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ABSTRACT
This technical report describes the PANNs MobileNetv1-based

approach for DCASE 2022 Unsupervised Anomalous Sound De-
tection for Machine Condition Monitoring Applying Domain Gen-
eralization Techniques task [1]. The objective of this task is to de-
termine whether the sound emitted from the target machine class is
normal or anomalous while having only the normal data for training
purposes.

We extract embeddings using external PANNs MobileNetV1
pre-trained model [2]. For anomaly score assignment we concate-
nate the embeddings obtained and then calculate the cosine distance
to the first nearest neighbor in the embedding space for this sample’s
class and section.

For this report the GitHub code is available. PANNs embedding
extraction is [3], and anomaly score calculation is [4].

Index Terms— PANNs, MobileNetv1, anomaly detection

1. INTRODUCTION

The task of DCASE 2022 Challenge 2 concerns solving the prob-
lem of searching for abnormal audio recordings using exclusively
normal ones when shifting the domain, which consists of differ-
ent recording conditions. In real conditions, the background noise
when recording audio is constantly changing, and the details of the
machines are constantly wearing out, which affects the quality of
anomaly detection. Therefore, anomaly detection should be invari-
ant to background noise and changes in various parameters of me-
chanical parts that are directly related to equipment wearing out.

The authors of the task propose a dataset consisting of 10-
second recordings of the operation of 7 types of devices: fan, gear-
box, bearing, slider, toy car, toy train, and valve [5], [6]. Participants
are offered to train a neural network exclusively on sound fragments
of a ’normal’ class, i.e. recordings of the proper operation of equip-
ment. ’Anomalies’ appear only in the test dataset. The abnormal
data was obtained by purposefully damaging the machines. The
characteristics of breakdowns are not given, there is no additional
data except for the wav audio file class (normal/anomaly).

The challenge of the dataset lies in the domain shift, i.e. chang-
ing conditions for recording data. This means that audio samples for
each type of equipment were recorded at different load levels, en-
vironmental characteristics (including background noises), etc. The
test sample contains records in conditions that were not presented
in the training sample.

Moreover, an additional study of the data revealed that most
of the data for human hearing is not obvious. Without additional

preparation, it is difficult and sometimes impossible to determine
the boundary between the target sound and background noise, the
difference between normal recording and anomaly.

For further comparison of the results with the baseline, metrics
submitted by the authors are presented in table 1. Every value is the
corresponding harmonic mean.

AE baseline MNet baseline
target AUC AUC mean AUC AUC mean
class source target pAUC source target pAUC

bearing 54.42 58.38 51.98 60.58 59.94 57.14
fan 78.59 47.18 57.52 70.75 48.22 56.9

gearbox 68.93 62.64 58.49 69.21 56.19 56.03
slider 77.95 47.67 55.78 65.15 38.23 54.67

ToyCar 90.41 34.81 52.74 59.12 51.96 52.27
ToyTrain 76.32 23.35 50.48 57.26 45.90 51.52

valve 52.01 49.46 50.36 67.09 57.22 62.42

Table 1: PANNS MobileNetV1 system results.

2. PROPOSED APPROACH

In this submission, the MobileNet neural network from the PANNS
library was used for embedding extraction. MobileNet architecture
was chosen as it was widely used in previous years and showed
strong performance. Although, we used MobileNet of the first gen-
eration, as it showed greater accuracy on AudioSet data than Mo-
bileNetV2 in the PANNS library.

The anomaly score is calculated as the cosine distance to the
nearest neighbour among the embeddings. This distance calculates
separately for each class and each section. This approach was intro-
duced in one of the top teams from DCASE 2021 [1], [7].

3. EXPERIMENTS

Results are presented in table 2. For most of the machine classes
target AUC score exceeds the baseline. For source AUC and pAUC,
the relative result is not so clear.

Every value is the corresponding harmonic mean.
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target class AUC source AUC target pAUC
bearing 56.42019 54.54773 51.46632
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ToyTrain 56.97004 53.97974 52.12997

valve 61.97372 56.18598 50.82024

Table 2: PANNS MobileNetV1 system results.
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