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ABSTRACT

Most elderly people monitoring systems include the detection
of abnormal situations, in particular distress situations, as one
of their main goals. In order to reach this objective, many so-
lutions end up combining several modalities such as video tra-
cking, fall detection and sound recognition, so as to increase
the reliability of the system. In this work we focus on daily
sound recognition as it is one of the most promising moda-
lities. We make a comparison of two standard methods used
for speaker recognition and verification : Gaussian Mixture
Models (GMM) and Support Vector Machines (SVM). Ex-
perimental results show the effectiveness of the combination
of GMM and SVM in order to classify sound data sequences
when compared to systems based on GMM.

Index Terms— Sound classification, Gaussian Mixture
Models, Support Vector Machines

1. INTRODUCTION

The number of elderly people living alone in many coun-
tries has been steadily increasing for decades. In the last few
years, many monitoring projects for elderly people have been
proposed, each with its own set of solutions. The most com-
mon goals of such systems, regardless of the technologies in-
volved, is to keep elderly people living in their homes as long
as possible, to increase their safety and to help them to remain
autonomous. Another motivation with regard to these systems
is a better management of human and material resources.

Sound is one of the most promising modalities, not only
because of the huge amount of information it carries about
the elderly and their environment, but also because of the in-
expensiveness, the high quality and the low intrusion level of
the sensors. In the same time the sound recognition is a diffi-
cult task because of the very large number of types of sounds,
because of the large variability of the same sound and because
of the noise presence ; therefore the sound analysis will be
coupled with other modalities. This makes them more accep-
table to this population in comparison to other types of sen-

This work is a part of the Sweet-Home project founded by the French
National Research Agency (Agence Nationale de la Recherche / ANR-
09—VERS-011)

sors like video cameras. Moreover, sound can be an ergono-
mic and natural communication solution between the subject
and their environment via voice-command. Auditory Scene
Analysis (ASA) aims at separating and recognizing the en-
vironmental sounds [1] in order to infer a real-life situation
from one or many acoustic events. One common application
is the separation of voice and non-voice signals to increase
the reliability of an automatic speech recognition system. In
the field of technological solutions for assisted living certain
sound classes such as screaming or crying can reveal an ab-
normal situation. However, the great variation of sounds and
the presence of noise may considerably affect the efficiency
of this modality making it very challenging. This work is part
of the Sweet-Home project whose goals are to enable audio-
based interaction of elderly and frail people and to provide
them a higher safety and security level through the detection
of distress situations.

Sound recognition methods have taken advantage of the
maturity of speaker recognition methods such as GMM,
HMM and SVM. [2] [3]. Our significant contribution is to in-
vestigate in this paper the combination of GMMs which are a
generative model, and the discrimination power of the kernel
method SVM via the use of sequence discriminant kernel [4].
First results show that the combination of SVM and GMM
increase the performance of the system.

The paper is organised as follows. In section 2 there is an
outline of GMM-based systems and some of the most com-
monly used combinations of GMM and SVM systems and the
details of the chosen method : GMM based on Supervectors
Linear kernel. In section 3 we report the sound database used
in our experiments, the sound features, the test protocol and
the results obtained. In section 4 we report our conclusions
and perspectives.

2. SOUND CLASSIFICATION APPROACHES

2.1. Gaussian Mixture Models

Gaussian mixture model classifiers [5] [6] have been used
successfully for speaker recognition and verification and they
have become a standard tool. This has encouraged their appli-
cation in other sound classification tasks such as normal life
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sounds [2] [7]. The basic idea of GMM classifiers applied to
sound recognition is to consider a sound signal as a sequence
of independent observations. The score of the whole sequence
is then computed as the product of the vector’s likelihood :

p(X|λ) =
T∏
t=1

p(xt|λ) (1)

where X is a sequence of length T . p(xt|λ) is the likeli-
hood of vector xt given a mixture model λ :

p(x|λ) =
C∑
i=1

wiN (x|mi,Σi) (2)

where x is a feature vector of dimension d, wi are the
weights of the C gaussians N (mi,Σi), mi is the mean and
Σi the covariance.

2.2. Support Vector Machines and Sequence Discrimi-
nant Kernels

Support Vector Machines [8] [9] is a discriminative me-
thod that has been used in many data classification applica-
tions in recent years. Its main advantage is its ability to clas-
sify data in a non-linear space thanks to kernel functions :

f(x) =

Nsv∑
i=1

αiyiK(x,xi) + b (3)

where xi are the support vectors chosen from training data
via an optimisation process and yi ∈ {−1,+1} are respecti-
vely their associated labels. K(x,xi) is the kernel function
and must fulfill some conditions :

K(x,y) = Φ(x)tΦ(y) (4)

where Φ is a mapping from the input space to a possible
infinite-dimensional space.

