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Sparse Approximations for Drum Sound
Classification
Simon Scholler and Hendrik Purwins Member, IEEE

Abstract—Up to now, there has only been little work on
using features from temporal approximations of signals for audio
recognition. Time-frequency trade-offs are an important issue
in signal processing; sparse representations using overcomplete
dictionaries may (or may not, depending on the dictionary) have
more time-frequency flexibility than standard short-time Fourier
transform. Also, the precise temporal structure of signals cannot
be captured by spectral-based feature methods. Here, we present
a biologically inspired three-step process for audio classification:
(1) Efficient atomic functions are learned in an unsupervised
manner on mixtures of percussion sounds (drum phrases),
optimizing the length as well as the shape of the atoms. (2) An
analogue spike model is used to sparsely approximate percussion
sound signals (bass drum, snare drum, hi-hat). The spike model
consists of temporally shifted versions of the learned atomic
functions, each having a precise temporal position and amplitude.
To obtain the decomposition given a set of atomic functions,
Matching Pursuit is used. (3) Features are extracted from the
resulting spike representation of the signal. The classification
accuracy of our method using a support vector machine (SVM)
in a 3-class database transfer task is 87.8%. Using gammatone
functions instead of the learned sparse functions yields an even
better classification rate of 97.6%. Testing the features on sounds
containing additive white Gaussian noise reveals that sparse
approximation features are far more robust to such distortions
than our benchmark feature set of timbre descriptor (TD)
features.

I. I NTRODUCTION
The large majority of popular features used in audio classification are spectral methods, such as mel-frequency spectral coefficients (MFCCs), spectral moments, or band-energy
ratio. However, as these features require the calculation of
a spectrogram, they suffer from a fixed trade-off between
frequency and time resolution. Also, phase information which
is crucial for consonant recognition and auditory grouping of
sounds [1] gets lost when calculating only features based on
the magnitude spectrum. Sparse temporal approximations have
become increasingly popular in the last decade and efforts have
been made to use such models for audio recognition ([2], [3]).
A code is considered to be sparse if only few units of the total population are needed to encode (or represent) a signal with
sufficient accuracy. The basic idea of modeling sparse coding
[4] is simple: Given a set of input signals x1 , x2 , . . . , xn , the
aim is to find a number of atomic functions φ1 , φ2 , . . . , φm ,
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such that each input signal can be approximated sparsely by
a linear combination of a relatively small number of atomic
functions (also called atoms):
m
�
xi =
sj φj = Φs
∀i = 1, 2, ..., n,
(1)
j=1

