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A Lightweight Model for Heart Sound Classification Based on
Inverted Residuals
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]Department of Industrial and Management Engineering, Korea University
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For the treatment and prevention of heart diseases, which is the leading cause of high mortality rate globally, the
need for healthcare devices equipped with artificial intelligence(Al) model that can monitor in real-time and
analyze heart conditions is increasing. Therefore, in this study, we propose a light CNN that can be applied to
healthcare devices, using the PASCAL data. The proposed model used MFCC feature extraction method suitable
for heart sound range, The light CNN was designed with the inverted residuals used in MobileNetV2. The
experiments showed that the proposed model with fewer 82.5% of the learnable parameters, achieved similar
performance in accuracy within the range of 1 to 2% compared to the previous studies. It was confirmed that the
proposed light CNN can be feasibly incorporated on mobile devices by means of comparative experiments in a
reasonable amount of computation.

Keywords: Heart Sound Classification, Inverted Residuals, Lightweight Model Architecture, PASCAL
Classifying Heart Sounds Challenge
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Figure 1. The architecture of the Framework for Heart Sound Classification
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Table 1. The number of samples in the Train, Validation and Test Data set

Data set Class Train Data Validation Data Test Data (unlabeled data)

Normal 24 7

Data set-A Murmur 28 6 52
Extra Heart Sound 15 4
Artifact 32 8

Total 99 25 52
Normal 256 64

Data set-B Murmur 76 19 195
Extrasystole 36 10

Total 368 93 195
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Figure 2. Preprocessing of Heart Sound Signal
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Heart Sound signal ——» Framing Windowing FFT
Discrete cosine .
MFCC €— Transform (DCT) 44— Log Transform J€—— Mel Filter Bank

Figure 3. Block Diagram of MFCC Algorithm
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Figure 4. Heart Sound Feature Extraction : Examples of MFCC
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Input

Inverted Residual Block(1II)
MobileNet V2

Figure 5. Comparisons on different structures of MobileNet
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Figure 6. The architecture of the proposed CNN method
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5-Fold Cross Validations 53 Ed& AFstslon, 49
ZA 3 <Table 2> Total Precision®} Accuracy 2 89k}t
PrecisionS BHo] £4 S22 E573 HolE T AA = 3
T S0l Y vES gujsty] Wl E4 FH2E o
Z8 dolHY 7t AA, 59 vlolHrt AA BFe o
Ashe A%, 3D 8 29 Precision©] EoFAE 73 -$7F EA
sttt olof, AAd3] H7EAES Total Precisionol] T3t
Accuracy € &3 AHE 343 Th. Data set A9] 7 &3 LE
9] 4-Fold= Total Precision©] 2.68 & 3, 5-Folde] vl8f WA uk,
Accuracy= 0.712 3-Fold$®} 5-Foldoll Hl&l| 2% =t} 181

TP, ..
S 41t foct = % Dataset A (16)  Data set BS| 7|2 2@ 9] 3-Fold ~ 5-Fold®] A& HH Total
Precision®] 2= Aol 7k YA B e FEI S <
orma T 1P -+ TP, 5
SPArti fact = e Egéa% Murmur . Dataset A (17) & 9l
Table 2. Classification Performance in Each Fold
Base Model Lightweight Model
Total Precision Accuracy Total Precision Accuracy
1-Fold 3.04 0.77 2.92 0.75
2-Fold 2.75 0.71 2.73 0.71
3-Fold 2.69 0.69 2.64 0.67
Data set A
4-Fold 2.97 0.73 2.68 0.71
5-Fold 2.78 0.71 2.7 0.69
Average 2.84 0.722 2.734 0.706
1-Fold 2.44 0.83 2.21 0.81
2-Fold 1.98 0.83 2.09 0.81
3-Fold 2.19 0.82 1.93 0.81
Data set B

4-Fold 223 0.82 1.92 0.78
5-Fold 1.93 0.82 1.87 0.79
Average 2.154 0.824 2.004 0.8
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Table 3. Results on Data set A

