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Abstract—Unplanned downtime in industrial machinery can
lead to significant financial losses, underscoring the critical
need for effective predictive maintenance strategies. Recent
advancements in acoustic anomaly detection have facilitated the
development of such systems. However, domain shifts and the
transition from controlled synthetic environments to real-world
applications presents challenges due to variability in noise and
overlapping acoustic patterns. To address these challenges, we
propose an acoustic anomaly detection framework for industrial
machinery. This approach is designed to evaluate anomalies
in both synthetic and real-world datasets by leveraging a
combination of signal processing techniques with Autoencoder
(AE) and Local Outlier Factor (LOF) algorithms. Additionally,
Isolation Forest (IF) and Principal Component Analysis (PCA)
are incorporated as comparative benchmarks to evaluate the
relative performance of density-based and reconstruction-based
methods. Experimental results demonstrate that LOF achieves
high precision and recall under noisy, variable conditions, while
AE performs comparably in structured, low-noise settings with
reduced computational overhead once trained. These findings
highlight the complementary strengths of AE and LOF, sug-
gesting that hybrid approaches could further enhance anomaly
detection reliability in complex industrial scenarios.

Index Terms—Industrial Machinery, Acoustic Anomaly Detec-
tion, Predictive Maintenance, Autoencoder (AE), Local Outlier
Factor (LOF)

I. INTRODUCTION

Maintenance is a crucial activity in industrial environ-
ments, as unexpected equipment failures result in opera-
tional downtime. According to recent industry estimates [1],
unplanned downtime can cost an average of $129 million
per year. Fortune Global 500 firms collectively face down-
time losses of approximately $1.5 trillion annually (nearly
11% of their total revenues), marking a 70% increase from
previous periods. Consequently, determining the ideal time
to perform maintenance is crucial: intervening too late risks
catastrophic failures, whereas scheduling maintenance too
early leads to unnecessary production halts. In response,
predictive maintenance has gained traction for its potential
to identify an optimal maintenance window, reducing costs
and boosting system reliability [2], [3], [4], [5], [6].

Among the many approaches to predictive maintenance,
acoustic-based anomaly detection stands out for its ability
to capture latent faults in machinery. By analyzing devi-
ations in acoustic signals, one can detect early signs of
wear or incipient failures before they escalate into ma-
jor breakdowns [7], [8], [9]. However, real-world industrial

environments often feature high noise, overlapping sound
sources, and limited labeled anomaly data [10], [9], [11],
making reliable fault detection particularly challenging.

Traditional strategies frequently rely on signal processing
methods, such as the Short-Time Fourier Transform (STFT)
and Mel-spectrogram representations, to capture relevant
time-frequency patterns [11], [3], [10]. Yet, these meth-
ods may not fully capture nuanced or high-dimensional
phenomena under noisy conditions [10]. Density-based
algorithms like the Local Outlier Factor (LOF) have shown
promise in identifying outliers based on local density
deviations [12], [13], [14], though they can lead to high
computational overhead [15].

Deep learning approaches, especially those involving
Autoencoders (AEs), have substantially enhanced acoustic
anomaly detection. AEs are trained on normal data to
learn representative features, then flag potential anomalies
when reconstruction errors surpass typical levels [5], [16],
[8], [17], [9]. Despite their success, issues related to noise
resilience, scalability, and computational overhead persist,
highlighting the need for robust preprocessing and domain-
specific adaptations [10], [11].

To address these challenges, this study proposes an
acoustic anomaly detection framework tailored to indus-
trial machinery where downtime is particularly costly. The
framework integrates Mel-spectrogram preprocessing, an
AE for reconstruction-based anomaly detection, and LOF
for density-based benchmarking. By validating the ap-
proach on datasets from both controlled laboratory settings
and real-world recordings, we demonstrate its effectiveness
under noisy, variable industrial conditions, showing that
due to the complementary strengths of AE and LOF, a
hybrid approach could enhance reliability. Furthermore, we
showcase the practical applicability of acoustic anomaly
detection for an industrial machine use case.

The remainder of this paper is organized as follows:
Section II reviews existing literature on acoustic anomaly
detection, focusing on both traditional signal processing
and machine learning approaches. Section III presents the
proposed framework, detailing its preprocessing pipeline
and model architectures. Section IV discusses experimental
results and provides a comparative evaluation on lab-based
and real-world datasets. Finally, Section V offers concluding
remarks and outlines directions for future research.



II. RELATED WORK

Anomaly detection is a key component of predictive
maintenance, enabling the early identification of faults
in industrial systems [8], [7]. Anomalies, characterized as
deviations from normal operational behavior, are detected
through measurable differences in data patterns [12]. Cur-
rent techniques for anomaly detection in acoustic systems
can be broadly categorized into signal processing-based
methods, machine learning-based approaches, and deep
learning frameworks. This section reviews state-of-the-art
techniques and identifies gaps that motivate further re-
search, with an emphasis on acoustic anomaly detection.

A. Signal Processing-Based Methods

Signal processing techniques are foundational for ex-
tracting meaningful features from noisy industrial data.
Methods such as the Short-Time Fourier Transform (STFT)
and Mel-scale transformation are widely used for repre-
senting acoustic signals in the frequency domain [17], [3],
[10]. These methods form the basis of many frameworks,
converting raw audio signals into spectrograms to provide
a time-frequency representation of the data.

