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ABSTRACT

This report describes our submission for DCASE2022 Chal-
lenge Task 2, an ensemble system for unsupervised anomalous
sound detection (ASD), allowing domain shifts. It integrates two
domain generalization methods, a self-supervised attribute classifi-
cation and a GMM-based clustering for unsupervised ASD. Exper-
iments were conducted on the development dataset of DCASE2022
Challenge Task 2. The results show that our ensemble system can
achieve 88.5% in average AUC under the source domain, 78.5% in
average AUC under the target domain, and 68.8% in average pAUC.

Index Terms— Anomalous Sound Detection, Spectral-
temporal Fusion, Domain Generalization, Self-supervised Classi-
fication, Gaussian Mixture Model

1. INTRODUCTION

The subject of DCASE2022 Challenge Task 2 is “Unsupervised
Anomalous Sound Detection for Machine Condition Monitoring
Applying Domain Generalization Techniques” [[1]. Compared with
DCASE2020 Challenge Task 2 [2] and DCASE2021 Challenge
Task 2 [3]], this task focuses on the domain generalization tech-
niques for anomalous sound detection. Various factors can cause
domain shift of machine sounds in the real factory environment,
such as differences in operation speed, machine load, and environ-
mental noise. Thus, using domain adaptation techniques is costly
or even impractical. Therefore, domain generalization techniques
are adopted, using the source domain data to learn common fea-
tures across domains, which will provide the generalization ability
for the model under both source and target domains.

Our submission system is the integration of two ASD methods.
Here, a self-supervised attribute classification method is proposed,
where the attributes describing audio files are employed as the clas-
sification labels. In addition, we also introduce a Gaussian mixture
model (GMM) based clustering method for ASD under domain shift
conditions. An ensemble strategy [4] is applied to integrate the two
methods as our final ensemble system to further improve the detec-
tion performance.
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2. PROPOSED METHOD

2.1. Self-supervised Attribute Classification

We adopt our previous work STgram-MFN [5] as the backbone,
which presents a spectral-temporal fusion feature, STgram, as
the input feature and uses MobileFaceNet (MFN) [6] as the self-
supervised classifier. Different from STgram-MFN, we introduce
two classifiers after MFN, i.e., attribute classifier and label classi-
fier, to classify attributes and labels of the audio signal, respectively.

Focal loss [[7] is employed for the label classifier to mitigate
the sample imbalance problem, and the binary cross-entropy loss is
adopted for the attribute classifier. We use the negative log mean
probability of the labels belonging to the corresponding section as
the anomaly score. Following STgram-MFN [5]], audio signals with
10 seconds in length as the model input, and our model is trained
for all machine types. Based on this basic model, we provide three
models as follows:

Model-1: We fine-tune our basic model on the samples in the
target domain.

Model-2: We add section information to attributes for the basic
model, which will increase the number of labels.

Model-3: We add domain information to attributes for the basic
model. Meanwhile, label smoothing is adopted for label classifica-
tion.

2.2. GMM-based Clustering Method

In addition, we introduce a GMM-based clustering system for this
task, where global weighted rank pooling (GWRP) [_8] is adopted
for audio feature representation. Let X € R™*7 be the log-Mel
spectrogram, where F' denotes the frequency dimension, and 7" is
the time dimension. The GWRP of X can be calculated as:

T
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where 0 < r < 1 is a hyper-parameter, and z(r) = Z;‘.le ri=t

is a normalization term. Note that r can be set at different values
according to machine type. This method is named gwrp-GMM.
Meanwhile, SMOTE [9] is employed to deal with the sample
insufficiency by over-sampling the samples in the target domain.
In our experiments, the over-sampling ratio between the target and
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source domains is set as 0.2. The parameters setting (i.e., the clus-
tering centres of GMM, r, and using SMOTE or not) is provided in
Table[1l

2.3. Ensemble

We adopt the ensemble learning strategy to combine the pro-
posed self-supervised attribute classification method and GMM-
based clustering method as our ensemble systems:

Ensemble-1: Integration of gwrp-GMM, Model-1, Model-2,
and Model-3.

Ensemble-2: Integration of gwrp-SMOTE-GMM, Model-1,
Model-2, and Model-3.

