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 A B S T R A C T

Continuous monitoring of the rail condition plays an important role in railway maintenance 
and the planning of noise- and vibration-reducing measures. Rail monitoring can be carried out 
efficiently using vibro-acoustic measurements with onboard sensors. However, this approach 
generates large amounts of acoustic and vibration data, which makes real-time transmission, 
processing and storage a challenge. This paper presents a sparse coding framework applied in 
the time–frequency domain that aims to overcome these challenges by significantly reducing the 
amount of data while preserving important information for rail defect detection and diagnosis. 
The Short-Time Fourier Transform is used as a preprocessing step to transform raw signals into a 
time–frequency representation, capturing the non-stationary characteristics of the signals. The 
spectrum at each time window is then represented by a sparse linear combination of basis 
spectra, which form a dictionary. Online sparse dictionary learning is used to create a data-
driven, adaptive representation tailored to the frequency characteristics of vibro-acoustic signals 
related to rail defects. Experimental data acquired with a microphone and an accelerometer 
mounted on the wheelset of a tram are used to evaluate the framework. The experimental 
results show that the framework is able to achieve high compression rates and reduce noise. A 
reduction in data size of 98% was obtained without loss of relevant information. The proposed 
approach offers significant advantages for modern railway condition monitoring systems. It is 
scalable for large amounts of data, energy efficient and suitable for real-time implementation. By 
reducing data bottlenecks, it enables efficient track monitoring with on-board sensors. This work 
thus contributes to the development of intelligent and cost-effective solutions for infrastructure 
management.

. Introduction

Railways play a vital role for public transport. Infrastructure maintenance is important to ensure the safety and reliability 
f railway operations and also to mitigate rolling noise and vibration caused by the dynamic rail-wheel interaction. Traditional 
aintenance strategies are based on visual inspections and the use of specialized measurement vehicles. Both are costly, time-
onsuming and require the track to be closed, which inevitably leads to an interruption in train operations. Therefore, these 
nspections can only be used relatively rarely to monitor the track. An alternative approach is the use of sensor systems on board 
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in-service trains [1–7]. Especially, vibro-acoustic measurement methods using accelerometers and microphones are promising as 
they provide valuable insights into track integrity and detect issues such as rail wear, and surface defects that lead to increased 
rolling noise. These sensors are also more resistant to dust, dirt and the generally harsh conditions in the railway environment 
than optical sensors [1]. In order to monitor rail surface defects that relate to rolling noise and vibration it is important to have 
a short transmission path from the rail to the sensor by e.g. placing the sensors on the axle of the train. For instance, axle-box 
accelerations have been used to detect rail surface defects such as squats [8] and corrugation [5,9] and to monitor rail roughness [6] 
and longitudinal level [7]. However, these systems require high data sampling rates with up to tens of thousands of sampling points 
per second and therefore generate a large amount of acoustic and vibration data. While the use of raw data offers the highest 
flexibility in terms of algorithms and methods subsequently used for data analysis and visualization, the considerable amount of 
raw data poses significant challenges for real-time processing, transmission, and storage. Addressing this bottleneck is essential for 
scalable and cost-effective monitoring solutions.

Data compression can be achieved by eliminating statistical redundancy, where no information is lost, or by lossy compression, 
where unnecessary or less important information is removed. With lossy compression, some signal information is therefore lost, 
i.e. the signal reconstructed from the encoded representation is similar but not identical to the original signal. The advantage 
of lossy methods is that in some cases they can produce a much smaller compressed file than a lossless method and still fulfil 
the requirements of the application. Sparse coding as a lossy compression methodology has emerged as a promising technique to 
greatly reduce the amount of data in condition monitoring [10–12]. By exploiting the inherent sparsity or compressibility of signals 
in a suitable domain, sparse coding allows data to be represented with significantly fewer samples than required in the original 
domain without sacrificing reconstruction accuracy. Applying this approach during data collection on the onboard unit minimizes 
the amount of data that needs to be transferred to the back-office facilities. In order to take possible resource limitations of the 
onboard units into account, the computational complexity of the algorithms used should be kept as low as possible.

Sparse coding can be performed using predefined basis elements, such as wavelet or Fourier bases or as a data-driven approach 
that seeks a sparsifying basis tailored to the data under consideration. The latter, also known as sparse dictionary learning, is 
leveraging the specific structure of the data and has been shown to achieve superior results in terms of sparsity and signal 
reconstruction [13,14].

Onboard vibro-acoustic data are composed of stochastic signals with low temporal redundancy. This poses a challenge for data 
compression based on this redundancy. In contrast, the frequency characteristics of rail irregularities are well-defined [15] and 
can be exploited for data compression. Therefore, we advocate the application of sparse dictionary learning to sensor data in the 
time–frequency domain. In this domain, shift- and phase-invariant dictionaries can be learned using scalable online optimization 
algorithms. Our main contributions are as follows: 

• We motivate the use of sparse dictionary learning on magnitude spectra, highlighting the necessity of shift-invariant dictionary 
learning for noise and vibration monitoring, and the limitations of applying these methods in the time domain.

• We propose the use of established, efficient techniques for online learning based on coordinate descent optimization.
• Experimental validation is provided using onboard vibration and acoustic data acquired on a tram during normal operation. 
This demonstrates the effectiveness of the proposed approach in reducing data volume while preserving essential information 
for condition monitoring. Compared to a baseline PCA method, the proposed approach exhibits superior convergence behaviour 
and reconstruction fidelity.

By addressing the challenge of high-volume data in railway track condition monitoring, this work contributes to the advancement 
of scalable, energy-efficient, and intelligent maintenance systems for modern railway infrastructure.

The remainder of the paper is organized as follows: Section 2 reviews the principals of sparse dictionary learning and its 
shift-invariant variants, and describes the proposed approach in the time–frequency domain. Section 3 outlines the experimental 
setup, including data acquisition, and presents the validation of the proposed algorithm with a focus on the trade-off between data 
compression and loss of information. Section 4 discusses the practical implications of the proposed approach and outlines directions 
for future research. Finally, Section 5 concludes the paper.

