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Abstract

The adoption of instrumented wheelsets on diagnostic trains offers the possibility of
continuous monitoring of wheel-rail contact forces. The collection of large datasets can
be exploited for diagnostic purposes, aiming to localize specific track defects, allowing
significant improvements in terms of safety and maintenance costs. Machine learning (ML)
techniques can be used to automate anomaly detection. In this work, the authors compare
the application of various ML algorithms based on the identification of different frequency
or time-based features of analyzed signals. To perform the activity, a significant number and
variety of local defects have been included in the recorded data. From a practical point of
view, the insertion of real known defects into an existing line is extremely time-consuming,
expensive, and not immune to safety issues. On the other hand, the design of anomaly
detection algorithms involves the usage of relatively extended datasets with different faulty
conditions. The authors propose deliberately adding real contact force profiles of healthy
lines to a mix of synthetic signals, which substantially reproduce the behavior and the
variability of foreseen faulty conditions. The results of this work, although preliminary
and still to be completed, offer a contribution to the scientific community both in terms of
obtained results and adopted methodologies.

Keywords: anomaly detection on railway tracks; machine learning; measurement of
contact forces; one-class support vector machine; isolation forest; local outlier factor;
condition monitoring

1. Introduction

Ensuring the safety, reliability, and availability of railway networks remains a con-
tinuous challenge for infrastructure managers. Traditional maintenance strategies rely on
periodic onsite inspections that are often model-based as proposed by Chiachio, et. al. [1]
and by Bianchi et al. [2], which are often unable to match the actual rate of track degradation.
In this context, instrumented, diagnostic trains described by CIFI [3] and Mermec [4], and
Track Recording Vehicles (TRV) such as the ones adopted by Rete Ferroviaria Italiana (RFI)
in Italy, represent a valid solution to implement continuous monitoring, diagnostic, and
prognostic-oriented activities. These trains are equipped with a large set of different and
often redundant measurement systems such as the one described by Hoelz et al. [5] and
Ward et al. [6].
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In this work, the focus is on vertical irregularities and longitudinal levels defined
according to EN13848 [7] associated with a wide variety of track defects often described in
the review literature, such as that of Rosano [8].

Instrumented wheelsets (IWS) equipped with strain gauges are capable of directly mea-
suring the contact forces exchanged at the wheel-rail interface, representing a promising
and largely underexplored technology for diagnostics, mainly for two reasons:

e IWS are widely used for homologation, derailment risk assessment, and static load
verification as proposed by Rigall and Santos [9], but their potential use for diagnostics
and in-service condition monitoring is only proposed by pioneering works such as that
of Gullers [10]. They are still much less investigated with respect to other methods.

e Inertial Measurement Sensors (Inertial Measurement Unit—IMU) are still robust and
cost-effective solutions by La Palma et al. [11] and Pieringer et al. [12] to monitor wheel-
track interaction with a particular attention to vertical displacements and longitudinal
levels according to EN13848.

The availability of large datasets for diagnostic purposes automatically introduces
a further research exigence, namely, automatically handling large amounts of data to
automatically detect and track anomalies. Therefore, there is a growing interest, as stated by
recent works of Tsunashima [13], Malekjafarian [14], and Ghiasi [15,16], on the application
of different artificial intelligence (AI) or machine learning (ML) approaches to classify
measured data and identify potential anomalies. One-Class Support Vector Machine
(OCSVM) is one of the most proposed approaches for such applications by Scholkopf
etal. [17]. Moreover, most of the scientific community still focuses on the analysis of inertial
measurements that are probably considered cheaper to implement and maintain, and more
robust for extended use for diagnostic purposes.

The possible application of ML and Al techniques for the analysis of wheel-rail
contact force measurements offers promising and interesting possibilities aligned with
recent research trends. Moreover, it gives the possibility of investigating a topic (the use of
contact forces as a primary source of information for track conditions), which, despite its
potential, is still relatively uncovered by the current technical literature.