where the activity vector s is sparse, i.e. units are either active
or inactive (not significantly different from zero), where the
fraction of active units is generally quite small given the
total number of units. The complete set of the elementary
atomic functions is called a dictionary. In sparse coding,
overcomplete dictionaries are normally used. In overcomplete
dictionaries, the number of atomic functions is higher than
the dimensionality of the signal such that a subset of them
can span the whole signal space.
This paper is organized as follows: First, we discuss previous work on sparse coding and drum transcription. In Section II, we explain matching pursuit as well as gradient ascent
and a shrinkage/extension heuristics for dictionary learning.
Then we introduce spike counts and spike amplitudes for the
learned as well as for the predefined gammatone dictionary.
We cover timbre features and support vector machine classification. In Section III, we compare classification performance
under different noise conditions and visualize the specificity
of the most prominent atoms. Finally, we discuss the results
and give an outlook.
A. Benefits of Sparse Coding
Sparse coding is particularly useful in hierarchical networks
such as the brain because the representations are easier to
read out by subsequent (higher) levels as compared to other
codes. This eases the communication between the areas and
(statistical) inference at subsequent processing stages.
Classifying data based on the sparse coding output is
therefore a promising approach and will be the main objective
of this paper. Although we only will deal with drum data due
to its relative simplicity, this is a general approach that can in
principle be applied to arbitrary kinds of sound data.
B. Previous Work
1) Fixed vs. Learned Dictionaries: The reservoir of atomic
functions (dictionary) can either be predefined or learned.
Complete and overcomplete dictionaries can be built using the following frameworks: Fourier, Wavelet (e.g. Haar,
Daubechies, Gabor), principal component analysis (PCA),
independent component analysis.
Several methods have been developed to learn sparse
atomic functions [5], [6], [7], [8], [9], based on optimizing
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the trade-off between minimizing the reconstruction error
�x�
− Φs�2 and maximizing a sparseness cost function, e.g.
m
− j=1 |sj |p (0 < p ≤ 1). The resulting dictionary can
represent the input signals sparsely, i.e. only few functions are
needed to describe a signal. For natural images, Lewicki and
Olshausen [10] showed that learned dictionaries have a higher
coding efficiency than traditional complete Fourier and wavelet
bases. Kreutz-Delgado et al. [5] provided a dictionary learning
algorithm that simultaneously updates the dictionary as well
as the amplitude coefficients. They show that using their
method, a learnt overcomplete dictionary is more efficient than
a complete one with the same reconstruction error on natural
images. Since, optimizing a cost function with a sparseness
constraint is computationally expensive, learning is normally
done on small image patches of 8x8 or 16x16 pixels. Single
audio events such as a hi-hat sound can have durations of
more than half a second. Given a sampling frequency of
16000 Hz, this would result in more than 8000 dimensions.
For this reason, we employed the sparse optimization method
of [4] which uses matching pursuit for building the signal
approximation. Besides being computationally feasible, it has
a number of advantages compared to other approaches: In [1],
Smith and Lewicki compare various methods to perform a
sparse approximation according to Equation 2: maximum a
posteriori (MAP) optimization [11], filter threshold, matching
pursuit (Section II-A) and hybrid optimization that uses MAP
after an initialization by filter threshold or matching pursuit.
Whereas MAP alone is computationally too costly for
reasonably long atoms to be applied in its pure form, the
hybrid optimization is feasible. In an experiment with speech
segments, music and environmental sounds, for spike rates of
less than 250 spikes per second as in our experiments, the
SNR for matching pursuit is by a large margin better than for
filter threshold and its optimization.
2) Sparse Methods in Audio Classification: Adiloğlu et
al. ([12], [13]) decomposed sounds in terms of a predefined
dictionary of Gammatone functions (Section II-D2). Applying
matching pursuit [1], they yielded a point pattern of timefrequency components. They then defined a dissimilarity of
two sounds by introducing a point correspondence that assigns
each point of one sound to exactly one point of the other
sound. The comparison measure is not very robust with respect
to non-linearly stretching of the point pattern of the original
sound. On everyday sound samples, they yielded an average
classification performance in the range of MFCCs, when using
a large (192) number of spikes, which is computationally very
expensive, since the number of possible mappings between
N spikes explodes combinatorically for each pair of sounds.
Their method operates with fixed length atomic functions.
Sturm et al. [14] used MFCCs over several pre-selected time
scales. In our approach, we focus on adapting the atom length
to the signal type, without considering the temporal pattern
generated by sequences of atoms.
In the sound recognition literature, the sparse optimization
model of [4] has been used for music genre recognition by [2].
Short pieces of music were sparsely approximated using the
learnt atomic functions and features from the resulting spike
representation were computed. The classification performance,
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however, was lower compared to classifying with the widely
applied MFCCs. Also, the results using the learned atomic
functions were not as good as using a dictionary of gammatone
atoms of the same size. Their results however increased
slightly when using the combined set of sparse approximation
features and MFCCs.
A similar approach was taken by [15]. They used features obtained by sparsely approximating audio files with a
dictionary of gammatone atoms. Using these features alone,
the results on classifying environmental ambient sounds were
lower than using MFCCs, but the performance of the combined
feature set was significantly higher than using MFCCs alone.
Another approach has been suggested by [16].
3) Drum Transcription: There are several approaches used
for drum transcription [17], [18]. In [19], an atomic spectral
envelope and a temporal envelope of the gain was learnt for
each instrument, assuming the statistical independence of the
spectral and the temporal envelope. These atoms were learnt
by non-negative matrix factorization on a database of isolated
instrument sounds. In contrast, we will learn temporal atomic
functions from sound mixtures. In [19], with spectral atoms
at hand, a procedure is introduced to iteratively learn the
coefficients for a linear decomposition of the sound spectra for
each frame, in terms of the atomic spectral shapes. Then, high
deltas between consecutive coefficients of the same instrument
spectrum indicate an onset of this instrument.
Since in our approach we classify isolated drum sounds, we
chose timbre descriptors (TDs) outlined in [20] as a reference
to compare our results with. In Section II-D3, we will explain
this method further.
4) Novel Content of this Paper: This paper is a further
development and a more elaborated treatment of ideas presented in a previous shorter workshop paper [21]. This paper
contains several new aspects: 1) The procedure to estimate
the length of the atomic functions is detailed. 2) Classification
results are compared using an additional representation (timbre
descriptors). 3) Two additional experiments are performed
studying the impact of noise on the classification performance
using different representations. 4) Spike amplitude and spike
count representation are compared. 5) An in-depth discussion
of the method and the results is provided in the light of
previous research.
II. M ETHODS
A. Matching Pursuit
Matching Pursuit (MP) [22] is a method to derive a sparse
approximation of a signal using a dictionary of atomic functions. Choosing MP has practical considerations: Using a
linear model, the problem of finding the best approximation
using k out of a total
� �of N atomic functions is NP-hard [23].
All combinations N
must be taken into consideration in
k
order to find the best solution. Since this is computationally
unbearable for most real-world problems, alternative solutions
like MP have been proposed in order to find reasonably good
solutions using few atomic functions. Those are not optimal
in general but greatly reduce the computational costs.
MP is an iterative method. In each step, the atomic functions
of the dictionary are correlated with the signal and the atomic
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function with the highest correlation is subtracted from the
(residual) signal. This process is repeated until a stopping
criterion is reached.
B. Learning Sparse Atomic Functions
In [4], natural sounds were encoded through a sum of
shiftable and scalable atomic functions, i.e. an (analogue)
spike-code model. In an iterative process, the atomic functions
are used to approximate the signal. Subsequently, their shape
and length is updated in order to sparsely encode the data.
The resulting atomic functions showed a close resemblance
to the response properties of auditory nerve fibers and their
distribution in the frequency-bandwidth plane roughly matched
the distribution found by experimental studies in the cat.
We employed this sparse coding optimization method of [4]
to obtain sparse atomic functions for a dataset of drum phrases.
The optimization uses a linear signal model. A signal is
described as a linear superposition of a number of shiftable
atomic functions φn , each having an associated temporal location τ n and amplitude an . The length of the atomic functions
is only restricted by the length of the signal. Further, each
atomic function can appear multiple times at different time
points τin . Formally, this yields the following decomposition:
x(t) = x̂(t) + �(t) =