The use of SVMs at frame level, as in the case of GMMs,
shew its limitations for speaker recognition[10] and sound
recognition[11] in terms of efficiency and training time as the
number of frames increases. Sequence discrimination kernels
[12] were proposed to overcome this problem by directly dis-
criminating sequences of arbitrary length instead of operating
the discrimination on the vectors which they compose. The
Fisher kernel [4] is a score-space kernel that uses generative
models to map a whole sequence into an unique high dimen-
sional vector. The Fisher mapping is defined as follows :

ΨFisher(X) = ∇θ logP (X|θ) (5)

This sequence kernel was used for speech and speaker
recognition[13][14] and speaker verification [15].

In [16], the general definition of a sequence kernel is :

K(X,Y ) = Φ(X)tR−1Φ(Y ) =
(
R− 1

2 mX
)t (

R− 1
2 mY

)
(6)
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where Φ(X) is the high-dimensional vector resulting
from the mapping of sequence X and R−1 is a diagonal nor-
malization matrix. In [16], there is also a comparison made
between two sequence kernels for speaker verification. The
first kernel is the Generalized Linear Discriminant Sequence
Kernel (GLDS) proposed initially for speaker and language
recognition[17][18]. The second kernel is the GMM Super-
vector Linear kernel (GSL) [19] [16]. The GSL gave better
performance and thus justify our choice.

2.3. GMM based on Supervector Linear Kernel

The map function of the GSL kernel ΦGLS uses a GMM
Universal Background Model (UBM) of diagonal covariances
to map a sequence of vectorsX extracted from one signal into
an unique high-dimensional vector mX (8). The sequence is
used to perform an adaptation of the mean vectors of the UBM
via a MAP procedure [20]. In order to compute the kernel K
as in equation (6), we define as ΦGSL(X) the supervector
composed of the stacked means from the UBM components.

ΦGSL(X) = mX


mX

1

mX
2

. . .
mX
C

 (7)

The normalization matrix R−1 is defined using the
weights and the covariances of the UBM model :

diag(R− 1
2 ) =


√
w1Σ

− 1
2

1√
w2Σ

− 1
2

2

. . .
√
wCΣ

− 1
2

C

 (8)
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Table 1. Sound dataset classes
Sound class # of files Total duration (sec.)
Breathing 50 106.44
Cough 62 181.69
Dishes 98 303.77
DoorClapping 114 62.70
DoorOpening 21 138.94
ElectricalShaver 62 420.33
FemaleCry 36 268.19
FemaleScream 70 216.83
GlassBreaking 101 99.52
HairDryer 40 224.86
HandsClapping 54 218.65
Keys 36 166.34
Laugh 49 272.65
MaleScream 87 202.11
Paper 63 330.66
Sneeze 32 51.67
Water 54 484.72
Yawn 20 95.87

3. EXPERIMENTS

3.1. Sound dataset

In order to compare GMMs and SVM using a GSL for
daily sound recognition, we have used a database of 18 sound
classes representing some human sounds and some human ac-
tivity sounds. The sound files are 16KHz sampled wave files
and were either recorded using a microphone or downloaded
from Internet. The database can be acquired on request to the
authors. Table 1 shows the sound classes and the correspon-
ding number of files. We used 16 MFCC (Mel-Frequency
Cepstral Coefficients) feature vectors extracted every 8 ms
using a 16 ms Hamming window [21] [22].

The influence of the stationnary noise produced by a va-
cuum cleaner was also studied. The noise was added to useful
signals in order to obtain an average Signal to Noise Ratio
(SNR) of 5, 10 and 50 dB.

3.2. Test protocol

The sound database is divided into three equal parts. The
first part is used to create the GMM models as well as the
UBM model. The second part is used to test both systems and
the third part, it is employed to generate the supervectors used
for the SVM training.

The GMM models contain from 25 up to 50 components
per class. For the SVM GSL system, we used an UBM of
512 and 1024 components which gives supervectors of 8192
and 16384 dimensions respectively. The SVM multiclasses
classification is achieved using a one-to-one scheme (a com-

Table 2. Comparative recognition performances for GMM
and SVM GSL

Method Good Recognition Ratio
GMM 0.69 ±0.0028
SVM GSL 0.75 ±0.0028

bination of 2 classes SVMs). We used the Alize library [23]
to create and update the Gaussian models and to generate the
supervectors. For SVM, we used the libsvm library[24]. The
Global Score is calculated as the average score of the indivi-
dual classes scores in order to normalize with the number of
files in each class.

3.3. Results

Table 2 shows that the SVM GSL system outperforms the
GMM system ; the improvement is about 8%. The best per-
formances was obtained using an UBM of 1024 components.
The Table 4 show the confusion matrix of the GSM GSL me-
thod. We can observe that breathing sounds are at most consi-
dered like door opening sounds which has 100% recognition
rate and Dishes sounds are confused with Hands Clappings
sounds, another class with a good recogniation rate (94%).
The explanation can be based on the spectral contenance of
the sound class in the spectrum of the other one.

