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ABSTRACT 

This technical report presents the competition system designed by 

our team for the DCASE 2026 Anomalous Sound Detection (ASD) 

Challenge. We propose an anomalous sound detection system 

based on noise reference enhancement and adaptive score fusion. 

The system first estimates the noise power spectrum using the ref-

erence channel, computes the frequency-domain gain combined 

with the spectrum of the target channel, and obtains the enhanced 

audio. Then, complementary acoustic features are extracted, and 

a regularized statistical distance model is constructed based on 

normal samples. The multi-feature scores are adaptively fused ac-

cording to the domain distance between the feature distributions 

of the source domain and target domain, and geometric product is 

utilized to impose consistency constraints on anomaly scores, so 

that samples judged as anomalous from multiple perspectives ob-

tain higher anomaly scores. The system only requires normal au-

dio clips from the development and evaluation datasets, with no 

need for synthetic anomalous samples. Test results on 7 types of 

development datasets show that the harmonic mean of AUC and 

pAUC of the proposed system reaches 0.6544, which surpasses 

the official baseline, and can meet the requirements of unsuper-

vised anomaly detection in noisy industrial scenarios. 

Index Terms—Anomalous Sound Detection; Noise 

Reference Enhancement; Adaptive Score Fusion; Unsuper-

vised 

1. INTRODUCTION 

Sound-based Anomalous Sound Detection (ASD) has attracted 

extensive attention from academia and industry in recent years 

due to its advantages of non-contact deployment, low cost and 

easy scalability[1]. Task 2 of the DCASE Challenge [2, 3, 4] aims 

to identify anomalous acoustic events for industrial equipment 

monitoring using only normal samples for training without prior 

knowledge of fault samples. On the basis of previous years, Task 

2 of 2026 [5, 6, 7, 8] further introduces noise awareness and pro-

vides dual-channel stereo recorded data. The two channels are 

collected synchronously but have significant differences in Sig-

nal-to-Noise Ratio (SNR) and spectral characteristics, requiring 

improved ASD performance in noisy environments. This setting 

simulates the distribution shift caused by changes in equipment 

operating conditions in real industrial scenarios, and requires the 

detection model to effectively identify anomalies in noisy factory 

environments. 

In response to the core changes of DCASE 2026 Task 2, this 

paper proposes an industrial anomalous sound detection system 

based on noise reference enhancement and adaptive score fusion. 

Firstly, the system estimates environmental noise based on the in-

formation differences between near-field and far-field channels, 

calculates the frequency-domain gain according to the power 

spectra of the target channel and reference channel noise, and ap-

plies the frequency-domain gain to the target channel spectrum to 

obtain the enhanced equipment sound. Multiple types of comple-

mentary acoustic features are extracted from the enhanced audio, 

and a regularized statistical distance model is established based 

on the normal training samples. The domain distance is quantified 

by the distribution distance between the source and target domains 

of the training samples in the feature space, and the fusion weights 

are adaptively determined according to the domain distance. Fi-

nally, the scores under different regularization strengths are fused, 

and consistency constraints are formed through geometric product, 

so that samples considered anomalous from multiple perspectives 

obtain higher anomaly scores, improving the effect of anomaly 

detection. 

2. METHODOLOGY 

2.1. Dual-Channel Noise Reference Enhancement 

In our system, environmental noise is first estimated using the in-

formation differences between near-field and far-field channels. 

Generally, the near-field channel has a higher SNR relative to the 

target equipment, while the far-field channel contains more envi-

ronmental noise and non-target sound sources. Therefore, the 

near-field channel is used as the target channel, and the far-field 

channel is used as the reference channel for estimating the noise 

components of the target channel. The frequency-domain gain 

𝐺(𝜏, 𝑓) is constructed based on the power spectrum estimation of 

the target channel and reference noise, where 𝜏 denotes the time 

frame and 𝑓 denotes the frequency index. 

𝐺(𝜏, 𝑓) = √
max(|𝑋1(𝜏, 𝑓)|2 − 𝛼|𝑋2(𝜏, 𝑓)|2, 0)

|𝑋1(𝜏, 𝑓)|2 + 𝜀
 

Where 𝑋1(𝜏, 𝑓) and 𝑋2(𝜏, 𝑓) are the power spectra of the tar-

get channel and reference noise respectively; 𝜀 is a stability term 

to avoid division by zero; α ∈ [0,1] is the noise reduction coeffi-

cient, set to 0.5 in this case. Applying the gain to the target chan-

nel spectrum yields the enhanced target signal. 
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2.2. Extraction of Complementary Acoustic Features 

After the enhanced audio is input into the feature extraction mod-

ule, multiple types of acoustic features can be extracted in parallel 

to form a feature pool 𝐹 = {𝐹₁, 𝐹₂, … , 𝐹ₙ}. Not all features must 

be used simultaneously; the system adaptively selects one or more 

features according to the degree of domain shift. 

1. BEATs [9] embedding features. We use a pre-trained BEATs 

encoder to extract global embeddings of the input waveform, 

capturing the global representation of audio and providing 

semantic-level or structural-level sound representations. 

