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Abstract: Due to the respiratory diseases such as chronic obstructive pulmonary disease and lower respiratory tract
infections nearly 8 million people were died worldwide each year. Reducing the number of deaths from respiratory diseases
is a challenge to be solved worldwide. Early detection is the most efficient way to reduce the number of deaths in
respiratory illness. As a result, the spread of infection can be suppressed, and the therapeutic effect can be enhanced.
Currently, auscultation is performed as a promising method for early detection of respiratory diseases. Auscultation can
estimate respiratory diseases by distinguishing abnormal sounds contained in respiratory sounds. However, medical staff
need to be trained to perform auscultation with high accuracy. Also, the diagnostic results depend on each staff subjectively,
which can lead to inconsistent results. Therefore, in some environments, a shortage of specialized health care workers can
lead to the spread of respiratory illness. To solve this problem, an application that analyzes respiratory sounds and outputs
diagnostic results is needed. In this paper, we use a newly proposed deep learning model to automatically classify the
respiratory sound data from the ICBHI 2017 Challenge Dataset. Short-Time Fourier Transform, Constant-Q Transform, and
Continuous Wavelet Transform are applied to the respiratory sound data to convert it into the time-frequency region. Then,
the obtained three types of breath sound images are input to CRNN (Convolutional Recurrent Neural Network) having scSE
(Spatial and Channel Squeeze & Excitation) Block. The accuracy is improved by weighting the features of each image. As
a result, AUC (Area Under the Curve): (Normal: 0.87, Crackle : 0.88, Wheeze : 0.92, Both : 0.89), Sensitivity : 0.67,
Specificity : 0.82, Average Score : 0.75, Harmonic Score : 0.74, Accuracy : 0.75 were obtained.

Keywords : Respiratory Sounds Classification, Computer Aided Diagnosis, Time-Frequency Analysis, Deep Learning
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Fig.3 Architecture of improved CRNN C&:::Ell)r‘;’tl:e
Freg. Max Pooling : Frequency Max Pooling,
GAP: Global Average Pooling *fnxn: Convolution with m X n kernel p channels
Table 1 Details of improved CRNN —/ :ReLU [HH: Global Pooling o(-) : Sigmoid
BN : Batch Normalization, ReLU : Rectified Linear Unit Fig.5 Outline of scSE block [22]
Layer Size/Stride Output Activation Table 2 Details of SSE block
Input -/- 40x40x9 -
Conv.1 3x3/1 40x40%96 BN, ReLU Layer Size/Stride Output Activation
Max Pooling 5x1/1 8x40x96 - Input -/- 40x40x96 -
Conv.2 3x3/1 8x40x96 BN, ReLU Conv.1 Ix1/1 40x40x1 Sigmoid
Max Pooling 2x1/1 4x40%96 - Multiply /- 40x40x96 N
Conv.3 3x3/1 4x40%96 BN, ReLU )
Max Pooling ax1/1 2x40%96 ) Table 3 Details of cSE block
Conv.4 3x3/1 2x40%96 BN, ReLU Layer Size/Stride Output Activation
Max Pooling 2x1/1 1x40%x96 - Input -/- 40x40x96 -
Reshape -/- 96x40 - GAP 2D -/- 96 -
Bi-LSTM -/- 192x40 BN FC1 -/- 12 ReLU
GAP 1D -/- 192 - FC2 -/- 96 Sigmoid
FC -/- 4 Softmax Multiply -/- 40x40x96 -
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FAZET, AEEF— I X BBEORT 2 L8

WETHL, %77 ADEL, ZNZ 41 Normal % 0.2,

Crackle % 0.5, Wheeze % 1.0, Both(Crackle & Wheeze) %
1.0 & &7 — & ¥k R L CRERMIZE L 72

BN, NAI8=I8F A—=F1F, Ny FH A X% 128,
RRIARY 7 8%x 100, FEHEZ 0005 &£ LTFEEIT-
7.

