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Characterization of Multiple Transient Acoustical
Sources From Time-Transform Representations
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Abstract—This paper introduces a new framework for detecting,
classifying, and estimating the signatures of multiple transient
acoustical sources from a time-transform representation (TTR) of
an audio waveform. A TTR is a vector observation sequence con-
taining the coefficients of consecutive windows of data with respect
to known sampled basis waveforms. A set of likelihood ratio tests
is hierarchically applied to each time slice of a TTR to detect and
classify signals in the presence of interference. Since the signatures
of each acoustical event typically span several adjacent dependent
observations, a Kalman filter is used to generate the parameters
necessary for computing the likelihood values. The experimental
results of applying the proposed method to a problem of detecting
and classifying man-made and natural transient acoustical events
in national park soundscape recordings attest to its effectiveness
at performing the aforementioned tasks.

Index Terms—Kalman filtering, multivariate analysis, sequence
estimation, signal classification, transient signal detection.

I. INTRODUCTION

T HIS paper considers the detection and classification of
highly variable transient acoustical events that contribute

to the soundscapes of national parks. Acoustical monitoring
ultimately advances the overreaching purpose of national parks,
which is to conserve the natural state of resources therein, by
providing a scientific basis for identifying trends in acous-
tical conditions, quantifying impacts of certain sources, and
assessing consistency with park management objectives. The
goal is to prevent manual post observation and evaluation of
large volumes of data, which is the current approach due to
the complexity of the soundscapes. Of particular interest is
determining the composition of the acoustical scene in terms of
commonly occurring man-made (e.g. aircraft) and natural (e.g.
weather effects) sources, which are often present simultane-
ously. We associate these two categories with the more general
terms of “signal” and “interference”, respectively, whereas the
term source means anything that produces an acoustical event,
i.e., signal or interference. An event refers to the signatures of
a single source that often span several observations, e.g., the
sounds produced by a jet flyover. There are typically only a
few signal types of interest for a given park, while interference
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sources are those that disrupt proper characterization of signals,
yet do not fit the ambient noise model.
To accomplish this source characterization task, monitoring

stations are typically deployed in certain locations in parks for
months at a time to constantly record the soundscapes. Histori-
cally, a particular type of lossy data reduction has been used for
efficient storage. This data reduction is done by transforming
consecutive windows of the streaming audio data by using a
bank of filters and forming a data vector based on the energy
in the filtered waveforms. In general, any time-transform rep-
resentation (TTR) can be employed for this lossy data reduc-
tion. Here, a TTR refers to any transformation with real-valued
basis [1] (e.g., discrete cosine or discrete wavelets [2]) applied
to time-windowed streaming data. Therefore, the goal is to de-
velop a unified approach for analyzing data collected in the
past, as well as new data to be collected using other TTR, for
on-line implementation on the monitoring station. This means
that many existing approaches [3]–[9] developed for similar ap-
plications are not appropriate solutions as they presume access
to the raw audio data.
In general, automated detection and classification (discrim-

inating between different source types) of acoustical transient
events has a multitude of applications including speech recog-
nition [7], [10], habitat monitoring [8], [11], and battlefield
surveillance [9], [12]. These tasks are complicated by many
factors that often depend on the particular application. These
factors include time-varying source signatures, a large number
of possible event types, variable number of sources that may
be simultaneously present leading to superimposed signatures,
variable event structure and duration even among those events
associated with a single source type, unknown arrival times
and Doppler shift, and the presence of ambient noise as well as
environmental and operational variations.
Detection and classification of acoustical events from TTR

in particular carries a unique set of challenges including lack of
optimality of the representation if the transform vectors are not
matched to source signatures of interest [1] and potential reduc-
tion of discriminatory information relative to the original audio
data when using a lossy transform. One common approach to
such problems is to identify novel portions of a TTR based on
certain features or statistical properties. The work in [10] iden-
tifies speech patterns using 2-D patches that are extracted from
spectrograms and projected onto a 2-D discrete cosine basis.
Another study [13] exploits the distribution of individual time-
frequency components in a spectrogram, which is then trans-
formed to a space appropriate for segmenting time-frequency
slices containing noise only from those containing noise plus
an unknown signal.
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Template-based methods are also frequently used for acous-
tical source characterization from TTR. In [14], use of the
spectral-band matched filter is explored for those source types
that do not generate highly variable acoustical events. If the
dependencies between successive observations are ignored and
sources emit deterministic signatures (unrealistic assumption)
then the matched subspace detector [15] can be used to detect
the presence of the signal in each observation separately, and
a uniformly most powerful detector is formed even in the
presence of known subspace interference. Since template based
methods typically fail to account for inconsistent signatures that
are emitted by most acoustical source types, Hidden Markov
Models (HMM) [16] may be used as a viable alternative. In
[11], a framework is presented for automated detection and
classification of sounds from birds, crickets, and frogs using a
HMM to represent sequences of statistical features extracted
from spectrograms. In [17], a transient detection method was
introduced that implements Page’s test [18], which minimizes
the worst case delay to detection, with dependent observations
using HMMs. Methods also exist that take a more targeted
approach to environmental sound classification, such as the
work in [19], which uses a self-organizing map, along with
a locally-excitatory/globally-inhibitory oscillator network, to
identify co-occurring sound features extracted from a spectral
representation and group sound fragments, respectively.
While the aforementioned methods excel at their intended ap-