[11] employed spectral coefficients of acoustic signals to
identify faults in rotating machinery, demonstrating how
frequency-domain features are critical for detecting devia-
tions indicative of mechanical failures. Similarly, [7] applied
advanced preprocessing techniques, such as 3D tensor rep-
resentations of sound, to enhance the detection of anoma-
lies under noisy conditions. Their approach emphasized the
value of combining temporal and spectral characteristics to
improve the robustness of anomaly detection models.

Despite their effectiveness, signal processing-based
methods often fail to capture complex relationships in
high-dimensional data, particularly in environments with
significant noise interference. These limitations have driven
the adoption of more sophisticated machine learning and
deep learning approaches, which excel at modeling intricate
patterns.

B. Machine Learning-Based Methods

Machine learning techniques, particularly density- and
clustering-based methods, have been used for anomaly
detection. One prominent example is the Local Outlier
Factor (LOF), a density-based algorithm that identifies
anomalies by comparing the local density of a data point
with its neighbors [12]. LOF has been successfully applied
in industrial settings, such as estimating operation, mainte-
nance, and avoidance of unplanned downtime of rotating
machinery [13] and the measurement error evaluation of
power metering equipment for accurate metering of electric
energy [14].

A significant advantage of LOF lies in its unsupervised
nature, which allows it to detect anomalies without requir-
ing labeled datasets. This capability makes it particularly
suitable for industrial applications where anomalous data
is scarce. However, LOF is constrained by its reliance on

explicit distance and density measures, which may not ef-
fectively capture latent representations in high-dimensional
data. Additionally, LOF is not commonly used for audio data
but excels at high-dimensional spectral data [18], [19].

[9] extended machine learning techniques to classify
acoustic emission events for wear monitoring in sliding
bearing systems. Their work highlighted how clustering
and classification models can enhance anomaly detection
by leveraging domain-specific acoustic features. Despite
these advancements, traditional machine learning models
often struggle to scale to the complexity of modern in-
dustrial data, necessitating the adoption of deep learning
approaches.

C. Deep Learning-Based Methods

Deep learning has emerged as a cornerstone for mod-
ern anomaly detection, particularly in high-dimensional
domains such as acoustic data. Autoencoders (AEs) [20]
are one of the most widely used architectures in this
context [5], [16], [10], [11]. These models are trained to
reconstruct normal data patterns, identifying anomalies
based on elevated reconstruction errors. This makes AEs
particularly effective for capturing the subtle deviations
present in acoustic signals.

[16] demonstrated the efficacy of convolutional autoen-
coders (CAEs) for processing spectrogram inputs, achieving
high accuracy in detecting anomalies during industrial
processes. Similarly, [17] explored convolutional LSTM au-
toencoders to model temporal dependencies in sequential
data, emphasizing the benefits of combining temporal and
spatial features for anomaly detection in manufacturing
systems.

Recent advancements have enhanced the capabilities of
AEs. For example, [21] introduced a self-supervised learning
framework leveraging contrastive learning to improve the
robustness of AEs in scenarios with limited labeled data. [7]
extended AE frameworks by integrating 3D CNNs to process
tensor representations of sound, enabling precise detection
of anomalies even in noisy industrial environments.

[22] compared various AE architectures for real-time
acoustic anomaly detection, highlighting the superiority of
deep convolutional designs in terms of both detection accu-
racy and computational efficiency. These studies collectively
demonstrate that AEs excel at modeling high-dimensional
data, particularly when used in conjunction with prepro-
cessing techniques such as Mel-scale transformations.

D. Applications of Acoustic Anomaly Detection

Acoustic anomaly detection is particularly challenging in
noisy environments due to overlapping sound sources and
variable operating conditions. Addressing these challenges
often requires robust preprocessing pipelines. [10] applied
preprocessing techniques such as normalization and syn-
chronization to deploy lightweight models on edge devices
for real-time anomaly detection. Their work underscored



the importance of preprocessing in mitigating noise and
ensuring reliable performance.

[23] focused on detecting abnormal sounds in power
plant equipment using self-supervised learning. By com-
bining spectral analysis with a self-supervised pretraining
phase, their framework achieved significant improvements
in detecting anomalies in dynamic industrial environments.
Similarly, [24] integrated spectrogram analysis with MEMS
sensors and PyTorch implementations to enhance sound
recognition in noisy conditions.

These studies highlight the importance of designing
models that are both noise-resilient and computationally
efficient. While preprocessing techniques and deep learning
architectures address many of these challenges, integrating
domain-specific knowledge into these models remains an
open area of research.

E. Integrating Signal Processing, Machine Learning, and
Deep Learning

The reviewed studies illustrate the progression of
anomaly detection techniques, from signal processing-
based approaches to machine learning and deep learning
frameworks. While signal processing provides foundational
tools for feature extraction, the scalability and flexibility
of deep learning models have expanded the capabilities
of anomaly detection systems. The integration of autoen-
coders and density-based methods, such as LOF, offers a
promising avenue for addressing noise resilience, scalabil-
ity, in industrial acoustic environments. Building on these
advancements, we aim to develop a robust and scalable
framework for anomaly detection in domain specific in-
dustrial machinery.

