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ABSTRACT Automatic detection of motor failures, such as bearing faults, is essential for predictive
maintenance across various industries, as bearing faults alone account for up to 51% of motor failures.
While vibration-based diagnostics remain the de-facto standard, acquiring reliable vibration data is costly
and sensitive to variations of the sensor model and quality, location, mounting and many other factors.
To address this, we propose a novel sound-to-vibration transformation method that eliminates the need
for onboard vibration sensors. Using any audio recorder (e.g., a mobile phone) and the proposed machine
learning model, realistic vibration signals can be synthesized directly from the acquired sound under diverse
operating conditions and fault scenarios. Experimental results on theQatar University Dual-Machine Bearing
Fault Benchmark (QU-DMBF) dataset show that the classification accuracy achieved with synthesized
signals differs from real vibration data by less than 0.5%, demonstrating negligible loss in performance. This
approach offers a low-cost, practical, and scalable alternative for accurate fault detection. The QU-DMBF
benchmark dataset, results, and the optimized PyTorch implementation of the proposed sound-to-vibration
transformer are publicly available for further research.

INDEX TERMS Operational neural networks, bearing fault detection, 1D Operational U-Nets, machine
health monitoring, signal transformation.

I. INTRODUCTION
Motor fault detection is an essential component of a pre-
dictive maintenance pipeline in various industries, such as
manufacturing, aerospace, and energy. Bearings are essen-
tial components of rotating machinery equipment which is
commonly used in industry, and their failure can result in
unexpected downtime, increasedmaintenance costs, and even
catastrophic accidents. Numerous methods and techniques
have been presented to recognize and address bearing prob-
lems throughout the years, which has led to substantial
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research into bearing fault identification. These methods can
be grouped into three main categories: model-based meth-
ods [1], [2], [3], [4], traditional signal-processing approaches,
[5], [6], [7], [8], [9], [10], [11], and machine (ML) and deep
learning (DL) methods, [12], [13], [14], [15], [16], [17],
[18], [19], [20], [21], [22], [23], [24]. Although sound has
been investigated as an alternative source for fault detection,
research in this area is still limited [25], [26], [27], [28], [29],
[30], [31], [32], [33], [34]. The lack of benchmark datasets
and early reports highlighting the limitations of sound signals
for bearing fault detection [31] have slowed down progress.
Moreover, most deep learning approaches on sound data
were trained on very small datasets, leading to biased or
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FIGURE 1. Samples of simultaneously recorded vibration signals over different sensor locations on the QU-DMBF dataset [35] and [36].

impractical results. Therefore, vibration remains the de facto
standard source for motor health monitoring (MHM). Due
to its capacity to track changes efficiently in the mechanical
behavior of the bearing, vibration data is commonly used
for fault detection and thus set a de facto standard in this
domain. As bearings begin to degrade, their vibration sig-
nature changes. By examining the variations in the vibration
signature, it is possible to identify the early stages of bearing
failure and take corrective action before a catastrophic failure
takes place.

DL approaches have successfully been used to detect faults
in rotating machines directly over raw vibration data [12],
[13], [14], [15], [16], [17], [18], [19], [20], [21], [22], [23],
[24], [35], [37], and [38]. However, certain problems may
occur in real-time implementations of such fault detection
methods. First, reliable vibration data acquisition, especially
from a rotating machine at high speeds can be a challenging
task. Electric motors can produce high levels of background
noise including electrical interference, ambient vibrations,
and sensor noise, which frequently alter the vibration signals.
Due to this noise, vibration readings may not be accurate,
resulting in false alarms or missed detections.

Besides acquisition-induced problems, installing accel-
erometers with wires in certain locations of rotating machines

may also pose certain difficulties and operational draw-
backs. Furthermore, vibration sensors, e.g., accelerometers,
may not work well or even break under harsh conditions.
On the other hand, wireless accelerometers, especially with
a high-resolution data capability are quite costly and require
periodic maintenance for a reliable acquisition. Another crit-
ical issue is the mounting location of vibration sensors where
slight positional variations cause significant changes in vibra-
tion patterns. Figure 1 shows raw vibration signals from
the two distinct machines of the QU-DMBF dataset [35]
and [36]. For each machine, the vibration signals are acquired
by distinct accelerometers within a close proximity. It is clear
in Figure 1 that signals from different accelerometers are
entirely different from one another.