plications, they all have shortcomings that prevent them from
achieving acceptable performance on the data considered in this
study. In particular, these methods in their original form either
(1) are incapable of recognizing any general source type [10],
[11], or (2) cannot handle significant within class diversity [14],
[15], or (3) cannot not perform classification (only detection)
[13], [17], or (4) are not robust to the presence of structured
interference [10], [11], [13], [14], [17], [19]; all of which are
essential for the problem at hand.
To address the shortcomings of existing methods for char-

acterization of multiple source types from TTR, this paper
develops a sequential random coefficient tracking (SRCT)
framework that applies a hierarchy of log likelihood ratio
tests (LLRT) to individual observations, each of which may
contain the signatures of a subspace signal and/or a subspace
interference source, both of which can be one of multiple types.
Source signatures are modeled as random to capture variability
between different events associated with the same source type.
A Kalman filter that exploits known source subspace and coef-
ficient dependency models is used to generate the parameters
of the conditional densities necessary for calculating the test
statistics, where dependence is on previous observations and
a specific source model. It is assumed that at most one type
of signal and one type of interference are present at a given
time, though this SRCT method may be continuously applied
to incoming streaming data in order to detect and classify new
transient sources, possibly of different types. To this end, the
method developed in this paper also performs separation of
the signal and interference portions of the measurement and
produces estimates of their signatures in isolation; a property
that is not shared by other methods mentioned before.

This paper is organized as follows. Section II introduces the
observation model used as the basis for developing the SRCT
method. Section III formally introduces the problem and dis-
cusses the entire SRCT source characterization framework, in-
cluding the general form of the LLRT, the procedure for cal-
culating the parameters necessary to construct a LLRT, and the
explicit form of each of the LLRTs that are hierarchically ap-
plied to individual observations. Section IV provides the ex-
perimental results of applying the SRCT method to real acous-
tical vector observation sequences, that represent national park
soundscape recordings. Finally, Section V provides concluding
remarks.

II. OBSERVATION MODEL

The th time slice of a TTR, which contains transform co-
efficients, is referred to as an observation vector and is denoted
by , where is the th
time interval (contains samples ) of the orig-
inal sampled audio recording, and , with ,
represents the time-transform mapping, as it has linearly inde-
pendent rows that are sampled basis waveforms, e.g., discrete
cosine or wavelet basis vectors. Since the soundscape is being
constantly recorded, ’s are continually arriving, and can be
generally represented as

where and are random vectors defined
similar to , but represent the signatures produced by the un-
known signal and interference sources to be characterized, re-
spectively; and are binary variables that indicate the pres-
ence or absence of a signal and inter-
ference source, respectively; and is an i.i.d. Gaussian mea-
surement noise vector with known statistics, and

, where represents the Kronecker
delta function and is a full rank noise covariance
matrix. The distribution of stems from the assumption that
noise in is i.i.d. Gaussian with zero mean and variance ,
and hence, we have . Although, for the
present application, signal and interference are associated with
man-made and natural sources, respectively, in general they are
user-defined categories that should be complementary, such that
one source from each category may be simultaneously present.
For reasons discussed in the next section, it is more conve-

nient to operate on transformed observations
with white observation noise , i.e.

, where is the identity
matrix. Here, it is assumed that the transformed signal vector

and transformed interference vector lie
in known low dimensional subspaces, and , respec-
tively, that are spanned by the columns of and

, respectively, with . These subspaces
are time-dependent since the source types may change. Specif-
ically, and , meaning there
are possible signal types and possible interference types.
All source subspaces, ’s and ’s, are assumed to be
linearly independent of each other (not necessarily orthogonal)
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Fig. 1. Block diagram showing application of the proposed SRCT method to the observation . Dashed lines indicate that a path is followed only when the
corresponding decision to accept or reject a given hypothesis is made. The dotted boxes indicate the stage in the hierarchical process.

and exactly -dimensional, where the latter requirement is
necessary for subspace classifiers [20] in order to prevent bias
in favor of those source types with larger associated subspace
dimensions. The model for the transformed observation can
therefore be written as

(1)

where and are random signal and inter-
ference coefficient vectors. Hereafter, (rather than ) is re-
ferred to as the observation at time .
A subspace model is useful for acoustical source classifi-

cation from TTR since different linear combinations of basis
vectors may be used to capture various nonstationarities that
are often present in the source’s signatures. For instance,
when using the discrete cosine transform to form the TTR,
the time-frequency signatures of a Doppler shifted waveform
may change from narrowband to broadband during the time the
most rapid frequency shifts occur, and different linear combi-
nations of basis vectors can be used to model this time-varying
behavior. Thus, to represent variations among different source
events, it is assumed that and obey the following respec-
tive vector linear autoregressive (AR) models

(2)

where and are the th AR parameter matrices for the
signal and interference sources at time , respectively. The vec-
tors and are zero mean temporally uncorrelated (but po-
tentially colored element-wise) Gaussian driving processes for
the signal and interference, respectively, with known covariance
matrices and , and are assumed to be independent of
each other and with . The time index on the AR parame-
ters again indicates that they may change over time when a new
source type becomes extant. Although in (2) all source coeffi-
cient AR models are assumed to be of order for notational
simplicity, the proposed method can still apply for different AR
model orders for each source type.