The application of ML and Al techniques is strongly influenced by the way in which
data used for both calibration and validation of the methods are preprocessed and classified.
The availability of labeled data (pre-classified anomalies) enables supervised learning
techniques. For the proposed application, the calibration of ML algorithms needs a large
amount of data, which strongly influences the detection performance. Such data can be
assured by the acquisition of relatively extended mission profiles in which faults and
anomalies are represented in a statistically significant way. This necessity conflicts with
maintenance and safety issues, which makes it difficult, expensive, and dangerous to
introduce and tolerate some anomalies subjected to a regular commercial exercise of the
line. So, collected data from regular railway traffic on well-maintained railway lines can
be reasonably considered statistically free from large defects. For this reason, applicable
ML approaches are substantially unsupervised or semi-supervised. The algorithm itself
classifies the anomalies with respect to some criteria reflecting and exploiting some features
of the recorded data.

The unsupervised anomaly detection techniques that will be compared in this work
were chosen for their relatively simple implementation and wide adoption. These can be
roughly classified into three categories:

e  Statistical and Density-Based Methods (also Graph and Manifold-Based Approaches):
such algorithms (e.g., Gaussian Mixture Models, Kernel Density estimation, Thresh-
olding, Manifold learning, etc.) assume that normal data are statistically dense with
respect to some significant features. On the contrary, anomalies are relatively dis-
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tant. In manifold methods, this classification is also associated with the creation of a
boundary. OCSVM [17] is probably one of the most successful and largely applied of
these methods as proposed by Ghiasi et.al. [18], not only for the proposed application
but more generally for solutions related to contact force classification proposed by
Pires [19] or prognostics of the infrastructure according to Sresakoolkai [20];

e Distance- and Nearest-Neighbor-Based Methods: anomalies are identified as points
that are distant or isolated with respect to normal ones in terms of an assigned distance
metric, or with respect to some other neighboring criteria. There are several approaches
(e.g., k-Nearest-Neighbors, Local Outlier Factor, or Density-Based Spatial Clustering).
Local Outlier Factor (LOF) by Berunig et al. [21] is often considered a good baseline
for applying such approaches to anomaly detection.

e  Clustering-Based Approaches: data are artificially clustered; K-means or hierarchical
clustering are typical examples, but Isolation Forest (IF) by Liu et al. [22] is prob-
ably one of the most adopted methods thanks to its robustness and relatively fast
implementation and execution.

Regarding the anomalies to be detected, there is a wide literature base such as example
by Hoelz et al. [23], Iwnicky [24] and Esveld [25] that describes some well-known defects
and irregularities of the track head, such as squats as described by Zhao and Li [26] or
dipped joints as proposed by Dukkipati and Dong [27] in terms of recorded vertical contact
forces profiles, as shown in Figure 1.

Generation of a Sinthetic Population of Defects (freq. and ampl. perturbed)
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Figure 1. Proposed method for the injection of synthetic defects in experimental records.

Thus, it is possible to recreate synthetic force patterns that reproduce the typical
behavior of the real or numerically generated effect. As a baseline for this work, artificially
generated numerical defects are injected into real recorded force profiles of high-speed lines,
which are reasonably considered free of defects. There are a significant number of synthetic
defect patterns that are also pre-filtered to reproduce frequency response limitations or
distortions associated with the adopted measurement systems. The estimated frequency
response of INS was known from previous research activities performed by the authors [28]
using Python libs [29].
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Once the methodology for generating artificial mission profiles with known faults was
established, different ML algorithms were applied and compared:

e OCSVM;
e IF
e LOFE

Analysis has been repeated considering different signal features with a particular
distinction between statistical time- or space-sample-based features (sampled with respect
to time or space, respectively) and spectral-based features calculated using the Fourier
Transform (FT) or Wavelet Decomposition.

The paper is organized as follows:

e Datasets and feature calculation used for model calibration and validation, referring
to a mission profile at more than 300 km/h on a high-speed line. Such data cannot
be explicitly revealed since it is covered by a non-disclosure agreement with the data
supplier. Only limited information can be provided.

e Application of ML algorithms to statistical space-based features.

e  Application of ML algorithms to statistical frequency domain features.

e  Mixed approach: ML is applied to a mixed set of features (both in the space and
frequency domains).

e  Final Evaluation of the results, aiming to summarize the performances of the proposed
approaches.

