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Research background

The facts of respiration symptoms from World Health
Org.(WHO)

1. Many kinds of respiration diseases, worldwide spread,
e.g.239million people suffering from asthma.

2. Chronic disease or cannot be cured, by well treatment
works for higher life quality.

3. Early and effect diagnosis is of crucial importance
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Research background
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Research background

Goal: supporting respiration symptom early diagnosis

I o

Respiration sounds: healtf@ommon)+ symptom (Seldom)

e e o

Anomaly detection by the proposed system

Normalparts Abnormalsections recording:
' Discard the healthy sections suspectedymptoms

Further dagnosis bydoctor

@ IEEE Sensor Application Symposium, Brescia, Italy, Feb. 8", 2012

S



Research background

Requir ements for computerized respiration diagnosis

1. Suitable for each individual with variation adaptation

2. High detection performance, especially for early diagnosis

3. High efficiency for reatime operation and hopefully low
cost for wide applications.

Algorithm interpretation:

1. Unsupervised manner for different individual
2. Online scheme for seddaptation

3. Algorithm effectiveness and efficiency
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The proposed approach
The FLAature extraction

Acoustic feature extraction: -
Stactired solindes 2o agre oo JUs
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pre-defined model: respirations




The proposed approach

The FLABature extraction method

Acoustic signals: Features:

MFCC (Mel-frequencycepstrakcoefficients)
LPC (Linear Predictive CodepubbandEnergy
ZCR (ZereCross Rate), Pitclg pe ct r 0 ¢

+ Structured sounds: (30years more)

Features:

+ Unstructured sounds:(new,2005--) aeaae

Utilizing the new feature for respiration analysis (FLAC)
J. Ye e l-basetl Sports Aightight ®etection BgpurierL ocal
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The proposed approach
The FLAC feature

& 1. Taking advantage abmplexspectrogram, not rely on the
magnitude only.

FFT

a+bi= @*\

Magnltude

& 2. Extracting the timérequency domain dynamics features for
representing unstructured sounds.
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The proposed approach

The FLABature extraction method

Recent advancements on using phase information

Rajan P., S. H. KParthasarathiet al. (2009).Robustness of
Speaker Recognition. Proc. INTERSPEECH, 2009.

Longbiag W., K. Minami, et al. (2010Speaker identification by
In noisy environments. Acoustics Speech and Signal Processing
(ICASSP), 2010EEEInternationalConference on.

Saratxagalbon/ Herndezlnma/ Odriozolg Igor Navas Eva/Luengq lker / Erro, Daniel
(2010): " to improve ASR rate", INTERSPEECH

2010, 11851188.

Window Sira ims

Do magnitude + phase! 10

Source L.Liu,J.HeandG.Palm o0 Ef plmeins tdfe percepti on of
Speech Communication, Vol.22 No. 4, pp.43%, Sept. 1997
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The proposed approach

The FLABature extraction method
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The proposed approach

The FLABature extraction method

} Detalls in FLAC feature extraction a+bi A 60  Phase+magnitude
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The proposed approach
Theanomaly detection framework

d, : Abnormality index:

onent Analysis)
| decomposition

SAbnormal
d;

Principle compo 5, between classes

1(99.001%)

1 3 % 7 #

4(0.065%) te rfe re n Ce

nvl\vn\,nvnui\vnvn\ | M Atliners
1 B 5w M n orm bnorma -

Source:HassaniHossein(2007):Singular Spectrum Analysis: Methodology and Comparison.
Journalof Data Science , Vol. 5, No. 2 (01. April 2007): pp. 238 .
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The proposed approach

Theanomaly detection framework

[ Tung sounds: Normal + Symptoms_| Sequentia

“yele estimation ' input
gﬁle fﬁegﬁaﬁ:ism Imn} Framed Fourier Transform | P
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| FLAC Feature Extraction |
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| Mel filter bank e Timel
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: Training updating
Trained Normal
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Experimentavalidation

Dataset Introduction: stethoscope recordings at
44.1 kHz with 16bit quantization.

Healthy
respiration Symptom respiration sounds
sounds
Adventitious symptoms Breath symptoms
Class1 Fine crackle, Bronchiectasis,
Normal Bronchial stenosis, Asthma,
Tracheobronchial stenosis,

g Pulmonary fibrosis Spontaneous pneumothorax,
ymptom .. - - ; .
- {Interstitial pneumonia), Retention of pleural effusion|

rESPIl’aT.l[Jn .

Coarse crackle, Rhonchus Atelectasis,
sound data S i ;
Adult respiration distress Tracheal stenosis
syndrome (ARDS), Wheeze, Hemopneumothorax,
Pneumonia, Expectoration Enhanced respiration
Congestive heart failure, C| 2
Pulmonary edema ass
stethocatharsis sedimentation Abnormal
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