III. SOURCE CHARACTERIZATION

The SRCT method introduced in this section performs tran-
sient detection, classification, and estimation of multiple source
types by sequentially evaluating ’s on-line, i.e., ,

is not accessible at time . This is done by applying a hierarchy
of LLRTs to each to test between several hypotheses that
account for each possible observation composition in terms of
signal and interference according to the model in (1). Specifi-
cally, these hypotheses are given by

(3)

where superscripts and/or indi-
cate dependencies of hypotheses on source models. Thus, there
are a total of different possible hypotheses ex-
cluding . The models associated with the above hypotheses
are specified as

(4)

which are formed using training data prior to the application of
the SRCT method.
The flow of the SRCT method is shown in the block diagram

of Fig. 1. As can be seen, the inputs to the system are , the
models defined in (4), and a set of state parameters that allows
the system to exploit the dependency structure of each source
(see Section III-B). Ultimately, the system produces one signal
and/or one interference label for , in addition to estimates of
and/or , if desired. The test statistics that implement the

SRCT method are log likelihood ratios (LLR) formed using the
conditional probabilities of observing given relevant pre-
vious observations and specific models in (4). The associated
LLRTs are applied hierarchically to a given as follows
1) Detection and Classification: using (23), determine
whether consists of noise alone or contains the signa-
tures of one or two sources; if the latter, then reject
and proceed. The source types, and , that are most
likely present in are also estimated by (24).

2) Dominant Source Test: use (25) to determine whether
signal or interference is dominant and, consequently,
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which remaining single source hypothesis ( or
) is rejected.

3) Source Quantity Test: use (26) to test the hypothesis cor-
responding to the dominant source type against the two
source hypothesis in order to finally accept either

, , or .
4) Estimation: Use estimates of and , that were gener-
ated for the above LLRTs, to form estimates of the actual
source signatures. This step is optional and does not in-
volve a LLRT.

A hierarchy of tests is applied here rather than directly finding
the most likely hypothesis in (4). This is done due to the fact
that the complexity of the observation model (number of param-
eters) varies between hypotheses, which would lead to a bias
in LLRTs in favor of more complex hypotheses [21]. A hier-
archical test circumvents these issues through the use of dif-
ferent thresholds to compare hypotheses with different relative
complexities.
Since each main step in the SRCT process evaluates different

hypotheses using the same general form of the LLRT, this form
is briefly discussed in the next subsection. Sections III-B and
III-C discuss calculating distribution parameters for each hy-
pothesis, that are used to form the LLRTs. Explicit forms of
the LLRTs are then developed in Section III-D. To conclude
this section, the procedure for obtaining estimates of the TTR
signatures of detected signal and interference sources is briefly
discussed.

A. General Form of a LLR

In this paper, a hierarchy of tests is applied to , each of
which is based on a likelihood ratio having the general form

(5)

where is the likelihood function of the distribution pa-
rameter (describes conditional PDFs), is a conditional den-
sity function, is one of the source models in (4), and

is the set observations that is dependent
on under the hypothesis associated with . In other words, if a
particular source type has been present since time ,
then will be dependent on under any hypothesis that
assumes the presence of this source, owing to dependence be-
tween source coefficient vectors at different times, as shown in
(2).
The statistic in (5) may be used for the test

(6)

where and are hypotheses from (3) associated with
the models and , respectively, and is a predetermined
threshold. Equations (5) and (6) show that implicitly defines
the hypothesis a likelihood function is dependent on, as well
as the distribution parameter . Such tests are used to assign

class labels to each separately, as opposed to accumu-
lating evidence to make a decision based on the likelihood of
observing the entire sequence under a given , as in a
traditional sequential LLRT [18]. Although the latter approach
is possible under the proposed framework, it is avoided since
both likelihoods in a LLRT must be found given the same set
of observations [22]. On the other hand, since the presence and
types of signal and interference change independently as new
observations arrive, the set of observations that can reasonably
occur under each hypothesis is often not identical. Therefore,
using a common , to evaluate all likelihoods can
lead to low likelihoods for hypotheses associated with sources
that are actually present.
The next subsection shows that is conditionally multi-

variate Gaussian with mean vector and covariance matrix
, given and , owing to the fact that all observations

follow the general model introduced in the previous section.
Therefore, defining and taking the natural log
of (5) yields the LLR as

(7)

where

(8)

and similarly for . Since all tests performed by the SRCT
method use a LLR that assumes the general form in (7), gener-
ating under different (i.e. different hypotheses) is an inte-
gral step of this process, and is discussed next.

B. Generating Parameter Sets

This subsection discusses calculating for a given ,
which involves calculating the associated , i.e., the parame-
ters of the conditional distribution. Beginning with the simple
case of (i.e., ), where , we have

due to the fact that ’s are independent at different times. From
(8), it follows that under .
Finding the conditional probability of observing given

is accomplished by using such a model to establish a se-
ries of state equations and applying a Kalman filter to obtain the
estimates of the time dependent source signatures. More specif-
ically, the idea is to obtain an estimate of the state vector
that represents the relevant past and present source basis coeffi-
cient vectors ( ’s and/or ’s), under a given hypothesis
in (3). See Table I for explicit definitions of the state variables
for each model in (4). For a specific , the general forms of the
state equations are given by

(9a)