III. DESIGN AND IMPLEMENTATION

Our goal in this Section is to demonstrate that a deep-
learning framework can successfully detect anomalous
events in the specific domain of industrial machinery
using only a minimal amount of representative data. We
incorporate an Autoencoder (AE) and benchmark it against
Local Outlier Factor (LOF), Isolation Forest (IF) and Prin-
cipal Component Analysis (PCA) algortihms. Building on
the methodology proposed by [8] for anomalous sound
detection, we adopt a simplified pipeline better suited to
our limited datasets and adapt the AE architecture from
[19]. While in an ideal scenario we would include more
comprehensive recordings, the aim here is to illustrate
the feasibility of applying this approach to specific indus-
trial machinery, rather than to exhaustively characterize all
forms of anomalous behavior.

An overview of the proposed framework for acoustic
anomaly detection is illustrated in Figure 1. The framework
integrates preprocessing, feature extraction, AE training,
and evaluation using reconstruction-based methods. Sub-
sequently, the framework is benchmarked against LOF, IF,
and PCA to assess comparative performance.

The design of this pipeline reflects key considerations
for handling real-world industrial acoustic-data, including
noise resilience, efficient anomaly representation, and scal-
able deployment in both lab-controlled and real industrial
environments.

A. Data Pipeline Overview

The pipeline comprises four main stages:

1) Data Acquisition: Audio recordings of machine opera-
tions in controlled and real-world environments.

2) Preprocessing: Transformation of raw audio into nor-
malized Mel-spectrograms.

3) Training: Development of an AE, LOF, and IF trained
exclusively on normal data.

4) Anomaly Detection and Evaluation: Identification of
anomalies using reconstruction error and comparing
to the benchmarks.

A detailed explanation of each stage is provided below.

B. Data Acquisition

For this study, three distinct datasets were collected to
investigate the feasibility of acoustic anomaly detection in
specific industrial machinery. This was achieved by record-
ing machine sounds, cutting them into separate normal
and anomalous .wav files, which could be used for data
preprocessing. As the primary objective was to demon-
strate the applicability of our method rather than conduct
a comprehensive survey of all operational scenarios, no
further datasets were recorded or added. Despite differences
in the datasets, the methodologies reported in this paper
remain identical across all three datasets, highlighting the
transferability of our approach.

C. Data Preprocessing

Prior to modelling, raw audio signals must be converted
into representations that are both stable and discriminative
in the context of acoustic anomaly detection. In this work,
we use a Short-Time Fourier Transform (STFT) followed by
a Mel-spectrogram conversion and a frame-based segmen-
tation procedure. These steps are essential to transform the
original time domain signals into a form more suited to
machine learning methods such as AE, LOF, IF or PCA.

1) Short-Time Fourier Transform (STFT): We apply a
standard discrete Short-Time Fourier Transform (STFT) [25],
[26], [27] from the librosa library with a 1024-sample win-
dow and a hop length of 512. By decomposing the audio
into short, overlapping time segments, we obtain local
frequency-domain information, enabling the detection of
short-duration events (e.g., knocks or impacts). This time-
frequency representation is critical for capturing the subtle
temporal patterns that characterize anomalies in industrial
or mechanical systems. Mathematically, the STFT is defined
in Equation 1, where we sum over windowed signal frames
and apply the discrete Fourier transform.

STFT(n,k) =
L−1∑
m=0

x(n +m) w(m)e− j 2π k
N m (1)



Fig. 1: Overview of the proposed pipeline for acoustic anomaly detection, including data acquisition, preprocessing, training, and
anomaly detection.

2) Mel-Spectrogram Conversion: From the STFT magni-
tude, we derive a 128-band Mel-spectrogram [28], [26], [29].
The Mel scale aligns more closely with human auditory
perception, ensuring that frequency regions vital to detect-
ing anomalies (e.g., sudden high-frequency bursts) are not
overshadowed by less relevant areas of the spectrum. By
compressing the frequency axis in this perceptual manner,
the model is better able to focus on critical frequency
components that differentiate normal from abnormal op-
erations.

M(m,n) =
K−1∑
k=0

Hm(k) |ST F T (n,k)|2 (2)

In Equation 2, each Mel bin is computed by summing
the STFT power according to a triangular filter bank Hm .

MDB(m,n) = 10 log10

(
M(m,n)

maxm,n(M(m,n))

)
(3)

Then, the Mel-spectrogram is converted to decibels using
Equation 3, normalizing each cell by the global maximum
and applying 10log10.

3) Normalization: Each Mel-spectrogram is min-max
normalized [30] to a [0,1] range as shown in Equation 4,
which subtracts the minimum and divides by the overall
range:

xnorm = x −min(X )

max(X )−min(X )
(4)

This standardization step makes training more robust by re-
ducing amplitude-related variability and ensuring uniform
feature scales across the dataset. As a result, the model is
not biased by unusually loud or soft recordings, improving
generalization to new, unseen data.

1 time_per_frame = 0.6
2 hop_ratio = 0.2
3 hop_length = 512
4
5 def generate_mel_spectrogram(audio_path):
6 audio, sr = librosa.load(audio_path, sr=None)
7 stft = librosa.stft(audio, n_fft=1024,

,→ hop_length=hop_length)
8 mel = librosa.feature.melspectrogram(S=np.

,→ abs(stft)**2, sr=sr, n_mels=128)
9 mel_db = librosa.power_to_db(mel, ref=np.max)

10 mel_db_norm = (mel_db - mel_db.min()) / (
,→ mel_db.max() - mel_db.min())

11 return mel_db_norm, sr

Listing 1: Code to Generate and Normalize Mel-Spectrograms

The Python code in Listing 1 illustrates how the first three
steps are implemented in practice, including loading the
audio data, applying an STFT, generating and normalizing
Mel-spectrograms.

