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19 X7l o= oP
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MEA LS Rt AT AW A%
AAA A2 B AOIA S0l aelch
A% PORAAE @ & 9l Az R} 918
& Eo] Qi AR 28l AR ThA

_‘EJ_
witoll & Tl 243 AARE Sl AH el
N A&EFAAAE EAY 22} AIEE 27t
HAAFNEE o] &l ZHARE 2T 4= A =AU
aEyg A AAAcR A= 1/}197} FakEH A
PCRAAS} 2P E & AAL B3 g ofel+
< A71= e, olA 8 PCRAANY 4143
ArRE AL &3] FRE o atal AR XY
sh7]olle Ry 7]|E9] 7hAo] Fgto] & it
o gl AAoltt olo F7u HA AT &
UAEE =R Wjxd 5 lon, 7& A
W2le] FAME BE & glE UiA Ad =5
o3 AAolth Z2 99| A S T 7HE

S w2A Jdsly] 93 AT HokR wean
T} (Pramono et al., 2016; Alqudaihi et al., 2021).
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Kumar et al.(2022)= 713 488 24319 10
Zo TF HASS E7ske WHS AANSA
3, Pramono et al.(2016)= 713 2 “‘i—‘j}% 28E
B3] W E el dagEs st
R, o= 92%9] QE% B9t} Amrulloh

A
et al.2015)= 713 &8 E &
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ek oput %ﬁ Xl@‘oll&h v%ﬁ& ETE A
T Qe The S AASAT U}XH}X]E

of S wH g JorE A7 Al 3t
Atolof| Agle] o7t A E ThsAd o] Qltt. o]
of 713 &8E 7|Re g I2H9 FXAE #
Hale AEo] W3E $htkOrlandic et al.,
2021; Brown et al., 2020; ©]d| %], 2022; <% 7,
2022; H3|Z, 2022; F9F et al,, 2022; ©]&H
et al., 2021). SAE HHeH= 29 F3of o
A M F83 AL R U9 FRARES] 71H
2] tlolE] FrH), 7]& AFolA Hol 2§
=3 e 219 713 Hlo|H= CAMBRIDGE,
COSWARA, COUGHVID 5°] 3l=Hl, o] dolg
2 BT ofEg Aol S 083 crowd-sourcing
WA o g2 SR AT o] HolE = 713 4,
o A, 57 A3 o5 Fo] 7[EA]1 AR
o] itk 713 48] shgoll A Hlo)
B 9] F4-& gE3t7] #1&l Orlandic et al.(2021)+
HalEd 2d-s AAdskaL 713o] opd
ol E = & AAsIAT =3 2 713 wlo]
B9 415 of FSHI(SNR) %= ARE-ste] Hst=
FHe] vlolHwt = = IStk oA TH =
713 HlolHE 7IREoE FA4R1A] FokllA 7H
@ol AREEI Qe MFCCE &3l A4S
HEslstdar, 713 A ellA] Spectrogram ©]H]
FE3F9 . Brown et al.(2020)2 713 2
3F AEE 4319 COVID-19¢} H2)S zt
shAth ZE Y3 MFCC ASE 73 i, 1 gke
7y = 7] zpe]]l A - MFCC AlTE 7313
om, A-MFCC #9] 7t g7k i}om A7 -
MFCC A= 73] =do] 283 th Ahmed
et al.(2021)= 713 Ao A FZ3} spectrogram
olu]x| & 7|HFO 2 ResNet-50 L1E]&S &
sto] el FHESHATE Imran et al(2020)=
AMCOVID-19¢|2}= o &g Aclds 7Ndsto
FZHIE ek 7S AABIAT ol 3%