For instance, even though sensors 2 and 5 from Machine
A and sensors 6 and 3 as well as 2, 5, and 4 from Machine
B are placed close to each other, their vibration signals are
entirely different. Therefore, a DL model trained over one of
these sensors for fault detection will ultimately underperform
or may even fail on the data acquired from another sensor
placement. To address all the aforementioned drawbacks,
this study proposes sound-to-vibration transformation with
the aim of sensorless fault detection. Consider the following
practical use-case scenario as shown in Figure 2: once the
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FIGURE 2. A practical use-case illustration of the proposed motor fault
detection.

fault detector is trained over the vibration data acquired by
an accelerometer at any location, the proposed transformer
can also be trained over the vibration (from the same sensor)
and sound data by the manufacturer of the motor. The pro-
posed transformer thus learns to synthesize realistic vibration
data directly from the acquired sound measurements. The
two trained models, the fault detector and the transformer
will then be shared with the motor’s operator for continuous
health monitoring. In this way, realistic vibration signals
can be produced directly from the sound (recorded by e.g.,
a mobile phone) and then the pre-trained detector over the
synthesized vibration data can be used for fault detection
during the operational lifetime of the motor as illustrated in
Figure 2.Therefore, machine operators will no longer need
to purchase, install, and maintain accelerometer(s) with the
same setup used by the manufacturer (e.g., the same sensor
model installed at the same location during the training of
the fault detector). As the typical use-case scenario shown in
Figure 2, besides the cost and energy savings, the proposed
approach will also yield a robust fault detection since it
can synthesize a vibration signal that is similar to the one
used during the training of the classifier by the manufacturer
regardless of the aforementioned variations. This makes fault
detection far more reliable and accurate by a classifier that
was pre-trained over the actual vibration signal.

In this study, 1D Operational U-Net (Op-UNet) is used as
the network model for the proposed sound-to-vibration trans-
former. Op-UNets have Self-Organized Operational Neural
Network (Self-ONN) architecture [39], [40], [41], [42],
[43], [44], [45] which are heterogeneous network models
with generative neurons that can perform optimal non-linear
operations for each kernel element. Self-ONNs have outper-
formed their CNN counterparts in many tasks [24], [35], [46],
[47], [48], [49], [50], [51], [52], [53] significantly even with
a reduced network complexity and depth compared to CNNs.
In this study, we aim to leverage this superiority to synthesize
highly realistic vibration signals and thus achieve the same
fault detection performance level by the manufacturer’s pre-
trained model over the original vibration signal.

The rest of the paper is organized as follows: a brief out-
line of 1D Self-ONNs and the proposed sound-to-vibration
transformer with the Operational U-Nets are introduced in
Section II. A detailed set of experimental results over the two
distinct machines from the QU-DMBF dataset are presented
in Section III. Finally, Section IV concludes the paper and
suggests topics for future research.

II. METHODOLOGY
A. 1D SELF-ORGANIZED OPERATIONAL NEURAL
NETWORKS
This section provides a brief overview of Self-ONNs and
highlights some of their key characteristics. Unlike the con-
volutional operator in CNNs, the nodal operator in each
generative neuron of a Self-ONN is capable of perform-
ing any nonlinear transformation. These transformations can
be represented using a Taylor series approximation around
the origin:

ψ (x) =

∞∑
n=0

ψ (n) (0)
n!

xn (1)

The Qth order truncated approximation, commonly referred
to as the Taylor polynomial, is expressed as the following
finite summation:

ψ (x)(Q) =

Q∑
n=0

ψ (n) (0)
n!

xn (2)

The above formulation can approximate any arbitrary func-
tion ψ (x) near 0. When the activation function constrains
the neuron’s input feature maps around 0 (e.g., tanh), the
formulation in (2) can be exploited to form a composite nodal
operator where the power coefficients, ψ

(n)(0)
n! , can be the

parameters of the network learned during training.
It was shown in [47], [48], and [49] that the 1D nodal

operator of the kth generative neuron in the lth layer takes
the following general form:

ψ̃ l
k

(
wl(Q)ik (r) , yl−1

i (m+ r)
)

=

Q∑
q=1

wl(Q)ik (r, q)
(
yl−1
i (m+ r)

