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Abstract— In modern industrial production lines, ensuring
product quality, customer satisfaction and minimizing produc-
tion costs is of primary importance. Many learning techniques
to address the issue of fault detection require training on
labelled databases with a large number of anomalous audio
samples that, however, are difficult or impossible to obtain.
Furthermore, understanding which audio features are really
crucial for anomaly detection is non-trivial. The article presents
a comparative analysis of three unsupervised machine learning
techniques based on the analysis of audio files/features, suitable
to the case where a significant number of anomalies is not
available; and a strategy for isolating audio features that are
really important for anomaly detection. Experimental results
show that the technique based on the isolation of the correct
audio features is better than brute-force techniques.

I. INTRODUCTION

The production processes that lead to the manufacturing of
goods, in modern industry, are usually very complex and with
many variables involved, that might cause significant changes
into the final products’ characteristics. To guarantee quality,
customer’ satisfaction and to reduce production costs, every
step of the production process needs to be constantly moni-
tored in such a way to detect possible anomalies as soon as
possible. However, an efficient monitoring of the production
process can be not so straightforward for many reasons, such
as e.g., high instrumentation costs. The problem of fault
detection in production lines can be tackled with several
approaches, e.g. via in-depth analysis of (i) audio files as
time-series data, or (ii) time-domain and frequency-domain
features.

In a recent work [1], authors analyzed time, frequency
and time-frequency audio features with several machine
learning techniques such as k-Nearest Neighbor (kNN),
Support Vector Machine (SVM), Kernel Liner Discriminant
Analysis (KLDA) and Sparse Discriminant Analysis (SDA)
for the fault detection among rotating bearings. Similarly,
in [2] a SVM is trained on specific audio features for
the fault diagnosis, via noise classification, of train plug
doors. A survey on deep learning fault diagnosis methods in
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railways maintenance based on audio analysis is presented
in [3]. Another work, based on audio features extracted
via Empirical Mode Decomposition (EMD), is presented
in [4]. A recent survey on fault diagnosis based on audio
signal analysis can be found in [5]. Working with supervised
learning techniques requires labeled training databases, such
as e.g., AudioSet [6], which are often difficult or even
impossible to obtain. Additionally, instances of anomalous
products in production lines are usually very few compared
to instances of healthy products, yielding to collecting unbal-
anced datasets. These limitations, along with the challenge
of identifying which audio features are truly significative,
can hinder the application of such methods in real-world
scenarios. To overcome these limitations, many works [7],
[8], [9] rely on unsupervised machine learning techniques
such as Multi-Layer Perceptrons (MLPs), Long-Short Time
Memory (LSTM) networks and pre-trained audio neural
networks (PANNs). Furthermore, in [10] an evaluation of
machine learning methodologies for the anomaly detection
in cyber-security is presented.

The aim of this article is not only to propose a comparative
analysis of three different unsupervised machine learning
techniques, based on an Isolation Forest (IF) and a Sparse
Auto-Encoder (SAE), for the identification of defective ma-
chines in a washing machine production line, but also to
illustrate a possible strategy, based on k-Means (kM), for
separating significant audio features from insignificant ones
in this context. The databases used for training and validating
the proposed methods were obtained by recording washing
machines directly on the production line, while the anomalies
used as ground-truth were isolated by expert personnel.
Anomaly classification performance of each method is eval-
uated via confusion matrix.

The paper is organized as follows. In Section II we
describe the k-Means audio feature selection procedure that
we propose for the Isolation Forest, and the Sparse Auto-
Encoder we use on raw audio files and spectrograms. In Sec-
tion III we describe the audio recording setup, the datasets on
which we tested the methodologies and discuss the obtained
results. Finally, in Section IV we draw some conclusions.

II. ANOMALY DETECTION METHODOLOGIES

Malfunctions in washing machines can stem from issues
like mechanical assembly errors or pre-existing defects in
their components. Anomalies can manifest as unusual sounds
and noise generated during testing, such as changes in pitch
or ticking. Experts can detect anomalies through listening,
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but production environments tend to be noisy due to the pres-
ence of workers and machinery, making it possible for small
defects to go unnoticed. Furthermore, quality control staff
members have subjective hearing perceptions that necessitate
extensive training.