The weights for system integration is shown in Table[2}

3. EXPERIMENTS

Regarding the self-supervised method, the experiments on the de-
velopment and additional training dataset from the ToyADMOS
dataset [[10] and MIMII DG dataset [[11]. We train our models
on training data of the development dataset and additional train-
ing dataset. The experimental setup for model training is the
same as STgram-MFN [5]. For the clustering method, experiments
are performed on the development dataset to train GMM mod-
els. We submit four systems to DCASE2022 Challenge task 2,
namely gwrp-GMM (system-1), gwrp-SMOTE-GMM (system-
2), Ensemble-1 (system-3), and Ensemble-2 (system-4).

These systems are evaluated on the test data of the development
dataset. The average (harmonic mean) results of AUC under source
domain (AUC-S), AUC under target domain (AUC-T) and partial
AUC (pAUC) for each machine type is shown in Table 3] @] and[3}
respectively. All of our proposed models and systems outperform
the baseline systems.

4. CONCLUSION

We presented our submission systems for DCASE2022 Challenge
Task 2 in this technical report, using two proposed methods (i.e.,
self-supervised attribute classification method and GMM-based
clustering method) and model integrations applying the ensemble
learning strategy. Experimental results show that our proposed sys-
tems outperformed the baseline systems.
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Table 1: The parameters (cluster centers / r / using SMOTE ) for GMM models.
(“N” means not using SMOTE, “Y” means using SMOTE)
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Methods ToyCar ToyTrain bearing fan gearbox slider valve
gwrp-GMM 2/099/N  2/081/N 2/100/N 2/1.00/N 2/099/N 1/088/N 2/045/N
gwrp-SMOTE-GMM  1/1.00/Y 2/081/N 2/100/N 2/100/N 2/098/Y 1/090/Y 2/050/Y

Table 2: The weights (gwrp-GMM / gwrp-SMOTE-GMM : Model-1 : Model-2 : Model-3) for system integration with ensemble learning

strategy.

Systems ToyCar ToyTrain bearing fan gearbox slider valve
Ensemble-1 0.3: 0: 0.7: 0 04:0:06:0 0.1: 02:0: 0.7 0.8:0:0.1: 0.1  0.8:0.1: 0: 0.1 0.7:0: 0.3: 0 0.4:0:0: 0.6
Ensemble-2  0.4:0.1: 0.5:0 04:0:0.6:0 0.1:0.1: 0: 0.8  0.8:0:0.1: 0.1 0.7:0.2: 0: 0.1  0.8: 0: 0.1: 0.1 ~ 0.4: 0: 0.1: 0.5