)q
(3)

Let x lik ∈ RM be the contribution of the ith neuron at the
(l − 1)th layer to the input map of the l th layer. Therefore,
it can be expressed as,

x̃ lik (m) =

K−1∑
r=0

Q∑
q=1

wl(Q)ik (r, q)
(
yl−1
i (m+ r)

)q
(4)

where yl−1
i ∈RM is the output map of the ith neuron at the

(l − 1)th layer, wl(Q)ik is a learnable kernel of the network,
which is a K × Q matrix, i.e., wl(Q)ik ∈RK×Q, formed as,
wl(Q)ik (r) = [wl(Q)ik (r, 1),wl(Q)ik (r, 2), . . . ,wl(Q)ik (Q)]. By the
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commutativity of the summation operations in (4), one can
alternatively write:

x̃ lik (m) =

Q∑
q=1

K−1∑
r=0

wl(Q)ik (r, q− 1) yl−1
i (m+ r)q (5)

One can simplify this as follows:

x̃ lik =

Q∑
q=1

Conv1D
(
wl(Q)ik ,

(
yl−1
i

)q)
(6)

Thus, the formulation can be implemented by applying Q 1D
convolution operations. The final output of the neuron can
then be expressed as:

x lk = blk +

N∑
i=0

l−1x lik (7)

where blk is the bias associated with this neuron. The 0
th order

term, q= 0, the DC bias, is ignored as its additive effect can be
compensated by the learnable bias parameter of the neuron.
When Q=1, a generative neuron simplifies to a standard
convolutional neuron. In this case, the nodal operator only
considers the first-order term of the Taylor series expansion,
effectively mimicking the linear transformation performed by
a convolutional layer.

The raw-vectorized expressions for forward propa-
gation, along with the detailed formulations of Back-
Propagation (BP) training in raw-vectorized form, are
provided in [39], [41], and [47].

B. SOUND TO VIBRATION TRANSFORMATION BY 1D
OPERATIONAL UNET
The ultimate goal of this study is to synthesize highly realistic
vibration signals of a motor from its sound so that the synthe-
sized vibration data can directly be used for accurate fault
detection by the original classifier pre-trained on the actual
vibration data. As discussed earlier, this will void the need
for any sensor installation, and a simple sound recorder will
suffice for continuous motor health monitoring.

In this study, 1-second paired audio and vibration signals
are used to train the Operational U-Net. Each segment is first
linearly normalized as follows:

XN (i) =
2(X (i)− Xmin)
Xmax − Xmin

−1 (8)

where X (i) is the original sample amplitude in the seg-
ment, XN (i) is the normalized segment, Xmin and Xmax are
the minimum and maximum amplitudes within the segment,
respectively. This will scale the segment linearly in the range
of [−1 1] where Xmin → −1 and Xmax → 1.
As illustrated in Figure 3 the proposed network has a total

of 15 operational layers. The first 10 layers are organized into
a 1D Operational U-Net (Op-UNet) model which consists of
5 operational layers in the encoder and 5 transposed opera-
tional layers in the decoder with skip connections.

FIGURE 3. The network architecture of the Op-UNet model.

This is the transformer network, where the input and output
of the network are the 1-second sound and the corresponding
vibration segments, respectively. Figure 4 depicts the training
process of the Op-UNet. To reinforce the learning by empha-
sizing the fault status of the given signal, in addition to this
10-layer U-Net, the transformer network is cascaded with a
Self-ONN classifier with 5 operational layers and 2 dense
layers. By cascading this classifier to the transformer, the
training will use the advantage of discriminating fault seg-
ments from normal segments, which in turn will improve the
regression (transformation) task. After training, the classifier
can be ignored.

The objective function used for training consists of a com-
bination of three distinct loss functions. To generate more
realistic vibration signals, both temporal and spectral sig-
nal representations are taken into consideration by utilizing
their corresponding loss functions. The objective is, therefore,
to minimize the mean-absolute error (MAE) in both time and
frequency domains.