cn
N �
�

n=1 i=1

ani φn (t − τin ) + �(t),

(2)

where N is the total number of atomic functions (the size
of the dictionary), cn is the total number the atomic function
φn is used in the current decomposition and � represents the
residual.
After initializing the atomic functions randomly with a
normal distribution, learning is done in an iterative manner.
One learning iteration consists of two steps: In the first step,
the signal is decomposed with Matching Pursuit. In the second
step, the atomic functions used in the MP approximation get
updated.
Whereas other authors employed signal-to-residual ratio or
a fixed number of iterations as a stopping criterion, we used
a “spiking threshold”, i.e. the MP decomposition was stopped
when the correlation of a newly picked atom fell below 0.2.
As the spiking threshold is sensitive to the scale of the signal,
all sounds were normalized to a maximum amplitude of 1.
Learning of the atomic functions was done by gradient
ascent. The update rule is
φt+1
= φtn + λ
n

�
i

âni [x − x̂]τin

(3)

i.e. each used atomic function gets updated according to the
decomposition residual [x − x̂] over the temporal extent of the
atomic function. The learning rate λ was set to λ = 0.005
in our case. Note that the value of the learning rate is
highly dependent on the stopping criterion of MP because it
influences the decomposition error and thereby has a direct
impact on the learning rule. Learning of the atomic function
is activity based, i.e. after each decomposition of a sound,
only those atomic functions used in the MP-decomposition are
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updated. After each update step, the atomic functions vectors
were normalized to unit �2 -norm. The size of the atoms
was kept variable in order to allow atomic functions with
low frequency components to grow over the initial length and
atomic functions with high frequencies to shrink (cf. Box 1).
Each atom was initialized as a 100-dimensional vector with
random Gaussian white noise. The first 10% on both ends of
the vector were zero-padded.
8 different atomic functions are used for drum recognition.
The number of atomic functions has to be set manually.
We have tested the algorithm with different dictionary sizes
(4/8/16/32 atomic functions). Results increased slightly when
using more atomic functions. This seems to indicate that for
more complex classification tasks with more classes, it is likely
that more atomic functions are needed.

