
VOL. 8, NO. 11, NOVEMBER 2024 6014404

Sensor applications

Low-Complexity Attention-Based Unsupervised Anomalous Sound Detection
Exploiting Separable Convolutions and Angular Loss

Michael Neri∗ and Marco Carli∗∗

Department of Industrial, Electronic, and Mechanical Engineering, Roma Tre University, 00146 Rome, Italy
∗Graduate Student Member, IEEE
∗∗Senior Member, IEEE

Manuscript received 9 July 2024; revised 13 September 2024; accepted 11 October 2024. Date of publication 14 October 2024; date of current version 30
October 2024.

Abstract—In this letter, a novel deep neural network, designed to en-
hance the efficiency and effectiveness of unsupervised sound anomaly
detection, is presented. The proposed model exploits an attention module
and separable convolutions to identify salient time–frequency patterns in
audio data to discriminate between normal and anomalous sounds with
reduced computational complexity. The approach is validated through
extensive experiments using the Task 2 dataset of the DCASE 2020 challenge. Results demonstrate superior per-
formance in terms of anomaly detection accuracy while having fewer parameters than state-of-the-art methods.

Index Terms—Sensor applications, attention, audio processing, deep learning, explainability, unsupervised anomaly detection,
wavegram.

I. INTRODUCTION
In the context of unsupervised anomaly detection, an anomaly refers

to data patterns that deviate from the expected normal behavior [1].
Likewise, anomalous sound detection (ASD) is the task of under-
standing whether a sound is normal or not (anomalous) [2]. ASD is
applied in the field of machine condition monitoring [3], [4], medical
diagnosis [5], safety and security in urban environments [6], and
multimedia forensics [7], [8]. Generally, deep neural networks (DNNs)
are employed for ASD due to their ability to identify subtle and un-
known anomalous data patterns [9]. Unsupervised or semisupervised
models are generally adopted in ASD problems because of the limited
availability of anomalous sounds. State of the art (SOTA) unsupervised
sound anomaly detection (USAD) approaches can be classified into
two categories [10], [11]: reconstruction based and classification
based. In the first scenario, models are based on the hypothesis that only
nonanomalous samples, which have been analyzed during training,
can be effectively retrieved after lossy compression, e.g., autoencoder
(AE) [12]. In [13], a DNN has been designed to interpolate masked
time bins of the log-Mel spectrogram. Similarly, in [14], normalizing
flows have been used for estimating the probability density of normal
data. However, these models suffer from generalization problems, e.g.,
an anomalous sample may be correctly reconstructed by an AE [15].
Classification-based approaches, instead, compute the anomaly score
exploiting probability-based distances between prediction and ground
truth, e.g., cross-entropy. The classification is carried out on metadata,
which can be the identification number of a specific machine that
produced the sound. The design rationale is that a model cannot
classify successfully the metadata associated with a sound if it is
anomalous [10], [11], [16]. The use of metadata as an auxiliary
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loss function allows the modeling of the probability distribution of
normal data, namely, inlier modeling [17]. One such model, STgram-
MFN [18], extracts temporal and spectral features to classify the IDs
of machines using ArcFace [19]. Similarly, in [20], two novel angular
losses, ArcMix and Noisy-Arcmix, have been designed to enhance
the compactness of intraclass distribution during the classification of
IDs. Differently, Guan et al. [11] involved contrastive learning in the
pretraining to reduce distances between pairs of feature embeddings
from the same machine IDs.

However, it is important to consider the computational complexity
in the context of USAD. The response time of an anomaly detector
is critical to limit the damage caused by an anomalous event [12].
Hence, this work also analyzes the computational complexity of SOTA
approaches in terms of the amount of learnable parameters. Moreover,
it is often challenging to interpret why these models flag certain audio
segments as anomalies due to their closed box nature. To address this,
for the first time in the literature, we employ an attention module [22]
to provide explanations for the decisions made by the anomaly detec-
tion system. The attention mechanism highlights which parts of the
input are most influential in the model’s anomaly detection, thereby
enhancing the interpretability of the model’s outputs.

To summarize, the contributions of this work are as follows.
1) We define an attention module focused on identifying time–

frequency anomalous pattern detected both in the log-Mel
spectrogram and from the learned representation, i.e., Wave-
gram [23].

2) We use separable convolutions to reduce the computational
complexity of the model, decreasing by approximately 13%
of the number of learnable parameters concerning the top-tier
approaches of the literature.

3) We statistically analyze the attention maps highlights the impor-
tance of high-frequency bins in the log-Mel spectrogram as the
main cue for the identification of anomalous sounds in this sce-
nario. Moreover, a comparison with SOTA approaches, in terms
of performance and computational complexity, is carried out.
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Fig. 1. Description of the proposed pipeline for USAD.

The rest of this letter is organized as follows. Section II details
the proposed approach, providing insights on the feature extraction
and anomaly score computation. Details of the dataset, metrics, and
experimental results are explained in Section III. Finally, Section IV
concludes this letter.