4) Frame Segmentation: After computing the Mel-
spectrogram, we segment each spectrogram into overlap-
ping frames. In our setup:

• Windowing: A frame length of 0.512 s is chosen to cap-
ture transient acoustic events while retaining sufficient
frequency resolution.

• Hop Ratio: A 20 % overlap is maintained between
consecutive frames (i.e., a hop ratio of 0.2). This
partial overlap preserves temporal continuity and
guards against losing information at frame bound-
aries—particularly important for detecting short, im-
pulsive anomalies.

By transforming each spectrogram into a series of frames,
we produce localized snapshots of the acoustic signal.
These frames serve as input units for both training and
evaluation, making the subsequent anomaly detection task
more fine-grained and sensitive to local transient events.



1 def generate_frames(mel_spectrogram, frame_size,
,→ hop_size):

2
3 num_frames = (mel_spectrogram.shape[1] -

,→ frame_size) // hop_size + 1
4 frames = np.zeros((num_frames,

,→ mel_spectrogram.shape[0], frame_size))
5 for i in range(num_frames):
6 start = i * hop_size
7 frames[i] = mel_spectrogram[:, start:

,→ start + frame_size]
8 return frames

Listing 2: Code to Generate Overlapping Frames from a Mel-
Spectrogram

The Python code in Listing 2 illustrates how step 4, gener-
ating the frames, is implemented in practice.

Each set of frames is then saved in .npy format for
subsequent training and evaluation. By separating the raw
audio loading from the downstream tasks, we ensure a
clear workflow in which all models operate on the same
preprocessed feature set.

D. Autoencoder Architecture

The encoder-decoder structure of the AE is designed to
compress and reconstruct input data, enabling the identi-
fication of anomalies based on reconstruction errors [20].
We adopt a fully connected AE design, following [19]. The
AE is trained only on normal frames, so that anomalous
frames typically exhibit higher reconstruction errors.

1 class Autoencoder(nn.Module):
2 def __init__(self, input_shape):
3 super(Autoencoder, self).__init__()
4 flattened_size = input_shape[0] *

,→ input_shape[1]
5 self.encoder = nn.Sequential(
6 nn.Flatten(),
7 nn.Linear(flattened_size, 64),
8 nn.ReLU(),
9 nn.Linear(64, 32),

10 nn.ReLU(),
11 nn.Linear(32, 16),
12 nn.ReLU(),
13 nn.Linear(16, 8))
14 self.decoder = nn.Sequential(
15 nn.Linear(8, 16),
16 nn.ReLU(),
17 nn.Linear(16, 32),
18 nn.ReLU(),
19 nn.Linear(32, 64),
20 nn.ReLU(),
21 nn.Linear(64, flattened_size),
22 nn.Sigmoid(),
23 nn.Unflatten(1, input_shape))
24
25 def forward(self, x):
26 encoded = self.encoder(x)
27 decoded = self.decoder(encoded)
28 return decoded

Listing 3: Code for the AE architecture

1) Encoder:

• Multiple fully connected (FC) layers sequentially com-
press each input frame—flattened from the (n_mels,
frame_width) shape—down to a low-dimensional la-
tent space (8–16 neurons).

• Each FC layer is followed by a ReLU activation to
introduce nonlinearity.

2) Decoder:

• Mirrors the encoder by progressively expanding from
the latent space to the original input size.

• A Sigmoid activation in the final layer normalizes
reconstructed spectrograms to the range [0, 1], match-
ing the normalization of the input Mel-spectrogram
frames.

Listing 3 displays our PyTorch implementation of the AE.
3) Loss Function: The Mean Squared Error (MSE) be-

tween input and reconstructed frames is minimized, en-
couraging the network to learn normal patterns while
assigning higher errors to anomalous inputs [31]. The MSE
loss function is defined as 5:

MSE = 1

n

n∑
i=1

(xi − x̂i )2 (5)

where xi is the original input, x̂i is the reconstructed
output, and n is the number of data points.

4) Optimizer: We use the Adam optimizer [32] with a
learning rate of 1×10−4, chosen for its stable convergence
and efficient training. The Adam optimizer updates the
network parameters using adaptive estimates of lower-order
moments.

E. Benchmarks

To benchmark the AE, we implemented two standard
outlier-detection algorithms LOF 6 [12] and IF 7 [33],
with an optional PCA, using the same normal-only training
frames. This ensures direct comparability under uniform
feature extraction and thresholding.

LOFMi nP t s (p) = 1

|NMi nP t s (p)|
∑

o∈NMi nP t s (p)

l r dMi nP t s (o)

l r dMi nP t s (p)
(6)

s(x,n) = 2−
E [h(x)]

c(n) (7)

1) Flattening Spectrogram Frames and Label Conversion:
Because scikit-learn expects 2D arrays, we flatten each
(n_mels, frame_width) spectrogram frame to a single vector
and convert labels {0,1} to {1,−1} (normal vs. anomaly) as
illustrated in Listing 4:

1 X_train = X_train_3d.reshape(len(X_train_3d), -1)
2 X_val = X_val_3d.reshape(len(X_val_3d), -1)
3 X_test = X_test_3d.reshape(len(X_test_3d), -1)
4
5 y_val = np.zeros(len(X_val_3d))
6 y_val = np.where(y_val == 0, 1, -1)
7 y_test= np.where(y_test_raw == 0, 1, -1)

