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ABSTRACT

For the DCASE 2020 Task 2 challenge, we propose unsuper-
vised anomalous sound detection methods using an ensemble of two
classifiers. Both classifiers are trained with either known or gener-
ated properties of normal sounds as labels: (1) one is a model to
classify sounds into machine types and IDs; (2) the other is a model
to classify transformed sounds into the data augmentation types,
where we augment the normal sound by using sound transforma-
tion techniques such as pitch shifting and use data augmentation
types as labels. For both classifiers, we use the classification con-
fidence as the normality score of the input sample at run-time. We
ensemble these approaches using probability aggregation of their
anomaly scores. As a result, the experimental results show superior
performance to the baseline provided by the DCASE organizer.

Index Terms— Anomaly Detection, Classifier-based Confi-
dent Score, Feature Learning

1. INTRODUCTION

Anomaly detection is the task of finding unusual samples in data.
In the unsupervised anomaly detection setting, we have a train-
ing dataset which consists of only “normal” data, i.e., anomalous
samples are not known a priori. Anomaly detection algorithms can
be used in a wide range of applications such as quality inspection
of products, equipment maintenance, network intrusion detection,
fraud detection, etc. In this work, we focus on detecting anomalous
sounds to monitor machine condition.

Anomaly detection is an important topic in machine learning.
There are many approaches to solve this problem in the litera-
ture [1, 2]. Deep learning is used in this work due to the type (i.e.,
sound) and amount of data. Approaches in deep learning for unsu-
pervised anomaly detection can be broadly categorized into recon-
struction based methods and feature learning based methods. In re-
construction based methods, the model is trained to learn the distri-
bution of the normal samples and anomalies can be detected by an-
alyzing the reconstruction errors as an anomaly score [3, 4, 5]. The
reconstruction error is usually higher for anomalies as the model
is only trained to reconstruct the normal samples. In feature learn-
ing based methods, a feature extraction model is trained to map
normal data into small region in the feature space. Anomalies can
be detected from analyzing the distance in the feature space [6].

† equal contribution; alphabetical ordering

As a variation of feature learning based methods, one can utilize
the classifier confidence, specifically a maximum softmax probabil-
ity (MSP). In this method, an anomalous sample is considered to
be outside of the distributions that the classifier had learned, and
generally has lower MSP [7].

We develop two types of unsupervised anomalous sound de-
tection approaches using classification confidence. The first ap-
proach uses normal sounds from all machine types and IDs to train
a classifier that predicts the machine type and ID of each normal
sound. The other type uses data augmentation techniques to gener-
ate pseudo classes from normal sounds, in order to learn a classifier
that predicts which data augmentation technique has been used for
each sound sample, where the sound sample is generated from nor-
mal sounds. In the inference stage, a test sound clip, where it is
unknown whether it is normal or abnormal, is sent to each of these
two classifiers, to produce an anomaly score that is related to the
softmax probability predicted by the classifier. Finally, we ensem-
ble these anomaly scores using probability aggregation.

This report describes our two types of classification-based ap-
proaches in Section 2. Section 3 describes techniques to im-
prove the anomaly detection performance including the ensemble
methods. The experimental results on the development dataset of
DCASE 2020 Challenge Task 2 are shown in Section 4. Finally,
our conclusions are provided in Section 5.

2. FEATURE LEARNING FOR ANOMALY DETECTION

Classification confidence-based approaches require classes to train
a classifier discriminating a target machine class from others. While
external datasets allowed to use could have been leveraged, we ex-
plore what we can do with the given dataset of the competition.

2.1. Machine Types and IDs as Class Labels

The dataset for DCASE 2020 Task 2 challenge [8, 9, 10] has six
machine types: ToyCar, ToyConveyor, fan, pump, slider and valve.
Each machine type has six (ToyConveyor) or seven (other machine
types) machine IDs. We use tuples of machine type and ID as class
labels. We train a neural network using the training data in the de-
velopment dataset, which contains normal sounds, to classify a sub-
set of these classes. The last layer of the model is softmax that
outputs softmax probabilities. In the inference phase, we classify a
test sound using the trained model. Since we know the class of each
test sound, i.e. machine type/ID, we calculate the anomaly score
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s1(x) using the softmax probability of that particular class:

s1(x) = 1− yj(x) (1)

where y(x) is the trained model’s output and j is the target machine
type/ID class index. Alternatively, MSP can also be used.

2.2. Sound Data Augmentation Types as Pseudo Labels

Golan et al. [11] proposed an anomaly detection approach using ge-
ometric transformations on image data, where a classifier is trained
to infer geometric transformations of images. The geometric trans-
formations consist of combinations of flip, xy-translations, and rota-
tion. During inference phase, anomalies are detected by combining
the softmax values of each geometric transformation.

When we naively apply these geometric transformations to the
spectrogram of sound data as images, the result of anomaly detec-
tion was not good. Instead, we apply k types of sound data augmen-
tation, which includes combinations of pitch shift and time stretch,
to create pseudo labels to build a classifier.

Then we train a model to classify sound segments into k classes.
During inference phase, we apply k types of sound data augmenta-
tion to the target sound clip. We divide the augmented k sound clips
into multiple sound segments and then infer them using the trained
model. We get the average of the softmax probabilities over the
sound segments for the target sound clip to get the clip-wise val-
ues. Then we calculate the anomaly score s2(x) using the clip-wise
softmax probabilities corresponding to the actual data augmentation
type:

s2(x) = 1− 1

k

k−1∑
j=0

[y(Tj(x))]j (2)

where y(x) is the clip-wise softmax probabilities, Tj(x) is the jth
data augmentation type, and k is the number of data augmentation
types. Anomalies can be detected based on this anomaly score.

