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Abstract
Anomalous sound detection (ASD) is a key task in
industrial applications, where reliable detection of ma-
chine faults can prevent costly downtime and ensure
operational safety. Although single-channel record-
ings simplify data acquisition and model design, they
often do not capture spatial information that can be
critical for distinguishing between normal and anoma-
lous acoustic events in complex industrial environ-
ments. To address this, we propose a multichannel
approach leveraging inter-channel correlations. Two
autoencoder-based models are presented: in both, one
channel serves as a reference, and differences with
the remaining channels are computed. Two encoders
process the reference and the remaining channels, re-
spectively, while decoder designs vary—one model
uses separate decoders for reference and remaining
channels, and the other employs a single decoder to re-
construct all channels jointly. Our approach captures
richer machine behavior representations, improving
robustness and detection performance in real-world
industrial settings.

Keywords: anomalous sound detection, multichannel
audio, autoencoders, industrial monitoring, spatial infor-
mation

1. Introduction
Anomalous Sound Detection (ASD) is the task of iden-
tifying whether an observed acoustic signal deviates
from expected or normal behavior. Formally, given
an input audio stream, an ASD system aims to deter-
mine whether the signal belongs to the distribution
of normal operating sounds or corresponds to an ab-
normal event. ASD has found applications across a
wide range of domains. In medical analysis, acoustic
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signals such as respiratory sounds can be monitored to
detect early signs of disease or physiological abnormal-
ities [1]. In traffic control, audio-based systems can
identify unusual events such as accidents or honking
anomalies in urban environments [2]. Despite these
diverse applications, industrial monitoring remains
one of the most impactful and well-studied use cases,
where reliable detection of machine faults can prevent
costly downtime and ensure operational safety [3]. In
the context of industrial systems, ASD is typically
applied to monitor machinery such as motors, pumps,
and fans, where deviations in acoustic patterns often
indicate mechanical degradation or failure. A key
challenge in this domain is the scarcity of anomalous
data: faults are rare by nature, and collecting labeled
examples of all possible failure modes is often imprac-
tical or prohibitively expensive [4], [5]. As a result, the
majority of existing approaches adopt an unsupervised
or self-supervised paradigm, where models are trained
exclusively on normal operating sounds and anomalies
are detected as deviations from the learned distribu-
tion. This setup places significant importance on the
model’s ability to capture the intrinsic structure of
normal acoustic behavior while remaining sensitive
to subtle deviations. Autoencoders [3] have emerged
as a prominent class of models for ASD under this
paradigm. By learning to reconstruct normal input
signals, autoencoders implicitly model the manifold
of normal sounds; anomalous inputs, which do not
conform to this manifold, typically result in higher
reconstruction errors. Variants such as convolutional
autoencoders [6], variational autoencoders [7], and
recurrent architectures [8] have been widely explored
to better capture temporal and spectral dependencies
in audio signals. These models offer a flexible and scal-
able framework for unsupervised anomaly detection,
particularly in scenarios with limited labeled data.
However, a notable limitation in much of the existing
literature is the predominant focus on mono-channel
audio. While single-channel recordings simplify data
acquisition and model design, they often fail to capture
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spatial information that can be critical for distinguish-
ing between normal and anomalous acoustic events in
complex industrial environments.
Recent studies have explored multichannel approaches
to address this limitation. For instance, [9] combines
dictionary learning with beamforming techniques on
microphone arrays to enhance anomaly detection in
industrial machinery. Similarly, [10] utilizes multichan-
nel recordings for the joint detection, extraction, and
localization of anomalous sounds, while [11] proposes
attention-based mechanisms to exploit spatial and
temporal dependencies across channels, demonstrat-
ing improved performance over mono-channel models.
Motivated by these advances, this work adopts a mul-
tichannel approach to ASD, leveraging spatial cues
and inter-channel correlations to improve detection
performance. By incorporating multichannel audio
into an autoencoder-based framework, the proposed
methods aim to provide a richer representation of ma-
chine behavior and enhance robustness in real-world
industrial settings.

2. Proposed Method
Our proposed method builds upon our previous
autoencoder-based approach [12] for anomalous sound
detection, extending it to more effectively leverage
multichannel audio. The model is trained exclusively
on normal operating data, learning to reconstruct in-
put signals and using reconstruction discrepancies as
an indicator of abnormality.

2.1. Feature Extraction
Following our previous procedure, the input is con-
structed from multichannel audio waveforms. A single
channel is selected as the reference (xref ), while the
remaining channels are used to compute difference sig-
nals (xdiff ) relative to the reference in the waveform
domain.
For both the reference and difference signals, 128-
dimensional Mel-based spectral features are extracted
using short-time analysis with fixed frame length and
hop size. Five consecutive frames are concatenated
to form the final input vectors, resulting in a fixed-
dimensional representation per time step, both for
the reference (Xref ∈ RL

+) and difference channels
(Xdiffn ∈ RL

+, n = 1, . . . , N − 1).