Listing 4: Flattening Data and Converting Labels

2) Thresholding and Evaluation: We compute each
method’s outlier score on the validation set (normal-only)
to pick a percentile-based threshold. Frames in the test set
whose scores exceed this threshold are labeled anomalies.
Listing 5 illustrates how we systematically search for an
optimal threshold by trying multiple cutoffs:



1 def find_best_thresh(scores, y_true, metric="f1",
2 step_percentiles=(5, 95), num_steps=30):
3 low_val = np.percentile(scores[y_true==1],

,→ step_percentiles[0])
4 high_val = np.percentile(scores[y_true==1],

,→ step_percentiles[1])
5 thresholds = np.linspace(low_val, high_val,

,→ num_steps)
6
7 best_thr = thresholds[0]
8 best_val = -np.inf
9

10 for thr in thresholds:
11 preds = np.where(scores >= thr, 1, -1)
12 rec = recall_score(y_true, preds,

,→ pos_label=-1)
13 prec = prec_score(y_true, preds,

,→ pos_label=-1)
14 f1 = f1_score(y_true, preds,

,→ pos_label=-1)
15
16 if metric == "f1": this_val = f1
17 elif metric == "prec": this_val = prec
18 elif metric == "recall": this_val = rec
19 else: this_val = f1
20
21 if this_val > best_val:
22 best_val = this_val
23 best_thr = thr
24
25 return best_thr, best_val

Listing 5: Threshold Selection and Evaluation

3) Integrating PCA and Manual Grid Search: Optionally,a
PCA is applied (e.g., 80–95% explained variance) before LOF
or IF. A simple grid search adapted from [34], [35], illustrated
in Listing 6, iterates over parameter sets (e.g., number of
neighbors for LOF) to find the highest validation F1. The
best combination is then tested on the test data for final
performance metrics (AUC, recall, precision, F1).

1 def manual_grid_search(X_train, X_val, y_val,
,→ pca_ratios, model_type="LOF"):

2 param_grid = {"n_neighbors": [5, 10]} if
,→ model_type == "LOF" else {"
,→ n_estimators": [50, 100]}

3
4 for pca_ratio in pca_ratios:
5 for params in _iterate_params(param_grid)

,→ :
6 steps = [("scaler", scaler)]
7 if pca_ratio:
8 steps.append(("pca", pca_ratio))
9 steps.append(("classifier",

,→ create_model(model_type,
,→ params)))

10 pipeline = Pipeline(steps).fit(
,→ X_train)

11
12 val_scores = pipeline[-1].

,→ decision_function(pipeline
,→ [:-1].transform(X_val))

13 thr, f1, _ = find_best_threshold(
,→ val_scores, y_val, metric="f1"
,→ )

14
15 return f1, thr

Listing 6: Simplified Grid Search with PCA

This pipeline allows classical methods to be directly com-

pared with our AE’s reconstruction-based approach, under
the same preprocessing, validation-based thresholding, and
test-set evaluation.

F. Anomaly Detection

Anomalies are identified by comparing test-sample scores
(reconstruction errors or classical outlier-scores) against
a percentile-based threshold derived from a normal-only
validation set.

1) Reconstruction-Based Detection (AE):

• A fully connected AE is trained solely on normal
frames, minimizing MSE between each input spectro-
gram frame and its reconstruction [20].

• For each test frame, the reconstruction error (MSE) is
computed.

• A threshold, set between the 80th and 97th percentile
of the validation reconstruction errors, determines
whether a frame is anomalous.

• Frames exceeding this threshold are flagged as anoma-
lies.

2) Outlier Methods (LOF, IF):

• In parallel, Local Outlier Factor (LOF) and Isolation
Forest (IF) are trained on the same normal data.

• Each algorithm produces outlier scores for test frames;
again, a percentile threshold on validation scores de-
lineates normal vs. anomalous.

• These density-based or subspace methods provide a
complementary perspective, facilitating direct bench-
marking against the learned AE model.

G. Overview

The proposed methodology integrates advanced prepro-
cessing, an Autoencoder architecture, and a density-based
benchmark for robust anomaly detection. By leveraging
datasets from both controlled and real-world environments,
the framework addresses noise resilience, scalability, and
generalizability. This approach lays the groundwork for
scalable deployment in industrial settings.

IV. EXPERIMENTAL EVALUATION

This Section presents the results of the proposed acoustic
anomaly detection framework, evaluated on the washing
machine, synthetic and real industrial machine datasets. All
audio was captured with a Samson Meteor MIC at a 16 kHz
sampling rate and stored in .wav format to ensure con-
sistency and high-fidelity signal representation. Regarding
the traditional machine learning approaches, PCA-based
methods did not achieve competitive performance com-
pared to LOF, potentially due to the loss of critical feature
information during dimensionality reduction. Therefore,
they are excluded from detailed discussion. Consequently,
the following subsections will focus on the results achieved
by AE, LOF, and IF.



A. Evaluation Metrics

To measure the performance of the framework and the
benchmark, we applied the following evaluation metrics for
each dataset:

1) ROC AUC Score [36]: The Area Under the Receiver Op-
erating Characteristic (ROC) Curve 8 quantifies the ability
of the model to distinguish between normal and anomalous
data.

AUC =
∫ 1

0
TPR

(
FPR−1(α)

)
dα. (8)

2) Precision, Recall, and F1-Score [37], [38]: Precision 9
measures the proportion of detected anomalies that are cor-
rect, while recall 10 captures the fraction of true anomalies
detected. F1 11 is their harmonic mean, offering a balanced
view of performance.