(9b)

where , , and are matrices of appropriate forms and di-
mensions (see Table I), and is the process noise vector with
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TABLE I
STRUCTURE OF THE STATE VARIABLES FOR EACH MODEL WHERE AND ARE AND ZERO MATRICES, RESPECTIVELY

known covariance matrix . These equations are obtained by
arranging the observation model equations in (1) and (2) in state
space form, and replacing the parameters in the these equations
with those from one of the models , , or . Using
a given set of state equations, a standard Kalman filter can be
applied to obtain the a priori and a posteriori estimates of the
source coefficients (states), denoted by and , respec-
tively. The associated error covariance matrices are denoted by

(10)

where and are the a
priori and a posteriori state error vectors, respectively.
To find for a given , the definitions of

and the state variables in Table I may be used to write (9b) as

(11)

Standard Kalman filter theory [23] dictates that, given the past
observations , we have . Since

and are both zero mean Gaussian, and together
represent the random part of (11), is also conditionally
multivariate Gaussian, given and . In particular,

is parameterized by the mean vector [23]

(12)

and covariance matrix

(13)

where is the a posteriori state estimate found at time
, and the expectation in each case is over an ensemble set of

source event realizations with a similar structure. Equation (12)
uses the fact that is independent of the source model and
previous observations (regardless of their composition), while
(13) exploits due to conditional
independence of and source signatures.
It is clear that a separate Kalman filter for each hypothesis

in (3), except for , is needed to generate a corresponding
, as they all assume different observation compositions.

Therefore, a posteriori values, and , should
only be used for estimating for hypotheses associated with
source types that were determined to be present at time

(also see Fig. 1). The state vector for every other hypothesis
should be estimated using and , that are
reinitialized values of the state parameters, and are derived in the
next subsection. The reason being such hypotheses essentially
assume the onset of a new source type, and hence, there are no
valid past states to use. Thus, reinitialization sets for a given
hypothesis, and correspondingly determines the past observa-
tions used to compute a likelihood, as in (5). This implies that,
when there are many source types, most will be gener-
ated using reinitialized state parameters. However, it is shown
below that this process is simple, as the initial state error co-
variance and state vector estimator have a closed form for each
hypothesis.

C. Initializing State Parameters

This subsection derives explicit forms of and
, that are initial values of the state vector estimate

and error covariance matrix, respectively. As mentioned before,
these initial parameters are needed for generating for
any hypothesis that assumes the presence of a given source
type in that was absent in , according to the results of
applying the SRCT method to this prior observation.
Proposition 1: The error covariancematrices under the single

source hypotheses are initialized as

(14)

where denotes the Kronecker product. Corresponding state
vectors are initialized using (15) and (16).

Proof: The state vector estimate under a single source hy-
pothesis can be initialized with the linear least squares estimates
(or maximum likelihood estimates (MLE) since the observation
noise is Gaussian) of the coefficients of ,
relative to the appropriate basis vectors, i.e.

(15)

where and denote the Moore-Penrose inverses
[24] of and , respectively, which always exist and



WACHOWSKI AND AZIMI-SADJADI: CHARACTERIZATION OF MULTIPLE TRANSIENT ACOUSTICAL SOURCES 1971

may be calculated using the given explicit forms owing to the
columns of and being linearly independent, as stated
in Section II. Now, the state vector (see Table I) estimates are
initialized using the coefficient vector estimates in (15) as

(16)

To derive , under

, first note that in this case

...
...

...

Now, since , from (10) we have

which can be reduced to (14). Similar steps are used to derive
under .

Note that (15) motivates transforming the original observa-
tion to , as this ensures the elements of the
transformed observation noise are uncorrelated and the co-
efficient estimators in (15) have minimum variance [25].
Proposition 2: The error covariance matrix under a dual

source hypothesis is initialized as

(17)

where and

project onto the orthogonal
complements of the subspaces and , respectively.
The corresponding state vector is initialized using (19) and (20).

Proof: Ideally, under , should contain
signal and interference coefficients that are free from the effects
of each other. The MLEs of ’s and ’s under this two
source assumption can be obtained using oblique projection [25]
matrices

The matrices and have respective range spaces
and and respective null spaces and ,

and hence, we have

(18)

Now, the MLEs of the signal and interference coefficients under
are

(19)

and the state vector estimate is initialized using these coeffi-
cients as

(20)
The steps to find under are similar to those

under , and hence, from (18) we have

...

...

...

...

...

...

(21)

Using the fact that

the covariance of the error term in (21) is found to be as shown
in (17).
Since ’s are processed sequentially, the initial state esti-

mates in (16) and (20) are formed using the observations
prior to a given . While these observations might not contain
strong signatures of the sources associated with these estimates,
these are the best linear estimates of the coefficients that can be
obtained.
All components necessary for generating for a given

have now been provided, which may subsequently be used
to generate a corresponding using (8). The variables

’s may then be used to form test statistics for the hypoth-
esis test in (3), as described next.

