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ABSTRACT
Using the recently proposed framework for latent perceptual index-
ing of audio clips, we present classification of whole clips cate-
gorized by two schemes: high-level semantic labels and the mid-
level perceptually motivated onomatopoeia labels. First, feature-
vectors extracted from the clips in the database are grouped into
reference clusters using an unsupervised clustering technique. A
unit-document co-occurrence matrix is then obtained by quantizing
the feature-vectors extracted from the audio clips into the reference
clusters. The audio clips are then mapped to a latent perceptual space
by the reduced rank approximation of this matrix. The classification
experiments are performed in this representation space using corre-
sponding semantic and onomatopoeic labels of the clips. Using the
proposed method, classification accuracy of about sixty percent was
obtained when tested on the BBC sound effects library using over
twenty categories. Having the two labeling schemes together in a
single framework makes the classification system more flexible as
each scheme addresses the limitation of the other. These aspects are
the main motivation of the work presented here.

Index Terms— audio classification, audio representation, in-
dexing, semantic audio, onomatopoeia, latent document analysis.

1. INTRODUCTION
A variety of problems in multimedia processing are based on seg-
mentation, classification and clustering of audio. These include
applications such as robust automatic speech recognition (ASR),
video stream segmentation, context recognition, browsing and au-
dio/video retrieval. To accomplish this in a human readable way,
especially for end-user applications, audio data is usually organized
and indexed using words as tags or labels. Consequently, the ob-
jective of audio classification systems, in general, is to distinguish
amongst these categories of audio.

Contemporary work in audio classification differ in its cat-
egorization and classification scheme according to the proposed
application. The work presented in [1, 2] focuses on real-time
speech/music discrimination of audio stream for robust ASR. A
more sophisticated extension to this is to organize clips in a hierar-
chy. For example in [3] the authors present hierarchical categories
such as silence, with music components and without music compo-
nents. They also present results on grouping as pure speech, pure
music, speech plus music background, sound effects plus music
background, harmonic and non-harmonic sound effects. A similar
hierarchical scheme by grouping sources into speech, music or en-
vironmental sounds is used in [4]. They first determined if a given
segment is speech or non speech, followed by a speaker change point
detection in the case of speech segments and for non-speech seg-
ments, the samples are classified as music, environment and silence.
These systems are designed to be scalable, and used for applications
such as online audio/visual segmentation and classification.

In the content-based approach for audio information retrieval
presented in [5, 6], the authors use high-level specific audio cate-
gories such as animals, bells, crowds, female, laughter, machines,
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telephone, water sounds etc. Other examples of methods that deal
with semantic labeling of audio are [7, 8, 9]. In [7], the author im-
proves on the labeling scheme by creating a mapping from each node
of a hierarchical model in the abstract semantic space to the acoustic
feature space. The nodes in the hierarchical model (represented
probabilistically as words) are mapped onto their corresponding
acoustic models. In [8], the authors have a similar approach of
modeling features with semantic text labels in the captions. In [9],
their systems use semantic relations in language. Here the authors
have used WordNet to generate words for a given audio clip using
acoustic feature similarities, and then retrieve clips that are similar
to the tags.

In [10], the authors use onomatopoeic descriptions for retrieval
of drum loops. Here, the query to the retrieval system is spoken
form of onomatopoeia. The authors focus on eight basic drum cat-
egories and their corresponding onomatopoeia labels (such as bom,
ta, ti, do). Spoken queries were in the form of short sequence of
onomatopoeia words. Since they use onomatopoeia descriptions
of acoustic properties, their approach is most relevant to the work
presented here. Particularly, we focus on both semantic and ono-
matopoeic labeling of generic sound clips, and its classification.
This has the descriptive advantage of content-based and the flexibil-
ity of hierarchical methods.