2.2. Dual-Encoder Dual-Decoder Model
The first model uses two encoders and two decoders,
as shown in Figure 1. One encoder processes the
reference channel input vectors (Xref ) producing a
latent representation zref , while the second encoder
processes the difference input vectors (Xdiffn) pro-
ducing a latent representation Zdiffn

. These latent
representations from the difference channels are con-
catenated to form a joint embedding Zdiff , which is
further concatenated to zref and provided to both
decoders.
To efficiently handle multiple difference channels, the
difference inputs are reshaped by merging the channel
dimension with the batch dimension before encoding.

After encoding, latent representations are reshaped
back to recover the original batch and channel struc-
ture, preserving channel-wise information while shar-
ing encoder parameters.
The first decoder reconstructs the reference input
X̂ref , while the second reconstructs the difference in-
put tensor X̂diff ∈ R(N−1)×L

+ . The model is trained
by minimizing the weighted sum of mean squared
errors (MSE) for both outputs.

L = MSE(Xref , X̂ref ) + αMSE(Xdiff , X̂diff ). (1)

Following prior work, we introduce a hyperparameter
α to control the relative contribution of the reconstruc-
tion error associated with the difference signals. This
weighting factor allows the model to balance the influ-
ence of the reference and difference channels during
training. In particular, larger values of α emphasize
accurate reconstruction of the difference signals, while
smaller values prioritize the reference channel. This
is especially important in the multichannel setting,
where the number and variability of difference signals
may otherwise dominate the optimization objective.

Encoderdiff

...
-

Preprocess Preprocess

ReshapeConcat
...

...

Encoderref Reshape

Decoderref Decoderdiff

Lossref Lossdiff

Channel 1Channel 0
Channel 2

Channel n

Xref Xdiff

Zdiff
zref

X̂ref X̂diff

Figure 1: Structure of the dual-encoder dual-decoder
model.

2.3. Dual-Encoder Single-Decoder Model
The second model uses two encoders but a single
decoder, as shown in Figure 2. The encoder struc-
ture and input processing are identical to the dual-
decoder model, producing latent representations zref
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and Zdiffn that are concatenated into a joint embed-
ding. A single decoder then reconstructs both the
reference and difference inputs jointly.
The training objective is the reconstruction error of
all channels without any specific weighting:

L = MSE(X, X̂), (2)

where X = [Xref , Xdiff1 , . . . , XdiffN−1 ] ∈ RN×L
+ is

the tensor formed by concatenating the reference and
all difference channels, and X̂ is its corresponding
reconstruction.

Encoderdiff

...
-

Preprocess Preprocess

ReshapeConcat
...

...

Encoderref Reshape

Decoder

Channel 1Channel 0
Channel 2

Channel n

Xref Xdiff

Zdiff
zref

X̂ ConcatLoss XX̂̂X̂X̂X̂X̂X
Figure 2: Structure of the dual-encoder single-decoder
model.

2.4. Anomaly Scoring and Thresholding
For both models, anomaly detection is based on the
reconstruction error, under the assumption that the
models trained on normal data will yield higher recon-
struction errors for abnormal samples.
Since both the dual-encoder and single-encoder mod-
els are trained on their corresponding reconstruction
errors, we use their loss functions as an anomaly score
A(x) for any new input x.
In both cases, higher values of A(x) indicate a greater
deviation from normal behavior.
To determine a decision threshold, we assume that
anomaly scores for normal data follow a Gamma dis-
tribution [3]. The parameters of this distribution are

estimated using the anomaly scores computed on the
training set. The decision threshold τ is then defined
as the p-th percentile of the fitted distribution:

τ = Percentilep(A(x)), (3)

where p is typically set to 90. A sample is classified
as anomalous if A(x) > τ .