Box 1: Atomic function with extension and shrinkage
regions before and after updating its length (left and right
figure, respectively). A. Atomic function before update.
If the norm of the extension region (green) exceeds the
extension threshold θe (left side), the atomic function
grows. Similarly, if the norm of the shrinkage region
(yellow) falls below the shrinkage threshold θs (right
side), the atomic functions shrinks. When shrinking, the
extension region is removed and the old shrinkage region
becomes the new extension region. When growing, the
extension region becomes the new shrinkage region and a
new extension region (initialized with zeros) is appended.
Due to this procedure, the thresholds θs and θe can be set
in a reasonable manner such that the size-variation process
is stabilized and rapid fluctuations between shrinkage and
growth are minimized. If e.g. θs = θ2e and the shrinkage
region falls below θs , the shrinkage region becomes the
new extension region. In order for the extension region to
grow again, its norm must roughly double since θe = 2θs .
Likewise, after an extension, the norm of the new shrinkage region (i.e. the old extension region) must halve in
value in order to shrink. B. Atomic function after update.
In this case, the atomic function was extended on the left
side and shrank on the right side.
In our simulations, thresholds were set to θe = 0.0125
and θs = θ2e = 0.00625.

For the unsupervised learning of the atomic functions, 2000
iterations over 134 drum phrases (duration: 8-33s, average:
17s) from the ENST drum database [24] have been performed.
Each decomposition on average consisted of more than 750
atoms.
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C. Data
We used isolated drum data samples from two databases, the
ENST database [24] and the RWC musical instrument database
[25]. All samples were normalized to a maximum amplitude
of 1. The following datasets were created:
•

•

•

BSH: A subset of isolated drum sounds from the ENST
drum database: bass drum (’bd’, 60 sounds), snare
drum (’sd’, 68 sounds), closed hi-hat (’chh’, 46 sounds),
open hi-hat (’ohh’, 62 sounds). The hi-hat sounds were
merged into one hi-hat class (’hh’, 108 sounds) which
by convention is done in most papers in the drum
recognition literature.
AMIX: Artificial pairwise mixtures of the classes ’bd’,
’sd’ and ’hh’ from BSH (50 samples each) and the
single classes were used. We chose three energy ratios
(0.5, 1, 2) for mixing the isolated sound classes, making
a total of 12 classes. Sounds were mixed with a random
offset up to a maximum distance of 50 ms between their
amplitude peaks. We used artificial mixtures instead of
real ones since this enabled us to vary the energy ratio
of the two sounds in a controlled manner. Learning and
test data base are not built from separated subsets of
isolated sounds. So eventually it could happen that if
sample x from ’bd’ and y from ’hh’ have been mixed to
create AMIX, we can have x + y in the learning set and
x + 2ẏ in the test set.
DBT: Database transfer data. Classes ’bd, ’sd’, ’hh’ from
BSH are used as training data, and testing was done
on isolated drum samples (’bd’, ’sd’, ’hh’) taken from
the RWC music instrument database (12/34/36 samples,
respectively).

For drum sounds having a relatively stable and peaky
frequency spectrum across samples, only few atomic functions
need to be learned compared to music, speech, or most
environmental sounds. Drum data is thus perfect for studying
the general applicability of sparse coding for audio recognition
within a small and manageable recognition problem.
To evaluate the classification performance under noisy conditions, sets with different amounts of additive noise were
created from the datasets described above. Five different
signal-to-noise ratios (-10 dB, 0 dB, 10 dB, 20 dB, ∞ dB
(clean signal)) were used. Example of four different sounds
and their noise samples are depicted in Figure 1.
D. Features
1) MP features using a sparse coding dictionary (SC-MP
features):
The SC-MP features were obtained by sparsely approximating
each drum sound file with Matching Pursuit using the learned
sparse coding dictionary.
The feature vector consists of two parts: The first part is a
vector containing summed coefficients (“spike amplitudes”) of
each dictionary atom in the sound decomposition normalized
to a maximum absolute value of 1. The following part is a

