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FI¢E: 713 €A (Cough Detection), o] &l (Attention), ¥ A E & 7124 (Mel—Spectrogram),
Bottleneck Attention Module, AFd <5 (Pre—trained)
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Fig. 1. (a) Cough, (b) Laughter, (c) Doorslam, (d) Phone, each
class Mel-Spectrogram samples
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lll. Proposed Method

1. Environment Setting

ARteks mHle] ks 913 413 $7d2 Table 13} 22ow,
zdo] HZ3}= ¢J8l OptimizerE Adam, Loss= Binary Cross
Entropy, alo]=9}e}n]El = epoch = 100, leaming rage = 0.0001,
batch_size = 642 A3}

Table 1. System Environment

Item Value
CPU Intel i9—10900K
Memory Size 128GB
GPU NVIDIA RTX 3090
Python 3.8.4
Pytorch 1.11.0
TorchVision 0.11.0
Cuda 11.8

2. Cough Dataset for Cough Detection
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3. Evaluation of Pre-trained Models

Pytorchold] Al &51= ImageNet© &2 AR 5% CNN el
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AAsldc). mdle] A7 7152 Table 2] Test Accuracy <S9=
EUZ EfficientNet B0, ResNet-152, ShuffleNet-g Top-3 RdE
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Table 2. Comparison of test result for CNN Models

Accuracy Loss
EfficientNet_B0 92.7318 0.0127
ResNet-152 92.0635 0.4819
ShuffleNet 91.7293 0.1753
Inception_V3 91.1445 0.0086
DenseNet—-121 90.9774 0.2960
MobileNet 89.6408 0.0645
ResNet-50 89.5572 0.0021
EfficientNet_B4 89.1395 0.8014
EfficientNet_B3 89.1395 0.0772
EfficientNet_B2 88.7218 0.0577
ResNet-101 87.9699 0.0000
VGG-19 87.4687 0.0000
DenseNet—-169 87.3016 0.0281
ResNext—101 83.8764 0.5085
EfficientNet_b1 83.7093 0.1227
Average 89.01 0.22

4. Attention Module-based Models
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5. Result of Top-3 Models with Attention
Table 3 Attention RS 3715 Held Rd=e] a2 vlast
FEolth

Table 3. Comparison of test result for our proposed
model with CNN Models

Accuracy F1 Score
BAM_ResNet-152 94.4862 0.9668
CBAM_ShuffleNet 92.8989 0.9584
EfficientNet_BO(SE) 92.7318 0.9552
BAM_ShuffleNet 91.9799 0.9522
ShuffleNet 91.7293 0.9498
linception_V3 91.1445 0.9480
SE_ShuffleNet 88.7218 0.9307
Spatial_ShuffleNet 86.4662 0.9229
Spatial_ResNet-152 84.1270 0.9098
SE_ResNEt-152 83.0409 0.8970
ResNet-152 81.5372 0.8823
SE_ResNEt-152 78.1955 0.8588
CBAM_ResNet—152 69.5906 0.7962
CBAM_EfficientNet_B0O 66.5831 0.7758
Spatial_EfficientNet_B0 63.7427 0.7407
CBAM_ResNet—152 58.6466 0.6946
BAM_EfficientNet_BO 41.0192 0.4660
Average 79.8000 0.8700
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Fig. 5. Confusion Matrix of ResNet-152 and BAM_ResNet-152

IV. Conclusions
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