Precision = TP

TP+FP
(9)

Recall = TP

TP+FN
(10)

F1 = 2× Precision×Recall

Precision+Recall
(11)

3) Confusion Matrix [39]: Visualizes the performance of
the classification, including true positives, false positives,
true negatives, and false negatives to analyze trade-offs
between missed and mistaken detections.

B. Washing Machine Anomaly Dataset

This dataset consists of washing-machine recordings un-
der two conditions:

• Normal Operation (19 minutes 49 seconds): The ma-
chine operates with clothes, producing acoustic signa-
tures representative of standard machine behavior.

• Induced Anomalies (1 minute 26 seconds): Irregular
knocking sounds are simulated by operating the ma-
chine with shoes instead of clothes.

The controlled nature and clear labeling of these experi-
ments makes this dataset an ideal starting point for devel-
oping and evaluating the proposed methodology.

1) Mel-Spectrogram Analysis: The Mel-spectrogram of the
washing machine dataset as well as the normal and anoma-
lous frames are shown in Figure 2. The complete spec-
trogram (a) reveals varying energy distribution, reflecting
washing cycles. The anomalous frame (c) shows short high-
energy bands in a low frequency range of below 200 HZ,
which correspond to the knocking sounds caused by shoes
inside the drum. Conversely, the normal frame (b) exhibits
a constant energy band in the similar frequency range of
below 500 HZ. However, the normal operation noise in this
similar low-frequency range can complicate purely visual
discrimination between normal and anomalous events.

2) Evaluation Metrics: The evaluation of AE, LOF, and IF
on the washing machine dataset is summarized in Table I.
The ROC AUC, precision, recall, and F1-score are presented
for all three methods. The confusion matrices in Figure 3
provide a detailed breakdown of classification results for
normal and anomalous frames.

TABLE I: Evaluation metrics for the washing machine dataset.

Method ROC AUC Precision Recall F1-Score
AE 0.731 0.536 0.494 0.514

LOF 0.988 0.912 0.980 0.945
IF 0.706 0.000 0.000 0.000

3) Observations: LOF achieves a high ROC AUC of 0.988
alongside excellent precision (0.912) and recall (0.980). This
indicates that density-based anomaly detection is highly
effective for the washing machine dataset, where anoma-
lous events create local deviations from normal operating
conditions. The AE attains a lower ROC AUC (0.731) and
comparatively balanced but modest precision and recall.
Reconstruction-based methods can be more sensitive to
normal operating variations, leading to a higher rate of
misclassification when anomalies mimic normal acoustic
patterns. Isolation Forest (IF) underperforms significantly,
achieving a ROC AUC of 0.706 but failing to detect any
anomalies (precision and recall of 0.000). This suggests that
IF is not suitable for this dataset, possibly due to its inability
to capture the specific density variations introduced by the
anomalous events in the washing machine data. For AE
(Figure 3 a), there are notable misclassifications: a relatively
large number of normal frames are flagged as anomalous
(528), and many anomalous frames are predicted as nor-
mal (627). For LOF (Figure 3 b), both false positives and
false negatives are drastically reduced, illustrating that LOF
captures the subtle density shifts caused by the anomalous
shoe “knocking” without over-detecting normal operational
fluctuations. Despite the controlled nature of the washing
machine dataset, where the anomalous sounds stand out
in the low-frequency range, normal operation noise partly
overlaps. LOF’s ability to distinguish local density variations
makes it more robust against this overlap, while the AE
can struggle to reconstruct subtle differences if the anomaly
partially resembles normal noise.

C. Industrial Environment with Simulated Anomalies

A second dataset was recorded in an operational indus-
trial machine and comprises:

• Normal Operation (12 minutes 46 seconds): Equipment
functioning under routine conditions, reflecting regular
machine activity.

• Induced Anomalies (3 minutes 29 seconds): Artificial
mechanical faults introduced via controlled impacts
from a hammer striking a shovel, selected to resemble
real-world structural issues yet remain safe and repeat-
able.

These synthetic knocks allow replication of realistic fault
phenomena and thus form the basis for testing the frame-
work under near–real-world conditions while preserving
consistency in labeling.

1) Mel-Spectrogram Analysis: The Mel-spectrogram of
the synthetic anomaly dataset as well as the normal and
anomalous frames are shown in Figure 4. The complete
spectrogram (a) reveals a constant energy distribution,



(a) Complete Washing Machine Spectrogram (b) Normal Frame (c) Anomaly Frame

Fig. 2: Mel-spectrograms of the washing machine dataset and comparison of normal vs. anomalous frame

(a) Autoencoder (AE) (b) Local Outlier Factor (LOF)

Fig. 3: Confusion matrices for the washing machine dataset. (a) AE. (b) LOF.

reflecting one mode of operation of the industrial machine.
The normal frame (b) exhibits a constant energy band in a
lower frequency range of mostly below 2000 HZ. Conversely,
the anomalous frame (c) shows short high-energy bands in
a high frequency range of above 2000 HZ, which correspond
to the knocking sounds caused by hammer hitting a shovel.
Therefore, the normal operation noise is clearly visually
distinguishable from the anomalous sound.

2) Evaluation Metrics: Table II presents the evaluation
metrics for AE, LOF, and IF on the synthetic anomaly
dataset. Both AE and LOF achieved near-perfect results, as
reflected in the ROC AUC, precision, recall, and F1-scores.
IF also performed admirably, though slightly below AE and
LOF. The confusion matrices in Figure 5 further highlight
the strong classification performance.