Novelty of the proposed approach can be summarized in the following key points:

e  Most of the literature regarding on-line monitoring of track quality in terms of vertical
displacements is more focused on different kinds of inputs (inertial).

e  The proposed methodology for the injection of artificial disturbances is quite innova-
tive, and it is supported by a preliminary knowledge and modeling of the bandwidth
achieved by the considered IWS.

e  Three different ML methodologies and different signal features, both in the space
and frequency domains, are compared. The proposed analysis, far from complete
(research is still ongoing), still represents a good and interesting tutorial for the sci-
entific community. This third contribution is useful for understanding the potential
advantages of the proposed injected disturbances, not for the novelty of the proposed
algorithms that are deliberately aligned with some of the most adopted techniques for
anomaly detection.

2. Adopted Datasets for Both Calibration and Validation

The main features of the adopted training and validation dataset are shown in Table 1:
data are referred to high-speed service as shown in Figure 2a,b, where speed and curvature
profiles are associated with the training dataset, namely C14. The validation dataset force
profiles are perturbed with 81 disturbances, corresponding to well-known defects such
as welds, squats, and joints previously described in Figure 1. As shown in Figure 3a,
disturbances are further modified by introducing amplitude and frequency scaling. This
operation is performed to introduce a wider variability in the shape of anomalies that must
be recognized by tested ML algorithms, stressing their robustness, which is critical in a real
field application, since three different waveforms are introduced with variable amplitudes
and shifted frequency contents.
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Table 1. Adopted training and validation sets.

Train Max Speed and Length [km] (Duration [s])
Dataset Name Tolerance [km/h] Track Type Sampling Period [m]
113.2
.C.14 330+ 5 Mixed * (2263)
(Training Set) 95 % 102
112.6
C12 .
I - 320£5 Mixed * (2252)
Validation/Fitting Set #0955 10-2

* For both mission profiles: Min curv. radius 4000 [m]. Max slope 5%o; ** data are resampled with a spatial
sampling of 2.5 cm, starting from data originally sampled at several kHz; for both profiles, 81 randomly distributed
irregularities are introduced.
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Figure 2. (a) Curvature; (b) Speed profiles of the training dataset.
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Figure 3. (a) Amplitude and spectral shift are introduced by scaling the signal with respect to the
duration in the space domain; (b) corresponding behavior of the validation dataset (fitting) in terms
of vertical forces Q after the injection of disturbances.

In Figure 3b, the force profile perturbed by injected disturbances (marked with green
vertical-dashed lines on the resulting pattern) is shown. It is interesting to notice that
the shape of the signal correspondence of the injected synthetic anomalies does not differ
substantially from other sections of the original signal. It can be confirmed that injected
disturbances are not too easy to detect. Thus, the proposed profiles represent a significant
benchmark to test the proposed ML algorithms for anomaly detection (each validation and
training set is composed of about 4.5 million force measurements). Tests in Figure 2 are
related to a high-speed train traveling at about 300 km/h. The diagnostic train is equipped
with instrumented wheelsets.
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Creation of Injected Disturbances

Creation of simulated-synthetic defects such as the ones represented in Figure 1, the
authors have adopted the approach that is briefly described in Figure 4a—c:
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Figure 4. (a) Extraction and pre-filtering of defects from the literature; (b) example of amplitude
scaling; (c) example of frequency shifting by one octave.
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e  First, an irregular pattern profile is extracted from reference tech work. For example,
the (a) defects that are often associated with a weld as described by Correa et al. [29],
with a dip joint as introduced by Sun et al. [30] or Welds as investigated by Gao
et al. [31] are digitally acquired as visible in Figure 4a.

e Asshown in Figure 4a, the acquired waveform is filtered according to the cautiously
estimated bandwidth of the adopted measurement system, which is assumed to be
between 200 and 250 Hz, as previously estimated by the same authors [32]. Additional
preprocessing features involve the subtraction of the mean force value (only force
fluctuation is considered) and a windowing (a trapezoidal window is adopted) that is
performed to reduce numerical discontinuities between the injected disturbance and
preexisting signals.

