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|A APLICADA A SONS JA FAZ PARTE DO NOSSO DIA A DIA
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https://www.soundly.com/blog/best-ai-hearing-aids https://deccanchronicle.com/science/science/060322/cough-sound-based-ai-tech-to-detect-covid-tb.html




DETECCAO DE FALHAS EM EQUIPAMENTOS
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https://technologymagazine.com/ai-and-machine-learning/how-artificial-intelligence-detects-machine-failure



AQUISICAO DOS DADOS

" Para que essas aplicacoes sejam bem sucedidas, os dados devem ser
de boa qualidade. Como fazer isso?

= Equipamento adequado
= Interpretacao e tratamento de dados

= Para todos os fendmenos, nao so acustica!
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https://www.r-bloggers.com/2019/08/new-course-learn-advanced-data-cleaning-in-r/#google_vignette
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GRANDEZAS DIFERENTES PARA FINALIDADES
DIFERENTES
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https://www.bksv.com/pt/knowledge/blog/sound/sound-power-sound-pressure



https://www.bksv.com/pt/knowledge/blog/sound/sound-power-sound-pressure
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https://www.alamy.com/stock-image-the-decibel-scale-sound-level-163605701.html
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SONS

1.7 cm

O comprimento de
onda de uma onda
sonora de 20 kHz
(o limite superior
do alcance do
audio) éde 1,7 cm

Medidas em escala
logaritmica:

de 20 dBA a 162 dB

Se convertermos essa
proporcao em distancia,
a medicao se estendera
de um fio de cabelo a
mais de trés torres Eiffel
empilhadas umas sobre
as outras
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https://www.bksv.com/pt/knowledge/blog/sound/measurement-microphones



OUVIDO

OUTER EAR MIDDLE EAR INNER EAR

Stapes (attached to oval window)

Incus

Malleus Vestibular

labyrinth

Ear canal

Tympanic membrane
(eardrum)

R

Eustachian tube

Round window

https://www.bksv.com/pt/knowledge/blog/sound/anatomy-of-the-ear

High pressure at
®—— closedend,i.e.,
at the eardrum

Low pressure at
the ear canal’s @
open end

Ear canal length
ca2.5cm

1/4 wavelength

il
1

Wavelength in air at 3 kHz = 10 cm
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MICROFONES

Diametrosde 1, %, % e 1/8 de & R | , ety
polegada

Quanto maior o diafragma,
menos rigido e melhor para
detectar variacdoes menores
da pressao sonora

Tamanho do diafragma limita
a deteccao de frequéncias

. Diaphragm Diaphragm
com comprlmentos de onda 5 nanometres l 5 metres l
igual ou maior que o 1 )
diafragma
H B B N

https://www.bksv.com/pt/knowledge/blog/sound/measurement-microphones BBC f‘(DlJIC B&CL(DH[C’



https://www.bksv.com/pt/knowledge/blog/sound/measurement-microphones

COMO MANTER A QUALIDADE?

= Muitas vezes isso nao é possivel calibrar. O que fazer?

= Criar um procedimento de comparacao que possa ser utilizado com
frequéncia
" Fonte padrao, distancia fixa, ambiente controlado

" Quando fazer: periodicamente, depois de algum evento de atencao
(impacto, eventos naturais, mal uso...)
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POR QUE ISSO E IMPORTANTE PARA A
INTELIGENCIA ARTIFICIAL?

original 8x8 16x16 64x64

no noise weak noise

optimal noise high noise
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. . - . https://medium.com/@logycco/garbage-in-garbage-out-the-crucial-role-ot-quality-data-in-ai-model-accuracy-at4/86ae345b ] p PAULO
https://www.researchgate.net/figure/An-example-of-high-resolution-images-original-and-the-corresponding-low-resolution fig2 330125493 sotsmee



https://medium.com/@logycco/garbage-in-garbage-out-the-crucial-role-of-quality-data-in-ai-model-accuracy-af4786ae345b
https://www.researchgate.net/figure/An-example-of-high-resolution-images-original-and-the-corresponding-low-resolution_fig2_330125493
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SONS COMO SINAIS 1D (LINHAS)

ooooooo
oooooo



SONS COMO SINAIS 1D (LINHAS)
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SONS COMO SINAIS 1D (LINHAS)

Voz com e sem mascara
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| Figure 5 The acoustic impact of different face masks compared with when no face mask is worn. (Note: measurements were
made using a head and torso simulator manikin.) | .
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https://www.thieme-connect.com/products/ejournals/html/10.1055/s-0041-1735136 pormee




SONS COMO SINAIS 1D (LINHAS)

Classes sonoras em aparelhos auditivos

Spectral Profile
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Frequency Variation
Temporal Separation [ ]
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https://www.thieme-connect.com/products/ejournals/html/10.1055/s-0041-1735136



SONS COMO IMAGENS
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SONS COMO IMAGENS: MAPAS DE RUIDO

Nivel Sonoro em
dB(A)

IPT - )
. . . . http://www.inertance.com/noise/environmental-noise/?ckattempt=1 ] pt -- ls'ﬁgl.o

https://www.noisemap.ltd.uk/projects/london%20noise%20map/london%20noise%20map.html B
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SONS COMO IMAGENS: HOLOGRAFIA
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https://www.bksv.com/en/analysis-software/acoustic-analysis-software/noise-source-location/array-acoustics-options
https://www.semanticscholar.org/paper/Characterization-of-rocket-and-jet-noise-using-Wall-Gee/599e67ee4a4ea2293896c998b580e02c4cc6fe9e

SONS COMO IMAGENS: ESPECTROGRAMAS

Classificacao de sons ambientais
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https://www.nature.com/articles/s41598-021-83506-4/figsures/3



SONS COMO IMAGENS: ESPECTROGRAMAS

Deteccao de doenca

respiratoria
o Nature: Prevencao de erros em cirurgias
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Fig. 3. (a) Original wavelet. (b) STFT spectrograms of lung sounds. (c) ]pt '-mﬂ&o
Wavelet analysis matrix of lung sounds. E




SONS COMO IMAGENS: ESPECTROGRAMAS
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https://www.researchgate.net/figure/Comparison-of-different-time-frequency-representations-Top-Row-Original-speech-signal_fig1_354221432
https://pubs.aip.org/asa/jasa/article/146/5/3590/994832/Machine-learning-in-acoustics-Theory-and

CONCLUSAO

" Pré-processamento dos dados pode demandar mais tempo do que a
implementacao dos algoritmos

= E fundamental conhecer o fendmeno em que sera aplicada inteligéncia
artificial para obter melhores resultados
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