TABLE II: Evaluation metrics for the synthetic anomaly dataset.

Method ROC AUC Precision Recall F1-Score
AE 0.999 0.973 0.997 0.985

LOF 1.000 0.969 1.000 0.984
IF 0.994 0.971 0.977 0.974

3) Observations: The synthetic dataset, being highly
structured and noise-free, allowed both AE and LOF to
achieve near-perfect classification results. LOF demon-
strated a slight edge in recall (1.000 vs. 0.997), whereas
AE exhibited marginally higher precision (0.973 vs. 0.969)
and F1-score (0.985 vs. 0.984). The differences, however, are
minimal. Isolation Forest (IF) also performed exceptionally
well with a ROC AUC of 0.994 and high precision (0.971)
and recall (0.977). Although slightly below AE and LOF, IF
remains a strong performer on this dataset, indicating its
capability to detect high-frequency anomalies in a con-
trolled environment. The controlled nature of the synthetic
anomalies highlights the strengths of both methods in
detecting high-frequency patterns but may not fully reflect
real-world challenges.

D. Industrial Environment with Real Anomalies

A third dataset was recorded in an operational industrial
machine and comprises:



(a) Synthetic Anomaly Spectrogram (b) Normal Frame (c) Anomaly Frame

Fig. 4: Mel-spectrograms of synthetic anomaly dataset and normal vs anomalous frames.

(a) Autoencoder (AE) (b) Local Outlier Factor (LOF)

Fig. 5: Confusion matrices for the synthetic anomaly dataset. (a) AE. (b) LOF.

• Normal Operation (59 minutes 53 seconds): Equipment
functioning under routine conditions, reflecting regular
machine activity.

• Real Anomalies (5 seconds): Real anomalies produced
by the machine.

These real knocks form the basis for testing the framework
under real-world conditions whilst introducing inconsisten-
cies in labeling.

1) Mel-Spectrogram Analysis: The Mel-spectrogram of the
real anomaly dataset as well as the normal and anomalous
frames are shown in Figure 6. The complete spectrogram (a)
shows different operation modes of the industrial machine
which is reflected in the changing energy distribution. The
normal frame (b) exhibits a constant energy band in a lower
frequency range of mostly below 2000 HZ. Conversely, the
anomalous frame (c) shows short high-energy bands in a
high frequency range of above 2000 HZ, which correspond
to the knocking sounds caused by a real anomaly. The high
frequency energy pattern is similar to the synthetic anomaly
in Figure 4. However, the intensity of the real anomaly is

less pronounced compared to the synthetic anomaly.

TABLE III: Evaluation metrics for the real anomaly dataset.

Method ROC AUC Precision Recall F1-Score
AE 0.992 0.218 0.977 0.356

LOF 1.000 0.162 1.000 0.278
IF 0.856 0.049 0.279 0.083

2) Evaluation Metrics: Table III presents the evaluation
metrics for AE, LOF, and IF on the real anomaly dataset.
Both AE and LOF achieve high performance, reflected in
the ROC AUC and recall. IF, however, shows considerably
lower performance compared to AE and LOF. The confusion
matrices in Figure 7 illustrate these results in more detail.

3) Observations: Both AE and LOF show strong detection
capabilities on the real anomaly dataset, with near-perfect
recall (AE at 0.977, LOF at 1.000) and high ROC AUC (0.992
for AE and 1.000 for LOF). Isolation Forest (IF) exhibits
significantly lower performance, achieving a ROC AUC of
0.856 with minimal precision (0.049) and low recall (0.279).
This indicates that IF struggles to effectively detect real



(a) Real Anomaly Spectrogram (b) Normal Frame (c) Anomaly Frame

Fig. 6: Mel-spectrograms of real anomaly dataset and normal vs anomalous frames.

(a) Autoencoder (AE) (b) Local Outlier Factor (LOF)

Fig. 7: Confusion matrices for the real anomaly dataset. (a) AE. (b) LOF.

anomalies in this dataset, likely due to the subtlety and
reduced intensity of the anomalous signals compared to
synthetic anomalies. AE achieves higher precision (0.218)
than LOF (0.162), which contributes to a higher F1-score
(0.356 vs. 0.278). LOF’s perfect recall indicates it detects
all anomalies but at the expense of more false positives
(lower precision), while AE occasionally misses an anomaly
but makes fewer incorrect anomaly predictions overall.
The real anomaly’s high-frequency signatures are detected
reliably by both methods, though reduced signal intensity
compared to the synthetic case highlights the practical
importance of microphone placement and noise mitigation
strategies.

E. Comparative Insights

Both AE and LOF achieved near-perfect scores on the
synthetic anomaly dataset, reflecting its noise-free nature
and clearly distinguishable high-frequency bursts. In con-
trast, the washing machine dataset posed more challenges
due to overlapping normal and anomalous sounds. Here,

LOF outperformed AE (ROC AUC of 0.988 vs. 0.731), indi-
cating that LOF is more adept at capturing subtle devia-
tions under real-world acoustic variability, whereas AE is
more prone to misclassifications when anomalies closely
resemble normal conditions.

