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ABSTRACT

This submission to the sub-task scene classification of the IEEE
AASP Challenge: Detection and Classification of Acoustic Scenes
and Events is based on a feature extraction module in three dimen-
sions (spectral, temporal and spatial). Spectral featuresare based on
Mel frequency cepstrums coefficients, temporal features are based
on an event density extractor and the spatial features are based on
the extraction of inter-aural differences (level and temporal) and the
coherence between the two channels of stereo recordings. After fea-
ture selection, the features are used in conjunction with a support-
vector-machine for the classification of the sound scenes. In this
short paper the impact of different features is analyzed.

Index Terms— mfcc, support vector machine, sound scene,
machine learning, binaural

1. INTRODUCTION

This short paper describes a submission for the scene analysis’s
challenge. The system designed has a feature selection unitcom-
posed by different feature extractors in three dimension (temporal,
spectral and spatial). The different features are combinedand the
most statistically relevant features are selected to traina support-
vector-machine (SVM) classifier. Figure?? gives an overview of
the whole system. The following subsections give more details on
each of processing block of the diagram.

2. METHODS

2.1. Spectral Features

The spectral features are based on the commonly used mfcc and
we used the rastamat implementation [4] .The stereo soundtracks
formed by the left and right channels (x1 andx2) sampled at 44.1
kHz are mixed by taking the average of each sample between theleft
and right channel and processed using a short-time Fourier magni-
tude spectrum calculated over a 20-ms window every 10 ms. The
spectrum of each window is converted into to the Mel frequency
scale, and the log of the Mel bands is computed. Finally, discrete
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Figure 1: Block diagram of the scene classification system.

cosine transform (DCT) is applied to the Mel bands to decorrelate
the data. For each audio file we took 13 mfcc.

Two sets of mfcc’s were extracted, the first subset takes 40 Mel
bands for the frequency range comprised between 0Hz and 900 Hz.
The mean and standard deviation of the 13 cepstral coefficients were
extracted for each sound file. Additionally the mean and standard
deviation of 12 delta coefficients, where the delta was computed in
the cepstral dimension (and not in the common temporal dimension)
were extracted. We will term these features as ledtas instead of
deltas following the name convention spectrum-cepstrum.

The second subset decomposes each sound file into 40 Mel
bands for the frequency range comprised between 900Hz until10
kHz. Next, only the mean of 13 cepstral coefficients is extracted.

In total 13+13+12+12+13= spectral features were extracted.

2.2. Temporal Features

Two types of temporal features are extracted. On the one handwe
wanted to describe the temporal evolution of the mfcc’s. To achieve
this new mfcc’s consisting of 13 cepstral coefficients out of40 Mel
bands on the frequency range from 0 Hz until 10 kHz were cal-
culated. Next the amplitude variation of the DCT coefficients at
4 different modulation rate ranges (0-2Hz, 2-5Hz, 5-10Hz and 10-
20Hz). The 4 modulation rates were estimated for each of the 13
mfcc coefficients forming a total of 13x4 features for each sound
file. An additional feature extracting the total standard deviation of
the 13 mfcc was computed.

Second we wanted to estimate the amount of events happening
in each sound file. The hypothesis is that some acoustic scenes tend
to contain more acoustic events than others. For this we usedthe
event density estimator implemented in the Mirtoolbox [3].

In total 13x4(mfcc 4-band modulation) + 1(mfcc global sd) +
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1(event density) = 54 temporal features were extracted.

2.3. Spatial Features

Because the audio data set provided has two channel stereo infor-
mation, and motivated by the fact that some scene classes might
differ from each other by their binaural characteristics, we decided
to extract binaural features form the scene. As an example, the class
train might be dominated by the sound emitted by the train where
the microphone was placed whereas the class tube station might be
dominated by the sound of trains passing by. We expect the sound
from both classes (train and tube station) to have similar tempo-
ral and spectral features but the balances between the left and right
chanels might be different for each class.

The spatial feature extractor uses a model of binaural hearing
[2] to estimate intereaural time differences (ITD) and interaural
level difference (ILD). Additionally the interaural coherence (IC)
is extracted.