2. Sparse coding

Sparse coding is a representation learning method, which aims to find a sparse representation of the input data. Specifically, 
vectors of input data are modelled as a sparse linear combination of basis elements, so-called atoms, which form a dictionary. 
Considering the matrix 𝐗 = [𝐱1,… , 𝐱𝑁 ] ∈ R𝑀×𝑁  as a finite training set of signals, then the goal is to factorize it into two matrices, 
i.e. the dictionary 𝐃 = [𝐝1,… ,𝐝𝐾 ] ∈ R𝑀×𝐾 and the code 𝐂 = [𝐜1,… , 𝐜𝑁 ] ∈ R𝐾×𝑁 , which fulfil some task specific constraints. The 
code vector 𝐜𝑛 ∈ R𝐾 is the encoded representation of 𝑛th sample 𝐱𝑛, containing a weight for each of the 𝐾 atoms 𝐝1,… ,𝐝𝐾 ∈ R𝑀 . 
The resulting factor model is thus: 

𝐗̂ = 𝐃𝐂 . (1)

The number of basis elements 𝐾 can be smaller or larger than the number of elements 𝑀 in the input signals. If 𝐾 < 𝑀 , the 
dictionary is considered undercomplete and if 𝐾 > 𝑀 , it is considered overcomplete. Besides performing dimensionality reduction 
undercomplete dictionaries have been used to address specific tasks, such as non-negative matrix factorization [16], end-member 
analyses [17] or feature extraction [4]. Overcomplete dictionaries are mainly applied in compressed sensing as a lossy compression 
method. The idea is based on the assumption that there is a domain in which data can be represented by only a few non-zero 
2 
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coefficients. This is achieved by imposing sparsity on the code, e.g. by 𝓁1-regularization also known as Lasso [18]. Hence, the 
dictionary can be used to sparsely encode the data by solving: 

𝐂̂ =̂ arg min
𝐂

1
2
‖𝐗 − 𝐃𝐂‖2𝐹𝑟𝑜 + 𝛼‖𝐂‖1,1, (2)

where each row of the result 𝐂̂ is the solution of a Lasso problem.

2.1. Sparse dictionary learning

Sparse dictionary learning is a data-driven approach to learn the basis elements of the dictionary based on training data instead of 
using a predefined dictionary consisting of elements such as wavelets. This allows the basis elements to be adapted to the data, which 
significantly improves the signal reconstruction [13,14]. Sparse dictionary learning can be expressed as the following regularized 
optimization problem: 

arg min
𝐂,𝐃

1
2
‖𝐗 − 𝐃𝐂‖2Fro + 𝛼‖𝐂‖1,1 , subject to ‖𝐝𝑘‖2 = 1, ∀𝑘 ∈ {1,… , 𝐾}, (3)

where the first term is the Frobenius norm of the reconstruction error and the second term is the 𝓁1-penalty, which imposes sparsity 
on the code. The trade-off between model reconstruction and sparsity of the code is controlled by the regularization parameter 𝛼. 
The normalization term ‖𝐝𝑘‖2 = 1 avoids scaling ambiguity and ensures that the power of the signal is solely determined by the 
magnitude of the code.

The underdetermined linear system in Eq. (3) is convex with respect to each of the two variables 𝐂 and 𝐃 but not jointly convex. 
It can be solved by alternately updating C, as a solution to multiple Lasso problems, considering D fixed, and then updating D to 
best fit C [14].

2.2. Shift-invariant sparse dictionary learning

Audio and vibration signals are often generated by a limited amount of distinct excitation events. Speech for instance is generated 
by characteristic vibrations of the vocal cords [19]. In the example of railway rolling noise and vibration, these events can be 
attributed to a specific type of singularity in the rail surface, indicating a recurring structural feature that consistently influences 
the dynamic response. The redundancy observed in time series of such signal does not stem from the temporal occurrence of the 
transient events, which can be considered stochastic in nature. Instead, the redundancy arises from the characteristic geometrical 
properties of similar structural features. Ordinary sparse coding is this example would required to learn one basis element for each 
possible time-shift of the event, which is infeasible. To encode such signals effectively, it is therefore necessary to employ a shift-
invariant method that assigns the same code to identical signals, regardless of their temporal occurrence. Treating the dictionary as 
a bank of linear, shift-invariant filters transforms Eq. (3) into a convolutional dictionary learning problem [20]: 

arg min
𝐜,𝐝

1
2
‖𝐱 −

𝐾
∑

𝑘=1
𝐝𝑘 ∗ 𝐜𝑘‖22 + 𝛼

𝐾
∑

𝑘=1
‖𝐜𝑘‖1 , subject to ‖𝐝𝑘‖2 = 1, ∀𝑘 ∈ {1,… , 𝐾}. (4)

This approach enables the encoding of recurring patterns in a time-invariant manner. Various sparse dictionary learning algorithms 
have been adopted for this kind of problem [21]. Several methods [21–23] based on the Alternating Direction Method of Multipliers 
(ADMM) [24] leverage the fast Fourier transform to accelerate the compute of the convolution. However, whether implemented in 
the time or frequency domain, the convolution operations required in each iteration of the update process introduce significant 
computational overhead in terms of both memory and processing time. This makes such methods less suitable for online learning 
applications. Additionally, special attention must be paid to mitigate boundary effects introduced by the convolution operator, which 
can distort the learned representations near the signal edges [20,25].

2.3. Proposed approach

The objective of our approach is to derive a sparse representation of vibro-acoustic data that significantly reduces data volume 
while preserving the information necessary for rail and track condition monitoring. To achieve this, we propose applying sparse 
dictionary learning in the time–frequency domain. This choice is motivated by two key considerations.

First, railway noise and vibration signals exhibit both transient and stationary components, which are most effectively captured 
in the time–frequency domain [26]. Second, in this domain, the dictionary learns time-invariant basis elements without requiring 
explicit modelling of temporal shifts in the objective function. This results in a computationally more efficient alternative to 
convolutional dictionary learning, while still providing shift-invariant representations. In essence, sparse dictionary learning in the 
time–frequency domain offers the benefits of shift invariance at the computational cost of conventional sparse dictionary learning.

Time–frequency signal decomposition is well-established, particularly in the context of blind source separation in audio and music 
analysis, where non-negative matrix factorization (NMF) has been widely used [27,28]. However, our problem differs fundamentally. 
While NMF typically aims to identify a small number of interpretable basis elements, such as isolated musical notes, our goal is to 
efficiently compress noisy, stochastic signals. The novelty of our approach lies in the application of sparse overcomplete dictionary 
learning for data compression on magnitude spectra of sensor signals.
3 
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In our approach, the data is transformed into the time–frequency domain using the short-time Fourier transform (STFT), a linear 
representation commonly employed for analysing non-stationary signals. In the discrete time case, the STFT is obtained by moving a 
window 𝑤 with a certain number of samples by ℎ increments over an input signal 𝑦[𝑛] with the sampling interval 𝛥𝑡 and sequentially 
calculating the fast Fourier transform: 