3. REREER

31 FRE T — 2O

AL TlE, ICBHI 2017 Challenge Respiratory Sound
Database = MR & L 72 EEZ1T9 .
126 N\DEF DS, BAMZEHE T H WAL 72 920 @0
BEZ 7 ANVCTHERING, G774 VIE, Y1 2
VT EIZXY) 5, Normal, Crackle, Wheeze, Both (Crackle
& Wheeze) DT NVHPMFEENT W5, %7 T ADOILH
1 27 V% Table 4 |Z7R

3.2 FHMEAE

AL T, 5 FEIREMGEC & A ERERFII 24T . 4%
77 ANZBIF A, ROC (Receiver Operating Characteristic) Hff
#RIZHD { AUC(Area Under the Curve) 3 & U8, ICBHI 2017

Table 4 Number of data points for each respiratory sound

Class Number
Normal 3642
Crackle 1864
Wheeze 886
Both (Crackle & Wheeze) 506
Total 6898

ZOTFT—=F+t v M,

Challenge Respiratory Sound Database O FFIFRIEIZ2ED <,
AS (Average Score) & HS(Harmonic Score), & L C4fKIE
fi# 3% (Accuracy) |2 & D EFli§ 2. AUC X5 HT 54200
IIADI L, WRETE 1007 T A%k, oo
JIARBMEL, K7 TABNETETHENT S, £
72, AS 1% SE(Sensitivity) & SP(Specificity) ® F- 3, HS (&
SE & SP ORI & K. TN TN O Table 5 12
RIREATINIS L, T O THET 5.

C.+ W, +B,

SE =~ (13)
Ny

SP=— (14)
SE + SP

AS = (15)

2
g = 2XSEXSP (16)
~ SE+SP

ZZT, C, W, B, NI&ITXVOT—¥#H, C, W,
By, Na72EDQTHELFIETFMINNVEELT. BTN
17 Z VA% Crackle C, IEf# < X)L %S Normal T& -
TF= S HeET. £, REETNVEMOET VO
Accuracy IZBA L, 2 DD F T IV D Accuracy 735 L\ & W
IIHERF O L &, FREAKEE 0.05 127 E L 72 Wl ¢ 5
EXLT.

33 EERER

Table 6 |2 AUC |2 X % I:fERFAili, Table 7 |2 ICBHI 2017
Challenge Respiratory Sound Database @4 REFTifi 2 FH 272
AL, W e #EIC BT S p i, £ LT Table 8 12 scSE

Table 5 Confusion matrix

Prediction label

Crackle Wheeze Both Normal
Crackle Ce Cyw Ch Cn
Wheeze We W Wi Wi
True label
Both B. By By By
Normal Ne Ny Np N
Table 6 Comparison of AUC results
Model AUC
Normal Crackle Wheeze Both
STFT + Original CRNN 0.83 0.84 0.88 0.84
CQT + Original CRNN 0.79 0.79 0.84 0.82
CWT + Original CRNN 0.79 0.82 0.83 0.81
STFT&CQT + Original CRNN 0.83 0.83 0.87 0.84
STFT&CWT + Original CRNN 0.84 0.84 0.88 0.85
CQT&CWT + Original CRNN 0.83 0.83 0.86 0.83
3 Images + Original CRNN 0.84 0.84 0.88 0.86
3 Images + CRNN (Bi-LSTM) 0.87 0.88 0.90 0.89
Proposed model : 3 Images +
0.87 0.88 0.92 0.89

scSE-CRNN (Bi-LSTM)
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Table 7 Comparison of results by performance evaluation of ICBHI 2017 Challenge Respiratory Sound Database

Model SE SP AS HS Accuracy p 1t
STFT + Original CRNN 0.57 0.81 0.69 0.67 0.69 0
CQT + Original CRNN 0.52 0.78 0.65 0.62 0.65 0
CWT + Original CRNN 0.58 0.71 0.64 0.64 0.65 0
STFT&CQT + Original CRNN 0.58 0.80 0.69 0.67 0.70 0
STFT&CWT + Original CRNN 0.60 0.78 0.69 0.68 0.69 0
CQT&CWT + Original CRNN 0.57 0.78 0.68 0.66 0.68 0
3 Images + Original CRNN 0.60 0.82 0.71 0.69 0.71 0