=

A]

us o I
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Aol 71A 28 3 FehEddA ddEe JEsve AodA, o B2 SR AL
Al o) 7] 538kar AF3E &, 2% ool 23} olE|E ol &3t v WHeor VH &8
& E&shks e A8k AR 5, mdlo] HAREE £ e A

sHARE, 7128 dTEe FABAHAY Hol z2%E A s & A9 APEstE Bae
Bl A7t vl A9lom, HolE ¢33 Ade etk V1A &gE ol87 EE] Ae I
TR ol BdE S5 7397t Bol 2 ATE< 2oste] AEshd, <Table 1>3} 2tk
of ool gk ¥ = g SHoA i F TRV AR 7= dHe Wk 73] 4
3 Begs Btk =7 V1R &S 283 7 HEnh oY VIR &9 Aols W]

A el ETY AallM = agle] EA FE0] T a8t &89
o] @< = F JHA TS o] &8t Rde E4& F=317] 218l SNR, MFCC, Spectrogram

(Table 1) Summary of literature review

Authors Purpose Data Methods Results & Implications

Analyzing Cough
Kumar Sounds for

et al. | Classification of 10
(2022) | Severe Respiratory
Diseases

Provide a model for

Vltals' signs .Of 108 Tree Ensemble Model clas§1fy1ng the top 10 serious
Indian Patients respiratory diseases commonly

found among Indian teenagers

Development of

Diagnostic Technique Automatically detects with

Pramono . . . Mel Frequency Cepstral 92% accuracy and a positive
et al. fororll’eétslslsi ?Ha(:ed Audio rez(iir::lrtlsgs of 38 Coefficients (MFCCs), predictive value of 97%.
(2016) g p Logistic Regression Model Useful for rapid early

Nasal Sound . . . .
. diagnosis and infection control
Analysis
Development of Attained sensitivity of 89%,
Diagnostic specificity of 100%, and a

Amrulloh Techmql.}e for 18 pec.i}atrlc paFlents. at Artificial Neural Network Kappa' (k) value 9f '9.89.
et al. Pneumonia and Sardjito Hospital in Classifiers Presenting the possibility of
(2015) Asthma through Indonesia developing a diagnostic

Cough Sound method to differentiate
Analysis between pneumonia and asthma

1,838 cough sounds and

Developing diagnostic | 3,597 non-cough sounds Deep Transfer Learning-based

Multi Class classifier (DTL-MC), AICOVID-19 application

techniques for data 96 cases of . . . provides a quick, fast, and
Imran .. Classical Machine Learning-based . .
COVID-19 through | bronchitis, 130 cases of . . accurate diagnostic tool to
et al. .. . Multi Class classifier (CML-MC), | ,. .
an application whooping cough, 70 . differentiate COVID-19 cough
(2020) Deep Transfer Learning-based .
called cases of COVID-19, Binary Class classifier from various other types of
AI4COVID-19 247 samples of normal Y non-COVID-19 coughs
(DTL-BC)
cough sounds data
Diagnosin Distinguishing the cough
g g Data of coughing and i . sounds of COVID-19 and
COVID-19 and . Logistic Regression,
Brown respiratory sounds from . . asthma from cough sounds of
asthma through . Gradient Boosting Trees, . .
et al. analvsis of cough 141 COVID-19 infected Support Vector Machines other diseases. Proposing the
(2020) Y |e individuals and 350 upp potential for medical

and respiratory
sounds

(SVMs)

non-infected individuals applications in cough and

respiratory sound analysis
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ATEL A ngith

2.1.1. SNR(Signal to Noise Ratio)

SNR& Azt FEHl2 A59f ro]= B &
= ¢3 AE u ARESe Btk 2T
o Ze| Aol tigh A& o F-2HI(SNR)S Al

= WHoE go] &85y Utk <Figure
>3 o], ARE Ad A5 M7E Fa9
A712A Uie #ho 2 45l FRkeke s 4
Bo| kg £ 2 FAF A0 215 (Signal, S)
9} FS(Noises, N)2] H]-&S ZAZ &=
dBo]iL FX|7} 45 wo|27} At As 9
n) 3t} M3 HA T 2= Mishra & Sahu(2011)2] &
o] #¥9 e Gaurav et al.(2021) 2 Rezaee et
al.(2022)%] F1EW AH AT Fo] Sth