As mentioned, in this work we present classification of whole
audio clips using two methods of categorization: high-level lexical-
semantic labels and the mid-level perceptually motivated ono-
matopoeia word labels. Semantic labels are useful for audio retrieval
since high-level description of acoustic sources typically denote a
semantic event. However they can be perceptually vague, especially
in the context of audio. For example, the label “Ambiences” could
mean sounds in a cafeteria with sounds of cutlery and conversation,
or even sounds in a forest containing tweeting birds and flowing wa-
ter. The main motivation for using onomatopoeia labels, on the other
hand, is the close and direct relation between these word-level enti-
ties and the perceptual characteristics of the target acoustic events.
Many acoustic qualifications of events are intuitively expressed us-
ing onomatopoeia words [11]: for the event “knocking on the door”,
the words “tap-tap-tap” describe the acoustic properties well. Com-
municating acoustic events in such a manner is possible because
of a two-way mapping between the acoustic space and language or
semantic space. Existence of such a mapping is language dependent
and a result of common understanding of familiar acoustic properties
[11, 12]. This form of labeling is perceptually meaningful but can be
semantically vague. For instance, Buzz can describe sound of either
a machine, or bees. In summary, each scheme has its advantages
and limitations, but having them together in a single framework
makes the system more flexible as each labeling scheme addresses
the limitation of the other. These aspects are the main motivation of
the work presented here.

This paper is organized as follows. In the next section a tech-
nique based on unit-document co-occurrence measure to represent
audio clips in a latent perceptual space is presented. Then, the
data-set and the signal features used in this work is described. The
experiments and the results obtained are also described, and finally
a discussion of the results is presented.
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Fig. 1. Indexing and classification of sound clips in latent perceptual space.

2. PROPOSEDMETHOD
In this work, an entire audio clip from a sound library [13] is rep-
resented as a single vector in a latent perceptual space; this is sim-
ilar to latent semantic mapping (LSM) [14] used for text document
indexing. First, a bag of feature-vectors is extracted from a given
audio clip. The feature-vectors can be signal-level measures such
as the Mel-frequency cepstral coefficients (MFCCs) extracted using
frame-based analysis. Then, this clip is characterized by calculating
the number of feature-vectors that are quantized into each of the ref-
erence clusters of signal features (analogous to the term-document
frequency counts in information retrieval). This results in a sparse
matrix where each row represents a quantitative characterization of a
complete clip in terms of the reference clusters. The reference clus-
ters are obtained by unsupervised clustering of the whole collection
of features extracted from the clips in the library. A reduced rank
approximation of this sparse representation is obtained by singular-
value decomposition resulting in mapping audio clips to points in a
latent perceptual space (LPS). Thus each audio clip is represented
as a single vector. This representation of audio clips along with its
semantic and onomatopoeic labels is used for the classification ex-
periments. The algorithm is illustrated in figure 1 and its details are
as follows:

Lets assume that a collection of M audio clips is available in a
database with the ith clip having Ti feature-vectors. Then, the pro-
cedure involved in obtaining a representation in the latent perceptual
space listed below:

STEP 1. The collection of all the feature-vectors obtained from all the clips
in the database is clustered using the k-means clustering algorithm.
This results in N reference clusters.

STEP 2. Let the ith audio clip have a total of Ti frames.
FOR audio clip Ai where, i ∈ {1, . . . , M}, DO:

i. Calculate : fi,j =
∑ t=Ti

t=1
I(lab(t)=j)

Ti

.∀j ∈ 1, . . . , N . Here
I(·) ∈ {0, 1} is an indicator function.
I (lab(t) = j) = 1 if the tth frame is labeled to be in the jth

cluster, otherwise I(·) = 0.
ii. Assign F (i, j) = fi,j the (i, j)th element of the sparse ma-
trix FM×N .

STEP 3. END FOR loop;

STEP 4. Obtain FM×N = UM×M · SM×N · (VN×N )
T

by SVD.
STEP 5. Obtain the approximation of F as F̃M×N = ŨM×R · S̃R×R ·

(ṼN×R)
T

by retaining the R largest singular values.

The approximation F̃ is obtained by the span of basis vectors that
have significant singular values. By retaining only the significant
singular values, the randomness in quantization is eliminated. Since
the initial matrix representation F was obtained from clusters of sig-
nal feature-vectors, the columns of Ũ and Ṽ essentially span the
LPS. Therefore, the given set of audio clips are indexed in the LPS.
While the method presented here is similar to the LSM framework
for text document indexing using term-document frequency, there

are some differences which are discussed here for clarity. As stated
in [14], LSM tries to uncover the underlying semantic structure in
data by eliminating the randomness that arises due to variations in
expressing the same concept with different choice of words. It maps
discrete objects such as words and documents onto a continuous
space. The words and documents occupy specific volumes in the
semantic space as concepts, which is used in measuring “closeness”
between documents. The present work, attempts to derive the under-
lying perceptual structure notwithstanding the randomness caused
by temporal variations. Based on the feature-vectors extracted from
a given database, the method presented here seeks distinct acous-
tic clusters in the perceptual space. These acoustic clusters in the
perceptual space are analogous to concepts in the semantic space.
Therefore, ideas of similarity measure between audio clips and rep-
resentation of a test clip can be re-applied here. This, and a descrip-
tion of the database and the feature set used in this work is presented
next.

