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SINTEZA LUCRARII DE DISERTATIE

Tehnici de recunoastere a sunetului ambiental

Tn aceasta lucrare de disertatie s-a urmarit problema constientizarii contextului ambiental pe baza unei
analize de semnal acustic. Pentru validarea sistemului propus s-au utilizat cinci clase diferite de
semnale audio. S-a dorit o rata de recunoastere de peste 90%.

Prima etapa a constat in extragerea caracteristicilor semnalelor acustice: coeficientii Mel cepstrali
(MFCC). Numarul coeficientilor a fost variat de la 10 la 28 (cu sau fara energie). Unul dintre obiective
a fost studiul influentei numarului de coeficienti asupra ratei de recunoastere. A doua etapa a fost
clasificarea propriu-zisa a semnalelor audio. Pentru aceasta s-au testat 44 de clasificatori de tip:
Multilayer Perceptron (MLP), k-Nearest Neighbor (kNN), Random Forests (RF), Support Vector
Machines (SVM) etc. S-a obtinut o acuratete de peste 90% pentru 14 clasificatori cand nu s-a luat in
calcul energia, respectiv pentru 27 de clasificatori cand s-a considerat si energia, indiferent de numarul
coeficientilor MFCC utilizati. Un alt obiectiv a constat Th optimizarea parametrilor clasificatorilor cu
cele mai bune performante, pentru cadrul considerat. Tn urma optimizarii, cele mai bune rezultate s-au
obtinut pentru k-NN: 99.91% (10 coeficienti MFCC, cu energie), SVM: 99.85%, RF: 99.69% si MLP:
99.47% (28 de coeficienti MFCC, cu energie).

Environmental Sound Recognition Techniques

In this dissertation thesis, the problem of environmental awareness was investigated based on acoustic
analysis. Five different classes of audio signals were used to validate the proposed system. A
recognition rate greater than 90% was desired.

The first step was to extract the acoustic signals features: Mel frequency cepstral coefficients (MFCC).
The number of coefficients ranged from 10 to 28 (with or without energy). One of the objectives was to
study the influence of the number of coefficients on the recognition rate. The second step was the
proper classification of audio signals. For this, 44 classifiers such as Multilayer Perceptron (MLP),
k-Nearest Neighbor (kNN), Random Forests (RF), Support Vector Machines (SVM), etc. were tested.
An accuracy greater than 90% was obtained for 14 classifiers when energy was not considered,
respectively for 27 classifiers when energy was considered, regardless of the number of MFCC
coefficients used. Another objective was to optimize the parameters of the best performing classifiers
for the considered framework. Following optimization, the best results were obtained for kNN: 99.91%
(10 MFCC coefficients, with energy), SVM: 99.85%, RF: 99.69%, and MLP: 99.47% (28 MFCC
coefficients, without energy).
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