Signal

l—o
/-\J Vin (E Amplifier Noise
—oO0 t

(Figure 1) An example of SNR

2.1.2. MFCC(Mel-Frequency-Cepstral-Coefficient)

r
d

AHEE L QI Muda et al. (2010)= MFCC2t
DTW 7|"{& ©] 83 J4e] Q12 darglEs At
3FS 3L, Tiwari(2010)= 3HAF Q12] A 28"& A7
7] 913l MFCCE 53l F&3 featureS &8
3FATE. Ittichaichareon et al.(2012)2} Dave(2013)=
S H2ER HEkelF= 54 4ol MFCC
71 &8sttt 98 0 2= Sadi & Hassan
(2020)°] MFCC ¥ CNN RS A sl 7 7
o 71 S 7§23k 3, Doulah & Fattah(2014)2]
AATEAE A AAGE A7 dth
MFCC FZ&34-& <Figure 2>9} 2t} AA|, &
U A& E T YE(EE 20ms~40ms)E Lo
FFT(FE ol WghS A &3] ~HELDS T3t
=4, o] 222 EHo]] Mel Filter Bank S #-&-3}] Mel
Spectrum< -3}, RO 2 Mel Spectruml]
loget Aol W3S dlFH MFCCHtel &
Hoh. MFCCE +/dH°olElE 57 W E|(Feature)s}
3= darElEelth walEdela SAduelHe
HIE|S}E Fall Ss5ol 7hsalzith oluf tlo]EjolA
FeatureS OH W o2 FE311}o) m} mdlo]
‘g0l GEHABR o= JA3] Tt Aotk

Audio Signal
«=== Mel Filter Bank

Me|

—_ e
MFCC Spectrum

N
T I

i
i i

~

Cepstral Analysis

(Figure 2) MFCC extraction process
(Source: haythamfayek)

1) https://haythamfayek.com/2016/04/21/speech-processing-for-machine-learning.html
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MECC:

[[-5.13427490e+02 -5.108811950+02 -5.00612976e+02 ... -4.753184200+0)
4.86171173846 98727142e422]
[ 5.82439804 6
76123134

30071487e+01]

[-1.4685479 460845182421 -1.44034491e40] ... -4.76893997e4
-4.89910889+01 -3.50580788e+21]
[-4.484838560+¢ 34815264e+0¢ 28959465400 ... 19686946e -
2.38754082e+00 1.82889472¢+00]
[ 7.03955412e-01 2.47866225e+20 1.90121162e+00 ... -1.22891557e+00
1.12487744e -0 18588853¢-21]
[-1.63822890e- 31682907e+20 1.28185570es09 ... 3.03008866e+00
265564440400 4.11983919:20]]

Fh7tete U082 ItE Shape

import librosa

def get_librosa_mfcc(filepath, n_mfcc = 48):
SAMPLE_RATE = 1lcoge
hop_length = 128
N_FFT = 512

sig, sr = librosa.core.load(filepath, SAMPLE_RATE)

mfccs = librosa.feature.mfcc(y = sig, sr = sr, hop_length = 128, n_mfcc = n_mfcec, n_fft = N_FFT)
mfccs = torch.FloatTensor(mfccs).transpose(8, 1)

return mfccs

(Figure 3) An example of librosa library

STFT
.

20 sound wave graph

Mel Spectrogram

Mel Spectogram

Spectrogram

Spectogram

{Figure 4) Process of Spectrogram Transformation (Source: 6 o’clock liberal arts?)