II. PROPOSED METHOD

In this section, the proposed unsupervised approach for audio
anomaly detection is detailed. The goal is to determine whenever a
single-channel audio signal with l samples x ∈ R

1×l is anomalous
without using in training the binary anomaly label y ∈ Z

2. To do so, we
employ time–frequency representations as features, namely, log-Mel
spectrogram and Wavegram, to jointly identify patterns in time and
frequency since audio signals are generally nonstationary [23]. In
conjunction with an attention module and angular loss, an efficient
DNN is proposed for classification-based anomaly detection. The
overall architecture is shown in Fig. 1.

A. Feature Extraction

Initially, a preprocessing stage is employed to extract the complex
short-time Fourier transform (STFT) STFT{x} from the audio signal
x. This transform is performed using a Hann window of length 64 ms
with 50% overlap. The selection of the window function is critical
since windowing in the time-domain results in a convolution in the
frequency domain, disrupting the spectral characteristics of the audio
signal. Hann window mitigates this problem, thanks to its characteristic
of having the localization of spectral energy around the normalized fre-
quency w = 0, minimizing spectral leakage [24]. Length and overlap
of windows are consistent with those found in the literature for ASD.
Next, a log-Mel spectrogram XMel ∈ R

t× f is extracted using a Mel
filterbank HMel(·) as XMel = 20 log10 HMel(STFT{x}), where t and f
denote the number of time and frequency bins, respectively.

In [22], Wavegram is introduced as a new learned time–frequency
representation for audio tagging. In particular, Wavegram is designed
to capture relevant time–frequency cues for the classification that
may go unnoticed like hand-crafted log-Mel spectrograms due to its
lossy representation [22]. Within the scope of USAD, several methods
have been based on Wavegram by applying a 1-D convolution that
acts as a learnable STFT [18]. Next, the features have been further
processed by layer normalization and 1-D convolutions with small
kernel sizes [2], [20]. To reduce the computational complexity, in
this work, Wavegram consists only of a separable 1-D convolutional
layer with f strided filters to mimic the windows’ overlap in the
STFT computation. Finally, the log-Mel spectrogram and the output of
Wavegram XWave ∈ R

t× f are concatenated along the channel dimension
X = [XMel, XWave] ∈ R

t× f ×2. An example of input acoustic features is
depicted in Fig. 2.

B. Attention Module

The attention module is responsible for learning an attention map
H ∈ R

+t× f ×2 from the log-Mel spectrogram and the Wavegram. Its
objective is to emphasize regions of features that are most informative

for the classification task. This module has been extensively analyzed
for evaluating the distance between a microphone and a speaker [21].
However, its application in ASD has not been investigated yet. In
this work, it is denoted as the function fATT : Rt× f ×2 → R

+t× f ×2. It
comprises two separable convolutional blocks, having 16 and 64 3 × 3
filters, respectively. Then, a 1 × 1 convolutional layer that acts as a
linear projection to reduce the number of channels, with two filters,
followed by a sigmoid activation function for mapping each pixel into a
probability, is used to map the features to yield the t × f × 2 attention
map. Finally, the weighted acoustic features X̃ ∈ R

t× f ×2 are obtained
by elementwise multiplication (⊗) between the two time–frequency
representations and the attention map as X̃ = fATT(X ) ⊗ X . Examples
of attention maps are shown in Fig. 3.

C. Data Augmentation

To improve the robustness of the model, we synthetically augment
the dataset using mixup [25] in each batch during the training, defined
as xi j = λxi + (1 − λ)x j and yi j = λyi + (1 − λ)y j , where (x, y) is
the tuple describing the waveform x and the one-hot encoded metadata
y = [y1, y2, . . . , yc] with c classes of a single audio recording under
analysis, respectively. i, j ∈ {0, 1, . . . , n − 1} are randomly selected
indexes of training audio samples in the batch with size n, and
λ ∼ Beta(α, α) is the mixup coefficient. This augmentation can be
performed at different levels of the deep learning architecture, e.g.,
input level or at intermediate feature levels [25]. In this work, the
augmentation procedure is applied to input signals before the prepro-
cessing step, following [20].

D. Self-Supervised Anomaly Score

To distinguish between anomalous and normal sound, an anomaly
score Aθ is computed from the predicted metadata and the ground
truth. As a classification-based approach, if a sound is misclassified,
then it is anomalous since the model is trained to correctly classify
normal sounds. We utilize ArcFace [19] as the classification layer

L(θ, y)AF = −yT es cos θ+my

∑c
i=1 es cos θi+mŷi

(1)

where the angular vector θ = [θ1, θ2, . . . , θc] is obtained for each class
by computing θi = arccos(wT

i h), which is the result of the mapping
between the features obtained from the classifier h ∈ R

h×1 and learned
ArcFace weights wi ∈ R

h×1 for the ith class. The scalars s ∈ R
+ and

m ∈ R
+ are the scale and margin coefficients for the ArcFace loss,

respectively. As introduced in [20], the employed loss function for
training the model is

L(θ, y, yi j ) = λL(θ, y)AF + (1 − λ)L(θ, yi j )AF. (2)

During the testing phase, as the augmentation is not performed, the
anomaly score is computed as Aθ (y, ŷ) = L(θ, y)AF.

