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ABSTRACT

In many health monitoring applications, large volumes of
high-frequency measurement data must be acquired and
processed to extract reliable health indicators for fault detec-
tion and identification. Compressive sensing (CS) provides
an effective framework to reduce data dimensionality at
the acquisition stage by exploiting signal sparsity, enabling
sub-Nyquist sampling and lowering storage and transmission
requirements. However, practical CS deployment is often
limited by the reconstruction step, which typically relies on
iterative optimization algorithms that are computationally
expensive and difficult to implement in real-time monitor-
ing systems. This work proposes a learned reconstruction
strategy that replaces conventional CS solvers with a convo-
lutional autoencoder based approach. The sensing process
follows the standard CS formulation, where the original
signal is projected onto a lower-dimensional measurement
space using a fixed random sensing matrix. During training,
the autoencoder is constrained so that its encoder reproduces
the measurement operation, while the decoder learns a data-
driven inverse mapping to reconstruct the original signal from
compressed measurements. At inference time, compressed
measurements are directly fed into the decoder, eliminating
iterative reconstruction. Experimental results obtained on
simulated gearbox signals and real vibration measurements
demonstrate that the proposed method significantly reduces
reconstruction time compared with classical CS algorithms
while preserving diagnostically relevant information for fault
detection.

Imen Tounsi et al. This is an open-access article distributed under the terms
of the Creative Commons Attribution 3.0 United States License, which per-
mits unrestricted use, distribution, and reproduction in any medium, provided
the original author and source are credited.

1. INTRODUCTION

Vibration monitoring plays an important role in the health
assessment and fault diagnosis of mechanical and structural
systems (Braun, 1988). Modern sensing technologies enable
continuous, high-frequency measurements in applications
such as rotating machinery, turbines, and aerospace compo-
nents, providing rich datasets that capture essential diagnostic
information (Karkafi et al., 2024). However, capturing these
signals often requires high sampling rates, resulting in large
volumes of data. This creates significant challenges in terms
of data storage, transmission, and real-time processing, par-
ticularly in long-term monitoring and distributed sensing
applications.
Compressive sensing (CS) addresses this issue by enabling
signal acquisition below the Nyquist sampling rate (Donoho,
2006). Instead of sampling the full signal, CS collects a
reduced set of compressed measurements through linear
projections. By exploiting signal sparsity in a suitable trans-
form domain, the original signal can be reconstructed while
reducing data acquisition and transmission requirements.
However, a key challenge lies in the reconstruction stage.
Classical algorithms such as Orthogonal Matching Pursuit
(OMP) (Tropp & Gilbert, 2007), Matching Pursuit (MP)
(Mallat & Zhang, 1993), and Compressive Sampling Match-
ing Pursuit (CoSaMP) (Needell & Tropp, 2009) recover
signals by solving optimization problems through iterative
procedures involving repeated matrix multiplications and
thresholding. As a result, reconstruction can be computa-
tionally expensive and time-consuming, limiting the use of
classical CS methods in real-time vibration monitoring.
In recent years, deep learning has been increasingly explored
as an alternative approach for compressive sensing recon-
struction (Machidon & Pejovic, 2023). Instead of solving an
optimization problem for each signal, neural networks can
learn a direct mapping from compressed measurements to
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the original signal using training data, enabling significantly
faster reconstruction. Several studies have demonstrated the
effectiveness of deep learning for this task. For example, Re-
conNet is an early convolutional neural network designed for
fast reconstruction of compressively sensed images (Kulkarni
et al., 2016) (Kulkarni et al., 2016). Metzler et al. (Metzler et
al., 2017) introduced LDAMP, which integrates deep learn-
ing with the denoising based approximate message passing
algorithm, while Zhang and Ghanem (Zhang & Ghanem,
2018) proposed ISTA-Net by unfolding the classical ISTA
algorithm into a trainable deep architecture. Similarly,
Yang et al. (Yang et al., 2016) (Yang et al., 2020) devel-
oped ADMM-Net and ADMM-CSNet by incorporating the
ADMM optimization framework into deep neural networks.
Autoencoder based approaches have also been explored to
model compressive sensing as an encoder–decoder process.
For instance, Mousavi et al. (Mousavi et al., 2015) proposed
a stacked denoising autoencoder for CS reconstruction,
demonstrating that neural networks can efficiently recover
signals from compressed measurements while significantly
reducing reconstruction time.
However, existing deep learning based reconstruction meth-
ods still present several limitations. Many approaches treat
the reconstruction problem as a purely data-driven mapping
from compressed measurements to signals, without explicitly
enforcing consistency with the measurement process. As
a result, the reconstructed signals may deviate from the
physical measurement model. In addition, some methods
rely on complex architectures such as generative adversarial
networks (GANs) (Machidon & Pejovic, 2023), which can
suffer from unstable training and require large amounts of
training data. Furthermore, certain deep learning frameworks
involve multi-stage reconstruction pipelines or preprocessing
steps, increasing model complexity and reducing deployment
efficiency. Moreover, existing deep compressed sensing
methods often exhibit limited generalization when trained on
simulated datasets and evaluated on real vibration signals.
To address the limitations of existing approaches, this paper
proposes a measurement-consistent reconstruction frame-
work based on a convolutional autoencoder. During training,
the autoencoder is optimized not only to reconstruct vibra-
tion signals but also to encourage the encoder to approximate
the measurement process, while the decoder learns a cor-
responding reconstruction mapping, effectively embedding
the sensing mechanism into the network. This is achieved
through a joint loss function that encourages the latent rep-
resentation to match the compressed measurements. During
deployment, only the decoder is used to reconstruct the
signal directly from the compressed measurements, elimi-
nating iterative reconstruction and reducing computational
complexity. As a result, the proposed approach enables
fast and efficient signal recovery, making it well suited for
real-time monitoring applications. Furthermore, the method
is comprehensively evaluated on both simulated and real