The MAE loss function in the time domain, where, XN is
the normalized input sound signal, Synth(XN ) is the syn-
thesized vibration signal and Y is the corresponding actual
vibration signal can be formulated as follows:

LossTime = ∥(Y − Synth(XN ))∥1 (9)

For the spectral loss function, the N-point discrete STFT of
the input and output signals is first performed as expressed
in Eq. (10), where X is the input signal and W is the
window function. Eq. (11) formulates the complex-valued
N-point discrete STFT from which the N-point discrete spec-
trogram, Spec (X (n, k)) , can be computed. We used N=256
samples long Hanning window with 128 samples overlap.
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FIGURE 4. The training scheme of the cascaded network model for the proposed sound-to-vibration transformation.

Eqs. (12) and (13) formulate the spectral and classification
loss functions, respectively

STFT [X ,w, n] = X (n,w) =

∑
m

X [m]W [n− m] e−jwm

(10)

X (n, k) = X (n,w)|w=
2πk
N

→ Spec (X (n, k))

= |X (n, k)|2 (11)

LossSTFT = ∥STFT (Y )−Synth(X )∥1 (12)

Lossclass =
1
N

N∑
i=0

(C(Y ) − C(Synth (X)))2 (13)

where, C(Y ) and C(Synth (X)) are the class labels of the
actual and synthesized vibration signals, respectively. Finally,
the overall objective function used for training combines all
loss functions and can be expressed as follows:

Losstotal = Lossclass + λ(LossTime + LossSTFT ) (14)

where λ, is the weight parameter that balances the temporal
and spectral loss with classification loss.

III. EXPERIMENTAL RESULTS
This section will first introduce the benchmark motor bear-
ing fault dataset that was used in this study. Then, the
experimental setup for evaluating the proposed sound-to-
vibration transformer will be discussed. In Section III-C,
quantitative and qualitative evaluations of the results and
discussions, especially for the real use-case scenarios, are
provided. Finally, in Part III.D, the computational complexity
of the proposed approach is examined in-depth.

A. QATAR UNIVERSITY DUAL-MACHINE BEARING FAULT
BENCHMARK DATASET: QU-DMBF
The benchmark dataset utilized in this study was established
by Qatar University researchers using 2 different electric
machines (Machine A and Machine B). The experimental
setup is given in Figure 1 which illustrates the orientation
of the sensors and the installation of two machines. The
configuration for Machine-A consists of a 3-phase ACmotor,

two double-row bearings, and a shaft rotating at a maximum
speed of 2840 RPM. A spring mechanism placed a 6 kips
radial load on the shaft and bearing. PCB accelerometers
(352C33high sensitivity Quartz ICP) mounted on the bearing
housing. It weighs 180 kg and is 100×100×40cm. The work-
ing conditions for Machine-A are based on the following:

• 19 different bearing configurations: 1 healthy, 18 fault
cases: 9 with a defect on the outer ring, and 9 with
a defect on the inner ring. The defect sizes vary from
0.35mm to 2.35mm.

• 5 different accelerometer localization: 3 different posi-
tions and 2 different directions (radial and axial)

• 2 different load (force) levels: 0.12 kN and 0.20 kN.
• 3 different speeds: 480, 680, and 1010 RPM.

We collected data for 270 seconds for each operating circum-
stance for a healthy bearing, and 30 seconds for each faulty
bearing case. This results in a total time of 30× 18× 5× 2×

3= 16,200 seconds of data measurement. The sound was also
simultaneously recorded with the same sampling frequency
as the vibration data.

In contrast, Machine B’s design consists of a DC motor,
two single-row bearings, and a shaft with a constant rotating
speed of 2000 RPM. A spring mechanism installed a 6 kips
radial load on the shaft and bearing. PCB accelerometers
(353B33 high sensitivity Quartz ICP) mounted on the bearing
housing. It weighs 3.5 kg, and the configuration measures
165×82×63 cm. The working conditions forMachine B vary
as follows:

• 19 different bearing configurations: 1 healthy, 9 with a
defect on the outer ring, and 9 with a defect on the inner
ring. The defect sizes vary from 0.35mm to 2.35mm.

• 6 different accelerometer positions.
• A fixed load (force) of 0.40 kN.
• 5 different speeds: 240, 360, 480, 700, and 1020 RPM.