The models that we consider in this comparative analysis
are an IF trained on specific time-domain and frequency-
domain features, extracted directly from every audio file of
the training datasets by using a procedure based on kM (i),
a SAE trained directly on the time-series of the audio files
(ii) and a SAE trained on the spectrograms extracted from
audio files contained in the training dataset (iii).

A. Audio Features Selection via k-Means

The features that are usually considered in audio analysis
are Amplitude Envelope (AE), Root-Mean-Square Energy
(RMS), Zero-Crossing-Rate (ZCR), Fluctuation Strength
(FS), Spectral Flux (SF), Spectral Centroid (SC) and Band
Power (BP), see e.g., [11], [12], [13], [14]. However, it is
not certain that training the IF on all the features necessarily
leads to the optimal value for the score-threshold Sthr:
training the model by including all features could introduce
noise, thereby potentially biased classification performance.

The procedure for isolating only the most significant audio
features via kM is the following

(i) true anomalies1 are inserted into a dataset of regular
audio files2;

(ii) audio features are tested one-by-one, by forcing kM
to identify two data clusters and the misclassification
percentage is calculated relative to the true anomalies;

(iii) once the feature that yields the best results is identified,
all the other are added and tested one at a time, until
the best classification results are achieved.

What emerged by applying this procedure is that time-
domain features such as RMS energy and AE perform
very well in classifying true anomalies, with only 0.10%
misclassification, but with a large percentage of regular files
classified as anomalous, 13.60%. Frequency-domain features
like FS, SF and BP badly detect true anomalies (1.90% of
misclassifications), but perform much better in detecting false
anomalies (0.20% of misclassifications). ZCR and SC are
practically irrelevant for anomaly detection, and therefore
discarded.

The best combination of features is given by RMS energy
and BP, allowing kM to cluster the true anomalies with a
good grade of precision (0.25% of anomalies misclassified
as regularities), but at the same time with a small number of
false anomalies (0.20%). Fig. 1 shows the kM clusters related
to this result: the small dense group of blue dots represents
the cluster of regular cases (1908 samples), while the large
sparse group of red dots is representing the anomalous cases
(92 samples). The cluster centroids are represented by the
yellow rhombuses. From these clusters it is possible to notice
that anomalous audio files are characterized by a large value

1Anomalies identified by the production line personnel
2Recorded from perfectly functioning washing machines
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Fig. 1. RMS energy and BP clusters, calculated by kM.

of both RMS energy and BP. These features are described
in detail in Section II-B.

B. Machine Learning via Isolation Forest

IF is trained on the time-domain and the frequency-domain
features isolated via kM in Section II-A. Audio files are
divided into equal overlapping subintervals called frames,
denoted with F , and features are extracted on every frame
and aggregated by calculating their mean among frames:

• Root-Mean-Squared Energy (RMS): RMS of frame F
is a measure of its loudness, given by

RMSF =

√√√√ 1

|F |

n∑
i=0

s2(ki),

where |F | is the cardinality of the frame F and s(ki)
is the ki-th sample of the signal s.

• Band Power (BP): BP of frame F quantifies the energy
distribution across different frequency components; it is
calculated from the Power Spectrum Density (PSD) via
Welch’s method, see [15].

IF assigns a score ranging from 0 to 1 to every sample
and calculates a score-threshold, namely Sthr, over which
the samples are considered to be anomalous. The threshold
is tuned to maximize the F1-score given by

F1 =
2TR

2TR+ FA+ FR
, (1)

where TR is the number of true regular, FR the number of
false regular and FA the number of false anomalous audio
datas, detected for a fixed value of Sthr ∈ [0, 1].

C. Sparse Auto-Encoder

SAE is designed to compress (encode) the input data and
then reconstruct it (decode) so that the decoded output is
as close as possible to the input data. We use the trained
unsupervised neural network to reconstruct another dataset
acquired from both healthy and malfunctioning washing
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machines. These anomalies have been isolated by expert
personnel who works in the production line.