Fig. 1: Example percussion samples with different amounts of
additive Gaussian white noise. A. SNR = ∞ dB B. SNR = 20
dB C. SNR = 10 dB D. SNR = 0 dB E. SNR = -10 dB

vector containing the total number each atom has been used
(“spike counts”), equally normalized to a maximum absolute
value of 1. The spike count features can be interpreted as the
mean firing frequency of the atomic function over the whole
signal. The amplitude vector was normalized. This is based
on the notion that the recognition of a sound is normally
not done by means of its signal energy but via characteristic
features such as its temporal structure, temporal correlations,
or spectral subband correlations. Normalizing the amplitude
feature vector makes the classification invariant to the signal
energy and only relative contributions of the atomic functions
to the signal approximations are retained.
2) MP features using a gammatone dictionary (GT-MP
features):
In this case, MP features using a gammatone dictionary of
the same size as the SC-MP dictionary were used. Gammatone functions are a product of a gamma distribution
and a sinusoidal. Gammatone filterbanks are widely used to
mimic the structure of the peripheral auditory processing stage.
They model the cochlea by a bank of overlapping bandpass
filters. We used gammatones from such a filterbank as atomic
functions, i.e. gammatones equally spaced on the equivalentrectangular bandwidth (ERB) scale (cf. [26]). The main reason
for introducing GT-MP features is that they can be directly
compared to SC-MP and thus serve as a test whether a generic
dictionary suffices or whether the computationally expensive
preprocessing step of learning sparse atomic functions specialized to the data is necessary to achieve a high classification
performance.
3) Timbre Descriptors (TD features):
We compared our approach with timbre descriptor features
used in [20], a widely referenced method for classification
on isolated drum samples. Different features are calculated
for the attack and decay part of the drum signal. Features
for the attack part include Attack Energy, Temporal Centroid,
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Log-Attack Time, Zero Crossing Rate. The large majority of
features are extracted from the decay part, e.g. Spectral Flatness, Spectral Centroid, Spectral Kurtosis, Zero Crossing Rate,
Zero Crossing Rate Variance, Skewness and Relative Energy
in a number of different frequency subbands. In addition, the
mean and variance of 13 MFCCs are calculated for the whole
signal. Additionally to applying the three classes of features
individually (TD, SC-MP, GT-MP), the combinations of MP
features with TD features were tested (TD+SC-MP, TD+GTMP).
E. Classification
Classification was done with a multi-class support vector
machine using a radial-basis function (RBF) kernel [27]. The
used LIBSVM package [28] implements a ”one-against-one”
approach to multi-class classification, i.e. a classifier is built
binary classifor each pair of classes, making a total of k(k−1)
2
fiers. To classify, a voting strategy is used, i.e. a feature vector
is assigned to the class which gets the most votes from all
classifiers. Classification on the BSH and AMIX datasets were
tested by 10-fold crossvalidation; for the database transfer, the
BSH dataset was used for training and the DBT dataset for
testing. A parameter search on the SVM parameter C and γ
has been performed on each training set in order to optimize
the classification accuracy.
III. R ESULTS
The classification results for the BSH dataset are shown
in Figure 2a, for the database transfer in Figure 2b, and

(a) BSH
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for the artificial mixtures in Figure 2c. MP features were
obtained from a signal representation using a dictionary of 8
atomic functions. Informal tests with different dictionary sizes
showed that classification performance for the MP features
increases with the number of atomic functions, especially
when comparing 8 to 4 atoms.
For the simple task of classifying clean drum sounds from
the same database (BSH), all classifiers perform well (classification accuracies over 95%). For the database transfer, GT-MP
features alone yielded the best results. When testing on clean
sound samples on the AMIX dataset, the combination of GTMP and TD features performs best.
When training on clean data and testing on noisy data, the
classification performance of TDs drops rapidly. In contrast,
the accuracy of MP features remains robust until a SNR of 10
dB for all datasets, whereas GT-MP features yield even better
results than SC-MP features. The almost constant classification
performance of MP features until 10 dB SNR might be due
to the relative robustness of MP against noise (e.g. MP is
also used succesfully for signal denoising [29]). For TD-MP
features, while overall performing better for the clean case,
significant drops in performance can be already observed for
SNRs of 10 dB and 20 dB.
In a second classification run, we used noisy and clean
signals from dataset BSH in the training and test set. This
allowed to test for cases in which the fluctuations in the test
set are known in advance and can be already incorporated
in the training set. Results for the different features and
feature combinations are given in Figure 4. While the isolated