gearbox vibration datasets, demonstrating its effectiveness in
terms of reconstruction accuracy, computational efficiency,
and preservation of diagnostic information.

2. THEORETICAL BACKGROUND

2.1. Compressive sensing model

Compressive Sensing (CS) offers a robust theoretical and
computational framework for efficient signal acquisition
and reconstruction. In contrast to conventional Nyquist-rate
sampling, CS exploits the inherent sparsity of signals in a
suitable transform domain, enabling accurate recovery from
a significantly reduced number of linear measurements. The
reconstruction stage is formulated as a constrained optimiza-
tion problem in which sparsity is enforced as a regularization
criterion while simultaneously maintaining fidelity to the
acquired measurements (Brunton & Kutz, 2019). As il-
lustrated in Figure 1, the CS framework consists of three
principal components: sparse representation s of the signal in
an appropriate basis, compressed measurements y obtained
through a linear sensing process, and signal reconstruction,
achieved by solving a sparsity-constrained inverse problem.

Figure 1. Schematic diagram of the compressive sensing al-
gorithm.

A signal x ∈ RN is said to be k-sparse if it can be represented
as:

x = ψs (1)

where ψ ∈ RN×N is a sparsifying basis and s is the sparse
representation of the original signal that contains only k non-
zero coefficients in the selected transform domain. CS re-
duces the number of required samples by acquiring a com-
pact set of linear projections that preserve the essential in-
formation of the original signal. Instead of sampling at the
Nyquist rate, CS employs a properly designed sensing ma-
trix ϕ ∈ RM×N , where M ≪ N , to directly obtain com-
pressed measurements. Here, M denotes the number of ac-
quired measurements. The compressed measurement vector
y is then obtained through linear projection:

y = ϕx = ϕψs (2)

The compression ratio (CR) represents the percentage of
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measurements retained after compression and is defined as:

CR =
M

N
× 100 (3)

