) + +80n @

where ngi) ~ N(0, E(i)) is a Gaussian noise source.

3.3. Likelihood Computation

A fundamental problem in SSM’s is that if Mt(Z> can take R pos-
sible values, then P(V;”|Y,\))) is a mixture of R* Gaussians, one
for each possible sequence of Ml(’t) . In order to overcome this
computational intractability we employ the Generalized Pseudo
Bayesian approximation of order 2 (GPB2) [12] where the Kalman
time and measurement updates have been replaced by the appropri-
ate unscented modifications [13], due to the inherent nonlinearity
of the continuous-state dependence in (4).

Given a DBN model for feature ¢, each term in the product of
likelihoods in (1) can be factored as

T
Py ) =] P Ivid) ®)
t=1
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and details on the computation of (6) are provided in [12].

3.4. Clustering for Efficient Retrieval

The observed feature values th are not used to cluster perceptu-
ally related sounds, instead we attempt to find a new discriminative
space using the log-likelihood values obtained by evaluating the
HMM of each sound using the feature trajectories from all other
archived sounds following [14]. We use the HMM instead of the
distortion-aware DBN for clustering, because we are interested in
computing perceptual similarities between sounds, without taking
into account specific distortions due to the human reproduction
of those sounds. The clustering procedure first obtains the log-
=log P(Y,5) (n) |)\1(31:P)) by running ob-
servation trajectory Yl(tszp)(n) , for sound 7 through all HMMs

/\21:13), £ € 1:N. We then form the N x N similarity matrix
U whose entries are ¥ne = (Lne + Len)/2. Clustering is then
performed on the rows of .

We adopt a recursive K-means algorithm to automatically form
hierarchical clusters that facilitate efficient search of large databases.
The recursive K-means algorithm initially divides the entire data
set into k clusters using the standard K-means algorithm, and then
further sub-divides these clusters until the number of elements in
any given cluster is less than a pre-defined threshold. Once recur-
sive K-means is complete, a HMM is constructed as described in
Section 3.1 for each cluster using the observation trajectories of
all sounds belonging to that cluster. Prior to HMM estimation all
archived sounds are resampled, so every sound in a given cluster
contains an equal number of observations. The sub-cluster whose
HMM exhibits the largest likelihood for a given query has the like-
lihood of all of its sounds calculated using the distortion-aware
procedure described in Section 3.2, and ranks those sounds in or-
der of greatest likelihood. Due to the clustering the overall search
complexity becomes O(log N).

likelihood values L.,¢

4. PRELIMINARY RESULTS

We have applied the likelihood based retrieval algorithm discussed
in the previous sections to an audio database of 102 natural and
environmental sounds recorded using different microphones and in
various environments. All files were captured at 16bits/44.1kHz,
uncompressed. The 102 archived sounds were organized into three
clusters containing 17, 21, and 64 sound files, using the algorithm
described in Section 3.4.

We chose five example queries and had four users rank all 102
sounds in the database as relevant/non-relevant for each example
query. The five example queries were: a whistle, a human imi-
tation of a dog howl, air conditioner buzz recorded outside on a
windy day, rhythmic footsteps, and a child speaking. During the
user study we instructed participants to listen to each of the 102
archived sounds, and record whether or not in their opinion, each
archived sound could be considered relevant to one or more of the
five example queries.
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Figure 3: Recall curve averaged over five example queries and four
user relevancy rankings, both with and without clustering.
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Figure 4: Precision curve averaged over five example queries and
four user relevancy rankings, both with and without clustering.

We then evaluated the performance of our system using pre-
cision and recall criteria.” Figure 3 displays the average recall of
our QBE system, as a function of the number of retrieved sounds,
both with clustering (only the M sounds belonging to the chosen
cluster are ranked, with the remaining sounds returned in random
order) and without clustering (all archived sounds are returned and
ranked). By examining specific points on the recall curve of Fig-
ure 3 we see that approximately 50% of the relevant sounds were
retrieved among the top 10, and 70% of the relevant sounds were
retrieved in the top 20. Similar to Figure 3, Figure 4 displays the
average precision as a function of the number of retrieved sounds.
Examining points on the curve of Figure 4 we see that approxi-
mately 80% of the sounds ranked in the top five and 60% of those
ranked in the top 20 were considered relevant.

As a final comment on Figures 3 and 4 we see that both recall
and precision were improved by use of the clustering algorithm
as candidate sounds that were not perceptually relevant, but might
contain feature trajectories similar to the query, are removed from
consideration by the clustering procedure.

5. CONCLUSIONS AND FUTURE WORK

For large databases of natural and environmental sounds flexible
QBE architectures that are not tailored to speech or music sounds
are necessary to provide satisfying results to human users. We
show in this paper the utility of a distortion-aware QBE system

2Recall is defined as the number of relevant sounds returned divided by
the total number of relevant sounds in the database. Precision is the number
of relevant sounds returned divided by the number of returned sounds. See
[15] for further discussions.
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that accounts for the imperfections of queries composed of hu-
man actions, and provides a framework for efficient, low-latency
retrieval even as the number of sounds in the database grows ex-
ceedingly large. The extension of our proposed scheme to multi-
modal (sound and gesture) queries, exploration of different index-
ing schemes, incorporation of temporal expectancy models [16],
and the investigation of feature mapping between the human voice
and sounds that it cannot accurately imitate [17] are all possibil-
ities to improve the experience of the end user for action-based
retrieval in the future.
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