The neural network we trained for anomaly detection on
audio time-series is a fully-connected SAE. In particular,
the activation function genc for the encoder is the positive
saturating linear function, given by

genc(z) =


0, if z ≤ 0

z, if 0 ≤ z ≤ 1

1, if z ≥ 1

while the activation function of the decoder gdec is the linear
function, i.e., gdec(z) = z. The loss function used for the
training phase is the Sparse Mean Squared Error given by

SMSE =
1

N

K∑
k=1

N∑
i=1

(
X

(k)
i − X̂

(k)
i

)2

+ λΩw + βΩs (2)

where K is the number of time-series, λ is the coefficient
of the L2-regularization term Ωw and β is the coefficient for
the sparsity regularization term Ωs.

The L2-regularization term is defined by

Ωw =
1

2

L∑
i=1

nl∑
j=1

hl∑
h=1

(wijh)
2, (3)

where L is the number of hidden layers, nl is the output size
of layer l, hl is the input size of layer l and wijh are the
weights for each layer.

There exist many types of functions that can be adopted as
sparsity regularization term Ωs, the one we have adopted is
the Kullback-Leibler divergence function [16], that provides
a measure of how different two distributions are.

Time-series belonging to anomalous audio files should
exhibit a large reconstruction mean squared error Rerr

Rerr = MSE(X − X̂) =
1

N

N∑
i=1

(
Xi − X̂i

)2

, (4)

where N is the number of samples of every time-series, Xi

is the i-th sample of the original time-series X , and X̂i is
the i-th sample of the reconstructed series X̂ .

D. Sparse Auto-Encoder on Audio Spectrograms

A spectrogram is a way of representing an audio signal
in the (time,frequency)-domain: it is obtained via Short-
Time Fourier Transform (STFT) and displays the spectrum
of frequencies of a signal at different time intervals. SAE
trained on the spectrograms is of the same type described in
Section II-C. The only difference is the activation function
of both the encoder and the decoder, which is the logistic
sigmoid for both, given by

genc(z) = gdec(z) =
1

1 + e−z
(5)

where z ∈ R.
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Fig. 2. F1-score curve (blue continuous line) plotted against the score-
threshold calculate by the IF (black dashed line) and the score-threshold
maximizing the curve (red dashed line).

III. EXPERIMENTAL RESULTS

In this section we describe the results of our anomaly
detection comparative analysis. We firstly describe the audio
acquisition setup, then we point out some details about
the training and test datasets, we describe the procedure to
choose the best suited audio features for the IF training and
finally we show, compare and comment the obtained results.
IF and SAE training are done on a PC with an AMD Ryzen 7
4570U processor (8 cores, 16 threads) operating at 1.7 GHz
and 16 GB DDR4 of RAM. The accuracy of the results are
evaluated using a confusion matrix [17], whose coefficients
depend on the value of the reconstruction error Rerr and the
score threshold Sthr, whose optimal positioning is achieved
by maximizing the F1-score (1).

Fig. 2 shows the F1-score curve of IF: the black dashed
line is the Sthr value set by IF, while the red dashed is the
one maximizing the F1-score.

A. Audio Recording Setup Description

The audio files are recorded with a single channel mi-
crophone positioned at 0.5m, perpendicular to the washing
machine drum, see Fig. 3, for 1.5 s during the spinning
test phase, when the machine drum reaches its steady-state
velocity. The microphone is connected directly to the test
PC audio sound card and acquisition is controlled with a
software implemented in NI LabVIEW, using the Sound and
Vibration Toolkit. Each test generates a 32-bit .wav file,
sampled at Fs = 22.050Hz.

Audio files may be influenced by many types of back-
ground noise, generated by all the equipment inside the
manufacturing facility, e.g., disturbances due to pneumatic
actuators installed on the test line.

B. Data Sets

The training dataset, Dtrain, is composed by K = 2.000
time-series extracted from audio files; every time-series con-
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TABLE I
WASHING MACHINE TYPE PERCENTAGE WITHIN Dtest .

WM Type number of models percentage
type 1 282 14.10%
type 2 174 8.70%
type 3 188 9.40%
type 4 284 14.20%
type 5 282 14.10%
type 6 188 9.40%
type 7 201 10.05%
type 8 189 9.45%
type 9 85 4.25%
type 10 127 6.35%

sists of N = 33.073 points, acquired with a frequency equal
to Fs. Since there are many different types of washing ma-
chines, each with different characteristics, in order to avoid
bad or unbalanced training, Dtrain contains 10 different
types of washing machines for a total of 200 models per
type. The testing dataset, Dtest, contains other K samples the
same types of washing machines, but in different proportions,
see Table I, and with a total of Ka = 83 anomalies identified
by the production line personnel.