Given the compressed measurement vector y, the objective is
to reconstruct the original signal x from an underdetermined
linear system. Accordingly, the reconstruction problem is for-
mulated as the optimization problem in (4), which seeks a
solution that satisfies the measurement constraints while en-
forcing sparsity priors on the signal.

min
s

∥s∥1 s.t. ϕψs = y (4)

The recovered signal is then obtained as: x̂ = ψs.
Signal reconstruction from undersampled measurements is
typically addressed using convex optimization, greedy meth-
ods, or non-convex minimization algorithms. A common
drawback of these approaches is their high computational
cost, as they rely on iterative calculations. For CS to be prac-
tical in real-world ubiquitous computing applications, faster
and more efficient reconstruction methods are required. Deep
learning has emerged as a promising alternative. Although
training deep networks demands substantial computational
resources and memory due to the large number of parame-
ters, most of this cost occurs during the training phase. Once
trained, inference is significantly faster than conventional
iterative reconstruction algorithms.

2.2. Deep learning for compressive sensing reconstruc-
tion

Deep learning has emerged as an efficient approach for
compressive sensing reconstruction by learning a direct
mapping from compressed measurements to the original
signal (Machidon & Pejovic, 2023). Unlike traditional recon-
struction methods that rely on iterative optimization, neural
networks approximate the inverse mapping directly from
data.
Given the vibration signal x, the compressed measurements
are obtained using the measurement matrix Φ, as expressed
in (2). Then, instead of solving a sparsity-constrained op-
timization problem for each signal instance, a parametric
nonlinear mapping is learned to reconstruct x directly from
its compressed representation y. Specifically, the recon-
struction problem can be formulated as learning a nonlinear
function fW (·), parameterized by network weights W , such
that

x̂ = fW (y) (5)

where x̂ denotes the reconstructed signal.
To learn this mapping, the network parameters are optimized
by minimizing a reconstruction loss defined as

Lrec = ∥x− x̂∥22 (6)

During training, this loss is minimized over a dataset of train-
ing samples. Once training is completed, the learned model
can be used for signal reconstruction during inference. In this
phase, the compressed measurements are directly provided
as input to the trained network, which reconstructs the sig-
nal through a single forward pass. This non-iterative recon-
struction process eliminates the need for optimization based
solvers and significantly reduces the computational cost.

3. PROPOSED METHOD

Following the direct-mapping approach described in the pre-
vious section, a data-driven reconstruction framework is pro-
posed to learn a nonlinear mapping from compressed mea-
surements to the original signal.
As illustrated in Figure 2, the framework consists of two dis-
tinct phases:

1. Training Phase: an autoencoder is trained to reconstruct
the original signal while encouraging alignment between
the latent space and the compressed measurements.

2. Testing Phase: the encoder is discarded, and only the
trained decoder is used to reconstruct signals directly
from real compressed measurements.

The proposed model is based on an autoencoder structure
composed of: an encoder Eθ(·) and a decoder DW (·), where
θ and W denote the trainable parameters. The encoder maps
the original signal x to a latent representation: z = Eθ(x),
where z ∈ RM . To ensure physical consistency with the com-
pressive sensing acquisition process, the latent representation
is encouraged to match the compressed measurement:

z ≈ y = ϕx. (7)

Finally, the decoder reconstructs the signal from the latent
representation: x̂ = DW (z).
The network is trained using a composite loss function com-
posed of two terms. The first term represents the reconstruc-
tion loss, defined in (6), which ensures signal reconstruction.
The second term is the measurement consistency loss, given
by

Lmeas = ∥Eθ(x)− ϕx∥22 (8)

which encourages alignment between the latent representa-
tion and the compressed measurements.
The overall training objective is therefore formulated as

L = Lrec + λLmeas (9)

where λ controls the trade-off between reconstruction accu-
racy and measurement consistency. This training strategy en-
courages the decoder to learn a stable reconstruction mapping
that remains consistent with the measurement process.
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Figure 2. Overview of the proposed framework for com-
pressed sensing acquisition and signal reconstruction during
training and testing.