e  Then, the disturbance is directly summed to a real contact force measurement in
which smaller fluctuations are associated with null or acceptable defects. In this way,
high-frequency components associated with noise and unmodeled dynamics of the
measurement systems are directly taken from the real measurement system.

e  Asshown in Figure 4b,c, the defect can be scaled to reproduce different amplitudes or
stretched to shift the associated frequency content:

O Scaling, as shown in Figure 4b, is performed by simply multiplying the distur-
bance by an assigned factor (1, 0.7, or 0.5).

O Frequency shifting can be performed alternatively both in the time and fre-
quency domains. As shown in Figure 4c, a spectrum shift of one octave is
considered.

Scaling and frequency shifting of injected disturbances are introduced to stress the capacity
of the proposed algorithm to recognize different disturbances. The tech. literature offers a
wide variety of described anomalies, but these examples are related to a wide variety of
different conditions in terms of rolling stock, considered defects, and mission profiles. So,
the aim of the performed scaling and frequency shifting is to introduce a wider variety of
injected disturbances to test the robustness of the investigated algorithms.

3. Application of ML Algorithms to Space-Domain Features

As previously introduced, three different ML algorithms, OCSVM, IF, and LOEF, have
been used for anomaly detection (Novelty detection). Analysis was performed in Python
(version 3.14), using the libraries listed in Table 2. After several iterations, omitted for
brevity, some statistical features were selected as listed in Table 3.

Table 2. Python Libraries used for the implementation of the proposed algorithms.

Library * Usage Description
NumPy [33] Basic mathematical operations
SciPy [34] Signal analysis, spectral analysis, FFT

Machine learning algorithms, frameworks, classifiers,

Scikit-learn [35] . !
evaluation metrics

Pandas [36] Tables and data management
Joblib [37] Load/ save datasets, data management, features, parallel
computing
Tkinter [38] GUI design

Mdf Reader [39] Load/save datasets
Matplotlib [40] Figure plotting
Numba [41] High-speed parallelized feature calculation

* all update with last version 3.14 of Python.
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Table 3. Extracted spatial features.
Parameter Symbol Formula
N
Mean p p= %-21 x[i]
i=
Peak value Xpeak max|x;|
RMS RMS N
f RMS; = %.Zl(xi)z
=
Skewness Sk Sky — FE (i)’
" L 0(3 )
Kurtosi K _ Nrim(xi—p
. . u;oms re Krp = N&=10
uperior order moments LyN (xj—n)k
(order k = 5.6) Ord_ky Ord_ky = X==L b
— Ypeak
Peak factor Pkf Pk F= x;;ak
Crest Factor Crf Cr = RAS;
Impulse factor Impy Impf =T ggaﬁx»\
Ks;
Shape factor Shy Shy = m
Clearance Factor Cly Cly = — Tpeak
1yN .
(NZ‘:] |xz\)
. Cl
Margin Factor May May = ﬁ
Mobili M . Var[ic]
t " My = Var[x]

Complexity Cy Ch = / Vur[jél]vf :ar[x]

Let Q(s) denote the wheel-rail contact force as a function of the spatial coordinate s

[m]. Space s is integrated from speed v according to (1).
The raw time-series signal Q(t), mapped to space using (1), is resampled on a uniform
spatial grid (2) where As is the sampling distance.

() = [ a(@)dr, (@) = Q1s))) W

sy =nlAs, (n=0,..., N—1). (2)

Feature extraction is performed over overlapping spatial windows of length Lw = NAs
(Each window is tapered with a suitable weighting function w[n] (Hann with unit energy)
to reduce spectral leakage.

xwn] = x[nwn], (n=0,..., N—-1) 3)