𝐒𝐓𝐅𝐓{𝑦[𝑛]}[𝑚, 𝑝] ≡ 𝑌 [𝑚, 𝑝] =
𝑁−1
∑

𝑛=0
𝑦[𝑛]𝑤[𝑛 − 𝑚ℎ]𝑒−𝑖2𝜋𝑝𝑛∕𝑁 , 𝑛, 𝑚, 𝑝 ∈ Z . (5)

The STFT yields a complex-valued function 𝑌 [𝑚, 𝑝], whose absolute value |𝑌 [𝑚, 𝑝]| represents the magnitude of the signal at time 
𝑡 = 𝑚ℎ𝛥𝑡 and frequency 𝑓 = 𝑝∕(𝑁𝛥𝑡). If we pack the set of magnitude spectra of the STFT as the columns into the non-negative 
matrix 𝐗, where 𝑁 is the number of time steps and 𝑀 the number of frequency bins, the sparse dictionary learning on the magnitude 
spectra can be expressed as: 

arg min
𝐂,𝐃

1
2
‖𝐗 − 𝐃𝐂‖2Fro + 𝛼‖𝐂‖1,1 , subject to 𝐂,𝐃 ≥ 0, ‖𝐝𝑘‖2 = 1, ∀𝑘 ∈ {1,… , 𝐾}, (6)

Here, each dictionary atom 𝐝𝑘 represents a basis spectrum with 𝑀 frequency bins. The non-negativity constraints in Eq. (6) 
enforce that C and D are positive, which requires that X is positive, too. Since we operate on magnitude spectrograms, this non-
negativity is inherent to the data under consideration. It also ensures that the basis elements of the dictionary, the atoms, can be 
interpreted as basis magnitude spectra, which facilitates the interpretation of the code as well as the dictionary. By omitting the 
phase information, the representation becomes phase-invariant, which further improves the compressibility of the encoded signal. 
This is particularly advantageous in the context of rail condition monitoring, where the phase of vibro-acoustic signals excited by 
rail irregularities can vary depending on factors such as the vehicle’s direction of travel and the lateralposition of the wheel on 
the rail. As a result, phase is not a reliable or consistent feature of rail surface defects, and using phase-invariant basis elements is 
beneficial for robust signal encoding.

The optimization problem in Eq. (6) can be efficiently solved in an online fashion [14]. The dictionary and code are updated by 
performing a single iteration per mini-batch. The batch size, determined by the number of time steps in the spectrogram, can be 
adjusted to match the computational constraints of onboard edge devices.

Once the dictionary is learned, new data can be sparsely encoded by solving the Lasso problem defined in Eq. (2). The cyclical 
coordinate descent method [29] implemented in the Python toolbox scikit-learn [30] is used in this study to compute the Lasso 
solution. The sparsely encoded signal can be decoded by simple matrix multiplication according to Eq. (1).

3. Experiments

The experiments presented in this study focus on the performance of the proposed sparse coding approach in terms of data 
compression compared to a possible loss of information. A detailed interpretation of the signals with regards to specific failure 
modes is out of scope of this study and will be dealt with at a later stage.

3.1. Data acquisition

The data were acquired within the project OnboardEU [31,32] with the aim to develop artificial intelligence methodologies for 
automated rail defect detection. Up to ten vehicles in various European cities (including Hanover, Graz, Vienna and Basel) have 
been equipped with onboard measurement systems with edge computing capability. A single measuring system consists of two 
microphones and two three-component acceleration sensors, with one of each installed on the left-hand and right-hand sides of the 
same vehicle axle (Fig.  1), in order to be able to assess the condition of the left and right rail separately.

Mounting the accelerometers under the suspensions avoids any mechanical filter on the vibration path from the rail to the 
accelerometers and thus enables the recording of high-frequency vibration signals, such as those excited by the roughness of the 
rail. In this study, only the vertical component of the acceleration sensors is considered, as it is the most significant for irregularities 
of the rail surface [9]. The system further comprises a positioning system consisting of a Global Navigation Satellite System (GNSS) 
and an inertial measurement unit (IMU). The GNSS antenna was mounted on the roof of the tram while the IMU was mounted in 
the base unit inside the tram. A sensor fusion approach incorporating map data was used to assign a position on the track in the 
rail network to each measurement point [33]. The accelerometers and microphones acquired data with a sampling rate of 4,000 Hz 
and 44,100 Hz, respectively. To reduce data volume, data was only recorded when the tram was travelling, i.e. data recording was 
paused during longer stops. The triggering of the recording was based on a threshold of the GNSS speed. To avoid data loss, a 
10-second pre- and post-trigger was used. As a result, 5 to 10 GB of data were collected per vehicle per day. The onboard data 
acquisition was complemented by a visual track inspection, which revealed localized rail irregularities [34].

3.2. Processing parameters

In our experiment, we used vertical acceleration and sound pressure data measured with the left accelerometer and left 
microphone, respectively. Both datasets were converted to the time–frequency domain by calculating the STFT for each journey. 
A window length of 1,024 samples with an overlap of 50 % was chosen for the STFT. For each frame the single sided magnitude 
spectrum was calculated consisting of 512 frequency bins covering the entire bandwidth up to the Nyquist frequency of 2,000 Hz and 
4 
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Fig. 1. Installation of the sensor system, ACC: accelerometer, MIC: microphone.

22,050 Hz for the acceleration and sound pressure data, respectively. This means that the frequency resolution of the spectrogram 
of the acoustic data is about ten times lower and the temporal resolution about ten times higher than that of the vibration data. The 
dictionary learning was performed for the acceleration and microphone data separately. For the dictionary learning 100 randomly 
selected journeys were used. We treated each spectrogram derived from a single tram journey as a mini-batch. The dictionary was 
chosen to contain 1,024 atoms, i.e. twice the amount of frequency bins of the STFT resulting in an over complete dictionary. Hence, 
the atoms of the dictionary are not required to be orthogonal and carry redundant information. Ten different dictionaries were 
trained for both data sets using different alpha values logarithmically spaced between 0.1 and 100. The results of the dictionary 
learning were validated with separated data from another journey, which are shown in Figs.  4 and 5. For each of the learned 
dictionaries the code was calculated for the validation data using Eq. (2). Then, for each code the sparsity was determined by 
dividing the number of zero elements by the total number of elements. The elbow method [35] as simple heuristic was then used to 
select the best alpha parameter. The idea is that the best compromise between sparsity of the code and reconstruction capability is 
indicated by the knees of the curves shown in Fig.  2, i.e. the points at which an increase of alpha only slightly increases the sparsity. 
Based on that, we chose conservative alpha values of 0.5 and 0.2 for further analysis of the acceleration and sound pressure data, 
respectively.

All computations in this study were carried out on a notebook with 16 GB RAM and an Intel Core i7-10850H CPU with 2.7 GHz.