3. EXPERIMENTS
3.1. Database
For the experiments in this paper, M = 2, 140 whole audio clips
from the BBC Sound Effects Library [13] were used. Each clip in the
library is labeled with a semantically high-level category and a per-
ceptually descriptive onomatopoeia tag that best describes the acous-
tic properties of the source. The database is available pre-organized
according to high-level semantic categories and their corresponding
subcategories. Onomatopoeia labeling of the audio clips was done
manually. Choosing an onomatopoeic label that best describes the
acoustic properties of the source in an audio clip is completely based
on subjective perception, and this can only be achieved by manually
listening to each clip. Such subjective categorization of clips for a
reasonably large database is tedious and prone to inconsistencies.
In this work, to keep errors to a minimum, the assignment of ono-
matopoeic labels was done in three passes and a final consolidation
step. First a small set of clips were manually tagged by subjects.
Then, other clips having the same file-name were assigned the same
tags as the corresponding ones in the initial set. Details of these two
steps are given in [12]. Finally by manual comparison with the sets
obtained from the first two passes, the remaining files in the database
were also appropriately labeled. As a final post labeling step using
automatic clustering methods and word-based similarity measure,
files with similar onomatopoeic labels were grouped together. This
was done according to the automatic onomatopoeia word clusters ob-
tained from the procedure described in [12]. This resulted in forming
twenty two onomatopoeic categories for the set of M clips. At the
end of the labeling procedure a semantic and onomatopoeia label is
available for each clip in the database. The final distribution of clips
for both semantic and onomatopoeia categories is shown in table 1.

3.2. Features
The fourteen dimensional feature-vectors extracted from each au-
dio clip are comprised of twelve Mel-frequency cepstral coefficients
(MFCCs), spectral centroid measure and the spectral roll-off fre-
quency. The MFCCs are based on the early auditory system of hu-
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AMBIENCES 0 1 0 17 17 7 0 0 1 7 56 0 3 15 0 1 8 0 0 2 50 2
ANIMALS 1 0 14 0 13 26 1 6 10 3 0 62 2 2 60 3 54 33 3 1 53 2

AUTOMOBILES 0 1 0 24 3 0 0 0 0 1 0 0 5 4 0 0 9 0 2 2 0 0
DOORS 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 4 0 0 0 0 0

ELECTRONICS 1 17 0 0 3 8 0 0 0 5 0 0 0 6 0 0 1 3 1 3 0 0
EXPLOSIONS 4 1 0 0 4 0 3 0 1 0 0 0 0 1 0 1 1 0 0 0 0 1

HORROR 4 2 0 0 10 0 2 1 7 6 2 1 0 6 0 2 12 0 11 1 1 11
HOUSEHOLD 0 0 0 0 5 1 1 0 0 9 0 0 0 7 0 8 1 0 0 4 0 1

HUMAN 0 3 0 4 3 4 8 1 4 6 33 1 6 1 0 3 10 177 17 0 1 3
IMPACT 0 0 0 0 1 1 0 0 7 4 0 0 1 0 0 0 0 0 2 0 0 0

MACHINERY 0 0 1 24 18 13 1 0 2 3 0 0 2 44 0 0 2 0 7 0 0 0
MILITARY 26 0 0 17 5 17 3 0 0 0 0 1 3 22 0 0 0 0 2 1 0 4

MUSIC 0 0 0 0 0 0 0 0 0 23 0 0 0 0 0 0 0 0 0 1 0 0
NATURE 14 0 0 0 11 3 14 0 1 1 0 0 4 3 0 10 4 0 1 0 3 14
OFFICE 3 5 2 5 18 20 0 4 5 4 15 5 0 16 6 0 7 10 1 0 0 0
OPEN 1 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 2 2 2 0 0 0

POLICE 3 46 0 8 1 1 0 0 1 5 0 0 21 5 0 0 1 0 1 0 0 0
PUBLIC 0 0 0 0 2 0 0 0 0 3 9 0 1 4 0 2 1 1 0 0 0 0
SCI-FI 9 30 0 0 0 0 1 0 1 14 0 1 0 20 1 0 1 0 1 0 0 37