3. TECHNIQUES FOR PERFORMANCE IMPROVEMENT

We apply the following techniques to improve the overall perfor-
mance of anomaly detection.

3.1. Sound Segments

Our proposed method can take either the whole sound clip or seg-
ments of each sound clip as classifier inputs. However, we found
that segmenting a sound clip into multiple sound segments improves
the anomaly detection performance. This could be because the
anomaly usually occurs only within a small part of the sound clip.
Another explanation could be that dividing a sound clip into mul-
tiple segments increases the amount of training data and makes the
classifier more sensitive to the anomaly.

Fig. 1 shows how we divide a sound clip into multiple sound
segments with a specific hop size. We also segment each test sound
into small segments, individually calculate their anomaly score, and
aggregate them using averaging.

3.2. Center Loss

Perera and Patel [12] suggested that to learn a good feature for one-
class classification, two types of losses are required: a descriptive-
ness loss and a compactness loss. The classifier represents the de-
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Figure 1: Sound clip is divided into multiple sound segments.

scriptive part of the feature. We explain how we compress the fea-
tures in this subsection.

Ruff et al. [6] proposed deep support vector data description
(Deep SVDD) approach for anomaly detection. They train a deep
learning model to map normal input data to a minimized volume hy-
persphere in the feature space, in order to maximize the difference
between normal and anomaly inputs in the feature space. Wen et
al. [13] proposed center loss for deep face recognition application,
in order to enhance the discriminative power of the deeply learned
features:

L = Ls + λLc (3)

=

m∑
i=1

log
eWyi

T xi+byi∑n
j=1 e

Wj
T xi+bj

+
λ

2

m∑
i=1

∥ xi − cyi ∥
2
2 (4)

where Ls is the softmax loss and Lc is the proposed center loss.
We use the center loss for the classifier training to map normal

input data to a minimized volume hypersphere in the feature space.

3.3. Ensemble Methods

Ensemble methods focus on the idea of combining different results
of dissimilar sub-models to enhance the overall performance. In en-
semble methods, there exist challenges such as interpretability and
compatibility of scores across different types of sub-models. There
are two methods that can be applied to tackle such challenges: score
unification and score aggregation. We use the statistical scaling
method described in [14] and the probability aggregation method
described in [15], respectively.

First, based on the observation of how the normal samples’
scores in the training dataset resemble, we choose the Gamma dis-
tribution assuming si(x) ∼ Γ(αi, βi), where si(x) is the anomaly
score of sub-model i. The scaled sub-models’ scores ŝi(x) can
be obtained by taking the cumulative distribution function (CDF)
Fi(x;αi, βi) over the fitted distribution from normal samples in the
training dataset, i.e.:

ŝi(x) = Fi(x;αi, βi) (5)

=
γi(αi, βisi(x))

Γ(αi)
(6)

where αi is a shape parameter and βi is a rate parameter.
Next we obtain the ensemble score by probability aggregation

using either si(x) or ŝi(x):

se(x) = 1−
n∏

i=1

(1− si(x)) (7)
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ŝe(x) = 1−
n∏

i=1

(1− ŝi(x)) (8)

where n is the number of sub-models, se is the ensemble anomaly
score by direct probability aggregation, and ŝe(x) is the ensemble
anomaly score scaled with CDF.

4. EXPERIMENTAL RESULTS

We implemented anomaly detection on the DCASE 2020 Task 2
dataset with the following four types of approaches:

(1) Ensemble method [Eq. (7)]

(2) Ensemble method scaled with CDF [Eq. (8)]

(3) Machine types and IDs as class labels [Eq. (1)]

(4) Sound data augmentation types as pseudo labels [Eq. (2)]

On the test data in the development dataset, we achieved the
following AUC and pAUC results as shown in Tables 1 and 2.

Table 1: AUC performance

Machine Type Baseline (1) (2) (3) (4)
ToyCar 78.77 95.66 95.74 92.48 91.37

ToyConveyor 72.53 81.71 81.60 76.90 79.45
fan 65.83 89.05 88.73 89.13 81.27

pump 72.89 93.32 93.20 91.60 90.44
slider 84.76 99.50 99.47 99.31 98.08
valve 66.28 99.77 99.77 99.53 98.81

Table 2: pAUC performance

Machine Type Baseline (1) (2) (3) (4)
ToyCar 67.58 88.13 88.15 77.68 87.77

ToyConveyor 60.43 67.68 67.71 63.48 66.81
fan 52.45 80.98 79.82 81.49 71.94

pump 59.99 82.95 82.52 80.83 79.24
slider 66.53 97.35 97.20 96.48 90.76
valve 50.98 98.77 98.79 98.65 94.98

5. CONCLUSIONS

In this technical report, we have described how we apply a classi-
fier confidence based approach to the anomaly detection problem in
DCASE 2020 Task 2. We train a classsifer using only normal sound
in the development set to learn the distribution of the normal data
and use the model confidence to calculate anomaly score. The pro-
posed system does not use any external dataset nor any pre-trained
model. The experimental results show superior performance to the
baseline on the development dataset.
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