D. Determining Source Composition Using LLRTs

This subsection introduces the LLRTs needed to assign a class
label vector, , with and

, consisting of one signal and one interference label,
to . Here “ ” denotes estimate of the indicator variables in
(1) that determine the presence of signal and/or interference.
1) Detection and Classification: As indicated by Fig. 1, the

first steps for processing are source detection, where it is de-
cided whether to accept or reject , and source classification,
where estimates of themost likely signal and interference source
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TABLE II
CLASS LABELS AND INDICATOR ESTIMATES UNDER EACH HYPOTHESIS

types, and , are found. This is accomplished by forming a
set of LLR, each of whichmay be used to test the hypothesis that
consists of noise alone versus the hypothesis that contains

noise plus a type signal source and/or a type interference
source. Using the general form in (7) with ’s generated using
the appropriate models, this LLR is given by

(22)

where and are the distribution parameters corre-

sponding to models and , respectively. Detection of
sources in is then performed using the LLRT

(23)

where is a predetermined threshold that adjusts the sensitivity
of the detector. Estimates of the signal and interference source
types (classification) are then found using the test statistics al-
ready calculated for detection as

(24)

Assuming a transient source has been detected at time , the
dominant source and source quantity tests outlined below can
subsequently be initiated. In this case, (3) is reduced to testing
between , , and . When hypothesis is
accepted, no further processing is required for and the next
observation is evaluated. In this case, we have
so that . Justification for using (24) to find and
is based on the fact that, for source types that were determined
to be absent at time , the corresponding ’s are
found using reinitialized state variables, generated using oblique
projections to remove the effects of type interference from the
type signal estimate and vice versa (see (19) in Section III-C).
For sources types that were present at time , is
formed using the best (in the mean squared error sense) linear
estimates of the source signatures.
2) Dominant Source Test: When is rejected for the

next step involves determining whether the dominant source is
a type signal or a type interference (see Fig. 1). Note that
this step does not exclude the possibility that both sources are si-
multaneously present, but rather it defines the most likely source
in the single source case. To this end, the LLRT for determining
the dominant source is given by

(25)
where and are the distribution parameters corre-

sponding to models and , respectively, and is a
predetermined threshold that may be adjusted based on the risk
associated with missing signals in a given application.
3) Source Quantity Test: Following the dominant source test,

the remaining single source hypothesis that has not been re-
jected ( or ) is tested against the remaining dual
source hypothesis, . The LLRT for making this deci-
sion is

(26)

where is a predetermined threshold that should also be set
based on the risk associated with missing (weaker) signals and

when rejected

when rejected
(27)

This means that the single source log-likelihood value used to
form depends on the results of the dominant source test in
(25) (also see Fig. 1). Note that, at this stage, all ’s have
already been calculated for use in other LLRTs, and hence, these
values may be used in (27) to find .
Upon completion of the source quantity test (or when no

sources are detected in ), a class label may be assigned
to this observation that depends on the accepted hypothesis ac-
cording to Table II, which also provides the values of the esti-
mated indicator variables, and , in each case. The entire
process in Fig. 1 may then be continually applied to subsequent
observations ’s indefinitely or until all available observa-
tions have been processed.
4) Source Estimation: Once has been determined for ,

estimates of the identified source signatures may then be ob-
tained from the state estimates for the accepted hypothesis, if
desired. Specifically, the coefficient estimates, and/or , for
time , can be extracted from and used in conjunction with
their respective basis matrices, and/or , to yield es-
timates of the vectors representing the signal and interference
components, denoted by and , respectively. In particular,
these estimates are found (see Table I) as
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TABLE III
DESCRIPTIONS FOR DIFFERENT SOURCE TYPES IN THE KENAI FJORDS DATA SET

where each basis matrix is premultiplied by since their
columns are basis vectors for the transformed observation space.
In the case is accepted, a type of source separation
is performed by producing estimates, and , that repre-
sent the separated signal and interference components of ,
respectively.

IV. EXPERIMENTAL RESULTS

This section presents the results of applying the SRCT
method to a real acoustical source characterization problem.
The data used to perform these experiments is first introduced,
followed by a brief description of the Gaussian Mixture Model
(GMM)-based method [5], [8], [26] that is used to benchmark
the performance of the proposed SRCT method. The exper-
imental test setup and associated results are then presented
in terms of individual performance evaluations for each test
outlined in the previous section, and confusion matrices for the
overall detection/classification performance.

A. Data Description

The data used for this study represents acoustical recordings
of a soundscape associated with a relatively remote site within
Kenai Fjords National Park, Alaska, where a variety of signal
and interference sources are intermittently present. The orig-
inal audio waveforms were converted to sequences of one-third
octave data vectors by the acoustical monitoring station that
recorded the soundscape, where a vector was extracted from
every non-overlapping one-second time segment and has
elements that represent the average energy in different one-

third octave frequency bands for the corresponding one second
interval.
In total, 19 full days of recordings from a single monitoring

station are available and used for this study, where each day con-
sists of 86,400 observations. The types of signal and interfer-
ence sources that were frequently captured by this monitoring
station are listed in Table III, along with brief descriptions of
the general structures of their corresponding one-third octave
signatures, durations of typical associated events, and example
events for each source type. It is important to note that there
is typically a large amount of variation between events associ-
ated with the same source type due to factors such as source

distance and trajectory w.r.t. the recording station, Doppler, etc.
This source signature diversity is perhaps the most challenging
aspect of the present problem. Other significant challenges in-
clude constant water flow noise due to the monitoring station’s
close proximity to a river, the presence of rain of varying in-
tensity throughout a large portion of the recordings, and mildly
nonstationary noise statistics due to various phenomena associ-
ated with day/night cycles as well as other factors.
As mentioned, due to the complexity of the soundscape,

manual annotation of the data was previously the only avail-
able approach for locating and labeling sources. Therefore,
such annotations existed before the development of the SRCT
method, and serve as the truth that is used to generate results.
In particular, two well-trained operators visually inspected the
data to identify acoustical events associated with signal sources
of interest, which are those listed in Table III, as they occur
most frequently and prominently in this particular site. Only
the presence of interference (not its type) was annotated since
it was present a large portion of the time and such sources are
viewed as a nuisance for the present application. Occasionally,
there were novel source types that contributed to the sound-
scape, e.g., wildlife activity or human speech, that are generally
not of interest due to their rarity and consequent low impact on
the soundscape.