SPORTS 2 0 0 1 11 8 0 0 3 6 13 1 1 12 0 10 0 13 12 0 0 9
TRANSPORTATION 1 5 0 43 26 47 0 0 5 8 0 1 15 72 0 26 6 1 14 2 0 2

Table 1. The distribution of 2,140 clips by its semantic (row) and onomatopoeia categories (column).

mans, the spectral centroid and the roll-off frequency measure are
a measure of perceptual brightness of the audio signal. These fea-
tures are popular in generic audio classification task [15]. By frame-
based analysis the features were extracted every 10 millisecond with
a Hamming window of 20 millisecond length.
3.3. Classifiers
For the audio classification task, two data-driven algorithm are used:
Support Vector Machines (SVM) with radial basis kernel function
(RBF) and k− nearest neighbor (KNN) [16]. In SVM classifica-
tion, the algorithm learns a separating hyperplane between the cat-
egories in a high-dimensional representation space. The algorithm
proceeds by optimizing generalized error bounds [17]. The binary
learning/classification procedure is extended to the multi-class prob-
lem by using the one-against-all scheme and optimization procedure
as explained in [18]. The KNN classifies a given sample according to
the label of its k nearest neighbors. The similarity measure between
a given sample and the samples in the training set in the representa-
tion space is given by the vector dot product in the latent perceptual
space as [19]:

Similarity(f̃k, f̃i) = cos
−1

(
(ũk × S̃) · (ũi × S̃)

‖ ũk × S̃ ‖ · ‖ ũi × S̃ ‖

)

Here, × is the vector-matrix product, (·) is the dot product between
two vectors and ‖ ‖ is the vector length. The vector characterizing
the ith audio clip in the database fi (the ith row of F ) is represented
by f̃i the ith row of Ũ · S̃ in LPS.

The classification is evaluated by ten-fold cross-validation. In
this, 10% of the whole database is chosen as the test set and the re-
maining were retained as the train set. This is repeated ten times
(without replacement) and the final result is the average of these
repetitions. This procedure is also used to determine the parame-
ter value of the RBF kernel and the error-tradeoff. Additionally, an
average baseline chance-level performance is also estimated. This
is dependent on data distribution amongst the categories. It indi-
cates the performance of the system if the labels of the given test
clips are randomly assigned from the train set instead of predicting
using the proposed approach. To represent an audio clip in the test
set (not part of the initial collection of training set), the number of
feature-vectors of the query in each of the N reference clusters is
first estimated. This results in aN dimensional vector x similar to a
row of F . This can be seen as an additional row of F , and assuming
S and V remain the same, we can express:

x = ux × S · V T

Here ux is the additional row inU corresponding to x. For similarity
measurement we need to estimate ux · S. From the above equation
we get the representation of the query audio clip as:

x̃ = ũx × S̃ = x× Ṽ

By using this and the similarity measure, it is possible to predict the
label of an unknown clip x by the set {Rx} that is the closest.

For each classifier, four types of evaluation were conducted ac-
cording to the labeling scheme. The predicted class for a given sam-
ple from the test set is assumed to be correct if: (1) the onomatopoeia

label is correct [O only], (2) the semantic label is correct [S only],
(3) both onomatopoeia and semantic label are correct [O × S], (4)
either onomatopoeia or semantic label is correct.[O + S]. For each
case the classification accuracy is calculated as:

A =
No. of correctly classified instances
Total no. of instances in test set

(1)

F-score =
2 · P · R

(P + R)
(2)

where,

P = avg

(
No. of correctly classified instances in class C

Total instances in test set

)
(3)

R = avg

(
No. of correctly classified instances in class C

Total instances in test set from class C

)
(4)

Here, P and R are precision and recall rates respectively. The val-
ues are averaged over the different categories. Calculating P and R
for the first two cases is straightforward. In the third case, a given
sample is correctly classified if its onomatopoeia and semantic la-
bels are correctly classified. In the fourth case, a given sample is
correctly classified if either its onomatopoeia or its semantic label is
correctly classified. In the next section, the results, its interpretation,
and further discussions are presented.