MFCC Feature= <Figure 3>3} 7+°] pythonl| 4] 2.1.3. Spectrogram

)= 5 ol HH gl E o]&IA ==o - -
Xﬂo%]; hbrosaﬂ} ]—- i‘—qa ]o_‘SH 1 T= ] Spectrogram—% %Aé]ﬁ‘_]_ﬁ X{T‘l]oﬂ/“] o]__zr_ 7]%
7 sttt 29 feature® T45) 7 Tk <Figure 4>} 7o),

spectrogram< A2|4} 255 AlZslste] 1ietstr]

2) https://blog.naver.com/hannaurora/222412280068
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23 =72 918(waveform) 3} 2~3] E & (spectrum)
o] E4o] =¢E o] ot Spectrograme 47 2]
2HEQS AABlete] 1Y 2R 3= 7
02 MRVY XESE WsE AlgHoR & 4 Q)

BB FoG AE Fo) WslE A7 ow

I
R
e
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T2+ Jana et al.(2019) 2
)43} 3} Tadesse
A

% 0 o) Ik

¢
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2.1.4. Spectral contrast

Spectral contraste 2~HEF 33, AHEH
el g 2 Fahae skt ol A o afolE 1y
ok S 29l Bt AU A(F A ol A])
£ st 98 AU A)Y Ht olufA| %
Hlwste] FAskm, aehu] ke A die

Sof ajetal W iRl g2 F S ol
et HT ATolMe =87 SANA T
sk AEu 54 BA0A o] 7HE 283
B} ATh(Issa et al., 2020; Singh & Biswas, 2022;
Su et al., 2019).

22, & 412

MI
ik

2.2.1. XGBoost

XGBoost= Extreme Gradient Boosting®] ¢Fx}=Z.
o2 709 Decision TreeS Zd| A A=
Ensemble &12]F % 3hutelt). Boosting 7|9
< o]t T JPF tiEA ] daEEel
Gradient Booste M 5] AWHES T4
3k & 1E]F0] XGBoost®]THChen et al., 2016).
Ogunleye & Wang(2020)> XGBoostS &85}

WAANRAZE Al mde AUsia,

Dhaliwal et al.(2018) &32¢l YE = HY
Elz] A 2~HS JJukslr] 93] XGBoostS AR

Skt

2.2.2. LightGBM

LightGBM-> XGBoosto] TS 7JAgh &
2]& 2 2 XGBoost?] &%9} Overfitting &4
7RASE W 20|t} LightGBM2] 3-8 =
E9} g =o|t}h LightGBM-2 Gradient Boosting
ZY AR Tree 7|0+ S5 darg]Folth 7]E2]
tree”| ¥ Ga1E]ES Ef o] A FAQ level
wise(v¥ 8 Eg] £%) A& A8t ol Ed
o] #¥E A9 w84 EFe] Zole H4as)
HA T Egjo] #¥S gT] S8l AlRto] &8
Hh= 9vjoltt. LightGBM2 Egle] 212 &4
W2]Q1 leaf wise tree = H2lolth tree] =
H3HA] &3 Hul €4 Fh(max data loss)E 7}
+= leaf nodeE A &2 o7 HEASIHA treel)
o7} Zlo A a1 HIThA A1 tree”} AT o]}

o] Htj £AZHE 7EX = leaf nodeE HHE BE

abo R

fo ob gi N XN f

44L& HA3T F UThKe et al., 2017).
Daoud(2019)& ti&w 4% AF-E dZ317] ¢
3, LightGBM, XGBoost, CatBoostS 283 &
g8 75k =, LightGBMO| 7Hd 9523 A
52 Btk Wang et al.(2017)S et Shkatol
A miRNAE 2"83}7] 913} LightGBM< 283
29-E /Nt

2.2.3. ResNet-50

ResNet-= Residual Learning ©]2h= 73S 53
BHo] Fo] ZoHE o] AHEE FHT

29 =2 Convolution Layer(1X1) 27l& AH8-3}7]
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ol Setrle 7} Fraste] A4ke] Fof
S =3 LayerZF Bobgoll we} Activation
Function®] 578k T B2 non-linearity”} S°]
ZXTh. ResNet-= Skip Connection2 ©]-83} Shortcut
¥} Bottleneck T-ZE ©|-83t T ZA 5& %<
4 At} Wen et al.(2020)S o]m]#] Hlo]E S &
£33 14 Ak mdlg 7)akstr] 913l ResNet-50
< &-83}% 31, Rezende et al.(2017)2 ePAd 43T
Eglo] EFE 93l ResNet-50S &-8-3131th.

