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Abnormal Respiratory Sound Classification Using
Hierarchical Attention Networks Model
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Recently the diagnosis of respiratory diseases based on respiratory-sound data has drawn much attention. However,
no quantitative assessment method exists to detect abnormal respiratory sounds when making a diagnosis. Although
existing studies have attempted to support doctors by providing them with machine learning results, there were
limitations on explaining causal symptoms and establishing quantitative assessment. Therefore, a reliable method
that can diagnose and explain the causal symptoms based on respiratory sound data is required. In this study, we
propose using a hierarchical attention network for detecting abnormal respiratory sounds. The hierarchical attention
network reflects hierarchical patterns of respiratory sounds and allows us to interpret the important feature of
respiratory sounds. The experimental results showed that hierarchical attention network performed better than other
existing methods in terms of sensitivity (ability of correctly detecting abnormal respiratory sounds) and
explainability. We believe that the framework presented in this study can not only serve as a “second opinion” that
can help doctors diagnose existing respiratory diseases, but also help doctors’ future research on unidentified

respiratory diseases.
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3.1. Data Preprocessing & Feature Extraction
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Data Approach

B AN E TEFY AR Fakr 9SS ATH R
g53l7] 93l ASA o'l YIE S A(hierarchical attention
network; HAN)S A3} T Yang et al.(2016)2 24 &= o1&
Ao EAo g TAH 72+ 2L off 7)o tojz A
ATA Fxoe Aol F538td o]& W 5 e ATH

ot YEY T G EE AU AFH odld Y ESY
3 ¢EFE dof A, dol of|lAd, 4 A3, 2%
ot M, TFH7IZE 5708 FREUES IR o] FojA glom, o
of ol B2 AL 249 FALE RS A 2

S 98-S e oo} B gl e 98-S it o

i =
o] dFH9} &

oN

} QIFT] o A& bidirectional gated recurrent

units(bidirectional GRU)E AH&-¢t}, AHEAQI gated recurrent
units(GRU)®] 73-9- 54 A9 HA A RRkS Abg-she= ¥
o] bidirectional GRUE 5748 A|H o] A e] A BHE o] &3}
= A}k GRUQ]- EA /\];H o]_t‘[zgl U]EH AHE o] 23l= O_d]
F GRUZE 745 0] 7] wizoll d&d Tof B 249 &
AAFRE RGO Z ol o+ =8 Lot 771
Hols) B 402 08 45H §19 Hsle) £xEY
T3l A4S SR AlSE oA vESYaE
A 1"&:3 ‘?:_]'_Lﬂz"ﬂ H]OH E2 A5 29, o

]:o

ol o-lN _Iﬁ 001'

[ R o =t
ot
—4r
il

Y E ro
40

T,
o 2

e’
lo © ¢
=01
brt m[o
do o
oo

¢
E
>
oo
it
¥
30,
;1

& AF| 47190 N7 g9 Fakapol
A Fupr Aoz 72 4 Atk <Figure

> 1_‘?-_1’ T = 27k D9 ARt B

main)¥ 3+ % & (frequency domain)& YERATE

o T o o [ e A=
I rr

> B

S b
N o d

=
mlmLz
BL__.
S =)

GRS B

(time do-

Amplitude

Frequency

Y

Time

, Time

Domain

Figure 2. Time and Frequency Domains of Audio Signals

Frequency
Domain



212

Kee Won Jeong + Seoung Bum Kim

Output
t
FC
Model - ]
Time
Domain
Time Attention
Features
? © [ GR Ucime ]
S E
gE
=
ry ry
| i
R . Frequency
[ Frequency Attention } [ Frequency Attention Domain
[
Time Frame T

GR Uf requency

t 4

r

GR Uf Tequency

GR Ufrequency

f

t ot 1
[l - o] [reafose] - o

'

Input

Figure 3. Proposed Hierarchical Attention Network for Respiratory Sound Feature

TAE ofel e B4 74 E4L o2 9] doj2 74
w0} 9L, 2l of 2l e AR G 24 A G2 o
Mo} Fok d ez FAEY B dFedA e o8 &g
O AFAHY T2E DYt EFES AL F A= AT
A o]l A MESAE 8ol & A7olA A8 AT
A o'l | EQ T 3ls5 W)L <Figure 3>014 B0
Atk Fokg FY3} Az dH o8 TAFH Y vEYA
£ ofefo} ko] A A 0.2 it