The ITD and IC are estimated from the normalized cross-
correlation function. Givenx1 and x2 for a specific center fre-
quencyfc, at the index of each samplen, a running normalized
cross-correlation function is computed according to:

γ(n,m) =
a12(n,m)

√

a11(n,m)a22(n,m)
, (1)

where

a12(n,m) = αx1(n−max{m, 0})x2(n−max{−m, 0})

+(1− α)a12(n− 1,m),
(2)

a11(n,m) = αx1(n−max{m, 0})x1(n−max{m, 0})

+(1− α)a11(n− 1, m),
(3)

a22(n,m) = αx2(n−max{−m,0})x2(n−max{−m, 0})

+(1− α)a22(n− 1, m),

(4)

andα [0,1] determines the time constant of the exponentially de-
caying estimation window

T =
1

αfs
, (5)

wherefs is the sampling frequency,γ(n,m). The ITD (in samples)
is estimated as follows:

τ (n) = argmax
x

{γ(n,m)}. (6)

c12 = max
m

{γ(n,m)}. (7)

This estimate describes the coherence of the left and right ear
input signals. In principle, it has a range [0,1], where 1 occurs for
perfectly coherentx1 andx2.

The ILD is computed as

∆L = 10log10(
L2(n, τ (n)

L1(n, τ (n))
), (8)

where

L1(n,m) = αx
2
1(n−maxm,0 + (1− α)L1(n− 1,m)), (9)

L2(n,m) = αx
2
2(n−max−m, 0)+(1−α)L2(n−1, m), (10)

Finally the cue triplets∆L(n), τ (n), c12(n) are obtained. Fol-
lowing different considerations the same method as specified in ??
was used to select ITD and ILDs cues.

For each sound track and for 3 different frequencies (250Hz,
500Hz and 1000Hz) we the mean and the standard deviation for
∆L(n), τ (n), c12(n). This gives a total of 3 frequencies x 3 triplets
x 2 (mean and std) = 18 binaural features.

2.4. Feature Selection

All the features were combined forming a feature array of 63 +54 +
18 = 135 dimensions. Because of the relative large number of fea-
tures selected and to try to avoid over-fit we used feature selection.
We selected a subset of 35 features that delivered the highest Fisher
score [6].

2.5. Support Vector Machines (SVMs)

For classification we used a state-of-the-art supervised learning
method based on SVM. As it is well known, data items are pro-
jected into a high dimensional feature space, and the SVM finds a
separating hyperplane in that space that maximizes the margin be-
tween sets of positive and negative training example. Instead of
working in the high-dimensional space directly, the SVM requires
only the matrix of inner products between all training points in that
space, also known as the kernel or gram matrix. In our method
we used a linear distance between the examples to create the gram
matrixK(f, g)

K(f, g) = e
−γD(f,g)

. (11)

We use the so-called slack SVM that allows a trade-off between
imperfect separation of training examples and smoothness of the
classification boundary, controlled by a constantC that we vary in
the range101, 102, ..., 1010. Both tunable parametersγ andC were
chosen to maximize the classification accuracy over a held-out set
of validation data. After training an independent SVM modelfor
each concept, we apply the classifiers to summary features derived
from the audio files.

We evaluated the classifiers by calculating the confusion matrix
and obtaining the accuracy of the predicted classes.

3. EVALUATION

We evaluated our approaches using a fivefold cross validation on
the labeled collection of 100 audio files provided by the IEEEASP
challenge organizers. At each fold, SVM classifiers for eachcon-
cept were trained on 80% of the data, tuned on 20% and then tested
on the remaining 20%.

Next table presents the confusion matrix obtained with system
described in previous sections. The rows and columns correspond
in order with the following classes: 1 bus, 2 busystreet, 3 office, 4
openairmarket, 5 park, 6 quietstreet, 7 restaurant, 8 supermarket, 9
tube and 10 tubestation. The mean accuracy of our pilot experiment
after 5 folds was 69.47%.
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5 0 0 0 0 0 0 0 0 0
0 10 0 0 0 0 0 0 0 0
0 0 8 0 1 0 0 0 1 0
1 0 0 7 0 0 0 1 1 0
1 0 0 0 7 2 0 0 0 0
0 1 0 1 2 6 0 0 0 0
0 0 0 0 0 0 8 2 0 0
0 1 0 1 0 1 1 6 0 1
0 2 1 0 0 0 2 0 1 4
0 0 0 0 0 0 1 0 1 8

4. CONCLUSIONS

In this short paper we have described a method to classify sound
scenes based on spectral, temporal and binaural features. The rela-
tive large amount of features has been reduced by selecting some of
the using the Fisher’s method. This features have been used to train
a support-vector-machine-classifiers.
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