270 seconds of vibration/sound data for each operating con-
dition for a healthy bearing are available in this dataset.
As a result, the total time of the healthy bearing vibration
data is 270 × 6 × 1 × 5 = 8,100 seconds. 30 seconds of
vibration/sound data for each working condition for each
faulty bearing are available. This results in a 2:1 ratio of the
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TABLE 1. The fault detection performance over real (RX) and synthesized (SX) vibration data for machine X.

faulty to healthy data, with a total time of 30 × 18 x 6 ×

1 × 5 = 16,200 seconds. As a result, the dataset for machine
B lasts 24,300 seconds in total (6.75 hours). The sound of
each machine was simultaneously recorded with the same
sampling frequency as the vibration data.

As opposed to the challenges of vibration data collection
(i.e., see Figure 1), there is a crucial advantage for the sound
signal acquisition as such a location sensitivity does not
exist. This has been confirmed in a recent study [35] where
even a DL classifier trained on the data acquired by one
sensor may fail to detect certain faults in another’s data.
The same study has further shown that the most reliable
vibration data for fault detection is acquired from the clos-
est accelerometer to the bearings, i.e., accelerometer-1 for
both machines. So, we have selected this accelerometer for
training the transformers of both machines and used them to
synthesize the corresponding vibration signal, which is then
evaluated with the actual vibration signal. The QU-DMBF is
now publicly shared in [54] and [55] to serve as the dual-
machine bearing fault detection benchmark for the research
community.

B. EXPERIMENTAL SETUP
For the training of the proposed network model, the 1D Oper-
ational U-Net and the Self-ONN classifier, a batch size of 8,
and a maximum of 1000 Back- Propagation (BP) iterations
are used for all experiments. The Adam optimizer with an
initial learning rate of 10-4 is used via BP. The parameter λ in
Eq (14) is set to 100. The first 2100 seconds of sound signals
and their vibration counterparts are used for training, and the
next 800 seconds of data are used for the validation set.

For both machines, the data partition with one of the speed
settings is spared for testing.

The fault detector is a compact 1D Self-ONN model with
5 operational layers and 2 dense layers. It has 32 neurons in
the hidden dense layer and 16 neurons in each of the hidden
operational layers. For this binary classification task, the out-
put layer has two neurons. The input layer neuron records a
1-second vibration segment. In all layers, the ‘‘tanh’’ nonlin-
ear activation function is employed. The operational layers’
kernel sizes are set at 81, 41, 21, 7, and 7 respectively.
Operational layers have corresponding strides of 8, 4, 2, 2,
and 2. The ADAM optimizer is used with the initial learning
factor, ε, set to 10-4 for the Back-Propagation (BP) training.
The loss function is the Mean-Squared-Error (MSE), and the

maximum number of BP iterations (epochs) is 50. We imple-
mented both transformer and fault detector networks using
the FastONN library [41] based on PyTorch. The benchmark
dataset, our results, and the optimized PyTorch implementa-
tion of the proposed approach are now publicly shared with
the research community [54].

C. RESULTS
This section reports on the performance of the proposed
method under different operating conditions and presents
both quantitative and qualitative (visual) evaluations. The
results shown are based on the best model and configu-
ration selected during testing. To compute the quantitative
results, several experiments were conducted over both real
and synthesized vibration data using the Self-ONN classifier.
The results of the experiments were evaluated using several
common performancemetrics, including accuracy, sensitivity
(recall), positive predictivity (precision), and the F1-Score.
Four different training and testing scenarios were selected
to validate the effectiveness of the proposed approach.
In each scenario, the classifier was trained and tested with
non-overlapping real and synthesized vibration signals for
two independent machines. The quantitative results are pre-
sented in Table 1. To provide a clear representation of these
scenarios, abbreviations were used in the table for the syn-
thesized and real data for Machine-A and Machine-B as SA,
RA, SB, and RB, respectively where RA and RB correspond
to real vibration signals. The 2nd and 4th row of the given
table shows the classification performance of the proposed
model over the synthesized vibration signals, SA and SB,
respectively

Overall, fault detection results presented in Table 1 indicate
that the models trained over the real vibration data, and tested
over both real and synthesized data perform equally well with
a high-detection performance. When we examine the individ-
ual test results, one can observe that results for Machine A
are almost identical for Machine B, and the test results over
real and synthesized data may differ maximum of only 0.4%,
which is negligible. This is strong evidence that the proposed
model can transform sound to such vibration signals that are
very similar to their real counterparts and thus, the pre-trained
detector can achieve a fault detection performance almost
identical to the one with the real vibration data.