III. EXPERIMENTAL RESULTS

Task 2 development dataset of the DCASE 2020 challenge [3] is used
to assess the performance of the proposed approach. It encompasses
six machines (Fan, Pump, Slider, Valve, ToyCar, and ToyConveyor),
and each machine is labeled with a unique identifier to differentiate
audio recordings from various machines within the same category.
A total of 41 machines with 10 s of audio signals are collected. To
assess the performance of the proposed approach, we evaluate the
area under the curve (AUC) and partial area under the curve (pAUC)
metrics. The latter is the AUC over a low FPR in the range [0, p]
with p = 0.1, following [26]. Our approach is trained to classify the
c = 41 labels derived from machine types and IDs [3], [4]. For the
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Fig. 2. Example of acoustic features X from an anomalous sound of Task 2 DCASE 2020 dataset.

Fig. 3. Attention maps H = fATT(X ) obtained from the attention module with acoustic features in Fig. 2.

Table 1. Comparison With SOTA Methods

Table 2. Number of Parameters, Average AUC, and Average pAUC
of SOTA Approaches and Proposed Method

loss and mixup computation, parameters are set as α = 0.2, m = 0.7,
and s = 40, following the guidelines provided by their corresponding
works [19], [25]. Log-Mel spectrogram and Wavegram output have
t = 313 and f = 128 bins. The classifier is MobileFaceNet [27], which
yields a feature vector with dimensionality h = 128. The network is
optimized using AdamW with a learning rate of 0.0001, epochs of 300,
and a batch size of 64. Hyperparameters of the training procedure have
been assigned by means of a grid search optimization procedure.

A. Results

The performance of the proposed approach compared with those
obtained with SOTA architectures are represented in Table 1. Overall,
the proposed approach shows the best performance in three of the
six equipment types (Valve, ToyCar, and ToyConveyor). Specifically,
the approach achieves SOTA performance on ToyConveyor, which is
the most difficult machine in this dataset. This is possible, thanks to
the combination of Wavegram and log-Mel spectrogram, providing
additional cues to the classifier. In the other classes, the performance
is still competitive. Generally, Table 1 can be used as a reference for
the selection of the approach that is most suitable to the specific use
case. Regarding the computational complexity, Table 2 highlights the
number of parameters and the performance of our approach compared
with those of the SOTA. Our system offers a good tradeoff between
model complexity and performance.

Table 3 tabulates the selection of parameters regarding the type
of features and the dimensionality of the ArcFace layer. The use of

Table 3. Selection of Parameters of the Proposed Approach

Table 4. Ablation Study

Wavegram representation [XWav] in conjunction with the log-Mel spec-
trogram can improve the performance of the proposed model by 1.17%
in terms of AUC, albeit being ineffective using it alone. Moreover,
the best performance is obtained by setting the dimensionality of the
classification layer to h = 128.

To better explain which parts of the log-Mel spectrogram are relevant
for the ID classification, Fig. 4 shows the average and standard devi-
ation maps on the testing set of the proposed heatmap. Interestingly,
the most important frequency bins for the identification of anomalies,
i.e., ID misclassification, are contained in the range [1.7, 8] kHz of the
log-Mel spectrogram. In addition, the range [0, 71] Hz is also relevant.
The rest of the log-Mel spectrogram [0.071, 1.7] kHZ is assigned a
value of 0.5 with zero variance, denoting this region as less important
for the ID classification and, thus, less reliable for the identification
of anomalies. To assess the impact of both separable convolutions
and the attention module, an ablation study has been carried out.
Table 4 demonstrates the effectiveness of using the attention map in
combination with separable convolutions.
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Fig. 4. Mean and standard deviation of the attention map of the log-Mel spectrogram on testing set.

IV. CONCLUSION

In this letter, a learning-based low-complexity approach is proposed
to detect anomalous sound in a machine monitoring scenario. To this
aim, a DNN is proposed. It exploits an attention module to highlight
the most salient time–frequency patterns for identifying machine IDs.
Then, an anomaly score is computed from the classification errors
between predicted and ground truth metadata. Experimental results
demonstrate the validity of the proposed low-complexity model. Al-
though retraining the entire architecture is necessary to handle domain
shifts in new environments or with different machines, the approach’s
low complexity enables efficient fine-tuning with new normal data.
Future work will focus on the improvement of the attention module,
coping with more complex tasks in the realm of sound anomaly
detection, such as few and one-shot unsupervised anomaly detection.
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