3.3. Feature extraction

To evaluate how the data compression using sparse coding affects the information contained in the data with regard to condition 
monitoring, various characteristic features were extracted from the original and reconstructed data and compared. These features 
represent only a small selection of features that are commonly used in condition monitoring.

RMS Rail and track conditions can be roughly evaluated by analysing the root-mean-square (RMS) amplitude of the vehicle 
acceleration with time [3,36]. Following Parseval’s theorem for the discrete Fourier transform 

𝑁−1
∑

|𝑦[𝑛]|2 = 1
𝑁

𝑁−1
∑

|𝑌 [𝑝]|2 , (7)

𝑛=0 𝑝=0

5 
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Fig. 2. Sparsity of the code of (a) the acceleration data and (b) the acoustic data for different values of the sparsity controlling parameter alpha.

the RMS of the time window 𝑚 can be calculated from the STFT: 

rms(𝑚) =

√

√

√

√

√

1
𝑁2

𝑁−1
∑

𝑝=0
|𝑌 [𝑚, 𝑝]|2 . (8)

Spectral Kurtosis The spectral kurtosis (SK) is a statistical tool to detect and characterize non-stationary signals, making it 
particularly useful for vibration-based condition monitoring [37]. The SK can be estimated based on the STFT [38]: 

𝑆𝐾(𝑝) =
⟨|𝑌 [𝑚, 𝑝]|4⟩𝑚
⟨|𝑌 [𝑚, 𝑝]|2⟩2𝑚

, (9)

Frequency response The frequency response 𝑆 (𝑓 ) here refers to the Fourier transform of the system (impulse) response 𝑠(𝑡). It 
describes the transfer function of the dynamic vehicle track-system. It can be analysed to detect any changes in the vehicle 
dynamics i.e. the spring–damper system. The time–frequency representation 𝑌 [𝑚, 𝑝], namely the STFT of the discrete signal 
𝑦(𝑛) can be used to estimate the frequency response by homomorphic deconvolution using log-spectral averaging [4]: 

|𝑆 (𝑝)| ≈ exp

(

1
𝑀

𝑀−1
∑

𝑚=0
log|𝑌 [𝑚, 𝑝]|

)

. (10)

where ⟨⋅⟩𝑚 is the time average operator.

3.4. Results

After dictionary training, a code sparseness of over 99 % was achieved for the validation data. Accordingly, the storage of the 
code as a sparse matrix requires only 98 % of the space of the raw data, which corresponds to a compression ratio of 63 and 60 for 
the vibration and acoustic data, respectively. Fig.  3 shows the corresponding dictionaries of (a) the acceleration data and (b) the 
acoustic data.

Each column is a spectrum representing one of the 1,024 basis elements, which are used to sparsely encode the data. A high 
redundancy of the atoms of the overcomplete dictionary can be recognized above all in the frequency range of the harmonics in 
the frequency response of the acceleration data, e.g. at approximately 950 Hz. The highest variability between the atoms is found 
in the frequency range between 50 and 500 Hz. This corresponds to the frequency range that is expected to be mostly affected by 
rail surface irregularities.

Code and dictionary were used to reconstruct the data according to Eq. (1). Comparing the original spectrogram of the 
acceleration data (Fig.  4b) with the reconstructed spectrogram (Fig.  4c), it can be seen that the signals are well preserved by 
the encoding. During a supplementary visual inspection, surface irregularities in the form of rail corrugations, as indicated by the 
red arrows at 23 s, 170 s and 290 s in Fig.  4, were identified. Notably, these regions exhibit high fidelity in the reconstruction of 
spectral energy, retaining the strong correspondence between physical rail defects and their spectral representation. Furthermore, 
it is shown that the code rejects data at the three intermediate stops and does not model the tonal noise appearing during these 
intervals e.g. at 200 s. The spectrogram of the absolute reconstruction error (Fig.  4d) mainly contains speckle noise. However, some 
signal energy is also visible, e.g. at 290 s.
6 
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Fig. 3. Dictionaries of (a) the acceleration data and (b) the acoustic data. Each column holds an atom 𝐝 representing one of the 1,024 basis 
spectra. Zero values are left blank.

Similar results are shown for the microphone data in Fig.  5. A high signal reconstruction capability is demonstrated (compare 
Fig.  5c with Fig.  5b). In comparison to the acceleration data, the sound pressure data contain more energy at the beginning of the 
intermediate stops. Hence, more irrelevant data is retained in this area, as the reconstructed data in Fig.  5c show. This also explains 
the slightly lower data compression ratio of the acoustic data.

To further investigate whether signal leakage due to the lossy compression could have a negative impact on subsequent data 
analysis, we extracted and compared the features detailed in Section 3.3. The results are shown in Figs.  6 and 7 for the vibration 
data and for the acoustic data, respectively.

The RMS values of the reconstructed and original signal of both the vibration data and acoustic data are very similar. Again, the 
amplitude at the suspected rail irregularities at 23 s, 170 s and 290 s is well preserved. However, the reconstructed RMS values are 
slightly below the original values. This appears to be a small, almost constant offset, which is most likely related to the removed 
random noise and therefore has a positive rather than a negative effect on the interpretability of the data.

The spectral kurtosis values of the original (Fig.  6d) and reconstructed acceleration data (Fig.  6e) show three distinct peaks below 
300 Hz. Due to the ten-times lower frequency resolution of the spectrogram of the acoustic data, only two peaks are visible in this 
frequency range in Fig.  7d-e. The peaks in the spectral kurtosis indicate the frequency ranges with the highest tendency to outliers 
and can therefore be interpreted as the ranges that are most sensitive to rail irregularities. Especially in this frequency range, the 
difference between the spectral kurtosis of the original data and reconstructed data is very small, which in turn indicates that both 
original and reconstructed data show similar qualitative and quantitative interpretability.

The frequency spectra of the reconstructed data (Fig.  6h and Fig.  7h) are similar to the original frequency spectra (Fig.  6g and 
Fig.  7g) but flatter, in particular the peaks in the spectra are less pronounced. This can be explained by the sparsifying characteristics 
of the sparse coding, which tends to neglect stationary signals, such as the time-invariant system response, in favour of transient 
events. This in turn leads to a spectral whitening effect of sparse coding.