Doo-Seo Park + Min-Young Lee -

Ki-hyun Kim -

Hong-Chul Lee

Data set A Zhang, Zhang, Chakir, Bourouhou, Proposed Method
2017a 2017b 2018 2020 Base Model Lightweight
Precision of Normal 0.67 0.61 0.59 0.7 0.86 0.85
Precision of Murmur 1 0.91 0.82 0.63 0.9 0.75
Precision of ExtraHS 0.43 0.5 0.83 1 0.57 0.57
Precision of Artifact 0.8 0.94 0.72 0.73 0.71 0.75
Artifact Sensitivity 1 1 0.81 1 0.94 0.94
Artifact Specificity 0.64 0.67 0.67 0.56 0.69 0.67
Youden’s Index 0.64 0.67 0.48 0.56 0.63 0.6
Total Precision 2.9 2.96 2.96 3.06 3.04 2.92
Accuracy 0.75 0.77 0.71 0.7 0.77 0.75
3,; 2.9 2.96 2.96 3.06 3‘04‘2.092 0.9
> 08 075 0.77 0.77 0.75
SEEEEE
O.S 0.6
Znong®0 %) T8) g@OV T OnaT g rouiot o oSt Lt 05
retion ot ot o A 2ra020 P e@0 T T pouroniOt o Mol et

Total Precision

Table 4. Results on Data set B

Accuracy

Figure 7. Summary of The Classification Performance on Data set A

Data set B Zhang, Zhang, Chakir, Bourouhou, Proposed Method
ata se
2017a 2017b 2018 2020 Base Model Lightweight
Precision of Normal 0.83 0.81 0.82 0.76 0.81 0.81
Precision of Murmur 0.7 0.67 0.59 0.61 0.96 0.89
Precision of Extrasystole 0.15 0.14 0.18 1 0.67 0.5
Sensitivity of heart problem 0.49 0.51 0.49 0.36 0.47 0.47
Specificity of heart problem 0.84 0.8 0.66 0.9 0.99 0.96
Youden’s Index 0.33 0.31 0.15 0.26 0.46 0.44
Discriminant Power 0.39 0.34 0.15 0.4 0.98 0.76
Total Precision 1.68 1.62 1.58 2.37 2.44 2.21
Accuracy 0.73 0.71 0.61 0.74 0.83 0.81
3 244 0.9
. 2.37 E 0.83 0.81
2 0.8
Ls J\ 073 om 0
0.7
{ 0.6
] 0.6
0
To) kit ohot Mode! eight 0.5
mm\» \am;@o\ O gowro™ gase Laght™ ) ; e
M Precision of Normal M Precision of Murmur Precision of Extrasystole Z,‘(\B“?’OO\’I )\ d“(,@\)ﬂ C\\(A\(‘Y BD‘“OU“ QMO(‘ “N)e\%
Total Precision Accuracy

Figure 8. Summary of The Classification Performance on Data set B
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A AFEL wAEY 7]H(SVM, KNN, Tree 7|9k
A o+slH o™, Zhang, 2017b= A2HEZ 1S
A 23lE 3l 2AYE s CNN 27 229 99 Hlo
2 A3 Hed 71H(WSCNN) S Al ket g 2ot o
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Rgabi=s
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Table 5. Comparison of Models with respect to Size and Performance

Base Model Lightweight Model
Zhang, 2017b - -
Performance Improvement Ratio Performance Improvement Ratio
The number of Parameters 160K 158K - 1.25% 28K - 82.5%
Total Precision 2.96 3.04 +2.7% 2.92 - 1.4%
Data set A
Accuracy 0.77 0.77 0.75 - 2.6%
Total Precision 1.62 2.44 + 50.6% 221 + 36.4%
Data set B
Accuracy 0.71 0.83 + 16.9% 0.81 + 14.1%
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Table 6. Comparison between Base Model and Lightweight Models

Model Base Model Lightweight Models
Input Size 872x20 872x20 438%20 219%20
The number of Parameters (M) 0.158 0.028
Size of Model (Kb) 2,009 731
MAdds (M) 1,090 326 163 81.6
Inference Time (ms) 67 57 53 51
Data set A Total Precision 3.04 2.92 2.85 2.71
Accuracy 0.77 0.75 0.71 0.69
Inference Time (ms) 70 59 53 52
Data set B Total Precision 2.44 2.21 2.16 2.00
Accuracy 0.83 0.81 0.8 0.79
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Figure 9. The graphical results of the Base Model and Lightweight Models
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