Additionally, Hjorth parameters as described by Oh et al. [42], also listed in Table 3,
are used. Hjorth parameters provide a compact description of a signal’s variability and
frequency content and have shown potential in condition-monitoring applications. Given
a windowed signal x[n], let x[n] and X[n] denote its first and second discrete derivatives.
Defining the variance operator as Var[-], the Hjorth parameters of mobility and complexity
are defined according to formulas also shown in Table 3. Compared ML algorithms are
calibrated with respect of the metrics defined in Equations (4)—(6), functions of statisti-
cal performances of the algorithms in terms of identified anomalies, classified in True
Positives (TP), defined as correctly identified signal windows with Ground Truth (GT)
anomalies; False Positives (FP), healthy windows misclassified as defective; False Nega-
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tives (FN), missed /unrecognized anomalies; True Negatives (TN), properly recognized

healthy data points.
Precision = TP 4)
" TP+ FP
TP
Recall = TP+ EN )
Precision-Recall
Flscore — 2- recision-Reca ©)

Precision + Recall

The results of calibrated OCSVM, IF, and LOF are shown in Table 4, in Figure 5, and
in Figure 6a—c. As expected, none of the chosen algorithms can properly detect all the
injected irregularities. For OCSVM, the inclusion of fifth- and sixth-order statistical mo-
ments significantly improved detection accuracy, with all other parameters held constant
(signal windowing, scaling method, etc.). Conversely, the Hjorth parameters proved highly
effective in the case of IF, resulting in a substantial reduction in FP and an increase in TP.
By comparing the classifiers under their respective optimal configurations, which is given
by the adoption of the decision function threshold that maximizes a selected metric (e.g.,
F1 score), it was determined that OCSVM achieved the best detection performance. It
outperformed LOF and showed superior accuracy compared to IF. On the other hand, IF
demonstrated the fastest training and inference times among the three classifiers. Regard-
ing LOF, performances at least for the purpose of this work seem to be less interesting.
Hyperparameters adopted for the calibration of each algorithm are listed at the bottom of
the table. Parameter optimization was performed using a grid search approach (simula-
tions are repeated with different sets of hyperparameters until a reasonable optimization is
reached). The results of the iteration procedure in terms of chosen thresholds for the three
investigated algorithms are shown in Figure 5.

Table 4. Classifier comparison and detection performance summary (Space domain).

Classifier Retrieved Optimal Optimal Optimal Time
Instances F1-Score Precision Recall Performance
OCSVM ! TP: 74/81
FP: 8 Training: 180 s
(Théezsi;old FN: 7 0.914 0.902 0.914 Fitting: 136 5
) Max TP: 81
IF2 TP: 74/81
(Threshold FP: 10 0.897 0.881 0914 ~ Laining 249
0.051) FN: 7 Fitting: 23 s
) Max TP: 81
LOF > R Training: 6540
: raining: S
(Thrlezglold EN: 37 0.667 0.846 0.543 Fitting: 13,200 s
’ Max TP: 81

Adopted hyper-parameters for Classifiers: OCSVM !: v = 10° (reciprocal of regularization/anomaly fraction);
v = 0.01 (kernel width); kernel: RBF (Radial Basis Function kernel); Ly = 50 (window length); Scaling: Robust;
Overlapping 90%; IF 2: n_estim = 1000 (number of isolation trees in the forest); Contamination = 0.001; Ly = 50
(window length); Scaling: Standard; Overlapping 90%; LOF 3: Neighbors = 200 (Number of nearest-neighbors
used to compute the local density), Contamination = 2 x 107> (expected fraction of anomalies), Ly = 50 (window
length); Scaling: Standard; Overlapping 90%.
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Figure 5. Iterative calibration process of the thresholds of the three proposed algorithms when only

space domain features are used.
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Figure 6. Confusion matrices of the calibrated (a) OCSVM,; (b) IF; (c) LOF classifiers.

