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Development of a Novel Ventilation Estimation Model
Based on Convolutional Neural Network (CNN)
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Abstract: Recently, ventilation (VE) has been studied as an alternative to estimating energy expenditure.
Wearable sensors used for respiratory monitoring such as VE can be affected by motion artifacts,
leading to signal distortion. Therefore, this study aims to monitor respiration using a microphone
sensor to estimate the respiratory parameter, VE (ventilation). A CNN model was implemented to
estimate ventilation using respiratory sounds processed into Mel-spectrograms. The experiment was
conducted in a treadmill environment with a protocol involving progressively increasing speed over
a total of 15 minutes, during which both respiratory sounds and VE (Truth Reference) were collected
simultaneously. The results showed a Pearson correlation coefficient of 0.96 + 0.01, R? of 0.84 +
0.07, and MAE of 6.66 + 2.09. These results demonstrate a high correlation between respiratory
sounds and VE, suggesting the potential for estimating VE using respiratory sounds.

Keywords: Energy Expenditure, Ventilation, Respiratory Sound, Mel-Spectrogram, CNN
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[Table 1] Overall performance metrics of CNN model

Performance Metrix Model : CNN
Pearson Correlation Cofficient(PCC) 0.96 £ 0.01
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MAE(L/min) 6.66+2.09
o] A% 7 E/do] BHAdE = A= WAl | flsf LOSO

(Leave-One-Subject-Out) W X}A S HH-& ARE-5Ho] 3= Q)
t}. ool AJAIG9] byt EEHAR= 0.96 + 0.012 LE}
sros, ol wlo] 2%t Bkt gt o] S wL
Hdﬂﬂﬁﬂﬂuuaﬂllﬁﬂﬂé%ﬂﬂTﬂNﬂﬂ
e 5 w20
AHEZH o]u]x]§
I} 2z

1o o

_7

]lr__Q_A

TA}
ﬂlT«l uéih} HZHEIE=0.84 + 0,072
o] 7|FE A&k o 2101*1 APD*‘] 2
0] O [e) _]:?]_0‘1 zq, :Qj‘7]
/lé_q- H]/H cx]xq E /lé
o= 751l 2

Bt Al QXH B} BEHR= 6.66 +2.09 L/minE U
Epst o, o] = A& gtat 123k 7] oAt 34| S-S Ko
=t 3] g0 = 7Y Rpo| ot -5 Aol wht |4 4.96
L/mino] A 2] 87.86 L/min71A] 2] H9}2 i1 2 g o|9} 7+
2 A= mdo] thokset 3] Mol A= ol U
H A5S HoFa 9122 YEpdith. T3 MAES] BEHA}
ol 34 gtz HolA oS eake] WE/do] A, BE9]

35o] HEA FAE L Y-S & = T

[Table 2]+= VE & 45-& D@2} 22 B7Ist AatolH,
3]0 AAAGPCC), AHASR), Bt Aol 2XHMAE)
£ 59l L9 52 YERc) mlojs A AGE 2 0.98
oAl 24 0.94, B A= 2 0.93914 4075, B &
QA= A 4.63 Limino| A A 10.37 L/minC.& VERgT}
o]t WA= Q1 Aol 2 Qlsf WAy 4= 9lom Al Bl
o] T$Ix}29] EAJ(Subject’s-Characteristic)Q! 7], Z-FA], Zof
WRHVEwmxSY 845 F7l6t0] duist J65 =4 &
US Ao & dlatEc)

Neili®} Sundaraj o] ¥-= ¥ &S ERo|A 8 AHEZ T4
< ZRF TRt A7 h-Frak S HHALS H|w sk o, ' A

=y
T

o

E

3} =

1T

BE 2 T9j0] 9 A5 Tl MELE B3 0 2 Hgalol
CNN Bl $43 452 HErk B usige. @ 20

E 27912 Qe Y2 B4 S MR Fuide A U S AMES
of Ak chele) AR kS AT 4 90w, A7iet
ARG FA ABH O A MUY SHE HolelE



142 235:5t5) =24 4202 415 (2025. 3)

[Table 2] Individual cross-validation performance of VE prediction

VE (L/min)
MAE
(L/min)
26 174.8 | 68.3 | 22.35 | 0.98 | 0.93 | 4.63
24 174.0 | 72.6 | 23.98 | 0.94 | 0.88 | 6.07
26 173.0 | 69.4 | 23.19 | 0.96 | 0.75 | 10.37
27 180.0 | 83.5 | 25.77 | 0.95 | 0.88 | 4.88
23 1744 | 58.0 | 19.07 | 0.96 | 0.76 | 7.33

Age | Height | Weight| BMI
(Year) | (em) | (kg) |(kg/m’)| pCC | R?

Gender
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