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ABSTRACT 

This paper presents anomalous sound detection methods for 

DCASE2026 Task 2. The goal of this contest is to identify 

whether the sounds emitted from target machines are normal or 

anomaly. First, we applied a simple noise reduction method. This 

method uses the far-channel as a noise reference signal and can-

cels the noise component mixed into the near-channel using a lin-

ear filter. Next, we applied the following four anomaly detection 

methods.  

1. Pre-trained CED model + k-NN.  

2. Pre-trained BEATs model + k-NN.  

3. Baseline autoencoder model with Mahalanobis metric.  

4. Pre-trained BEATs model + autoencoder + MMD  

In the evaluation on the development dataset, the three systems 

using pre-trained feature extractors performed better on the target 

domain, with System 1 (CED + k-NN) performing particularly 

well. 

 

Index Terms— noise reduction, data adaptation 

 

1. INTRODUCTION 

Anomalous sound detection (ASD) is an essential technique in ma-

chine condition monitoring. DCASE2026 Task 2 [1-4] is a data 

challenge focused on ASD. Participants, including the authors, 

aim to detect anomalous sounds using only normal data for train-

ing, reflecting real-world conditions.  

The authors' group has been working on anomaly detection in 

time-series data and on improving ASD system performance by 

proposing various methods [5-10]. We participated in this chal-

lenge to evaluate our technical approach and gain further experi-

ence. This paper describes the algorithms and approaches we ap-

plied to DCASE2026 Task 2. 

The structure of this paper is as follows. Section 2 explains the 

task and data of DCASE2026 Task 2. Section 3 presents the pro-

posed algorithms. Section 4 shows the evaluation results.  Section 

5 concludes the paper. 

2. PROBLEM DESCRIPTION 

The task of DCASE2026 Task 2 is an advanced version of 

DCASE2025 Task 2. It includes the following five requirements, 

with the fifth requirement newly introduced in DCASE2026 Task 

2: 
 

1. Train the model using only normal sounds (unsuper-

vised learning scenario). 

2. Detect anomalies regardless of domain shifts (domain 

generalization task). 

3. Train models for entirely new machine types. 

4. Train the model with or without attribute information. 

5. Training and inference with two-channel audio rec-

orded at different distances from the target machine. 
 

Next, we describe the provided data. There is a development da-

taset for seven types of machines and an evaluation dataset for 

five different types of machines. Both the development and eval-

uation datasets contain training data and test data. Each of the 

training and test datasets includes source data and target data, but 

the source/target information is concealed in the test data of the 

evaluation dataset. The training data contains only normal data. 

The test data includes both normal and anomalous data, but the 

normal/anomaly information is concealed in the test data of the 

evaluation dataset. 

 

3. PROPOSED ALGORITHM 

We first applied a simple noise reduction technique and then ap-

plied four anomaly detection methods (Figure 1). 

First, the noise reduction technique is described. Assuming that 

the given far-channel contains only noise, we used the far-channel 

as a noise reference signal to remove noise from the near-channel. 

In the STFT domain, let 𝑑𝜔,𝜏 denote the noise and 𝑥𝜔,𝜏 denote the 

mixture of the signal and noise. The noise was canceled using a 

one-tap filter 𝑎𝜔 as follows:
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Figure 1: The flowchart of the proposed methods 

 

 

𝑦𝜔,𝜏 = 𝑥𝜔,𝜏 − 𝑎𝜔𝑑𝜔,𝜏 (1) 

 
Here, 𝜔 denotes the discrete frequency and 𝜏 denotes the frame in-

dex. The value of 𝑎𝜔 was estimated by complex linear regression 

to minimize the average energy of 𝑦𝜔,𝜏. 
Next, the four anomaly detection methods applied after noise re-

duction are described in the following four subsections. 

3.1. Pre-trained CED model 

In System 1, we used a pre-trained model based on CED [11] di-

rectly as a feature extractor. CED is a Vision Transformer (ViT)-

based architecture proposed by Dinkel et al. for audio tagging 

tasks. It demonstrates strong feature extraction capabilities 

through pre-training on the large-scale AudioSet dataset. The pre-

trained model is available for download from Hugging Face. 

For preprocessing, we followed the CED method and applied mel-

spectrogram extraction and patching.  

For anomaly detection, we used the method by Wilkinghoff et al. 