4. Results

Spectral analysis is a fundamental approach for signal investigation, with the Short-
Time Fourier Transform (STFT) being widely used for analyzing non-stationary signals
whose frequency content changes over time. Unlike the traditional Fourier Transform,
which gives only global frequency information, the STFT divides a signal into short, over-
lapping segments using a sliding window (e.g., Hann or Hamming). A Fourier Transform is
computed for each segment, producing a time-localized frequency spectrum. Stacking these
spectra generates a spectrogram image, where time (or space), frequency (or wavenumber),
and spectral intensity are plotted on two axes and color, respectively. This representation
allows tracking spectral evolution over time (or space), which is particularly useful in
applications such as vibration analysis and condition monitoring. The STFT, however,
involves a trade-off between time and frequency resolution: shorter windows improve
time resolution but reduce frequency resolution, and vice versa. Despite this, its simplicity
and clarity make it a key tool for analyzing transient or time-varying phenomena, such
as contact forces. A similar approach makes use of wavelet decomposition/transforms as
previously described in this work of Bellacci et al. [43].

Rather than analyzing the entire waveform directly, each windowed segment was
represented by a set of descriptive statistics that are briefly listed in Table 5.

The data (the same datasets described in Table 1) were processed using a band-pass
filter within the wavenumber range 0.1-15.625 [cycles/m]. The lower cut-off was selected
to ensure the interpretability of the spectrogram, following a preliminary Fourier analysis.
As shown in Figure 7, it was observed that, below a certain threshold, it becomes difficult
to effectively distinguish relevant spectral features.

https://doi.org/10.3390 /machines14040424
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Table 5. Extracted spectral features.

Parameter Symbol Formula
Spectral Centroid C C. — Lefil XK H
¥ ] S X
Spectral Spread Ss S = ) Dl ) X[k ]2
Zk\X[kH
Spectral Skewness S Lk (fi=Co)* | X[K]?
P ° o = S X
Spectral Kurtosis K; K = Ik (SJ:Z ):flg)( |X‘ [k
Spectral Crest Factor Crs Crs = m
N X
Spectral Flatness Sk Sps = (XKD N
v Nl X[K]|
Band-Energy Ratios Ey E, = Y| X[K]|?
k

8588

Distance [m]

g

§

Spacial freqﬁenéy [c'ycleys-m'a]
Figure 7. STFT of the C14 training dataset.

The same three anomaly detection algorithms (OCSVM, IF, and LOF) are then cali-
brated using the frequency features of Table 5. The obtained calibration results are shown in

Table 6. Also, in Figure 8, the iterative calibration of the thresholds for the three investigated
algorithms is shown.

O t. Value

Opt. Value Obt. Value
(a)oCsvm ; Threshold (b)IF _/[ Threshold (C)LOF Threshold

BT

Recall Recall Recall

Precision
Precision
Precision

Figure 8. Calibration process in terms of thresholds for the three investigated algorithms when
frequency domain features are exploited.
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Table 6. Classifiers comparison and detection performance summary (frequency domain).
Classifier Retrieved Optimal Optimal Optimal Time
Instances F1-Score  Precision Recall Performance
OCSVM ! TPFlzgé o Training: 877 s
(Threshold 0.940 0.898 0.975 e
0.045) FN: 2 Fitting: 1150 s
’ MaxTP: 81
IF2 TP: 51/81
FP: 8 Training: 127 s
(T}(’;r(e);g;)ld FN: 30 0.734 0.864 0.630 Fitting: 195 s
’ MaxTP: 81
LOE * Tl;:135'93/081 Training: 5840 s
(Thé‘e6s(});old EN: 22 0.698 0.663 0.728 Fitting: 8910 s
) MaxTP: 81

Adopted hyper-parameters for Classifiers: OCSVM !: v = 10° (reciprocal of regularization/anomaly fraction);
v = 0.01 (kernel width); kernel: RBF (Radial Basis Function kernel); Lw = 50 (window length); Scaling: Robust;
Overlapping 90%; IF 2. n_estim = 1000 (number of isolation trees in the forest); Contamination = 0.001; Ly = 50
(window length); Scaling: Standard; Overlapping 90%; LOF 3. Neighbors = 200 (Number of nearest-neighbors
used to compute the local density), Contamination = 2 x 107> (expected fraction of anomalies), Ly = 50 (window
length); Scaling: Standard; Overlapping 90%.