3 Images + CRNN (Bi-LSTM) 0.64 0.83 0.74 0.72 0.74 0.04
Proposed model : '3 Images + 0.67 0.82 0.75 074 0.75 B

scSE-CRNN (Bi-LSTM)
3 Images + VGG 16&LSTM [3] 0.54 0.79 0.67 0.64 0.67 -
STFT&CWT + VGG 16 [4] 0.53 0.77 0.65 0.63 0.66 -
CNN + SVM [6] 0.51 0.78 0.65 0.62 0.66 -
CNN + LDA-RSE [7] 0.58 0.83 0.71 0.68 0.71 -
CNN + Attention [8] - - - - 0.67 -
HPSS + VGG 16&SVMI[9] 0.51 0.83 0.67 0.63 - -
Multi Image + CNN [11] 0.47 0.67 0.57 0.55 - -
RNN [25] 0.58 0.73 0.66 0.65 - -
Block MlAGAARIFZIC BT 5, RFEATHIO LB REZRT. PIZ, CRNN 23T A LSTM % B 510 @ Bi-LSTM 225

RETLEOMEREMIZ L, FIR 7 — 1) 82 X 5 A
7 b7 A, Constant-Q I L HANY N T T A,
Wiy 2 —7 Ly NERIZX D AH TS T A% FNEFNH
fRCH 1) TV F VD CRNN I AT L7234, 3 HEm %O
W, 2 fEdE % [FEE 24 ) 2 ) )V CRNN I AT L 72
WA, 3HFEOMm %% 4 Y F D CRNN (2[R AT L
7o, 3 TEEOM 5% L R CRNN (scSE Block # L) 12
FEE AT L7234, L C 3 MiE O | 1§ % oz B2 CRNN
|2 scSE Block & #lAiAA ZZIREETIVICATI L7286 (37
KT L OB ET).

Table 6, Table7 & U, $& & F 12 B W T, AUC L
Normal : 0.87, Crackle : 0.88, Wheeze : 0.92, Both : 0.89,
Z L T, AS:0.75, HS:0.74, Accuracy : 0.75 O & £ % 15
7o, Fio, MMOETOFEITKH L, pEIEEKE0.05 %
Thl>THEY, KREFFEOFEESHR I NI,

4, E =W
Table 6, Table 7 & ) W5 22 45 il (% 1 Fi4H % HAK T
PR RIS AT A, 3HEEOMGEOW, 2 EO Mm%
kB eI A TS B4 X Y, 3 FE O (% & [ A

T8 % F0%, KEHlTREE I BV CORBE O B2 W L 7.

F 72, Je4TFk(3, 41% ICBHI 2017 Challenge Respiratory
Sound Database (Za#H L 72#EH & ORI L ), VGG 16
X0 ARFHSCTERM L7 ONN Ri§5s 25, WIS 2 m %5 5
OIS ENTH S Z LR E N ThiE, Y
TV ® CRNN I BT 5 CNN FiE 123 L, VGG 16 134y
2REDOBITH D ZEns, MBEROFEFEIIB»THEEY
MWELZZEDERE L TEZONS.

B L 722z B CRNN (scSE Block fE L) 12 X 2 40 3kE 2o
WTELRIT) . Bi-LSTM ICZFRIOME R L LKL, &
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Table 8 Confusion matrix with and without scSE Block

(a)3 Images + scSE-CRNN (Bi-LSTM)

(b)3 Images + CRNN (Bi-LSTM)

Prediction label
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Crackle Wheeze Both Normal Crackle Wheeze Both Normal
_ Crackle 1351 24 40 449 - Crackle 1315 32 47 470
g Wheeze 44 558 92 192 g Wheeze 47 541 38 210
E Both 90 100 265 51 s Both 90 127 228 61
% Normal 492 130 41 2979 % Normal 442 146 40 3014
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Fig.6 Normal respiratory sounds including speech
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