2. Sub-band time-frequency statistical features. For the Log-

Mel spectrogram of the enhanced audio, sub-bands are di-

vided by frequency, and statistics such as temporal mean, 

standard deviation, extreme values, band correlation and 

temporal autocorrelation are calculated to capture local spec-

tral energy changes and harmonic stability. 

3. Spectral shape features. Parameters such as spectral contrast, 

spectral centroid and spectral roll-off are adopted to describe 

the difference between harmonic peaks and background en-

ergy, suitable for anomalies such as air leakage, friction and 

broadband noise. 

4. Multi-layer embeddings and multi-scale time-frequency fea-

tures. For the BEAT model with multi-layer encoders, fea-

tures can be extracted from shallow, middle and deep layers, 

and fixed-length vectors can be formed through PCA or other 

dimensionality reduction methods. Multi-scale time-fre-

quency features such as constant-Q transform can also be ex-

tracted. 

2.3. Regularized Statistical Distance Model 

For the j-th feature 𝐹𝑗(𝑥) of the sample x to be detected, the mean 

vector 𝜇𝑗  and covariance matrix 𝛴𝑗 are estimated based on normal 

training samples. To avoid singularity or instability of the covari-

ance matrix under high-dimensional and small-sample conditions, 

a regularization term 𝛴𝑗,𝜆 is introduced: 

𝛴𝑗,𝜆 = 𝛴𝑗 + 𝜆𝐼 

Where 𝜆 is the regularization strength and 𝐼 is the identity 

matrix. The regularized statistical distance 𝑑𝑗,𝜆(𝑥) of 𝐹𝑗(𝑥) rela-

tive to the normal distribution is calculated as: 

𝑑𝑗,𝜆(𝑥) = (𝐹𝑗(𝑥) − 𝜇𝑗)
𝑇

𝛴𝑗,𝜆
−1(𝐹𝑗(𝑥) − 𝜇𝑗) 

Due to domain shift between the source and target domains, 

directly using the global statistical distance may misclassify nor-

mal target-domain samples as anomalous. To this end, the system 

adopts local relative scoring, so that the sample to be detected is 

compared with the most extreme normal samples in the adjacent 

normal region instead of the global average normal sample. The k 

nearest neighbor samples 𝑁𝑘(𝑥) of the sample x to be detected are 

searched in the normal training samples, and the maximum nor-

mal distance of the neighbor samples is used as the local reference: 

𝑠𝑗,𝜆
𝑟𝑒𝑙(𝑥) =

𝑑𝑗,𝜆(𝑥)

𝑚𝑎𝑥
𝑢∈𝑁𝑘(𝑥)

𝑑𝑗,𝜆(𝑢) + 𝜀
 

When the sample to be detected does not exceed the maxi-

mum normal distance of normal samples in its neighborhood, its 

anomaly score will be reduced; when the sample to be detected is 

more extreme than all normal samples in its neighborhood, its 

anomaly score will be increased. 

2.4. Domain Distance Adaptive Score Fusion 

To adapt to the degree of domain shift of different equipment or 

working conditions, we explicitly define the domain-shift level 

according to the distance between the source-domain and target-

domain feature centers. Let 𝐹𝑏(𝑥) denote the BEATs embedding 

of sample 𝑥, and let 𝐷𝑠 and 𝐷𝑡 denote the normal training samples 

from the source and target domains, respectively. The BEATs-

based domain distance is computed as: 

𝑔 = ‖
1

|𝐷𝑠|
∑ 𝐹𝑏

𝑥∈𝐷𝑠

(𝑥) −
1

|𝐷𝑡|
∑ 𝐹𝑏

𝑥∈𝐷𝑡

(𝑥)‖

2

 

The BEATs embedding space is used because it provides a 

compact representation of global acoustic patterns and is less sen-

sitive to local spectral fluctuations than low-level statistical fea-

tures. Therefore, it is more suitable for estimating the overall mis-

match between the source and target domains. 

Based on 𝑔, the system divides the domain shift into four 

levels, as shown in Table1. When 𝑔 ≤ 0.8, the source and target 

domains are considered very close. In this case, the target-domain 

normal samples are still located near the source-domain normal 

manifold, so all complementary features are enabled. When 0.8 <
𝑔 ≤ 1.0, the shift is mild, but features sensitive to recording con-

ditions may introduce unstable scores; therefore, these features 

are down-weighted or disabled. When 1.0 < 𝑔 ≤ 1.4, the shift is 

moderate, and low-level spectral statistics may begin to reflect 

domain mismatch rather than abnormality; therefore, more robust 

feature groups are prioritized. When 𝑔 > 1.4, the shift is large, 

and the system mainly relies on embedding-based anomaly scores, 

because low-level statistical features may primarily capture re-

cording-condition differences. 