FHr FY  EeAE SR RO A AHERDY O
Ef, dek-detaE 3 02 R T o, HEE FT 5 9]
1, e 7 ZH Y, 5 AR ZE Y-S gtk AE v}
theari o] W 2AY FEE A 87 i) ZE AEY F
o 2H YL 647103, AME vjth dol7} 2B AJ7F X
#lo Hul do|& 72 xPTh netA mle gge
z, 0% 2 ()¢ o] RAATE Tk Y S5 HA ol A
© AR Foke S o'l wAYUE ] 485 bidirec-
tional GRU 4&ste] T8 Fup AR E WYt )= W
(hidden vector)& S35 SF3ATE bidirectional GRUE &
B GRUSH W3 GRUE FA =0} 9om, 2, & AFstd
2] (5)%F 2ol AWt 8= “—‘15%(1_1)”)7} Ze5 3 2] (6% 2

o
e 5| WEl(h, )7t 2R A ()7 2] 299 F
31E M TAA Sl 38 e, )2 EHHY

il

-

input i, t=1t0 T, f=1 10 64 4)
ht.f = GRUfrequenLy(wt,f)7 f: 1to 64 (5)
htAf = GRUfrequen(y(lL't’fL f: 1 to 64 (6)
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HFH 02 3| WH oE 2 (17)3 2] $hd 4% ¥ o]
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ol o3 4% 4 4
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Z3sATh A5 HlaE $8lA support vector machine(SVM),
random forest(RF), residual network(RN), ICBHI 2017 Challenge
oA F/NE W E HZ Ak Jd 7|6k iEEQ] Ma et al.
(2019), Minami ef al.(2019)< A3t . ob&&] AbsH AlS
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A 7E GGl Aut ol ;A WAYZS 283 3 34 (single

attention) ¥ A|XF} F0kp G % o o'l mAY S
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npAEE o & of |l AU SO M A o'l 251
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B o Jro]| A AF8-3FICBHI Challenge Hl o] €] A& 1269 34}
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Oﬂlﬂi Mol 5% 7];01;01;4 T AA) 28 B 5F 27
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Table 1. Summary of the Training and Testing Sets

Class Training set | Testing set Total
Normal 2,063 1,579 3,642
Wheezes 501 385 886
Crackles 1,215 649 1,864

Wheezes+Crackles 363 143 506

Total 4,142 2,756 6,898

4243 AA

AT M= AZH ofeld YEY T T2 D43 '3}01
J}J}E}-U] H 2 F3< 999 bidirectional GRU 3| 2}
71+ 50, A1ZF 9499 bidirectional GRU 3] A =71+ 100
° 2 A5} ol DRd £ s B EAlo &
8] AHEH = 2t A E R (cross entropy) S AH8-8F1 3L, opti-
mizer ITZ AdamW Y118 55 AHE-3H T 8
rate)< 0.001 2 A A3} o

% E(learning

4337} A%

. A Lo] A= ICBHI challengedll A A 2|3+ 7} 2| 25 A}
&3ttt B7F Axe A TFFl i BEE(S), O]M

5520 U AR(s), Ao BEE o=l 1
TH(AS)H 23} BH(HS) & 47HA B7F ARE *}%?5}91‘4
H7F A F W Q1Y 2= <Table 2>l 742 0.2 A3} HTh
8, = N,/N (19)
S, =(C.+W,+B,)/(C+ W+B) (20)
AS(Average Score) = (Sp+56)/2 (21)

HS(Harmonic Score) = (2 - S, . Se)/(Sp—O—Se) (22)
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Table 2. Determination Rules
Prediction label
N W ol (W+C)
N ]\77]/ Nu' ]\/:‘, j\fll
Reference W w, w, w, w,
label C G, n w C.
W+C B, B, B, B,

(N : Normal class, W : Wheezes class, C : Crackles class, W+C : Wheezes+
Crackles class)

4.4 A8 A3}

() EFAsHT 2
<Table 3>& & Aol A Atste= 23 Hlw tjAdo]
HeWHEY BF A5S YeRdTh

Table 3. Comparison among algorithms in terms of SP, SE, AS,
HS Using ICBHI 2017 Database. Boldface Values Repre-
sent the Best Performance for Each Measure

Algorithm SP SE AS HS

SVM 86.38 | 10.96 | 48.67 | 19.45

RF 8233 | 1452 | 4842 | 24.69
ResNet18 67.26 | 2608 | 46.67 | 37.59
ICBHI 2017 Baseline | 75.00 | 12.00 | 43.00 | 15.00
SUK team 78.00 | 20.00 | 47.00 | 24.00

Ma et al. 6920 | 31.12 | 50.16 | 42.93
Minami et al. 81.00 | 28.00 | 54.00 | 42.00
(Psri‘;‘;‘])zeitgz?g’f) 6599 | 2939 | 47.69 | 40.66
Proposed method 6593 | 3475 | 5033 | 45.51
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Figure 4. Attention Heatmap of Respiratory Sound Feature(Left :
crackles / Right : wheeze)
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