256-d

(Figure 5) A residual block(He et al., 2015)
3. ¢y
3.1. HOIEf & M~z
3.1.1. & H|olH
2 =wolA A8E 8] AHEE tlolE Al

DACONoﬂ A AFshE A2 HAAARE
A 53 HOTH(IA &l LHe )9t
A7l gk 712 Hvel, A, 557] 2gh
53, 2855 3 oHE FEH Ak
DACON U] Hz9] Q145 A31Iti3] E2
EFo= AFAE %@1% & TS vlelHE

37 21tk DACON©®IA]

Agshe 713 48 HolEe £ 3,805712.2 4
He JAo] 67.2%, 940l 31.8%2] H&S K
R, 83.5%7F 71& 557] AE 7HA L QiA
gtom FZ AT 3,499 7} FAdHA
30671 0.2 A E o] 9lo] Target Labeld] AAME
= S FAAA ] vlgo] FA3] &
43T F2IT B dFNA e FE8HA Ho
B 9] F1E I3 COUGHVID Hlo]E] AofA] kA
tlolE] 4170 FUlete] F 42467002 HF
o] EAlS 743 T COUGHVID+= Orlandic
et al.(2021)7} =3 vt 29 #E 713
*al glo]EAM O 2, 2020 4€ 1Y3E 20203
L1971 221 T3l AAA 1257700l A
1%1 48 HolEE 333t COUGHVID 7|
A &g dolgAle] A HlE-2 FA o] 66.0%,
o] Ado] 33.5%%1L, 83.6%7} 710l T &) H3h
< 7HAAL A skt

[e-

3.1.2. HO|E MAZ|

=29 AeA= 24 HlolE 25 Sl
717 Z&2]¢] SNR(AIEH 8 E 73k SNR
AF7E0, 15, 25 o3 HIolEH & FE38t] AHS
sk WA o2 &8s 1 ¥ V1R A9
+/HlolE & &-&317] 918 MFCCE &3l W E]
slate] 3279 Mg =315t = SAolHE
Mel-Spectrogram, Spectral contrast, Spectrogram-S-
53| featureZ FE3 THMcFee et al., 2015).
=3 Sty dES IR Hstste W
Ha SAolH A 713 Aewt e Hs)
= W (chunk, segmentation)®] F7FA] HPHO =
feature S FZ3FATE <Figure 6> ~ <Figure 10>
MFCC, Mel-Spectrogram, Spectral contrast, chunk,
segmentation®l] T3} o AJo|t}.
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MECCs

WFCC coefficients

—100

- 200
nila I B
| H I l

n
mfcc_1 mfcc_2 mfcc_3 mfcc_29 mfcc_30 mfcec_31 mfcc_32
-275.01898 30519340 -20.314817 -4 784703 1239072 -1.556883 -1.548770
-312.99362 54141323 -1.748550 -1.3722684 -1.760624 -2735181 1.134191
-435.60306 46675842 -22.771935 -0.687254 -0.472232 0850566 0.353839
-369 26100 47.762012  -8.256503 0.289792 1.709179 -0.592465 1.754549
-535.68915  7.509357 -T7.7G62263 -0.788913  1.182740 -0.527028 1.208361

(Figure 6) An example of MFCC

1024

Spectrogram (di)

Tme

sc_1 sc_2 SC_3 sc_125 sc_126 sc_127 sc_128
-38.090988 -36.438602 -35.901932 -37.410809 -41.641888 -40.363255 -61.212517
-40.881477 -39.251129 -38.819691 -50.059090 -55.020016 -62.091751 -73.279404
-39.229820 -37.128029 -36.727108 -50.416260 -54.669857 -61.728020 -72.564186
-40.205681 -38.586330 -38.447479 -52.034523 -56.625126 -64.135727 -74.665329
-36.297482 -36.002087 -35.422546 -42.283421 -46.293209 -53.543079 -64.637329