Finally, we evaluate the performance of the proposed sparse dictionary learning method in comparison to a mini-batch variant 
of principal component analysis (PCA) [39], focusing on convergence behaviour and scalability. For incremental PCA, truncated 
singular value composition (SVD) was used to learn the 16 components approximately matching the sparsity level achieved through 
sparse coding with the learned dictionary. The online dictionary learning converges in fewer iterations than the incremental PCA 
(Fig.  8a, b). Moreover, the final reconstruction error on the validation data using the sparse code and learned dictionary is 3.3 times 
smaller than that of PCA. For both methods, computation time scales linearly with the number of mini-batches and the number of 
components. However, since the incremental PCA employs truncated SVD with only 16 components and, while dictionary learning 
was performed with 1,024 atoms, the per-iteration cost of PCA is lower. Despite this, the superior reconstruction accuracy and faster 
convergence of dictionary learning make it a more effective choice for compressing vibro-acoustic data in this context.

In summary, the results suggest that a high compression ratio can be achieved without loosing information relevant for data 
analysis in terms of condition monitoring and highlights the high capability of the sparse dictionary learning to reconstruct transient 
signals.
7 
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Fig. 4. (a) Onboard acceleration data in the time domain, the black arrows indicate time intervals in which the tram made short stops. (b) 
Spectrogram of acceleration data, (c) Reconstructed spectrogram calculated by multiplying the dictionary D with the sparse code C, zero values 
are left blank. (d) Absolute difference between the original and reconstructed spectrogram, red arrows indicate rail surface irregularities found 
by visual rail inspections.

4. Discussion

In this study the vibration and acoustic signals were processed and analysed in the time–frequency domain. This domain is 
very popular for analysing vibration and acoustic data, as it can represent their non-stationary characteristics. Many different 
representations exist with their specific advantages and disadvantages. We decided in favour of the STFT, mainly because of its 
simplicity and computational efficiency. Nevertheless, the question remains as to why we did not compress the data directly in the 
time domain. Again, the main reason is efficiency. Simple factorization of the signal in the time domain is inefficient since noise 
and vibration signals are highly transient. To ensure a sufficiently accurate representation of the data, the dictionary would need to 
contain significantly more atoms than there are data points in the entire dataset. In contrast, the frequency responses of the transient 
events in the time series are well-defined and depend on the type of rail irregularity. The application of the factorization in the time–
frequency domain is similar to applying a filter bank to the windowed time series. The counterparts to our sparse dictionary learning 
in the frequency domain are therefore sparse convolutional dictionary learning or the use of a sparse convolutional autoencoder in 
the time domain. Both methods provide the same shift invariance but are computationally more complex.
8 
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Fig. 5. (a) Onboard microphone data in the time domain, the black arrows indicate time intervals in which the tram made short stops. (b) 
Spectrogram of microphone data, (c) Reconstructed spectrogram calculated by multiplying the dictionary D with the sparse code C, zero values 
are left blank. (d) Absolute difference between the original and reconstructed spectrogram.

In this study we only considered the magnitude spectra and excluded the phase information. This has the advantage that we do 
not have to work with complex numbers and can use positivity constraints in the factorization, which make it easier to analyse the 
code and the dictionary. Though the loss of phase information makes it impossible to transform the data back into the time domain 
using the inverse STFT. However, an approximate magnitude spectrogram inversion, e.g. the Griffin-Lim algorithm [40], can be 
used to recover the time series. The temporal and consequently spatial resolution of the STFT employed in this study is sufficiently 
high to localize rail irregularities with an accuracy better than five meters at typical tram operating speeds. This level of spatial 
resolution is generally adequate for practical applications in railway maintenance, where defect localization within a few meters is 
often sufficient for targeted inspection and intervention.

The compression ratio achieved through sparse coding corresponds to the extraction of only 16 features per time window. This 
level of dimensionality reduction would typically result in substantial information loss, regardless of whether the features are learned 
or manually defined. For instance, the calculation of the third octave bands up to 2,000 Hz alone produces 22 features. Furthermore, 
the ability to reconstruct the raw data makes it possible to extract arbitrary frequency domain features afterwards. This allows full 
flexibility in terms of feature engineering and selection for subsequent analyses. For fault diagnosis, it may also be necessary to 
convert the time–frequency representation into a space-wavenumber representation using the vehicle speed before the features are 
9 
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Fig. 6. Characteristic features of the original and reconstructed acceleration data using Eqs. (8)–(10): (a) RMS amplitudes of the original data, 
(b) RMS amplitudes of the reconstructed data, (c) difference between the RMS values of the original and reconstructed data, (d) spectral kurtosis 
of the original data, (e) spectral kurtosis of the reconstructed data, (f) difference between the kurtosis values of the original and reconstructed 
data, (g) frequency spectra of the original data, (h) frequency spectra of the reconstructed data, (i) difference between the frequency spectra of 
the original and reconstructed data.

extracted [4], which is possible with our approach. Finally, deep learning algorithms can be applied to the reconstructed data or, 
even more efficiently, directly to the sparse code instead of using predefined features.

We have made sure that established high-performance algorithms and solvers such as FFT and cyclical coordinate descent 
methods can be used to transform the data and solve the optimization tasks in order to enable near-real-time data processing on 
the onboard unit. Even the dictionary learning can be performed onboard using established online learning methods. This enables 
automated retraining of the dictionary, which may be necessary if the current dictionary is no longer valid, e.g. due to system 
changes. However, the performance of the algorithms depends on the choice of hyper parameters, such as STFT window size, 
dictionary size and regularization strength. We found that appropriate choices could be made by simple heuristics. Using the same 
STFT parameters for the vibration and acoustic data, which have significantly different sampling rates, we were able to achieve 
similar results, indicating a low sensitivity to these parameters. Nevertheless, dynamic parameter optimization using adaptive 
methods for parameter tuning based on real-time signal characteristics should be considered. Future work should also address 
multi-sensor fusion by extending the framework to combine different sensor modalities, such as multi-component accelerometers 
and microphones, and utilizing the redundancy in these data.

5. Conclusion

In this study, a novel framework for compression of vibro-acoustic data for onboard rail condition monitoring was introduced. 
The approach is based on sparse coding in the time–frequency domain by combining the STFT and sparse dictionary learning. 
Applying sparse coding in the frequency domain shares the same properties as sparse convolutional coding but is computationally 
less complex.

The proposed approach relies on scalable, efficient algorithms, which are real-time implementable and can be performed 
by an onboard unit. It effectively addresses challenges related to the high volume of data generated by onboard sensors, 
offering significant advancements in data reduction. Experimental evaluations demonstrated that by selecting a suitable sparseness 
controlling regularization parameter, a compression ratio of 63 could be achieved without loss of relevant information. Furthermore, 
the ability to reconstruct the original data from the sparse representation offers full flexibility in subsequent data analysis, making 
it a valuable tool for various modern railway maintenance systems. In addition, the methodology demonstrated in this study can 
also be readily transferred to other domains of noise and vibration monitoring, such as condition monitoring of bridges, roads, wind 
turbines and other rotating machinery.
10 



B. Baasch et al. Mechanical Systems and Signal Processing 241 (2025) 113542 
Fig. 7. Characteristic features of the original and reconstructed sound pressure data using Eqs. (8)–(10): (a) RMS amplitudes of the original data, 
(b) RMS amplitudes of the reconstructed data, (c) difference between the RMS values of the original and reconstructed data, (d) spectral kurtosis 
of the original data, (e) spectral kurtosis of the reconstructed data, (f) difference between the kurtosis values of the original and reconstructed 
data, (g) frequency spectra of the original data, (h) frequency spectra of the reconstructed data, (i) difference between the frequency spectra of 
the original and reconstructed data.