Table 3: The average (harmonic mean) results of AUC-S (%) for different machine types.
Methods ToyCar ToyTrain bearing fan gearbox slider valve Average
Baseline
AE-baseline 91.7(90.4)  77.0(76.3)  57.0(54.4) 79.0(78.6)  69.2(68.9) 78.8(78.0) 52.1(52.0) 72.1(71.2)
MobileNetV2-baseline 61.2(59.1) 60.4(57.3) 63.1(60.6) 71.5(70.8) 70.4(69.2) 69.8(65.2) 68.8(67.1)  66.5(64.2)
Self-supervised attribute classification
Model-1 68.4(66.3)  85.7(85.5) 57.2(55.6) 73.8(69.9) 73.7(71.4)  90.1(89.5)  75.0(71.2)  74.8(72.8)
Model-2 46.9(41.6) 64.9(63.8) 77.7(71.5) 73.6(71.7)  76.5(74.0) 93.3(93.2) 73.4(71.1) 72.3(70.4)
Model-3 84.5(82.1) 93.3(93.0) 63.1(61.8)  81.8(80.3)  80.9(80.5) 93.3(93.1) 73.3(70.5)  81.5(80.2)
GMM-based Clustering
gwrp-GMM (system-1) 90.2(89.7)  91.4(90.8)  60.2(52.5)  80.2(79.7)  84.6(83.5) 95.7(95.6)  95.7(95.7)  85.4(83.9)
gwrp-SMOTE-GMM (system-2) 89.7(89.1)  91.5(90.9)  62.1(56.9) 80.2(79.7)  84.6(83.4)  95.1(95.0) 93.6(93.5)  85.3(84.1)
Ensemble
Ensemble-1 (system-3) 82.7(80.7)  92.8(92.4) 77.2(77.2) 86.0(85.8) 88.8(88.3) 96.4(96.3) 96.3(96.2)  88.6(88.1)
Ensemble-2 (system-4) 84.5(83.0) 92.8(92.5) 77.2(77.2) 86.0(85.8) 88.1(87.6) 96.0(95.9) 95.2(95.1)  88.5(88.1)
Table 4: The average (harmonic mean) results of AUC-T (%) for different machine types.
Methods ToyCar ToyTrain bearing fan gearbox slider valve Average
Baseline
AE-baseline 36.6(34.8) 26.4(23.4) 59.0(58.4) 49.2(47.2) 62.8(62.4) 49.0(47.7) 49.9(49.5) 47.6(46.2)
MobileNetV2-baseline 52.8(52.0) 463(45.9) 61.8(59.9) 51.8(48.2) 59.0(56.2) 48.6(38.2) 60.9(57.2) 54.5(51.1)
Self-supervised attribute classification
Model-1 83.6(82.7) 58.2(52.1) 74.8(74.7) 62.8(62.7) 64.5(62.77) 76.2(75.5) 57.3(52.6) 68.2(66.1)
Model-2 71.4(66.1) 53.5(48.8) 72.2(72.0) 48.3(41.3) 61.2(56.9) 71.5(65.5) 57.5(44.7) 62.2(56.5)
Model-3 73.1(67.0)  43.2(39.0) 68.6(67.2) 53.0(52.5) 69.0(59.8) 69.3(59.8) 50.7(32.3) 61.0(54.9)
GMM-based Clustering
gwrp-GMM (system-1) 7377(71.6)  51.2(44.8) 87.4(86.3) 65.9(63.2) 78.7(77.0) 81.6(80.3) 89.6(89.6) 75.4(73.3)
gwrp-SMOTE-GMM (system-2) 81.1(80.3)  52.0(45.1) 85.4(84.7) 65.9(63.2) 81.8(81.0) 85.6(84.8) 89.9(89.9) 77.4(75.6)
Ensemble
Ensemble-1 (system-3) 84.7(83.6) 56.8(49.6) 77.0(77.0) 69.8(69.2) 79.9(78.6) 84.1(82.3) 90.8(90.7)  77.6(75.9)
Ensemble-2 (system-4) 86.0(85.3)  57.1(49.6)  77.3(77.1) 69.8(69.2) 81.6(80.7) 86.3(85.4) 91.4(91.3) 78.5(77.0)
Table 5: The average (harmonic mean) results of pAUC (%) for different machine types.
Methods ToyCar ToyTrain bearing fan gearbox slider valve Average
Baseline
AE-baseline 52.8(52.7)  50.6(50.5) 52.2(52.0) 58.0(57.5) 58.7(58.5) 56.0(55.8) 50.4(50.4) 54.1(53.9)
MobileNetV2-baseline 525(52.3)  51.6(51.5) 57.9(57.1) 57.6(56.9) 56.5(56.0) 56.5(54.7) 65.3(62.4) 56.9(55.8)
Self-supervised attribute classification
Model-1 62.0(59.9) 58.7(57.8) 52.7(52.6) 59.1(58.5) 56.1(56.0) 61.8(61.7)  63.5(60.3)  59.1(58.1)
Model-2 52.4(52.3)  50.6(50.5) 65.6(65.4) 59.8(58.9) 58.3(57.9) 66.2(63.8) 62.9(60.3) 59.4(58.4)
Model-3 66.8(62.2)  55.1(54.4) 58.4(58.0) 60.5(60.5) 56.7(56.0) 66.0(63.9) 62.6(58.9)  60.9(58.9)
GMM-based Clustering
gwrp-GMM (system-1) 59.4(58.1)  60.2(59.1) 55.8(54.7) 63.0(62.1) 65.9(64.7) 74.3(73.3) 70.6(70.2) 64.2(63.2)
gwrp-SMOTE-GMM (system-2) 62.5(60.5) 61.1(59.7) 55.3(54.2) 63.0(62.1) 66.9(65.8) 77.4(76.7)  66.1(66.0)  64.6(63.6)
Ensemble
Ensemble-1 (system-3) 66.6(63.1) 61.5(60.0) 67.3(67.0) 66.2(65.9) 66.2(64.8) 76.2(74.9) 74.8(73.5) 68.4(67.0)
Ensemble-2 (system-4) 66.5(63.5) 61.9(60.2) 66.8(66.6) 66.2(65.9) 67.8(66.7) 79.1(78.2)  73.2(72.5) 68.8(67.6)




	 Introduction
	 Proposed Method
	 Self-supervised Attribute Classification
	 GMM-based Clustering Method
	 Ensemble

	 Experiments
	 Conclusion
	 References