3. Experiments and results
3.1. Dataset
We evaluated our method using the MIMII dataset
[13], which contains recordings of four types of indus-
trial machines: fans, slide rails, valves, and pumps.
Each type includes recordings from multiple individual
units, potentially representing different product mod-
els. The valves correspond to solenoid valves that are
repeatedly opened and closed, the pumps are water
pumps that continuously drain and discharge water,
the fans are industrial units providing a continuous
airflow, and the slide rails represent linear slide sys-
tems consisting of a moving platform and a stage base.
Each machine type produces sounds with distinct char-
acteristics, which may be stationary or non-stationary,
and exhibit varying degrees of detection difficulty.
Recordings were captured as 16-bit audio signals sam-
pled at 16 kHz following the setup of Fig. 3, and
were mixed with real industrial background noise at
multiple signal-to-noise ratio (SNR) levels. For each
segment, background noise was selected randomly and
scaled to achieve a target SNR relative to the machine
signal. Eight channels were recorded separately using
a circular microphone array. The microphones were
positioned 50 cm from the machine for all types ex-
cept the valves, which were recorded at 10 cm. Each
recording session captured a single machine along with
the ambient factory noise.
In total, the dataset contains 26,092 normal sound
segments across all machines. To simulate real-life
conditions, a limited number of anomalous segments
were included, representing scenarios such as contami-
nation, leakage, rotating unbalance, and rail damage.
These anomalous segments were primarily intended for
testing, reflecting an unsupervised learning scenario.
For training, we randomly selected 1,000 normal sam-
ples, combining different individual units and noise
levels, while the test set included 200 normal and
anomalous audio files per machine type.

3.2. Baseline Model
Our baseline corresponds to our previous work [12],
which extended the autoencoder-based approach in-
troduced in the DCASE Task 2 challenge [3] to in-
corporate spatial information. While the original
DCASE baseline operates on a single audio channel,
our previous work leveraged two channels recorded
from opposite-side microphones: a reference channel
and a difference channel computed between the micro-
phones. Both channels were processed using the same
feature extraction pipeline as in DCASE, where 128
log-Mel bands were computed using STFT with 64 ms
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Figure 3: Recording setup of the dataset (as indicated
in [13])

frames and 50% overlap, and five consecutive frames
were concatenated into 640-dimensional input vectors.
The model adopted a dual-branch autoencoder archi-
tecture, with separate encoders and decoders for each
channel. The resulting latent representations were
combined and used to reconstruct both inputs. Simi-
lar to our current proposal, training was performed
using a weighted sum of reconstruction errors from the
two channels, allowing the model to balance spectral
and spatial information.

3.3. Evaluation Metrics
To evaluate our method, we adopt the same metrics
used in the DCASE Challenge and in most related
works [3], [4], [6], [12]. Specifically, we report the
area under the receiver operating characteristic curve
(AUC), which is computed as:

AUC = 1
N−N+

N−∑
i=1

N+∑
j=1

H
(

Aθ(x+
j ) − Aθ(x−

i )
)

, (4)

where N+ and N− denote the number of anomalous
and normal test samples, respectively, and H(·) is
the Heaviside step function, which returns 1 if its
argument is positive and 0 otherwise. Here, Aθ(x) is
the anomaly score computed from the reconstruction
error.

3.4. Implementation
Our proposed model is trained separately for each
machine type, meaning a dedicated model is optimized
using data specific to that machine category. For
each machine type, both our model and the baseline
model are trained on 1,000 raw waveform signals. To
compute the log-Mel spectrograms, we use a frame
size of 1,024 samples with 50% overlap, and apply
a Mel filter bank with 128 filters. Model training
is performed using the Adam optimizer [14] with a

learning rate of 0.001. Training is carried out for 100
epochs with a batch size of 256.

3.5. Performance comparison
This section presents the experimental evaluation of
the proposed models. We first compare the two archi-
tectural variants, followed by an analysis of the effect
of the weighting parameter α. Finally, we study the
impact of the number of input channels.
3.5.1. Comparison of Model Architectures
We begin by comparing the performance of the dual-
encoder dual-decoder model and the dual-encoder
single-decoder model. Tables 1 and 2 report the
anomaly detection performance (AUC) for different
machines and latent space sizes. All results in this
section are obtained using the full set of available
input channels (8 channels) and with α=1.
Overall, both architectures achieve competitive perfor-
mance across all machines and consistently outperform
the baseline reported in Forum 2025. The results indi-
cate that incorporating more multichannel information
through difference signals is beneficial regardless of
the decoder configuration.
Comparing the two models, no single architecture uni-
formly dominates across all settings. The dual-decoder
model achieves the best performance for Slider, reach-
ing an AUC of 98.66 for a latent size of 64, while also
providing slight improvements for Pump. In contrast,
the single-decoder model performs better for Fan and
achieves the highest score for Valve at larger latent
dimensions.
Regarding the latent space size, both models tend
to perform best with smaller or moderate latent di-
mensions (16 or 64). Increasing the latent size to 128
does not consistently improve performance and, in
some cases, leads to a degradation, particularly for
Pump. This suggests that overly large latent spaces
may reduce the model’s ability to capture compact
representations of normal behavior.
Finally, performance varies significantly across ma-
chines. Slider consistently achieves the highest AUC
values across all configurations, indicating that its
anomalies are easier to detect. In contrast, Valve re-
mains the most challenging machine, with relatively
lower AUC values, suggesting more subtle or variable
anomaly patterns.
These results highlight that both architectural choices
are viable, with their relative performance depending
on the machine type and latent space configuration.
3.5.2. Effect of the Weighting Parameter α
Following with our previous work, in the case of the
two-decoders model, we tested the impact of setting
the α parameter into the performance. Tables 4 and 3
present the results obtained per machine with latent
space length of 16 and 64, respectively. Overall, the
performance is relatively robust to the choice of α. Fan
and Pump show slightly better results with smaller α,
whereas Valve and Slider perform marginally better
with larger α, but these variations are minimal. This
indicates that the specific value of α is not critical for
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Table 1: Detection performance (AUC %) for different latent space sizes (K) using the single-decoder model.
Machine K = 16 K = 64 K = 128 [12] (K = 16) Mono [3] (K = 16)
Fan 96.00 95.30 94.53 94.03 86.98
Valve 59.50 59.25 59.94 58.24 55.13
Slider 97.80 98.40 98.49 96.00 92.24
Pump 78.29 73.32 72.65 75.79 69.10