Fig. 8. Comparison of the proposed sparse dictionary learning method with PCA: (a) Mean squared error (MSE) reconstructing the validation 
data using dictionary learning, (b) Mean squared error (MSE) reconstructing the validation data using incremental PCA, (c) Cumulative sum of 
computation time for dictionary learning, (d) Cumulative computing time for incremental PCA.
11 



B. Baasch et al. Mechanical Systems and Signal Processing 241 (2025) 113542 
CRediT authorship contribution statement

Benjamin Baasch: Writing – original draft, Visualization, Validation, Software, Methodology, Conceptualization. Jörn C. Groos: 
Writing – review & editing, Project administration, Funding acquisition. Judith Heusel: Writing – review & editing, Software. 
Martin-Christopher Noll: Project administration, Funding acquisition, Data curation.

Declaration of competing interest

The authors declare that they have no known competing financial interests or personal relationships that could have appeared 
to influence the work reported in this paper.

Acknowledgements

Funding

This research is part of the OnboardEU project [31] funded by mFund, an innovation initiative for digital data-based applications 
for the mobility of the future of the German Federal Ministry for Transport (BMV).

Data availability

Data will be made available on request.

References

[1] P.F. Westeon, C.S. Ling, C. Roberts, C.J. Goodman, P. Li, R.M. Goodall, Monitoring vertical track irregularity from in-service railway vehicles, Proc. Inst. 
Mech. Eng. Part F 221 (1) (2007) 75–88, http://dx.doi.org/10.1243/0954409JRRT65.

[2] G. Lederman, S. Chen, J. Garrett, J. Kovačević, H.Y. Noh, J. Bielak, Track-monitoring from the dynamic response of an operational train, Mech. Syst. 
Signal Process. 87 (2017) 1–16, http://dx.doi.org/10.1016/j.ymssp.2016.06.041.

[3] B. Baasch, M.H. Roth, J.C. Groos, In-service condition monitoring of rail tracks: On an on-board low-cost multi-sensor system for condition based 
maintenance of railway tracks, Int. Verkehrswesen 70 (1) (2018) 76–79, http://dx.doi.org/10.24053/IV-2018-0023, URL https://elib.dlr.de/117984/.

[4] B. Baasch, J. Heusel, A. Lähns, M. Roth, J. Groos, Spectral characterization of the rail surface in urban environments using in-service vehicles, in: C. 
McNally, P. Carroll, B. Martinez-Pastor, B. Ghosh, M. Efthymiou, N. Valantasis-Kanellos (Eds.), Transport Transitions: Advancing Sustainable and Inclusive 
Mobility, Springer Nature Switzerland, Cham, 2025, pp. 335–341, http://dx.doi.org/10.1007/978-3-031-85578-8_42.

[5] J. Heusel, B. Baasch, W. Riedler, M.H. Roth, S. Shankar, J.C. Groos, Detecting corrugation defects in harbour railway networks using axle-box acceleration 
data, Insight (64) (2022) 404–410, http://dx.doi.org/10.1784/insi.2022.64.7.404, URL https://elib.dlr.de/189561/.

[6] C.D. Stoura, V.K. Dertimanis, C. Hoelzl, C. Kossmann, A. Cigada, E.N. Chatzi, A model-based Bayesian inference approach for on-board monitoring of rail 
roughness profiles: Application on field measurement data of the swiss federal railways network, Struct. Control. Heal. Monit. 2023 (1) (2023) 8855542, 
http://dx.doi.org/10.1155/2023/8855542.

[7] T.-H. Yan, C. Hoelzl, F. Corman, V. Dertimanis, E. Chatzi, Integration of on-board monitoring data into infrastructure management for effective 
decision-making in railway maintenance, Railw. Eng. Sci. (2025) http://dx.doi.org/10.1007/s40534-024-00369-x.

[8] M. Molodova, Z. Li, A. Núñez, R. Dollevoet, Automatic detection of squats in railway infrastructure, IEEE Trans. Intell. Transp. Syst. 15 (5) (2014) 
1980–1990, http://dx.doi.org/10.1109/TITS.2014.2307955.

[9] M. Bocciolone, A. Caprioli, A. Cigada, A. Collina, A measurement system for quick rail inspection and effective track maintenance strategy, Mech. 
Syst. Signal Process. 21 (3) (2007) 1242–1254, http://dx.doi.org/10.1016/j.ymssp.2006.02.007, URL https://www.sciencedirect.com/science/article/pii/
S0888327006000434.

[10] X. Zhang, N. Hu, L. Hu, L. Chen, Z. Cheng, A bearing fault diagnosis method based on the low-dimensional compressed vibration signal, Adv. Mech. Eng. 
7 (7) (2015) 1687814015593442, http://dx.doi.org/10.1177/1687814015593442.

[11] J. Wang, W. Qiao, L. Qu, Wind turbine bearing fault diagnosis based on sparse representation of condition monitoring signals, IEEE Trans. Ind. Appl. 55 
(2) (2019) 1844–1852, http://dx.doi.org/10.1109/TIA.2018.2873576.

[12] L. Song, W. Ma, Z. Liu, Z. Shi, Application of optimized sparse encoding algorithm in data compression, Digit. Signal Process. 151 (2024) 104549, 
http://dx.doi.org/10.1016/j.dsp.2024.104549.

[13] M. Elad, M. Aharon, Image denoising via sparse and redundant representations over learned dictionaries, IEEE Trans. Image Process. 15 (12) (2006) 
3736–3745, http://dx.doi.org/10.1109/TIP.2006.881969.

[14] J. Mairal, F. Bach, J. Ponce, G. Sapiro, Online dictionary learning for sparse coding, in: Proceedings of the 26th Annual International Conference on Machine 
Learning, ICML ’09, Association for Computing Machinery, New York, NY, USA, 2009, pp. 689–696, http://dx.doi.org/10.1145/1553374.1553463.