(Figure 7) An example of Mel-Spectrogram
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Spectrogram (dB)

Time.

sc_1 sc_2 sC_3 sc_4 sc_5 sc_B sc_7

16.636214 15703377 18855554 18.099076 21.101541 19183656 5H2.738072
16.267942 12.808038 146273850 16.021227 17.028592 18515498 47957649
16.250175 11.985528 15130121 16.253015 17.483794 18822199 43935292
16.720245 13.078937 15176208 16.678691 15945690 18531182 45057927
15.662144 13305678 14582467 17.340644 16.479696 20.158055 49971385

(Figure 8) An example of Spectral contrast

et

Split into two cough sounds using chunks

ipacognin 138 o—

(Figure 9) An example of partitioning of audio chunk




Original cough segmentation
Segmentation Output
100 A
075
0.50 1
025 1
0.00 1
—0.25 1
—0.50 1
—0.75 1
20000 40000 GOODO BDODO 100000 120.()00
Spht into two cough segments using chunks
Cough segment 0
s
0s0
025
o]
=025
=050
=0.75
o 20‘00 U)IDO 6000 moomdm IJ{;OO 14600
Cough segment 1
08
06
04
02
oo
02
04
-0.6
-0.8
o 2000 4000 D00 8000 10000 12000 14000
(Figure 10) An example of segmentation
HF W= 23l gk 7184 1.8 MFCC ok o), B AFelA = 71H &8E oAk

327Y feature, Mel-Spectrogram 1287} feature, Spectral
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{Figure 12) Hyper—parameter values for each algorithm
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(Table 2) Comparisons of results using
basic information

Algorithm Dataset Accuracy
XGBoost Basic information 0.67

LightGBM Basic information 0.66
FCNN Basic information 0.66
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(Table 3) Comparisons of results using basic
information and MFCC features

Algorithm Dataset Accuracy

XGBoost | Basic information + MFCC32 0.67

LightGBM | Basic information + MFCC32 0.69

FCNN Basic information + MFCC32 0.63
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(Table 4) Comparison of ResNet-50 results
using image data

Dataset Accuracy
Spectrogram 0.57
Mel-Spectrogram 0.48
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(Table 5) Comparison of LightGBM results
using Basic information, SNR, and MFCC32

Dataset Accuracy
Basic information + MFCC 32 + SNR(>0) 0.69
Basic information + MFCC 32 + SNR(>=15) 0.71
Basic information + MFCC3 2 + SNR(>=25) 0.61
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(Table 6) Comparison of LightGBM results using
basic information, SNR, and MFCC32(chunk)

Dataset Accuracy
Basic information + MFCC32(chunk) 0.72
Basic information + MFCC32(chunk) + SNR(>0)| 0.71
Basic information + MFCC32(chunk) + SNR(>=15)| 0.69
Basic information + MFCC32(chunk) + SNR(>=25)| 0.63
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(Table 7) Comparison of LightGBM results using
basic information, SNR, and Mel-Spectrogram(chunk)

Dataset Accuracy
Basic information + Mel-Spectrogram128(chunk) 0.7
Basic information + 0.66
Mel-Spectrogram128(chunk) + SNR(>0) ’
Basic information + 0.63
Mel-Spectrogram128(chunk) + SNR(>=15) ’
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(Table 8) Comparison of LightGBM results using
basic information and Spectrogram(chunk)

Dataset Accuracy

Basic information + Spectrogram1025(chunk) 0.7
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(Table 9) Comparison of LightGBM results using
basic information and Spectral contrast(chunk)

Dataset Accuracy

Basic information + Spectral contrast7(chunk) 0.68
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(Table 10) Comparison of LightGBM results
using basic information, MFCC32(chunk),
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Dataset Accuracy
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(Table 11) Comparison of LightGBM results using basic information and all feature from cough sound