4. EXPERIMENTAL EVALUATION AND PERFORMANCE
ANALYSIS

4.1. Dataset description

To train the proposed model, a dataset of simulated vibration
signals was generated based on an empirical dynamic model
of a gearbox. Each signal is modeled as an amplitude-
modulated sinusoidal carrier representing gear meshing,
combined with lower-frequency modulation components
associated with shaft dynamics:

s(t) = s1(t)
(
1 + s2(t) + s3(t)

)
(10)

where s1(t) denotes the high-frequency carrier component
(gear meshing), s2(t) represents the modulation due to the
first gear, and s3(t) represents the modulation due to the sec-
ond gear.

Each component si(t) is modeled as a sinusoidal signal:

si(t) = Ai sin
(
2πfit), i = 1, 2, 3 (11)

where Ai and fi denote the amplitude and frequency of the
i-th component, respectively.

The measured signal is obtained as

x(t) = s(t) + ν(t), ν(t) ∼ N (0, σ2) (12)

where ν(t) is additive Gaussian noise.
The signal parameters (amplitudes, frequencies and noise
level) are randomly sampled within predefined ranges, al-
lowing the generation of a large number of signals with
controlled variability.
For evaluation, the trained model was tested on real vibration
measurements obtained from the CETIM gearbox dataset.
The data were acquired using the gearbox test bench illus-
trated in Figure 3 (El Badaoui, Cahouet, Guillet, Danière,
& Velex, 2001). This dataset contains vibration signals col-

Figure 3. Schematic diagram of the CETIM gearbox test
bench used for vibration signal acquisition.

lected from a gearbox subjected to a progressive degradation
process. It consists of twelve vibration recordings, each
corresponding to a different day of acquisition, capturing the
gradual transition from a healthy operating condition to a
faulty state. The vibration signals were sampled at 20 kHz
over a duration of 3 seconds per acquisition. The dominant
component in the vibration spectrum corresponds to the gear
meshing frequency, which varies between approximately 330
Hz and 346 Hz depending on the rotational speed. Compared
to the simulated training data, the CETIM dataset presents
more complex vibration patterns and higher noise levels, pro-
viding a more challenging scenario to evaluate the robustness
and generalization capability of the proposed model.

4.2. Experimental setup

In the experiments, vibration signals are processed in seg-
ments of length N =10000 samples. Simulated signals are
generated at this length, whereas the CETIM dataset divides
each 3-second acquisition into six non-overlapping segments,
enabling multiple samples per acquisition and ensuring com-
patibility with the training data. Compressed measurements
are generated according to the standard compressive sensing
model described in (2). Five measurement sizes are evalu-
ated, M = {5000, 4000, 3000, 2500, 2000}, corresponding
to compression ratios of 50%, 40%, 30%, 25%, and 20%.
The sensing matrix is constructed using a structured random
sampling strategy. The signal is partitioned into M approxi-
mately equal intervals, and one sample is randomly selected
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within each interval. Each row of Φ therefore contains a
single non-zero entry equal to 1, producing a sparse binary
measurement matrix that ensures a uniform coverage of the
signal domain. The sensing matrix is generated once with a
fixed random seed and kept constant during both training and
testing.
The proposed reconstruction model is implemented as a
convolutional autoencoder composed of an encoder and a
decoder. The encoder maps the input vibration signal to
a latent representation corresponding to the compressed
measurements, while the decoder reconstructs the signal
from this latent space. Table 1 presents the architecture used
for a compression ratio of 25%. The encoder progressively
reduces the signal length using convolutional layers and
max-pooling operations until reaching a latent representation
of length 2500. The decoder follows a symmetric structure
that reconstructs the signal through convolutional layers and
upsampling operations. For other compression ratios, the en-

Table 1. Architecture of the proposed convolutional autoen-
coder for CR = 25%.