In order to better understand the relevance of regular
data misclassified as anomalies, we analyzed an additional
testing dataset, Dadd, of the same type and size as Dtest,
but consisting solely of regular audio files.

C. Isolation Forest Results

We extracted the audio features described in Section II-B
by firstly subdividing all time-series into overlapping frames
whose length is equal to

• KF = 128 samples of which Kover = 64 (50%) are
overlapping for RMS energy; and

• KF = 20.000 samples of which Kover = 10.000 (50%)
are overlapping for BP.

Framing in time-domain is tipically done with relatively
small and half-overlapping windows, whose number of sam-
ples is proportional to the power of 2, see e.g. [11]. Framing
in frequency-domain requires large windows in order to
obtain a reasonable frequency representation of audio signals.

We point out that in every frequency-domain feature that
requires to calculate the PSD, we considered the frequency
interval [0, 2.000] Hz since most of the signal power is

Fig. 3. A washing machine during the data acquisition phase.

Fig. 4. Time-series of Dtest clustered by the isolation forest. All the
sample above Sthr (dashed red line) are anomalous (empty red circles)
while those below are regular (empty blue circles).

Fig. 5. Time-series of Dadd clustered by the isolation forest. All the
sample (empty red circles) above Sthr (dashed red line) are anomalous
while those below (empty blue circles) are regular.

concentrated in such frequency band. This excludes the
resonance peaks related to the metal cone into which the
microphone was inserted, see Fig. 3.

Fig. 4 shows how IF clustered the time-series in Dtest: all
samples above the score threshold Sthr = 0.7103 (empty red
circles) are considered anomalous, while those below (empty
blue circle) are regular. IF found a total of 94 anomalies of
which 81 over 83 are correctly classified, 2 are misclassified
as regular and 13 regular time-series are misclassified as
anomalous. In Dadd, the model found only 5 anomalies over
2.000 time-series (0.25%). Fig. 5 shows the clustering with
respect to a score threshold set to Sthr = 0.7103.

D. Sparse Auto-Encoder on Time-Series Results

The SAE has a hidden layer with 25 neurons and, for the
SMSE (2), we have chosen an L2-regularization coefficient
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Fig. 6. Rerr of the time-series stored in Dtest (empty blue circles) plotted
against the Rerr-threshold (dashed red line). SAE neural network found 94
anomalies (empty red circles).

Fig. 7. Rerr of Dadd (empty blue circles) plotted against the Rerr-
threshold (dashed red line). SAE neural network found 18 anomalies (empty
red circles).

equal to λ = 0.01 and a sparsity coefficients β = 4. Fig. 6
shows the reconstruction error, Rerr, of every time-series
in Dtest plotted against the reconstruction error optimal
threshold T ∗

e = 0.30 ·10−1 defined via F1-score (red dashed
line). Rerr of Dtrain is equal to Te = 3.5 · 10−3. The
blue circles are reconstruction errors that can be considered
regular, while the red ones are those classified as anomalous,
i.e. their Rerr is above T ∗

e . SAE found 94 anomalies of
which 79 over 83 have been correctly identified, therefore
4 of them have been misclassified as regular and 15 regular
samples have been classified as anomalous. The 83 anoma-
lies, previously identified by the production line personnel,
have been inserted into Dtest within the first 1.000 time-
series and indeed, as you can see in Fig. 6, between samples
0 and 1.000 there is a clear cluster of large-Rerr samples.

Fig. 8. Rerr of the spectrgrams derived from Dtest (empty blue circles),
plotted against the T ∗

e (dashed red line). SAE neural network found 85
anomalies (empty red circles).

Finally, by considering the same optimal threshold T ∗
e of

the previous case, the neural network found a 0.90% of time-
series that can be considered as anomalous, i.e. 18 over 2.000
samples, in Dadd, see Fig. 7.