B. Source Characterization Using GMMs

A GMM-based framework is adopted as the benchmark
method in this study since this approach is commonly used in
applications involving environmental sound [5], wildlife call
[8], and speech [26] recognition. It is the ability of GMMs
to model arbitrary distributions with multiple modes that
makes them suitable for recognizing features extracted from
inconsistent acoustical signatures that are a mainstay of these
applications. A GMM is a weighted sum of Gaussian densi-

ties, and is specified by for signal

type , where , , are the th component weight,
mean vector, and covariance matrix, respectively. Interference
and dual source GMMs many be similarly defined as and

, respectively. The likelihood of a given set of signal
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GMM parameters, given a vector observation , may be found
as [5]

(28)

where represents a multivariate Gaussian density function.
In order to detect the simultaneous presence of signal and

interference sources, a separate GMM is needed for modeling
one-third octave vectors that correspond to different hypotheses
in (3), besides . The likelihood under may be found using
a standard unimodal multivariate Gaussian likelihood function
for parameters that are the fixed and known noise statistics intro-
duced in Section II. In each case, a mixture of Gaussian densi-
ties can represent observations that contain both a random noise
component, as well as the component(s) associated with one or
two random sources. A hierarchical scheme, similar to that im-
plemented by the SRCT method, may then be applied to each
using likelihoods calculated as in (28) for a set of LLRTs.

While the dominant source and source quantity LLRTs for the
GMM-based method have the same forms as those used for the
SRCT method, i.e., (25) and (26), respectively, detection and
classification are performed using single source GMMs. More
specifically, GMM-based detection is performed using

as the test statistic, while classification is performed using

The reason for this discrepancy between the SRCT and GMM-
based methods is that, in the former, the dual sources models
and likelihood values can accommodate the presence of a single
source, as coefficient estimates for absent sources will be neg-
ligible (see Section III-D-1) whereas a dual source GMM rep-
resents observations that necessarily contain both signal and in-
terference components.

C. Test Setup

In order to apply the SRCT method to the Kenai Fjords data,
the subspace and AR parameter matrix dictionaries for each
source type, as well as the observation noise statistics, need
to be extracted from a set of “clean” training events that con-
tain only the signatures of interest for a particular model. These
training events were chosen to ensure a given source model
adequately captures the diversity of the associated signatures.
For example, in the Kenai Fjords site, a significant amount of
within-class diversity exists for propeller plane events, not only
because this is the most commonly occurring type of signal, but
also owing to the presence of different types of planes. Conse-
quently, more plane training events are required when compared
to other signal types. To extract a source’s subspace, eigen-
value decomposition [27] was applied to a covariance matrix
representing the data from several clean events corresponding
to that source type. The eigenvectors corresponding
to the largest eigenvalues were then used as basis vectors for

that source model. Using the parameter identification proce-
dure in [28], vector AR model parameters (with ) for a
given source were also extracted from the aforementioned set
of training events. Noise statistics were estimated using obser-
vation segments that did not contain any structured signal or
interference. Since the data vectors used for this study represent
frequency subband acoustical energy at different times they are
not zero-mean, and hence, the noise mean was subtracted from
each observation as it arrived, before being processed by a given
method. The experimental distribution of the noise vectors was
also found to be approximately multivariate Gaussian, thus jus-
tifying the use of the model in (1).
Single source GMMs were formed for each signal and inter-

ference type by applying the expectation maximization (EM) al-
gorithm [29] to the same training events used to form the SRCT
models. Dual source GMMs were extracted from observations
formed by superimposing different combinations of the clean
signal and interference observations used to form the single
source GMMs. The number of components in a given GMM
was selected by applying the silhouette method [30] to the cor-
responding set of observations the GMM was extracted from.
Disjoint training and testing sets were then formed using a

collection of two-hour-long segments found throughout the 19
days of data. In order to provide robust training and a chal-
lenging testing environment, segments were selected for both
sets that contained a relatively large number of signal and in-
terferences sources, had a good mix of hypotheses and hypoth-
esis transitions, and contained events with highly variable sig-
natures. In particular, among all the observations used in this
study (training and testing), 36.8% represented , 4.4% rep-
resented , 53.1% represented , and 5.7% represented