[15] P. Salvador, V. Naranjo, R. Insa, P. Teixeira, Axlebox accelerations: Their acquisition and time–frequency characterisation for railway track monitoring 
purposes, Measurement 82 (2016) 301–312, http://dx.doi.org/10.1016/j.measurement.2016.01.012.

[16] P. Paatero, U. Tapper, Positive matrix factorization: A non-negative factor model with optimal utilization of error estimates of data values, Environmetrics 
5 (2) (1994) 111–126, http://dx.doi.org/10.1002/env.3170050203, URL https://onlinelibrary.wiley.com/doi/abs/10.1002/env.3170050203.

[17] B. Baasch, H. Müller, T. von Dobeneck, Predictive modelling of grain-size distributions from marine electromagnetic profiling data using end-member 
analysis and a radial basis function network, Geophys. J. Int. 214 (1) (2018) 460–473, http://dx.doi.org/10.1093/gji/ggy152.

[18] R. Tibshirani, Regression shrinkage and selection via the lasso, J. R. Stat. Soc. Ser. B Stat. Methodol. 58 (1) (1996) 267–288, URL http://www.jstor.org/
stable/2346178.

[19] R. Grosse, R. Raina, H. Kwong, A.Y. Ng, Shift-invariant sparse coding for audio classification, in: Proceedings of the Twenty-Third Conference on Uncertainty 
in Artificial Intelligence, UAI ’07, AUAI Press, Arlington, Virginia, USA, 2007, pp. 149–158.

[20] K. Kavukcuoglu, P. Sermanet, Y.-L. Boureau, K. Gregor, M. Mathieu, Y. LeCun, Learning convolutional feature hierarchies for visual recognition, in: 
Proceedings of the 24th International Conference on Neural Information Processing Systems - Volume 1, NIPS ’10, Curran Associates Inc., Red Hook, NY, 
USA, 2010, pp. 1090–1098.
12 

http://dx.doi.org/10.1243/0954409JRRT65
http://dx.doi.org/10.1016/j.ymssp.2016.06.041
http://dx.doi.org/10.24053/IV-2018-0023
https://elib.dlr.de/117984/
http://dx.doi.org/10.1007/978-3-031-85578-8_42
http://dx.doi.org/10.1784/insi.2022.64.7.404
https://elib.dlr.de/189561/
http://dx.doi.org/10.1155/2023/8855542
http://dx.doi.org/10.1007/s40534-024-00369-x
http://dx.doi.org/10.1109/TITS.2014.2307955
http://dx.doi.org/10.1016/j.ymssp.2006.02.007
https://www.sciencedirect.com/science/article/pii/S0888327006000434
https://www.sciencedirect.com/science/article/pii/S0888327006000434
https://www.sciencedirect.com/science/article/pii/S0888327006000434
http://dx.doi.org/10.1177/1687814015593442
http://dx.doi.org/10.1109/TIA.2018.2873576
http://dx.doi.org/10.1016/j.dsp.2024.104549
http://dx.doi.org/10.1109/TIP.2006.881969
http://dx.doi.org/10.1145/1553374.1553463
http://dx.doi.org/10.1016/j.measurement.2016.01.012
http://dx.doi.org/10.1002/env.3170050203
https://onlinelibrary.wiley.com/doi/abs/10.1002/env.3170050203
http://dx.doi.org/10.1093/gji/ggy152
http://www.jstor.org/stable/2346178
http://www.jstor.org/stable/2346178
http://www.jstor.org/stable/2346178
http://refhub.elsevier.com/S0888-3270(25)01243-9/sb19
http://refhub.elsevier.com/S0888-3270(25)01243-9/sb19
http://refhub.elsevier.com/S0888-3270(25)01243-9/sb19
http://refhub.elsevier.com/S0888-3270(25)01243-9/sb20
http://refhub.elsevier.com/S0888-3270(25)01243-9/sb20
http://refhub.elsevier.com/S0888-3270(25)01243-9/sb20
http://refhub.elsevier.com/S0888-3270(25)01243-9/sb20
http://refhub.elsevier.com/S0888-3270(25)01243-9/sb20


B. Baasch et al. Mechanical Systems and Signal Processing 241 (2025) 113542 
[21] B. Wohlberg, Efficient algorithms for convolutional sparse representations, IEEE Trans. Image Process. 25 (1) (2016) 301–315, http://dx.doi.org/10.1109/
TIP.2015.2495260.

[22] H. Bristow, A. Eriksson, S. Lucey, Fast convolutional sparse coding, in: 2013 IEEE Conference on Computer Vision and Pattern Recognition, 2013, pp. 
391–398, http://dx.doi.org/10.1109/CVPR.2013.57.

[23] F. Heide, W. Heidrich, G. Wetzstein, Fast and flexible convolutional sparse coding, in: 2015 IEEE Conference on Computer Vision and Pattern Recognition, 
CVPR, 2015, pp. 5135–5143, http://dx.doi.org/10.1109/CVPR.2015.7299149.

[24] S. Boyd, N. Parikh, E. Chu, B. Peleato, J. Eckstein, Distributed optimization and statistical learning via the alternating direction method of multipliers, 
2011, http://dx.doi.org/10.1561/2200000016.

[25] M.D. Zeiler, D. Krishnan, G.W. Taylor, R. Fergus, Deconvolutional networks, in: 2010 IEEE Computer Society Conference on Computer Vision and Pattern 
Recognition, 2010, pp. 2528–2535, http://dx.doi.org/10.1109/CVPR.2010.5539957.

[26] B. Baasch, J.C. Groos, M.H. Roth, P. Havrila, Detecting singular track defects by time-frequency signal separation of axle-box acceleration data, in: World 
Congress on Railway Research (WCRR) 2019, Tokyo, Japan, 2019, URL https://elib.dlr.de/121517/.

[27] P. Smaragdis, J. Brown, Non-negative matrix factorization for polyphonic music transcription, in: 2003 IEEE Workshop on Applications of Signal Processing 
To Audio and Acoustics (IEEE Cat. No.03TH8684), 2003, pp. 177–180, http://dx.doi.org/10.1109/ASPAA.2003.1285860.

[28] J.-B. Malagnoux, M. Kowalski, From convolutional sparse coding to *-NMF factorization of time-frequency coefficients, in: ICASSP 2024 - 2024 IEEE 
International Conference on Acoustics, Speech and Signal Processing, ICASSP, 2024, pp. 5530–5534, http://dx.doi.org/10.1109/ICASSP48485.2024.
10447466.

[29] J.H. Friedman, T. Hastie, R. Tibshirani, Regularization paths for generalized linear models via coordinate descent, J. Stat. Softw. 33 (1) (2010) 1–22, 
http://dx.doi.org/10.18637/jss.v033.i01, URL https://www.jstatsoft.org/index.php/jss/article/view/v033i01.