Dataset Precision Recall Accuracy
Basic information + all features from cough sound(chunk) 0.76 0.72 0.74
Basic information + all features from cough sound(chunk)+ SNR(>0) 0.72 0.66 0.70
Basic information + all features from cough sound(chunk)+ SNR(>=15) 0.68 0.69 0.69
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(Table 12) Summary of experimental results

Type of Algorithm
Cough Dataset
Sound ResNet-50| LightGBM | XGBoost | FCNN
Basic information - 0.66 0.67 0.66
Basic information+Spectrogram 0.57 - - -
Image
Basic information+Mel-Spectrogram 0.48 - - -
Basic informationtMFCC32 - 0.69 0.67 0.63
Basic information+tMFCC32+SNR(>0) - 0.69 - -
Basic information+tMFCC32+SNR(>=15) - 0.71 - -
Basic informationtMFCC32+SNR(>=25) - 0.61 - -
Basic information+tMFCC32(chunk) - 0.72 - -
Basic informationtMFCC32(chunk)+SNR(>0) - 0.71 - -
Basic information+tMFCC32(chunk)+SNR(>=15) - 0.69 - -
Basic informationtMFCC32(chunk)+SNR(>=25) - 0.63 - -
Basic information+Mel-Spectrogram128(chunk) - 0.7 - -
Vector Basic information+Mel-Spectrogram128(chunk)+SNR(>0) - 0.66 - -
Basic information+Mel-Spectrogram128(chunk)+SNR(>=15) - 0.63 - -
Basic information+Spectrogram1025(chunk) - 0.7 - -
Basic information+Spectral contrast7(chunk) - 0.68 - -
Basic information+MFCC32(chunk)+Mel-Spectrogram128(chunk) - 0.72 - -
Basic information+MFCC32(chunk)+Mel-Spectrogram128(chunk) ) 0.74 ) )
+Spectrogram1025(chunk)+Spectral contrast7(chunk)
Basic information+MFCC32(chunk)+Mel-Spectrogram128(chunk) ) 0.70 ) )
+Spectrogram1025(chunk)+Spectral contrast7(chunk)+SNR(>0)
Basic informationtMFCC32(chunk)+Mel-Spectrogram128(chunk) 0.69 ) )
+Spectrogram1025(chunk)+Spectral contrast7(chunk)+SNR(>=15)
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Abstract

A COVID-19 Diagnosis Model based on Various
Transformations of Cough Sounds

Minkyung Kim" -+ Gunwoo Kim"™ - Keunho Choi***

COVID-19, which started in Wuhan, China in November 2019, spread beyond China in 2020 and
spread worldwide in March 2020. It is important to prevent a highly contagious virus like COVID-19 in
advance and to actively treat it when confirmed, but it is more important to identify the confirmed fact
quickly and prevent its spread since it is a virus that spreads quickly. However, PCR test to check for
infection is costly and time consuming, and self-kit test is also easy to access, but the cost of the kit is
not easy to receive every time. Therefore, if it is possible to determine whether or not a person is positive
for COVID-19 based on the sound of a cough so that anyone can use it easily, anyone can easily check
whether or not they are confirmed at anytime, anywhere, and it can have great economic advantages. In
this study, an experiment was conducted on a method to identify whether or not COVID-19 was confirmed
based on a cough sound. Cough sound features were extracted through MFCC, Mel-Spectrogram, and
spectral contrast. For the quality of cough sound, noisy data was deleted through SNR, and only the cough
sound was extracted from the voice file through chunk. Since the objective is COVID-19 positive and
negative classification, learning was performed through XGBoost, LightGBM, and FCNN algorithms, which
are often used for classification, and the results were compared. Additionally, we conducted a comparative
experiment on the performance of the model using multidimensional vectors obtained by converting cough
sounds into both images and vectors. The experimental results showed that the LightGBM model utilizing
features obtained by converting basic information about health status and cough sounds into
multidimensional vectors through MFCC, Mel-Spectogram, Spectral contrast, and Spectrogram achieved the
highest accuracy of 0.74.

Key Words : COVID-19, Cough sound, LightGBM, MFCC, SNR
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