On the real anomaly dataset, both methods again demon-
strated strong detection capabilities, yet their trade-offs
became clearer. LOF achieved perfect recall but at the cost
of more false positives (lower precision), while AE missed a
small number of anomalies but incurred fewer false alarms.
Isolation Forest (IF), however, showed limited effectiveness
on this dataset, with significantly lower ROC AUC, precision,
and recall compared to AE and LOF. Consequently, LOF’s
high recall is useful for applications where missing an
anomaly is unacceptable, whereas AE’s higher precision
may reduce the burden of investigating false alarms. This
distinction parallels their behavior in the washing machine
dataset, though with overall higher precision and recall in
the real anomaly setting compared to the more complex
washing machine noise patterns.



Across all three datasets, the gap between AE and LOF is
smallest on the relatively clean synthetic data. For noisier
scenarios like the washing machine data and to some extent
the real anomaly data LOF appears more robust to over-
lapping frequencies and operational variability. Isolation
Forest consistently underperforms in these more complex
and noisy environments, highlighting its limitations in han-
dling subtle and less pronounced anomalies. Meanwhile, AE
excels in more structured or less noisy environments, which
results in simpler interpretability of reconstruction errors.

Finally, the consistent high-frequency signature of the
synthetic anomalies somewhat equals the real anomalies
produced in the industrial machine. However, because the
real anomalies are less pronounced, microphone placement
and noise reduction prove crucial. Overall, the complemen-
tary strengths of reconstruction-based (AE) and density-
based (LOF) approaches suggest that a hybrid system com-
bining both methods could enhance reliability and per-
formance in complex industrial environments with varying
noise levels.

V. SUMMARY, CONCLUSIONS, AND FUTURE WORK

A. Summary

We introduced a comprehensive framework for acoustic
anomaly detection aimed at industrial machinery, utilizing
Mel-spectrogram normalization alongside a fully connected
Autoencoder (AE) and a density-based Local Outlier Factor
(LOF) algorithm. Additionally, we incorporated Isolation
Forest (IF) and Principal Component Analysis (PCA) as com-
parative benchmark. The framework was evaluated on three
distinct datasets: a washing machine anomaly dataset, a
synthetic industrial machinery anomaly dataset, and a real-
world industrial machinery anomaly dataset. Our experi-
ments demonstrated that LOF consistently outperformed
IF and PCA in traditional machine learning approaches,
particularly excelling in scenarios with overlapping normal
and anomalous acoustic patterns. Notably, both AE and
LOF achieved near-perfect classification metrics on the
synthetic dataset. In contrast, LOF maintained superior
performance on the washing machine dataset (F1 score: AE
0.514 vs. LOF 0.945) and AE showed stronger performance
on the real industrial dataset (F1 score: AE 0.356 vs. LOF
0.278). These results underscore the effectiveness of density-
based methods in handling diverse and noisy real-world
environments, as well as the complementary strengths
of reconstruction-based approaches in structured settings.
The implementations of our proposed framework and ex-
perimental evaluations are publicly available on GitHub:
https://github.com/frodo-hu/Acoustic-Anomaly-Detection.

B. Conclusions

Small and unbalanced datasets can hinder model per-
formance and require careful planning or data augmen-
tation. There is a performance gap when transitioning
from synthetic data to real-world recordings, highlighting

the need for robust preprocessing and model architec-
tures tailored to variable operating conditions. Even minor
variations in recording conditions or machine states can
lead to misclassifications. Hence, precise data cleaning is
essential for maximizing anomaly detection performance.
Overall, in the structured, low-noise setting of the synthetic
dataset, both AE and LOF achieved near-perfect classifi-
cation metrics, underscoring their suitability for detecting
clear-cut anomalies. IF consistently underperformed across
all datasets, highlighting its limitations in detecting sub-
tle anomalies among variable operational noise. In the
washing machine dataset, which is relatively small and
imbalanced, LOF significantly outperformed AE, highlight-
ing LOF’s robustness to overlapping and variable acoustic
conditions. Conversely, in real industrial machine scenarios
with short, high-frequency burst anomalies that are more
clearly distinguishable from normal operation sounds, AE
performed stronger than LOF. An additional advantage of
the AE approach is its potential to be streamlined for real-
time detection. In scenarios, especially where anomalies
are more distinctly separated from normal conditions, such
as high-frequency bursts in industrial machinery, a pre-
trained AE can quickly flag anomalies without excessive
computational overhead compared to LOF. These findings
emphasize the complementary strengths of AE and LOF:
AE excels in cleaner or more distinct acoustic conditions,
whereas LOF remains highly effective across diverse and
noisier settings. This complementary nature suggests that
a hybrid approach combining AE and LOF could leverage
the high precision of AE and the high recall of LOF, thereby
enhancing overall anomaly detection reliability in diverse
industrial environments.

C. Future Work

Future work could focus on enhancing scalability and
noise resilience by exploring hybrid learning strategies that
integrate reconstruction- and density-based approaches.
Additionally, expanding the framework to utilize larger and
more diverse real-world datasets will help validate and
refine the models. Investigating advanced feature extraction
techniques, such as convolutional neural networks for Mel-
spectrograms, could further improve anomaly detection
accuracy. Finally, the integration of this framework into
real-time on-site monitoring systems could strengthen pre-
dictive maintenance by enabling immediate anomaly alerts
resulting in reduced downtime and less failures in industrial
settings.
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APPENDIX

Code Implementation

The implementations of our proposed framework and
experimental evaluations are publicly available on GitHub:
https://github.com/frodo-hu/Acoustic-Anomaly-Detection.
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