[30] F. Pedregosa, G. Varoquaux, A. Gramfort, V. Michel, B. Thirion, O. Grisel, M. Blondel, P. Prettenhofer, R. Weiss, V. Dubourg, J. Vanderplas, A. Passos, 
D. Cournapeau, M. Brucher, M. Perrot, E. Duchesnay, Scikit-learn: Machine learning in python, J. Mach. Learn. Res. 12 (2011) 2825–2830, URL 
http://jmlr.org/papers/v12/pedregosa11a.html.

[31] Bundesministerium für Digitales und Verkehr, OnboardEU - mit KI Schäden am Gleis automatisch erkennen, 2021, URL https://bmdv.bund.de/SharedDocs/
DE/Artikel/DG/mfund-projekte/onboardeu.html.

[32] J.C. Groos, J. Heusel, B. Baasch, A. Lähns, M. Roth, K. Alten, A. Fuchs, A. Hula, M. Noll, M. Schmidt-Kastner, OnboardEU - Erkennung von Gleisfehlstellen 
anhand von Onboard-Daten im Hinblick auf Immissionskarten in europäischen Städten, Tech. rep., Hannover : Technische Informationsbibliothek, 2025, 
http://dx.doi.org/10.34657/20810, BMDV mFUND 01F2192A.

[33] M. Roth, B. Baasch, P. Havrila, J. Groos, Map-supported positioning enables in-service condition monitoring of railway tracks, in: 2018 21st International 
Conference on Information Fusion, FUSION, 2018, pp. 2346–2353, http://dx.doi.org/10.23919/ICIF.2018.8455377.

[34] K. Alten, A. Fuchs, J. Groos, J. Heusel, A. Hula, E. Manhart, M.-C. Noll, M. Roth, M. Schmidt-Kastner, J. Struhár, OnboardEU: Urban light rail vehicle-track 
interaction for infrastructure condition monitoring, 2025, http://dx.doi.org/10.5281/zenodo.16980643, URL https://doi.org/10.5281/zenodo.16980643.

[35] P.C. Hansen, D.P. O’Leary, The use of the L-curve in the regularization of discrete ill-posed problems, SIAM J. Sci. Comput. 14 (6) (1993) 1487–1503, 
http://dx.doi.org/10.1137/0914086.

[36] H. Mori, H. Tsunashima, T. Kojima, A. Matsumoto, T. Mizuma, Condition monitoring of railway track using in-service vehicle, J. Mech. Syst. Transp. 
Logist. 3 (1) (2010) 154–165, http://dx.doi.org/10.1299/jmtl.3.154.

[37] J. Antoni, R. Randall, The spectral kurtosis: application to the vibratory surveillance and diagnostics of rotating machines, Mech. Syst. Signal Process. 20 
(2) (2006) 308–331, http://dx.doi.org/10.1016/j.ymssp.2004.09.002, URL https://www.sciencedirect.com/science/article/pii/S0888327004001529.

[38] J. Antoni, The spectral kurtosis: a useful tool for characterising non-stationary signals, Mech. Syst. Signal Process. 20 (2) (2006) 282–307, http:
//dx.doi.org/10.1016/j.ymssp.2004.09.001, URL https://www.sciencedirect.com/science/article/pii/S0888327004001517.

[39] D.A. Ross, J. Lim, R.-S. Lin, M.-H. Yang, Incremental learning for robust visual tracking, Int. J. Comput. Vis. 77 (1–3) (2008) 125–141, http:
//dx.doi.org/10.1007/s11263-007-0075-7, URL https://doi.org/10.1007/s11263-007-0075-7.

[40] D. Griffin, J. Lim, Signal estimation from modified short-time Fourier transform, IEEE Trans. Acoust. Speech Signal Process. 32 (2) (1984) 236–243, 
http://dx.doi.org/10.1109/TASSP.1984.1164317.
13 

http://dx.doi.org/10.1109/TIP.2015.2495260
http://dx.doi.org/10.1109/TIP.2015.2495260
http://dx.doi.org/10.1109/TIP.2015.2495260
http://dx.doi.org/10.1109/CVPR.2013.57
http://dx.doi.org/10.1109/CVPR.2015.7299149
http://dx.doi.org/10.1561/2200000016
http://dx.doi.org/10.1109/CVPR.2010.5539957
https://elib.dlr.de/121517/
http://dx.doi.org/10.1109/ASPAA.2003.1285860
http://dx.doi.org/10.1109/ICASSP48485.2024.10447466
http://dx.doi.org/10.1109/ICASSP48485.2024.10447466
http://dx.doi.org/10.1109/ICASSP48485.2024.10447466
http://dx.doi.org/10.18637/jss.v033.i01
https://www.jstatsoft.org/index.php/jss/article/view/v033i01
http://jmlr.org/papers/v12/pedregosa11a.html
https://bmdv.bund.de/SharedDocs/DE/Artikel/DG/mfund-projekte/onboardeu.html
https://bmdv.bund.de/SharedDocs/DE/Artikel/DG/mfund-projekte/onboardeu.html
https://bmdv.bund.de/SharedDocs/DE/Artikel/DG/mfund-projekte/onboardeu.html
http://dx.doi.org/10.34657/20810
http://dx.doi.org/10.23919/ICIF.2018.8455377
http://dx.doi.org/10.5281/zenodo.16980643
https://doi.org/10.5281/zenodo.16980643
http://dx.doi.org/10.1137/0914086
http://dx.doi.org/10.1299/jmtl.3.154
http://dx.doi.org/10.1016/j.ymssp.2004.09.002
https://www.sciencedirect.com/science/article/pii/S0888327004001529
http://dx.doi.org/10.1016/j.ymssp.2004.09.001
http://dx.doi.org/10.1016/j.ymssp.2004.09.001
http://dx.doi.org/10.1016/j.ymssp.2004.09.001
https://www.sciencedirect.com/science/article/pii/S0888327004001517
http://dx.doi.org/10.1007/s11263-007-0075-7
http://dx.doi.org/10.1007/s11263-007-0075-7
http://dx.doi.org/10.1007/s11263-007-0075-7
https://doi.org/10.1007/s11263-007-0075-7
http://dx.doi.org/10.1109/TASSP.1984.1164317

	Data-driven sparse coding for onboard condition monitoring of railway tracks
	Introduction
	Sparse coding
	Sparse dictionary learning
	Shift-invariant sparse dictionary learning
	Proposed approach

	Experiments
	Data acquisition
	Processing parameters
	Feature Extraction
	Results

	Discussion
	Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgements
	Funding
	Data availability
	References