Table1: The values of 𝑔 and the corresponding fusion strategies 

Values of 𝑔 
Domain-

shift level 
Adaptive fusion strategy 

𝑔 ≤ 0.8 Small 
Enable all complementary 

features 

0.8 < 𝑔 ≤ 1.0 Mild 

Down-weight or disable 
condition-sensitive fea-

tures 

1.0 < 𝑔 ≤ 1.4 Moderate 
Prioritize robust feature 

groups 

𝑔 > 1.4 Large 
Mainly rely on embedding-

based scores 

For each feature group, the raw anomaly score is first con-

verted into a rank-normalized score 𝑅𝑗(𝑥) to reduce the scale dif-

ference between different scoring functions. The final anomaly 

score is then obtained by geometric fusion: 

𝑆(𝑥) = ∏ 𝑅𝑗

𝐽

𝑗=1

(𝑥)𝑤𝑗(𝑔), ∑ 𝑤𝑗

𝐽

𝑗=1

(𝑔) = 1 

Where 𝑤𝑗(𝑔) is the weight of the j-th feature determined by 

the domain-shift level, and 𝐽 is the number of feature categories 
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participating in fusion. This design allows the system to use richer 

multi-view information when the domains are close, while falling 

back to more robust embedding-based scores when the domain 

mismatch becomes severe. A larger 𝑆(𝑥) indicates a higher prob-

ability that the sound to be detected is anomalous. The system can 

directly output 𝑆(𝑥), or output normal/anomalous judgment and 

alarm signals after comparing 𝑆(𝑥) with a threshold. 

3. EXPERIMENTS 

We evaluated the system on the development dataset of DCASE 

2026 Task 2, which contains sound samples of source and target 

domains under various equipment types. The BEATs model di-

rectly uses pre-trained weights without fine-tuning. The system is 

compared with the baseline systems AE-MSE and AE-MAHALA 

of DCASE 2026 Task 2. The results are shown in Table2. Our sys-

tem achieves a harmonic mean of AUC and pAUC of 0.6544 on 

the development dataset, outperforming AE-MAHALA (0.5766) 

and AE-MSE (0.5666). 

Table2: AUCs and pAUCs per machine type obtained on the de-

velopment dataset 

Machine Metric 

Base-

line(ma-

hala) 

Base-

line(mse) 

Our 

system 

ToyCarEmu 

AUC-S 0.6949 0.6962 0.6400 

AUC-T 0.6662 0.6120 0.6244 

pAUC 0.5347 0.5589 0.5553 

ToyCar 

AUC-S 0.7728 0.7562 0.5991 

AUC-T 0.5317 0.3787 0.7866 

pAUC 0.5825 0.5403 0.5561 

bearingEmu 

AUC-S 0.6592 0.6234 0.6462 

AUC-T 0.6228 0.5956 0.6758 

pAUC 0.6042 0.5985 0.5905 

fan 

AUC-S 0.6000 0.6145 0.6402 

AUC-T 0.4509 0.4694 0.6474 

pAUC 0.5229 0.5333 0.5800 

gearboxEmu 

AUC-S 0.7448 0.6823 0.7538 

AUC-T 0.5274 0.4978 0.6900 

pAUC 0.5397 0.5294 0.6332 

sliderEmu 

AUC-S 0.6636 0.6725 0.7766 

AUC-T 0.4918 0.4505 0.5172 

pAUC 0.5036 0.5038 0.5358 

valveEmu 

AUC-S 0.5660 0.6774 0.9248 

AUC-T 0.5650 0.6878 0.9324 

pAUC 0.5020 0.5508 0.8063 

H.mean 

AUC-S 0.6646 0.6718 0.6974 

AUC-T 0.5424 0.5085 0.6762 

pAUC 0.5391 0.5437 0.5982 

H.mean 0.5766 0.5666 0.6544 

AUC-S and AUC-T are the AUC of the source and target do-

mains, respectively. 

4. CONCLUSION 

For DCASE 2026 Task 2, a sound anomaly detection system 

based on noise reference enhancement and adaptive score fusion 

is proposed. Leveraging the dual‑channel data provided by the 

challenge, the system performs frequency‑domain noise 

suppression by using the far‑field channel as the noise reference 

and the near‑field channel as the target channel, which effectively 

improves the sound quality of target equipment in noisy environ-

ments. A multi‑view representation framework is constructed by 

extracting complementary acoustic features including BEATs 

embeddings, sub‑band time‑frequency statistics, and spectral 

shape features. A regularized statistical distance model combined 

with a local relative scoring mechanism is adopted to alleviate de-

tection bias caused by domain shift. Fusion weights of multiple 

features are adaptively adjusted according to the domain distance 

between feature distributions of the source domain and target do-

main. Finally, a consistency constraint on anomaly scores is im-

posed via geometric product to strengthen high‑confidence anom-

aly decisions. Experimental results demonstrate that the proposed 

system can be trained only with normal samples and requires no 

anomalous samples. On the seven types of development datasets, 

it achieves a harmonic mean of AUC and pAUC of 0.6544, out-

performing baseline models based on reconstruction algorithms. 

This validates the effectiveness and robustness of the proposed 

method for anomalous sound detection in complex industrial 

noise scenarios and under domain shift conditions. 
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