The length Lw of the moving window used for feature calculation did not exhibit a
consistent influence on detection performance, unlike in the case of statistical space-domain
features. For all classifiers, the general trend observed for OCSVM indicated an increase in
the maximum number of detected TPs with decreasing Lw (using the default decision func-
tion threshold > 0). However, when using the optimal threshold, selected to maximize the
F1-score, the number of detected TPs decreased steadily. This suggests that the algorithm
retrieves a larger number of positive instances (outliers) as Lw decreases, but most of them
correspond to FPs with higher decision-function values than true anomalies. Contrary to
initial expectations, shorter signal windows did not compromise the information captured
by the FFT. No significant loss of spectral characteristics was observed when smaller Lw
values were used. Based on the results, OCSVM remains the most promising classifier for
novelty detection of rail-head faults, followed by IF and LOF. Despite the much smaller
number of features used for anomaly detection with respect to the previous test case,
OCSVM exhibits relatively good performance. From a computational point of view, the
analysis of frequency-related features is numerically intensive. Increased computational
effort can be attributed not only to the STFT process, requiring FFT computation for each
signal window, which is inherently time-consuming, but also to limitations in paralleliza-
tion: the STFT step cannot be executed within the Numba parallel computing framework,
as it is incompatible with the FFT modules in SciPy and NumPy. Considering these critical
aspects of implementation, there is a high probability of improvements in the feature if
such libraries are updated.

Hyperparameters adopted for the calibration of each algorithm are listed at the bottom
of the table. Parameter optimization was performed using a grid search approach (simula-
tions are repeated with different sets of hyperparameters until a reasonable optimization
is reached).

5. Application of ML Algorithms Considering a Mixed Set of Frequency-
and Space-Domain Features of Measured Contact Forces

Comparison between ML algorithms is finally repeated considering the analy-
sis of both statistical space features and frequency features, respectively described in
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Tables 3 and 5. The results of the model fitting are shown in Table 7. Also, in Figure 9,
the iterative procedure used to calibrate the threshold adopted for the three investigated
algorithms is shown.

Table 7. Classifiers comparison and detection performance summary (combined approach with
spatial- and frequency-based features).

Classifier Retrieved Optimal Optimal Optimal Time
Instances F1-Score Precision Recall Performance
TP: 78/81
1
(Sf)l'ise\slkll\:)[ld FP: 6 0.945 0.929 0963  lraining: 2590s
0.023) FN: 3 ’ ’ ’ Fitting: 2443 s
’ MaxTP: 81
IF2 TP: 79/81
(Threshold FP: 6 0.952 0.930 0975  Lraining: 230
0.043) FN: 2 Fitting: 219 s
’ MaxTP: 81
LOE? TP: 69/81
FP: 40 Training: 7760 s
(Thlre;g;old EN: 12 0.730 0.633 0.851 Fitting: 16,060 s
’ MaxTP: 81

Adopted hyper-parameters for Classifiers: OCSVM !: v = 10° (reciprocal of regularization/anomaly fraction);
v = 0.01 (kernel width); kernel: RBF (Radial Basis Function kernel); Ly = 50 (window length); Scaling: Robust;
Overlapping 90%; IF 2. n_estim = 1000 (number of isolation trees in the forest); Contamination = 0.001; Ly = 50
(window length); Scaling: Standard; Overlapping 90%; LOF 3: Neighbors = 200 (Number of nearest-neighbors
used to compute the local density), Contamination = 2 x 1075 (expected fraction of anomalies), Ly = 50 (window
length); Scaling: Standard; Overlapping 90%.

Opt. Value Opt. Value Opt. Valu
(a)OCSVMW ;:hreShON{ W(b)": Threshold (c)LOF Threshold

SRR s ool Ponts e resionfcall Curve it Discete Thveshald Pints
wy
y oo

I - |
: /zf\’"k&{
Recall Recall

Recall

(1]

Precision
Precision
Precision

Figure 9. Calibration process in terms of thresholds for the three investigated algorithms when both
space and frequency domain features are exploited.

The adoption of combined features involves an augmented computational load. The
best performing and fastest algorithm proved to be the IF one. However, the results of IF
with combined features are comparable to the corresponding performances of OCSVM
when only frequency features are considered, at least when the most performing algorithm
(OCSVM) is considered.