E. Sparse Auto-Encoder on Spectrograms Results

We computed the spectrograms of audio files in Dtrain

and Dtest datasets by assuming frames of length
• KF = 1.024 samples of which Kover = 820 (80%) are

overlapping; and
• KFFT = 1.024 samples for the Fast Fourier Transform.
Each spectrogram is a 513 × 157 matrix of complex

coefficients. We trained the same type of SAE described in
Section II-C on the absolute values of these coefficients, by
assuming a hidden layer made of 10 neurons, a maximum
number of epochs equal to 150 and, for the SMSE, a L2-
regularization coefficient equal to λ = 0.001 and a sparsity
coefficient equal to β = 0.01.

The SAE reconstructs the training dataset with an average
reconstruction error (4) equal to Te = 0.0136. However,
setting a threshold on this value does not lead to the best
possible anomaly detection results. The optimal threshold
T ∗
e = 0.0420, above which every reconstruction error is

considered to be anomalous, is obtained by maximizing the
F1-score (1), as discussed in Sections III-C and III-D.

Fig. 8 shows the distribution of reconstruction errors
Rerr of the spectrograms obtained from Dtest (blue circles)
plotted against the optimal reconstruction error T ∗

e (red
dashed line). The autoencoder has identified a total amount
of 85 anomalies (blue circles) of which 72 out of 83 are
correctly classified, therefore 11 of them are misclassified as
regular ones and 15 regular spectrograms are misclassified as
anomalous. We have used the SAE also to reconstruct Dadd

described in Section III-B: the model found 35 anomalies
over 2.000 spectrograms (1.75%).
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Isolation Forest
Anomalous Regular

Anomalous 99.90% 0.10%
Regular 0.65% 99.35%

SAE on Time-Series
Anomalous Regular

Anomalous 99.80% 0.20%
Regular 0.75% 99.25%

SAE on Spectrograms
Anomalous Regular

Anomalous 99.45% 0.55%
Regular 0.65% 99.35%

Fig. 9. Confusion matrices of the anomaly detection results.

F. Discussion of the Anomaly Detection Results

As it is possible to notice from the extra-diagonal elements
(highlighted in blue) of the confusion matrices in Fig. 9,
both IF and SAE on time-series detect the true anomalies
of Dtest very well. This is very important for production
quality and customer’s satisfaction, since the percentage of
anomalous washing machines misclassified as regular ones
are, in both cases, is very small: 0.10% for IF and 0.20% for
SAE. Spectrograms perform slightly worse than the other two
models, with a percentage of anomalous washing machines
classified as regular equal to 0.55%, while false negative
cases are consistent with other two models.

However, the percentage of regular washing machines
misclassified as anomalous is higher than the percentage of
anomalous washing machines misclassified as regular ones
in every approach we have exploited, in particular for the
SAE. This may be due to the fact that the recording phase
of the audio files in Dtrain and Dtest are affected by a high
background noise of the production line, caused by the staff
at work and by other machineries in operation.

This fact does not constitute a relevant problem, since
it is definitely preferable to inspect again regular washing
machines misclassified as anomalous before they leave the
production line to be sold, then selling defective washing
machines. It is worth pointing out that a relatively high per-
centage of regular machines incorrectly classified as possibly
defective could affect production efficiency by clogging the
production lines; therefore the adoption of the IF is preferable
over the other two approaches.

IV. CONCLUSION

In this article, we proposed a comparative analysis of
three methodologies based on two unsupervised learning
models for fault detection in a washing machine production
line, namely an Isolation Forest trained on properly selected
features extracted from audio datasets (i) and a Sparse Auto-
Encoder designed to reconstruct the audio time-series (ii)
and the related spectrograms (iii). In particular, for the
Isolation Forest, we proposed a strategy for selecting the
most appropriate audio features for training based on k-
means.

What emerged is that the Isolation Forest is the best model,
having the lowest overall misclassification rates, although not
too far from those of the Auto-Encoder trained on time series
data. The Auto-Encoder trained on spectrograms shows a
relatively high percentage of false positive cases, even in
the reconstruction of the additional database containing only
audio of perfectly functioning washing machines. The cause
of this behavior could be due to a high sensitivity of the spec-
trograms to the background noise of the production/assembly
line.
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