Layer Operation Output size
Input Vibration signal (1, 10000)

Encoder
Conv1D + ReLU 16 filters, kernel = 9 (16, 10000)
MaxPool1D stride = 2 (16, 5000)
Conv1D + ReLU 32 filters, kernel = 9 (32, 5000)
MaxPool1D stride = 2 (32, 2500)
Conv1D 1 filter, kernel = 9 (1, 2500)

Decoder
Conv1D + ReLU 32 filters, kernel = 9 (32, 2500)
Upsample factor = 2 (32, 5000)
Conv1D + ReLU 16 filters, kernel = 9 (16, 5000)
Upsample factor = 2 (16, 10000)
Conv1D 1 filter, kernel = 9 (1, 10000)
Output Reconstructed signal (1, 10000)

coder–decoder architecture is reconfigured so that the latent
representation matches the number of compressed measure-
ments. Both the network structure and the dimensionality
of intermediate layers are adjusted accordingly to ensure
consistent reconstruction performance.
The proposed network is implemented in PyTorch and trained
using the Adam optimizer with a learning rate of 10−3. The
training objective combines two mean squared error (MSE)
terms: a reconstruction loss between the original signal x and
the reconstructed signal x̂, and a latent consistency loss be-
tween the encoder output and the corresponding compressed
measurements. The weighting parameter λ was selected
through a grid search over {1, 0.1, 0.01, 0.001, 0.0001}, and
λ = 1 was retained for all compression ratios. Training is
performed for up to 200 epochs using early stopping with a
patience of 10 epochs and a minimum improvement threshold
of 10−5.

4.3. Reconstruction results and discussion

Reconstruction performance is evaluated using quantitative
metrics that measure both signal fidelity and computational
efficiency. The reconstruction quality is assessed using the
normalized mean squared error (NMSE) and the cosine simi-
larity index (CSI). NMSE measures the normalized difference
between the original signal x[n] and the reconstructed signal
x̂[n]:

NMSE =

∑N
n=1(x[n]− x̂[n])2∑N

n=1 x[n]
2

(13)

CSI evaluates spectral similarity by computing the cosine of
the angle between the original spectrum X[k] and the recon-
structed spectrum X̂[k]:

CSI =

∑K
k=1X[k]X̂[k]√∑K

k=1 |X[k]|2
√∑K

k=1 |X̂[k]|2
× 100 (14)

In addition, computational efficiency is evaluated by mea-
suring the average reconstruction time per signal for both
classical iterative methods and the proposed decoder based
approach.
The proposed method is evaluated at five compression ra-
tios (50%, 40%, 30%, 25% and 20%). Its performance is
compared with greedy reconstruction algorithms, which are
among the fastest sparse recovery methods, namely OMP,
MP, and CoSaMP, as well as with a CNN baseline that uses
the same architecture as the decoder of the proposed method
and performs a direct mapping from compressed measure-
ments to the reconstructed signal. All methods use the same
measurement matrix and compression ratios to ensure a fair
comparison.
Table 2 reports the NMSE values obtained by the different
reconstruction methods. Lower NMSE indicates better re-
construction quality.

Table 2. NMSE between original and reconstructed signals
for different compression ratios.

50% 40% 30% 25% 20%
OMP 0.197 0.201 0.232 0.251 0.262
MP 0.196 0.2 0.205 0.253 0.265
CoSaMP 0.194 0.199 0.204 0.259 0.269
CNN 0.103 0.22 0.326 0.592 0.627
Proposed method 0.068 0.091 0.192 0.356 0.501

While NMSE evaluates time-domain reconstruction accu-
racy, vibration monitoring applications also require preser-
vation of spectral characteristics. Table 3 reports the CSI
between the spectra of the original and reconstructed signals.
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Table 3. CSI (%) between the spectra of the original and re-
constructed signals for different compression ratios.