For the qualitative evaluation, Figure 5 presents 8 sets
of sound, real and synthesized signals in both time and
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FIGURE 5. 8 sets of sound-to-vibration transformation results from both machines.

frequency domains corresponding to both healthy and faulty
data from both machines. Once again, the results show that
the synthesized vibration signals are quite similar to their real
counterparts regardless of the data class (healthy or faulty).
In particular, a close inspection of the spectral representation
shows that the proposed transformation can indeed synthesize
such signals that share the same spectral signatures of their

real counterparts, i.e., the spectral peak locations representing
the major spectral components in both healthy and faulty
vibration data perfectly match. It is worth mentioning that
the two machines produce entirely different levels of sound
as a result of their varied sizes; however, this seems no effect
on the transformation outputs. When we take a closer look
at the signals of Machine A, one can discover that the input
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audio signal patterns have similarities to those of the vibra-
tion signals. The proposed approach, however, suppresses the
high-frequency peaks and amplifies the low-frequency peaks
in accordance with the actual spectrum.

D. COMPUTATIONAL COMPLEXITY ANALYSIS
This section calculates the network size, total number of
parameters (PARs), and inference time for each network
setup. Comprehensive formulas for computing the PARs in
Self-ONNs are provided in [41]. A 2.2 GHz Intel Core i7
computer with 16 GB of RAM and an NVIDIA GeForce
RTX 3080 graphics card was used for all experiments. The
FastONN library [41] and Pytorch are used to implement
the 1D Op-UNet network. The proposed network has a
total of 377K parameters. The processing time to generate
a 1-second vibration segment takes around 6.5 msec for a
single CPU implementation. This shows that the proposed
transformation can achieve 150 times faster than the real-time
requirements with a single CPU, indicating the potential
of a real-time implementation even on low-cost, low-power
hardware.

IV. CONCLUSION
Effective detection of bearing faults plays a vital role in
predictive maintenance across multiple industries. This study
introduces a new sound-to-vibration transformation tech-
nique capable of generating realistic vibration signals under
diverse operating conditions and fault scenarios. It has
been shown in this paper that a simple audio recorder
(e.g., a mobile phone) and the proposed machine learning
model are sufficient for an accurate fault detection. The
quantitative results show that the fault detection accuracy
difference achieved using synthesized and real data is less
than 0.5%, which is negligible. Regardless of the motor type
(AC/DC), size, fault type/severity, and sound level, the results
demonstrate that the proposed method can transform the
sound signal to synthesize the corresponding (real) vibra-
tion signal. Therefore, the proposed approach makes motor
health monitoring significantly more practical and accessible,
as it eliminates the need for any vibration sensor. It is also
highly efficient, inexpensive, and robust because all of the
aforementioned challenges and drawbacks associated with
using accelerometers for data acquisition can effectively be
eliminated with a simple sound recorder. As a result, the pro-
posed approach has the potential to revolutionize the field of
predictive maintenance andmake the process more accessible
and practical for various other applications, e.g., mechanical
fault detection on vehicles or any moving platform in general.
The significant and novel contributions of this study can be
summarized as follows:

• This study introduces and publicly releases the Qatar
University Dual-Machine Bearing Fault Benchmark
(QU-DMBF) dataset, which comprises sound and vibra-
tion data collected from two distinct motors operating
under 1,080 different conditions.

• This study highlights the key limitations and challenges
of vibration-based fault detection, which arise from a
wide range of installation and operational conditions.

• In order to address these drawbacks, this pioneer study
introduces an innovative deep-learning method that can
transform the sound signal into the corresponding vibra-
tion signal, which not only eliminates to use of any
vibration sensor but also synthesizes a realistic vibra-
tion signal to be used for continuous motor health
monitoring.

• For sound-to-vibration transformation, this study pro-
posed a novel transformer model, which consist of an
Operational U-Net cascadedwith an auxiliary Self-ONN
classifier that guides the transformation with class infor-
mation, ensuring that the generated vibration signals
preserve fault-related features more effectively.

Our future study will focus on performing fault recognition
to further identify the type of defect, estimate its severity, and
pinpoint the defect’s location for comprehensive real-time
health monitoring in a sensorless fashion. Finally, zero-shot
fault detection [35] using only the sound signal will be
another crucial objective for our future research.
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