Table 2: Detection performance (AUC %) for different latent space sizes (K) using the dual-decoder model.
Machine K = 16 K = 64 K = 128 [12] (K = 16) Mono [3] (K = 16)
Fan 95.11 95.38 94.38 94.03 86.98
Valve 59.78 59.25 57.31 58.24 55.13
Slider 97.17 98.66 98.57 96.00 92.24
Pump 78.63 69.93 68.94 75.79 92.24

achieving high performance, simplifying the practical
tuning of the model.

Table 3: AUC (%) for different α values (K = 64).
Machine α = 0.1 α = 1 α = 10
Fan 95.95 95.38 94.86
Valve 58.65 59.25 59.36
Slider 98.13 98.66 98.56
Pump 77.88 69.93 69.67

Table 4: AUC (%) for different α values (K = 16).
Machine α = 0.1 α = 1 α = 10
Fan 96.93 95.11 95.52
Valve 59.34 59.78 58.36
Slider 97.18 97.17 97.64
Pump 78.36 78.63 76.79

3.5.3. Effect of the Number of Channels
We further investigate the impact of the number of
input channels using the dual-decoder model. Tables 5
and 6 report the performance for different channel
configurations, where the indices denote the selected
microphones in the array described in Figure 3.
Overall, the results show that increasing the number of
channels generally improves or maintains high AUC,
with the best performance often achieved when all
eight channels are used. Importantly, the results also
indicate that the specific choice and spatial position
of the microphones affect detection performance. For
example, in the two-channel configurations, selecting
microphones (0,4) versus (2,6) can lead to noticeable
differences for some machines, such as Fan and Pump.
Similarly, among four-channel configurations, the sets
(0,2,4,6) and (1,3,5,7) yield different results depending
on the machine.
Some machines, such as Fan and Slider, benefit notice-
ably from including more channels, whereas others,
like Valve and Pump, show only marginal differences
across configurations. This indicates that while adding
more channels can help, the model remains relatively
robust even with fewer channels, simplifying practical
deployment when sensor availability is limited.

Table 5: AUC (%) for different channel configurations
(latent size = 64, α = 1).

Machine 2 2 4 4 8
(0,4) (2,6) (0,2,4,6) (1,3,5,7)

Fan 92.12 88.26 95.04 93.84 95.38
Valve 62.13 60.00 58.99 58.52 59.25
Slider 97.38 96.74 98.09 97.66 98.66
Pump 63.61 69.81 68.65 68.40 69.93

Table 6: AUC (%) for different channel configurations
(K = 16, α = 1).

Machine 2 2 4 4 8
(0,4) (2,6) (0,2,4,6) (1,3,5,7)

Fan 92.67 87.26 93.52 94.00 95.11
Valve 59.03 55.75 58.80 58.48 59.78
Slider 97.10 96.86 97.25 97.32 97.17
Pump 73.72 77.15 74.32 78.01 78.63

4. Conclusion
In this paper, we extended our previous work by
proposing a self-supervised anomalous sound detection
approach based on autoencoders with multichannel
processing. The proposed method demonstrates im-
proved performance compared to our earlier approach,
showing consistent gains across different experimental
settings. Overall, the results highlight the importance
of exploiting multichannel and spatial information,
as they enable the model to better capture complex
acoustic patterns. These findings emphasize the rel-
evance of such information for achieving robust and
reliable anomalous sound detection in industrial ap-
plications, while also providing a practical direction
for future system design.
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