(b) DBT

(c) AMIX

Fig. 2: Drum classification accuracy for different noise levels, datasets and feature combinations. The MP features were obtained
using a dictionary of 8 atoms. Training is done on clean data; testing is done on data with different SNRs (x-axis). Error bars
mark the 25% and 75% percentiles of the cross-validation performance. Since the total number of samples differs between
sound classes, the baseline performance is given by a classifier whose class output is always the class with the largest number
of samples. The baseline performance thus is 46% for BSH, 44% for DBT and 16% for AMIX.
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MP features stay constant, the performance of the feature
classes containing TD features decreases in all cases when
training and testing on clean data. However, compared to
training on clean and testing on noisy data, the performance
of TD increased considerably although it did not reach the
performance of MP features. Thus, in general, TD features
seem to be useful only if training and test set are similar
or if the distortions to be expected in the test set can be
already incorporated in the training set. If the distortions are
unknown in advance, MP features could be the better choice
if the distortion type is comparable to the one used in our
experiment.

Fig. 4: Comparison of the classification accuracy of different
features and feature combinations for two different cases: In
first case, clean data is used in the training and in the test
set. In the other case, a mixture of clean data and noisy data
with different SNRs (-10 dB, 0 dB, 10 dB, 20 dB) is used in
both training and test set. Error bars mark the 25% and 75%
percentiles of the cross-validation performance.
Figure 3 shows a sparse coding and a gammatone dictionary
along with the relative use of the atomic functions for the
three drum sound classes depicted as pie charts. The atomic
functions most closely resemble gammatone functions except
for two atomic functions, a sinusoidal and a high-frequency
transient. As the pie charts reveal, some of the atomic functions

(a) Sparse Coding Dictionary
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are almost exclusively used in the decomposition of one sound
class. This is in particular the case for the gammatone dictionary where high frequency gammatones are primarily used
for hi-hat sounds. With increasing frequency, the proportion of
snare drum sounds increases. The gammatone with the lowest
frequency is almost exclusively used for the bass drum sounds.
This effect can be seen even more detailed in Figure 5 which
depicts the classwise distributions (over sounds samples) of
the computed features for a sparse coding dictionary and a
gammatone dictionary respectively. The distributions over the
features derived with the sparse coding dictionary show that
some atomic functions seem to respond primarily to sounds
of one class (e.g. sparse coding atoms with feature indices
2/10 and 5/13). This tendency is again more pronounced for
the gammatone dictionary (e.g. atoms with feature indices
1/9, 7/15, 8/16) and is therefore consistent with the higher
classification accuracies using a gammatone dictionary. The
fact that this effect is also visible for the gammatone dictionary
should not surprise as in particular bass and snare drum show
single peak magnitude spectra for which gammatone functions
with a similar central frequency will primarily be used (cf.
Figure 5b). For instance, since only hi-hat sounds contain a
considerable amount of high-frequency components, the highfrequency gammatones are primarily used for this class.
Notice also that for the gammatone dictionary, the spike
count features of the specialized atoms seem to separate the
classes more clearly than the amplitude features (Figure 5).
Using a binary spike model instead of an analogue one as
done in our case thus is unlikely to degrade the classification
accuracy.
IV. D ISCUSSION
We have presented a biologically inspired approach to
classify arbitrary sound classes by (1) learning sparse atomic
functions on unlabeled data and (2) supervised learning of the
classes using features derived from a temporal approximation
of the signal.
This approach has certain advantages over other audio
recognition methods. First, it is a general method that does

(b) Gammatone Dictionary

Fig. 3: Sparse Coding and Gammatone dictionary with 8 atoms (upper and lower plot, respectively). The grey bars at the
beginning of the atomic functions show a 5 ms interval. The pie charts depict the (relative) summed weights for the BSH
dataset (red: ’bd’, blue: ’sd’, green: ’hh’).
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(a) SC-MP

(b) GT-MP

Fig. 5: Averaged MP feature values for classes ’bd’ (solid),
’sd’ (dashed-dotted) and ’hh’ (dashed) of dataset BSH. The
error bars show the 25% and 75% percentiles. The first half
of the feature vector (upper plot) refers to the spike amplitudes
of the atomic functions, the second half (lower plot) to their
respective spike counts (firing frequency).