. Observations containing interference alone were more
common due to rather relentless rain and thunder, which is also
the reason interference was present for the majority of observa-
tions where a signal was present. The training set consisted of
10 data segments and was used to determine the detection, dom-
inant source, and source quantity thresholds, which were found
to be , , and , respectively for the
SRCT method, and , , and , re-
spectively for the GMMmethod. These thresholdswere selected
such that no signals in the training segments were missed. The
observations in the training segments that contained the signa-
tures of only one source were also used to estimate the source
models, as described above. The testing set consisted of 40 seg-
ments and was used to evaluate the performance of the each
method. No testing segments contained an event used to esti-
mate source models, and at least one segment from each of the
19 available days of data was used.
Finally, an HMM-based post-processing was applied to the

signal detection/classification results produced by each method.
This process finds the likelihood that a certain signal type is
present, given a sequence of assigned labels, using a procedure
that is similar to that proposed in [17]. In particular, a sepa-
rate three-state HMM was learned for each signal type using
the Baum-Welch algorithm. The observations in this case are
signal class labels assigned by the SRCT method (or GMM
when evaluating these decision sequences). The HMM states do
not have any specific parametric meaning, but may correspond
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Fig. 2. ROC curves produced by the SRCT and GMM methods for each test statistic. (a) Detection test. (b) Dominant source test. (c) Source quantity test.

to different signal label distributions resulting from the time-
varying signatures of signals considered in this application. This
means that state transitions typically occur when the structure
of an acoustical event being evaluated changes (see examples
in Table III), as a system’s decisions may change slightly. Dif-
ferent HMMs were used for the SRCT and GMMmethods, and
each HMM was formed using decision sequences generated by
a given method for segments in the training set. This approach
is appropriate for on-line processing and is done both to smooth
out the detection/classification results, and to associate a cluster
of detections that have the same label with a single event for
more concise and meaningful classification results. In the case
of the GMM method, this HMM-based smoothing provides a
means to incorporate temporal dependencies between decisions,
that would otherwise be independent.

D. Test Statistic Performance Evaluation

To measure the performance of each test in Section III-D
when applied to the testing segments, receiver operator char-
acteristic (ROC) curves were generated and are presented in
Figs. 2(a)–2(c). Each ROC curve shows how the probability of
detection and probability of false alarm change
as the appropriate threshold ( , , or ) is modified. For each
test, indicates the probability of correctly accepting the
hypothesis associated with the numerator of a given LLRT,
i.e., , , and for (23), (25), and (26), re-
spectively. On the other hand, indicates the probability
of falsely accepting the hypothesis associated with the denom-
inator of a given LLRT, i.e., , , and or
for (23), (25), and (26), respectively. The axis showing is
log-scale in each case to highlight the differences between each
method. The evaluation metrics considered are the area under
the ROC curve (AUC) and the and at its “knee-point”.
The AUC is important since it represents the discrimination
ability of a test, while the knee-point corresponds to a decision
threshold where .
As can be seen from Fig. 2(a), the knee-points of the ROC

curves for the SRCT and GMM detectors (see Section III-D-1)
are and

, respectively, while the AUCs are 0.992 and 0.987, re-
spectively. Although both detectors operate similarly, the SRCT
detector performs slightly better since the source estimates used
to form the likelihoods can accommodate arbitrary combina-
tions of signal and interference. Nonetheless, the single source

GMMs still produce sufficiently high likelihoods for observa-
tions containing one or more sources. In both cases missed de-
tections are primarily caused by samples associated with mild
interference, such as very light rain, as well as the presence
of novel source signatures. The latter is due to the inability of
source basis vectors for the SRCT method, or source signature
distributions for the GMM method, to capture signatures that
rarely occur during training. False alarms are mostly caused by
ambient noise statistics changing slightly over time, owing to
the properties of natural soundscape data. However, this devia-
tion is small enough such that the detectors remain fairly robust
to this temporal change.
The ROC curves in Fig. 2(b) for the SRCT and GMM

dominant source tests (see Section III-D-2) exhibit knee-points
at and

, respectively, while the AUCs are 0.965 and 0.968,
respectively. The GMM and SRCT methods perform very
similarly in the dominant source stage, as the models used by
each are appropriate for classification in these single source
scenarios. This result reinforces the suitability of GMM-based
methods for the interference-free acoustical source recognition
tasks that they are typically applied to, owing to the ability of
GMMs to represent complicated and erratic signatures. For
both methods, dominant source errors can mostly be attributed
to closeness between some realizations of rain and thunder
interference to the models associated with helicopter and jet
signal types, which occasionally leads to being accepted
when is true. This confusion is typically only the case
when unusually strong thunder is encountered.
Finally, Fig. 2(c) shows the ROC curves for the SRCT and

GMM source quantity test statistics (see Section III-D-3),
where the knee-points are and

, respectively, and the AUCs are
0.953 and 0.806, respectively. The GMM source quantity ROC
curve is smoothest from to since this
is the region where the dual source GMMs produce numerically
significant likelihoods, and hence, the LLRT is not affected by
round off error. These results show that the main difference
between the SRCT and GMM-based methods is their respective
performance in determining source quantity, where the SRCT
vastly outperforms the GMM-based method. This is due in
part to the SRCT exploiting the dependency structure of each
source’s signatures when forming the LLRT. More importantly,
the dual source GMMs have difficulty representing the extreme
variations associated with superimposed signatures from two
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different sources. For instance, not only is there a significant
amount of diversity between events associated with a given
source type, but both signal and interference sources present
in an observation can be at different relative stages in their
evolution (i.e., temporal position within an event), and can have
arbitrary amplitudes. A given dual source GMM must capture
all combinations of these variations, leading to a lower like-
lihood for the GMM given any specific observation, whereas
the SRCT method directly estimates the source signatures to
account for this diversity. For the SRCT method, in some cases
a weak signal superimposed with strong interference triggers
false acceptance of over , thus missing the
signal. Other errors for this test are again due to novel source
signatures and their closeness to subspaces of other models.
Specifically, strong plane and helicopter signals occasionally
falsely trigger over , and very strong thunder
also causes false acceptance of . Clearly, performance
issues arising from close subspaces are more prevalent when
the system must contend with more source types, and these
issues are exacerbated the closer is to .

