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Introduction

Anomalous Sound Detection (ASD)

B ASD aims to automatically identify whether a target object is
normal or abnormal from the sound emitted
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Proposed Method

STgram-MFN
B STgram-MFN: MobileFaceNet (131 (MFN) is adopted as the classifier to
learn the delicate representation.
W STgram-MFN (ArcFace): ArcFacel!d] is adopted to replace cross-
entropy error (CEE) as the loss function to increase the distance
between classes and decrease the distance within classes.
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Experiments

Ablation Study

Table 4. Performance comparison for different input features.

LogMel-MFN Teram-MFN Spec-MFN STgram-MFN(CEE)  STgram-MFNi{ArcFace)

Methods
AUC mAUC AUC mAUC AUC mAUC AUC mAUC AUC mALIC
Fan 8236 53.75 3947 R385 B0.36 49.75 91.30 T9.80 94.04 81.39
Pump £7.74 67.62 89.13 52,60 8373 6592 91.25 79.79 91.94 8348
Slider 99.08 98.07 71.64 2745 93.62 88.62 949.36 98.19 949.55 98.22
Valve 89.91 6588 87.41 74.32 86.46 T1.77 94.44 79.12 99.64 98.83
ToyCar 88.73 66,32 60.72 4989 64.07 4722 £R.80 61.91 9444 R3.07
ToyConveyor 78.17 67.79 52.70 46.71 5447 51.85 7293 57.25 T74.57 6416

Average 87.67 69.91 75.18 60,80 7712 63.52 89,68 76.04 9236 » B4.86

» Log-Mel spectrogram (LogMel-MEN)
» Tgram (Tgram-MFN)

» Spectrogram (Spec-MFN)

» STgram (STgram-MFN)
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