50% 40% 30% 25% 20%
OMP 89.62 89.83 89.39 89.09 88.95
MP 89.42 89.39 89.32 89.21 88.93
CoSaMP 89.57 89.42 85.99 89.05 88.86
CNN 96.47 93.97 92.47 84.43 78.4
Proposed method 98.08 97.42 93.56 87.95 82.95

At a CR of 50%, the proposed method clearly outperforms all
competing approaches, achieving the lowest NMSE (0.068)
and the highest CSI (98.08%), indicating more accurate re-
construction of the original signals compared with OMP, MP,
CoSaMP, and CNN. The proposed method continues to pro-
vide the best performance at 40% and 30% CRs, maintaining
the lowest NMSE values (0.091 and 0.192, respectively) and
the highest CSI (97.42% and 93.56%). For 25% and 20%
CRs, OMP and MP achieve the best performance in terms
of reconstruction accuracy. However, the proposed method
still remains competitive and consistently outperforms CNN
in both NMSE and CSI metrics. This behavior can be ex-
plained by the fact that as the CR decreases, the dimension-
ality of the latent space becomes smaller, which limits the di-
versity of compressed measurements available to the decoder
during reconstruction. Consequently, the decoder may not
have sufficiently representative examples to accurately recon-
struct the original signal. Nevertheless, the proposed method
demonstrates strong reconstruction capabilities for all CRs
and especially in the moderate-to-high compression regimes
(30–50%), where it achieves the best overall performance.
Moreover, although optimization algorithms may outperform
the proposed method in certain cases, the latter provides ad-
ditional advantages, particularly in terms of reconstruction
time, as will be further analyzed in Table 4.

Table 4. Reconstruction time (s) for different compression
ratios.

50% 40% 30% 25% 20%
OMP 13.88 10.64 9.04 8.05 6.32
MP 14.13 10.72 8.48 7.83 6.12
CoSaMP 10.47 9.18 7.15 6.9 5.44
CNN 0.005 0.006 0.002 0.007 0.003
Proposed method 0.004 0.004 0.003 0.007 0.008

Specifically, OMP, MP, and CoSaMP require several sec-
onds for reconstruction depending on the compression ratio,
making them unsuitable for real-time monitoring scenarios.
OMP requires between 6.32 and 13.88 seconds, MP between
6.12 and 14.13 seconds, and CoSaMP between 5.44 and
10.47 seconds per signal. In contrast, the proposed method
achieves significantly faster reconstruction. It requires only
0.003–0.008 seconds per signal, which is several orders of
magnitude faster than the traditional iterative sparse recovery
algorithms. This improvement is achieved because recon-

struction only involves a single forward pass through the
trained decoder without requiring any iterative optimization
procedure.
To further illustrate the reconstruction quality of the proposed
method, Figure 4 presents an example of reconstructed vibra-
tion signals and their corresponding spectra at a compression
ratio of 25% for day 1 of the CETIM dataset, corresponding
to the healthy operating condition. The reconstructed signal
closely follows the original signal in the time domain, while
the dominant spectral components, including the gear mesh-
ing frequency and its harmonics, are well preserved in the
frequency domain.

Figure 4. Comparison of original and reconstructed signals
from day 1 in time (top) and frequency (bottom) domains.

Figure 5 shows a second example corresponding to day 12 of
the dataset, representing the faulty state of the gearbox. De-
spite the more complex vibration patterns, the reconstructed
signal remains consistent with the original signal in both time
and frequency domains. A slight low-pass filtering effect is
observed in the reconstructed spectra for both days, which is
common in autoencoder based reconstruction. Nevertheless,
the main spectral components are preserved, demonstrating
that the proposed method maintains reliable reconstruction
performance even under degraded operating conditions.