[12] to handle a small number of target samples. In the following, 

we will refer to this method as Wilkinghoff's method. The number 

of samples used for k-NN rescaling, a hyperparameter, was set to 

16, as suggested in the paper. We optimized the hyperparameters 

of Wilkinghoff’s method using the training data. Then, we calcu-

lated the anomaly scores using the test data. 

3.2. Pre-trained BEATs model 

In System 2, we replaced the CED-based feature extractor in Sys-

tem 1 with BEATs [13] and used it in the same procedure. BEATs 

is a Transformer-based architecture that learns acoustic represen-

tations through self-supervised learning. The model is pre-trained 

on the large-scale AudioSet dataset and has strong ability to cap-

ture audio events and acoustic patterns. The pre-trained model is 

publicly available and can be downloaded for use. In this system, 

we employed the BEATs_iter3 model. 

For preprocessing, following the BEATs method, we extracted 

log mel-spectrogram from the input audio waveform. We used the 

BEATs encoder as the feature extractor and employed its output 

embeddings as feature representations. For anomaly detection, we 

used Wilkinghoff’s method with k-NN rescaling. 

3.3. Baseline autoencoder model 

In System 3, we used the baseline autoencoder [4] and Mahalano-

bis metric without modification, because, as described in Section 

4 (Evaluation), it achieved the highest AUC_s among our systems. 

However, for its input audio, System 3 employed the noise reduc-

tion method described in Eq. (1). In addition, since a larger num-

ber of training epochs improved AUC scores in the target domain, 

we set the number of epochs to 200. 

3.4. Pre-trained BEATs and autoencoder model  

In System 4, we used the embeddings extracted with BEATs 

(System 2) as input features and employed the autoencoder intro-

duced in System 3 for anomaly detection. The autoencoder was 

trained using a combination of mean squared error (MSE) loss and 

maximum mean discrepancy (MMD) loss to perform domain ad-

aptation. 

 

4. EVALUATION 

The machine-averaged evaluation results on the development da-

taset are presented in Table 1. Here, hmean denotes the harmonic 

mean of the three metrics (AUC_s, AUC_t, and pAUC) and is 

reported as an overall score. 

For the source domain, System 3 (AE) achieved the best perfor-

mance. In contrast, for the target domain, System 1 (CED + k-

NN), System 2 (BEATs + k-NN), and System 4 (BEATs +
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Table 1: Evaluation of the development dataset 

Method AUC_s AUC_t pAUC hmean 

baseline 
data_renameEmu_MAHALA 0.672 0.551 0.541 0.580 

data_renameEmu_MSE 0.675 0.527 0.545 0.570 

proposed 

system1 (CED+kNN) 0.610 0.630 0.554 0.587 

system2 (BEATs+kNN) 0.565 0.607 0.538 0.563 

system3 (AE) 0.762 0.596 0.555 0.621 

system4 (BEATs+AE+MMD) 0.606 0.619 0.527 0.576 
 

 

 AE + MMD), all of which use pre-trained feature extractors, 

yielded better results. 

This suggests that the systems using pre-trained feature extrac-

tors are more effective in the target domain, likely because they 

were pre-trained on large-scale audio data and therefore have 

stronger generalization ability. In contrast, System 3 (AE) per-

formed better in the source domain, which possibly because the 

pre-trained feature extractors are not specifically adapted to each 

machine. Although System 3 was trained on both the source and 

target domains, the source-domain data accounted for a much 

larger proportion of the training set, which may have limited its 

ability to generalize effectively to the target domain. 

 

5. CONCLUSION 

In this paper, we introduced an anomaly sound detection method 

for DCASE 2026 Task 2. We evaluated the following approaches. 

First, we applied a simple noise reduction method, in which the 

far-channel signal was used as a noise reference signal and a linear 

filter was employed to cancel the noise components mixed into 

the near-channel signal. We then applied four anomaly detection 

methods: Pre-trained CED model with k-NN, Pre-trained BEATs 

model with k-NN, Baseline autoencoder model, and Pre-trained 

BEATs model with autoencoder and MMD. 

 In the evaluation on the development dataset, System 3 (AE) 

achieved higher performance for the source domain, whereas the 

three systems using pre-trained feature extractors achieved higher 

performance for the target domain. In particular, System 1 (CED 

+ k-NN) performed the best. 
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