not make any assumptions about the data except that the data
can be sparsely approximated by a small number of atomic
functions. In contrast to Fourier or wavelet analysis, no predefined atomic functions are used but the most efficient ones
from the data are learned. Selecting those atomic functions that
account for most of the energy leads to a sparse approximation
of the signal. It remains to be investigated further to what
degree sparsity aids classification. The presented approach can
be used to segregate structured from noisy components. If
the noise components contribute to the sound characteristics,
the recognition system could be complemented by a spectrotemporal noise model.
However, the presented method also has some drawbacks.
The number of atomic functions to be learned has to be set
manually and it is not easy to determine what a reasonable
number for a particular class of sounds would be.
In almost all cases where sounds are corrupted with an
unknown level of white Gaussian noise, MP-based features
clearly outperformed TD features. This is especially true for
the difficult tasks, the database transfer and the artificial
mixtures. If training and test set are homogenous, TD performs
comparable to MP features. However, if training and test set
differ (clean signals in the training set, noisy signals in the
test set), MP-based methods are far more robust to white noise
distortions than TDs.
Testing our algorithm on a variety of different distortions
(e.g. pink noise or echoes) has yet to be done. Also, the
mid-level temporal structure of a sound decomposition such
as the temporal sequence of the atomic functions or the cooccurrances of two atomic functions is not yet considered
in the feature extraction process. This mid-level temporal
information however is often necessary as sounds mostly have
a clearly defined temporal structure, e.g. many instruments
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consist of a characteristic initial transient followed by a
decaying tonal component. A basic approach to include further
information about the temporal structure is to calculate first
and second order derivatives of the amplitude and function
count vectors by windowing the signal and calculating a signal
approximation for each window. Using simple time derivatives
of the features has been shown to increase the performance
considerably [30]. Spectro-temporal patterns of atomic functions can be compared by a one-to-one pattern mapping as in
[12] or by dynamic time warping. Another approach consists
in clustering coefficients and then comparing statistical models
(e.g. Markov chains [31]) of cluster index sequences, trained
with sound samples of particular instruments.
To our surprise, using a generic dictionary of gammatone
functions led to higher classification accuracies than using a
dictionary learned by sparse coding which is consistent with
the results of a music-genre recognition study [2] using a
similar approach. There might be several reasons why this
is the case. Percussion sounds such as an open hi-hat or
a snare drum do not have a clear temporal structure in
the millisecond range which impedes finding efficient atomic
functions to encode these structures. Also, the atomic functions
that evolve during the learning process are chosen based on
their contribution to the overall energy of the signal. As a
result, only functions contributing much to the signal energy
will evolve. These ”high-energy” structures, however, might
not be the ones that are important for distinguishing between
different classes of sounds. In the learning optimization on
drum sounds, mainly functions in the lower frequency range
evolved. In contrast, a generic dictionary of gammatone atoms
is distributed over the whole frequency space which, at least
for the drum recognition tasks in this study, was apparently
beneficial for the classification. Using preemphasis to attenuate
the low frequency range of the input sounds of the sparse
coding learning optimization might be a way to obtain atomic
functions that are more widely distributed in frequency space.
It remains an open task to compare the performance of our
dictionary learning algorithm with others ([5], [6], [7], [8], [9],
[32]). In a follow-up study, the authors plan to compare the
performance of their approach to other sparse approximation
methods [33] such as non-negative matrix factorization, which
has previously been used for drum sound classification [19].
This will allow a more informative assessment of its performance comparing related sparse methods. Also it will be up
to future work to use the algorithm to analyze other types of
audio data, e.g. environmental sounds.
Whether to favour a generic dictionary or a dictionary
adapted to the data is probably dependent on the recognition
task in question. Tonal components of natural sounds are often
characterized by a fast onset and a slow decay, which is why
gammatones can efficiently represent a large variety of natural
sounds (e.g. speech, cf. [4]). If the distinctive features of the
classes are temporal characteristics on a very short time scale,
learning a sparse coding dictionary adapted to the data is
likely to perform better than a generic gammatone dictionary.
When sounds show no clear temporal structure, spectral-based
feature extraction methods are probably the better choice. In
this case, our approach can just as well be applied by learning
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sparse atomic functions on the signals’ spectral envelope or
pitch curve instead of the time-domain signal.
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