E. Overall Classification Performance Evaluation

In order to provide an indication of the overall performance
(involving all tests) achieved by two different approaches for
correctly classifying signal events contained in the 40 testing
sequences, Tables IV and V show confusion matrices for the
SRCT and GMM methods, respectively. Each main entry in
these tables indicates the number of times a certain type of signal
event was assigned a given label. To demonstrate the effects
of interference on signal detection/classification, the numbers
in parentheses separate the overall confusion matrix into cases
where interference was absent and present (e.g., in an
entry means there were and instances where interference was
absent and present, respectively, with ). Interference
events are also classified and estimated by each method, but re-
sults are not reported since these source types were not labeled
for reasons mentioned above. An event is considered correctly
classified if the correct label is assigned to at least half of the
observations it is present. Since “none” means no source of in-
terest (either present or assigned), the first column in each con-
fusion matrix indicates instances where signal events are missed
( or falsely accepted), whereas the first row indicates
false alarms ( falsely accepted). The diagonal elements in-
dicate the number of events of each signal type that are assigned
a correct label, which show overall correct signal classification
rates of 89.62% and 79.78% for the SRCT and GMM, respec-
tively. These classification rates exclude false alarms, as there
are no distinct “signal-free” events that may be labeled as such,
but rather a false alarm arises any time a signal label is assigned
to an area where there are none present. Therefore, false alarm
rates are reported in terms of the percentage of all event detec-
tions (i.e., entries in the last three columns in each confusionma-
trix) that are false, which are 4.55% and 14.13% for the SRCT
and GMM, respectively. This is also the reason “ ” appears for
the “none” diagonal entry in each table.
As can be seen from Tables IV and V, the overall classifi-

cation results produced by the SRCT method are significantly

TABLE IV
SRCT CONFUSION MATRIX SHOWING TOTAL NUMBER OF INSTANCES
EACH SIGNAL TYPE WAS ASSIGNED A GIVEN LABEL (INTERFERENCE

ABSENT/INTERFERENCE PRESENT)

TABLE V
GMM CONFUSION MATRIX SHOWING TOTAL NUMBER OF INSTANCES
EACH SIGNAL TYPE WAS ASSIGNED A GIVEN LABEL (INTERFERENCE

ABSENT/INTERFERENCE PRESENT)

better than those produced by the GMM, which is mainly due to
the relative differences in performance of the associated source
quantity tests. For example, Table V shows that the GMM-based
methodmissedmore signals when interference was present. The
SRCT missed fewer signal events overall, since it was able to
adapt to dual source scenarios due to the increased flexibility
offered by the estimation process used to find the likelihood
values. Confusion between signal types was also more common
for the GMM method. The fact that such confusion occurred
most often when interference was also present shows that the
GMMs were not quite as effective at estimating the signal types
in the presence of two sources. Finally, the GMM-based method
produced significantly more false alarms owing to a less pow-
erful source quantity test and the fact that the threshold for this
test was set to detect all signals in the training segments. Most
false alarms produced by the GMM-based method were associ-
ated with planes since strong thunder that is frequently present
(interference alone) tends to resemble superimposed rain and
plane signatures (dual source). Most false alarms produced by
the SRCTmethodwere for jets since the subspace for this source
is close to weak thunder signatures. In total, 35% and 73% of all
errors (false alarms and missed signals) produced by the SRCT
and GMM methods, respectively, were caused by the presence
of strong interference.

F. Computational Cost

As a final note, the computational cost of the SRCT method
for processing a single is considered. This cost is driven by
the processes with the largest associated growth rates, that are
required to find ’s for the dual source hypotheses (out
of all hypotheses). In particular, the most costly
processes are implementation of the Kalman filters and calcu-
lating ’s directly using (8), which require
and operations, respectively, if efficient imple-
mentations are used. Therefore, since the latter repre-
sents the SRCT algorithm cost. For the GMM method, the ma-
trix inversions and determinants required to find the likelihoods
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may be calculated off-line, but a likelihood must be found for
each component in a GMM. Therefore, assuming an average
of components in each GMM, the cost of this method is

operations, which is very comparable to that of
the SRCT method for our application.

V. CONCLUSIONS

This paper considers the complex problem of detecting,
classifying, and estimating the signatures of random transient
acoustical sources from TTR where a signal and an interference
source, both of unknown type, may be simultaneously present.
In such problems, it can be difficult to quantify the effects of
the presence of one source on the detection of the other since
all sources have unknown scaling and times of arrival, and
their signatures may overlap to varying degrees. The method
introduced in this paper deals with these complications using
a series of LLRT, designed specifically to discover the com-
position of observations that follow proposed model. Each
test uses the log-likelihoods of distribution parameters under
specific source composition hypotheses, which incorporate
known information about the dependencies between basis
coefficients for each source type, thus yielding a framework
that is appropriate for characterizing transient sources from
sequential data. The experimental results on data representing
the soundscape of a national park demonstrates that the SRCT
method excels at performing each of the aforementioned tasks
with high precision.
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