The noise influence was studied for a stationnary noise
which has long duration and in real condition can be simul-
taneous to a domotic sound. For the experiments the vacuum
cleaner noise was choosen. We can observe in the Table 3 that
SVM GSL system increasis the performances with about 18%
for SNR between 5 and 10 dB.

4. CONCLUSION AND PERSPECTIVES

Advances in SVM sequence discriminant kernels have
led to better performances compared to GMM systems in the
fields of speaker recognition and verification in the recent
years, and they have become a standard tool. In this work we
have tested the GSL kernel which has shown good results over
the classical GMM system for the daily sound recognition.

Another main point in perspective is the fact that several
everyday sounds are actually very distinguishable from other

Table 3. Good Recognition Ratio in the case of noise presence

Method Good Recognition Ratio for a SNR
Without Noise 5 dB 10 dB 50 dB

GMM 0.69 0.47 0.52 0.66
SVM GSL 0.75 0.55 0.62 0.72
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sounds and thus could be recognized at a lower level using
simpler features such as signal shape, which might lead to
hierarchical classification schemes.
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Breathing 6/17 1/17 0/17 0/17 6/17 0/17 0/17 0/17 0/17 0/17 0/17 2/17 0/17 0/17 2/17 0/17 0/17 0/17
Cough 0/21 15/21 0/21 0/21 0/21 0/21 0/21 0/21 0/21 0/21 0/21 0/21 4/21 0/21 2/21 0/21 0/21 0/21
Dishes 0/33 1/33 12/33 0/33 1/33 0/33 0/33 3/33 2/33 0/33 13/33 0/33 0/33 1/33 0/33 0/33 0/33 0/33
Door 0/38 0/38 0/38 38/38 0/38 0/38 0/38 0/38 0/38 0/38 0/38 0/38 0/38 0/38 0/38 0/38 0/38 0/38Clapping
Door 0/7 0/7 0/7 0/7 7/7 0/7 0/7 0/7 0/7 0/7 0/7 0/7 0/7 0/7 0/7 0/7 0/7 0/7
Opening
Electrical 0/21 0/21 0/21 0/21 0/21 21/21 0/21 0/21 0/21 0/21 0/21 0/21 0/21 0/21 0/21 0/21 0/21 0/21
Shaver
Female 0/12 3/12 0/12 0/12 0/12 0/12 8/12 1/12 0/12 0/12 0/12 0/12 0/12 0/12 0/12 0/12 0/12 0/12
Cry
Female 0/24 1/24 1/24 0/24 0/24 0/24 0/24 20/24 0/24 0/24 0/24 0/24 0/24 2/24 0/24 0/24 0/24 0/24
Scream
Glass 0/34 3/34 0/34 3/34 0/34 0/34 0/34 0/34 27/34 0/34 0/34 0/34 0/34 0/34 1/34 0/34 0/34 0/34
Breaking
Hair 0/14 0/14 0/14 0/14 0/14 0/14 0/14 0/14 0/14 14/14 0/14 0/14 0/14 0/14 0/14 0/14 0/14 0/14
Dryer
Hands 0/18 1/18 0/18 0/18 0/18 0/18 0/18 0/18 0/18 0/18 17/18 0/18 0/18 0/18 0/18 0/18 0/18 0/18
Clapping
Keys 0/12 0/12 0/12 0/12 0/12 0/12 0/12 0/12 0/12 0/12 1/12 11/12 0/12 0/12 0/12 0/12 0/12 0/12
Laugh 0/17 10/17 1/17 1/17 0/17 0/17 0/17 0/17 0/17 0/17 0/17 0/17 3/17 1/17 0/17 1/17 0/17 0/17
Male 0/29 2/29 0/29 0/29 0/29 0/29 0/29 0/29 0/29 0/29 0/29 0/29 0/29 27/29 0/29 0/29 0/29 0/29
Scream
Paper 0/21 1/21 0/21 0/21 0/21 2/21 0/21 0/21 1/21 0/21 0/21 0/21 0/21 0/21 17/21 0/21 0/21 0/21
Sneeze 0/11 0/11 0/11 0/11 0/11 0/11 0/11 0/11 0/11 0/11 0/11 0/11 0/11 0/11 0/11 11/11 0/11 0/11
Water 0/18 1/18 0/18 5/18 0/18 0/18 0/18 0/18 0/18 0/18 0/18 0/18 0/18 0/18 0/18 0/18 12/18 0/18
Yawn 3/7 0/7 0/7 0/7 0/7 0/7 0/7 0/7 1/7 0/7 0/7 0/7 1/7 0/7 0/7 0/7 0/7 2/7

Table 4. Confusion Matrix of SVM GSL
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