In a second step, the preservation of diagnostic information
after the reconstruction process is evaluated. For this pur-
pose, a cepstrum-based gear health indicator, originally pro-
posed in (El Badaoui et al., 2004), is employed. In gearbox
vibration signals, cepstral analysis reveals periodic structures
associated with rotating components, where each gear gener-
ates a comb of peaks whose spacing corresponds to its rota-
tional period. The amplitude of the first peak of each comb is
proportional to the energy emitted by the corresponding gear
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Figure 5. Comparison of original and reconstructed signals
from day 12 in time (top) and frequency (bottom) domains.

during one rotation. A defect on a gear causes an increase in
its associated cepstral peak and a decrease in the other. Based
on this principle, a normalized fault indicator is defined as

d(t) =
Ap(t)−Ar(t)

Ap(t) +Ar(t)
(15)

where Ap(t) and Ar(t) denote the amplitudes (or areas) of
the first cepstral peaks associated with the pinion and the
wheel, respectively. This indicator varies between −1 and 1
and reflects the redistribution of vibrational energy between
the two gears.
Figure 6 shows the evolution of this health indicator com-
puted from the original signals and from the reconstructed
signals obtained using the different reconstruction methods.

Figure 6. Evolution of the cepstrum based gear health indi-
cator over the monitoring period for the original and recon-
structed signals using different reconstruction methods.

During the healthy operating period (days 1–10), the pro-
posed method generally follows the trend of the original
indicator, although some fluctuations can be observed. A
similar behavior is observed for OMP, which also reproduces
the overall evolution of the indicator and performs better than
the CNN baseline. Despite these small variations, the indica-

tor clearly exhibits a noticeable increase during the last two
days (days 11 and 12), corresponding to the faulty gearbox
condition. This confirms that the main diagnostic information
is preserved after reconstruction. While all reconstruction
methods preserve the clear increase of the health indicator
during the faulty stage, some earlier variations visible in the
original trend appear attenuated after reconstruction. This
behavior may result from the smoothing effect introduced
by compression and reconstruction, which can reduce the
visibility of weak fault-related features. Nevertheless, the
proposed method preserves the overall evolution of the indi-
cator and successfully identifies the transition from healthy
to faulty operation.
Although OMP achieves slightly better performance in terms
of NMSE and CSI, the proposed method remains competitive
in preserving the fault-related information required for condi-
tion monitoring. Overall, it provides a favorable compromise
between reconstruction accuracy, preservation of diagnostic
indicators, and reconstruction time.
Beyond the comparison with traditional sparse recovery al-
gorithms, it is also relevant to position the proposed approach
with respect to recent deep learning based reconstruction
methods reported in the literature, including ReconNet,
ISTA-Net, ADMM-Net, and ADMM-CSNet. These ap-
proaches have demonstrated excellent reconstruction perfor-
mance, particularly in image reconstruction tasks. However,
many of them rely on optimization-inspired architectures,
iterative unfolding strategies, or multi-stage reconstruction
pipelines, which increase architectural complexity and of-
ten require application-specific adaptation. In contrast, the
proposed framework is based on a lightweight convolutional
autoencoder with an explicit measurement-consistency con-
straint that directly links the latent representation to the
compressed measurements. This design enables straight-
forward deployment, low inference complexity, and direct
reconstruction through a single forward pass.

5. CONCLUSION

This paper introduced a measurement-consistent deep learn-
ing framework for the fast reconstruction of compressively
sensed vibration signals. By embedding the sensing model
into a convolutional autoencoder, the proposed approach en-
ables direct and non-iterative reconstruction while preserv-
ing physical consistency with the acquisition process. Ex-
perimental results on both simulated gearbox signals and real
vibration data from the CETIM dataset demonstrate that the
method achieves a favorable trade-off between reconstruction
accuracy, computational efficiency, and preservation of diag-
nostic information. In particular, the proposed model outper-
forms classical sparse recovery algorithms in moderate com-
pression regimes while reducing reconstruction time to the
millisecond scale, making it suitable for real-time monitor-
ing applications. Future work will focus on several direc-
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tions. First, improving reconstruction performance at very
low compression ratios by enhancing the robustness of the
latent representation remains an important challenge. Sec-
ond, extending the framework to more complex and diverse
real-world datasets will be essential to improve generaliza-
tion. Finally, integrating the proposed method into end-to-end
diagnostic pipelines operating directly on compressed mea-
surements represents a promising direction for efficient health
monitoring systems.
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