4. RESULTS AND DISCUSSION
The change in average classification accuracy as a function of num-
ber of reference clusters (value of N ) is shown in figure 2. It can
be seen that for both the onomatopoeia and the semantic labeling
schemes the classification accuracy is well above baseline chance-
level. The plot to the left shows the performance of KNN classi-
fier. For this, k = 3 was experimentally determined to give the
best performance. The plot to the right shows the performance of
SVM using RBF kernel. For both classifiers, it can be seen that in-
creasingN results in better classification accuracy, however the gain
in performance is not significant after N = 2000. For the KNN
classifier, N = 8000 was found to give best performance, and for
SVM, N = 2000 was best. The corresponding F-score is also indi-
cated. For SVM, a slight performance degradation can be observed
for N > 2000, this may be specific to the classifier and the choice
of the values of the parameter of the RBF kernel. The classifica-
tion results for onomatopoeia categories are perceptually meaning-
ful. Table 2 lists some examples of onomatopoeia categories and its

KNN Classifier SVM-RBF Classifier
Category Confused with: Category Confused with:
TAP Clatter, Thud TAP Clatter, Crunch

TWEET Squeak, Gabble TWEET Squeak, Hum
MEOW Burr, Squeak BURR Hum, Clatter
HONK Gabble, Beep DONG Beep, Buzz
THUD Clatter, Tap CLATTER Tap, Hum

Table 2. Onomatopoeic categories and their most confusion cate-
gories.
respective most confusing categories. It can be seen that the classifi-
cation is perceptually meaningful implying that proposed framework
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Fig. 2. Performance of classifiers as a function of number of reference clusters (N). Left- K=3 NN classifier, Right- SVM with RBF kernel

is able to handle perceptual categories of audio appropriately.
In figure 2, for both classifiers, the classification performance of

the semantic labeling scheme is superior to the onomatopoeia label-
ing scheme by about 3− 5%. This can be attributed to the difficulty
in mapping specific acoustical properties of sources to onomatopoeia
labels. The primary reason for this is the loose subjective definitions
of onomatopoeia words. For example, how different is Tap from
Thud or Hum from Buzz? Making such distinctions when manually
identifying the onomatopoeia category of audio clips is difficult. In
the case of semantic labels, however, the labeling can be more spe-
cific and less prone to confusion. For both classifiers, the [O+S]
scheme has the highest performance (about 61% average accuracy)
, and the [O×S] has the least (about 40%). This implies predict-
ing both the onomatopoeia label and the semantic label for a given
test sample is more challenging than predicting either one of them
correctly. This is because for the predicted label to be correct in
the [O×S] case, both the onomatopoeia label and the semantic la-
bel need to be correct (only one correct possibility for each sample),
however in the [O+S] case, if either one of them is correct (three pos-
sibilities), the prediction is assumed to be correct. The performance
of [O+S] > [O only] and [S only], indicating the proposed method
can appropriately capture perceptual qualities of audio along with
its semantic categorization. Overall, the performance of SVM and
KNN classifiers are comparable except for the [O×S] case. This
again may be specific to the classifier and the values of the parame-
ters used for training.

5. CONCLUSION
In this paper, a framework for audio classification system using
unit-document co-occurrence measure is presented. In the proposed
method, a given clip is first characterized by quantizing the feature-
vectors extracted from the audio clip into reference clusters. These
clusters are derived by unsupervised clustering of the whole set of
feature-vectors extracted from the library of clips. Then, using the
basis derived through singular value decomposition, it maps the clip
into a latent perceptual space (LPS). Classification of an unknown
audio clip is performed by mapping it to this representation space.
Since the initial reference clusters have distinct perceptual character-
istics, the resulting vector representation of audio clips is according
to their perceptual qualification in the LPS. The performance of the
system was tested for two categorization schemes of the clips: by its
semantic labels and by its onomatopoeic labels. While the semantic
labels describe the high-level category of the audio event, the ono-
matopoeia labels describe the acoustic properties of the clip. The
representation scheme and the classification by the dual-labeling of
audio clips remain the main contributions of this work. Each scheme
has its advantages and limitations, but, having them together in a
single framework makes the system more flexible as each labeling
scheme addresses the limitation of the other. The obtained results

are encouraging and suggest that the proposed framework can han-
dle both semantic and onomatopoeic categorization of audio. It
also indicates that it appropriately captures perceptual similarities
between acoustic sources.

The approach presented here can be applied to audio infor-
mation retrieval, event detection, context recognition and genre
classification. These ideas are a part of our ongoing and planned
future work.
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