More generally, the usage of frequency-related features seems to bring benefits, lower-
ing the number of FP instances, raising the related performance metrics (Precision, Recall,
and F1 score). The higher performance of IF with the mixed set of features makes it prefer-
able (in the present case) to OCSVM. Such consideration seems to be largely justified by the
results summarized in Figure 10a,b, where all the tested configurations are compared.
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Figure 10. Final Comparison of different ML algorithms in terms of (a) F1 score, Precision, and Recall;
(b) number of TP, FN, and FP instances.

It is interesting to note that at least two or three injected anomalies are not always
properly recognized by the most performing algorithms, and the quantity of FN remains
consistent. The reason is quite simple: these are the injected disturbances with the lowest
amplitude and the most shifted spectrum. Thus, this small low-frequency disturbance
imposes contact force fluctuations with patterns associated with normal behavior. An
example of classifier outlier-detection output is finally shown in Figure 11. This comparison
shows that the OCSVM has proven to be quite easy to calibrate with respect to the other
tested algorithms.

Hyperparameters adopted for the calibration of each algorithm are listed at the bottom
of the table. Parameter optimization was performed using a grid search approach (simula-
tions are repeated with different sets of hyperparameters until a reasonable optimization
is reached).

Critical Evaluation of Obtained Results in Terms of Recorded False Positive and False
Negative Estimations

Looking at the preliminary results shown in this work, it is noticeable that there is a
residual population of wrong classifications (False Positives and False Negatives), which
is very small but not null. This result cannot be explained by a suboptimal calibration
of chosen algorithms (at least for OCSVM and IF). So, authors have investigated the
limited number of samples in which the performed anomaly detection fails; this result
is interesting: every False Negative estimation is associated with injected disturbances
with reduced amplitudes and reduced frequency content (spectrum shifted down by 1
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octave). Anomaly scores associated with these False Negative classifications are quite near
the chosen thresholds.
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o cluster
120 * Cluster

Signal Amplitude [kN)
® 13
3 3

2
3

8

68
6.6
6.4
6.2
6.0
5.8
5 20000 20000 soo00 ao00 Tooo00 T20000
Distance [m]
120
©
20 Function
0.070 . - (b)
o065 : % . . . .
a0
ooss
oos0 . . : : .
ooss
B 2000 o300 codon w0000 00000 20000
ce [m]
=
+ auter
20 o Cluster
sw
)
<
E
2
g 60
©
20 § | Function i
" . (c)

© N,

._.\. ._-,' tn e

2 e “oe .

0 20000 40000 60000 80000 100000 120000
Distance [m]

Figure 11. Classifiers outlier-detection output (considering combined spatial and frequency features):
(a) OCSVM (threshold: 0.023); (b) IF (threshold: 0.043); (c¢) LOF (threshold: 1.70).

Otherwise, False Positive estimations are associated with experimental samples for
which the presence of some very small defect that is normally not considered is at least
feasible or probable. An example in this sense is represented by the comparison of an
experimental signal, which is classified as a False Positive, with an injected disturbance
that is classified as a True Positive. In 12/a, three curves are compared: the measured force
with synthetic injected disturbance, the pure injected disturbance (that is summed to the
force pattern), and finally the real measurement classified as False Positive. Profiles are
quite similar.

As shown in Figure 12b,c, if both signals are filtered at 200 [Hz], the bandwidth for
which is considered more reliable is the adopted measurement system. The comparison of
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force patterns both in the time and frequency domains is even more similar. So, there is a
clear indication that the pattern classified as False Positive is probably a small defect that is
normally tolerated because it is still too small to be detected or to be potentially harmful
for railway exercise, also considering that recorded patterns are referred to a train traveling
at about 300 km/h.

85 T T T T T
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Figure 12. (a) Comparison of a synthetic anomaly detected as True Positive, compared with a pattern
classified as False Positive, and corresponding comparison in the time (b) and frequency (c) domains
considering a limited bandwidth of 200 [Hz] (3rd-order filter of Butterworth).

This also shows that some of the smallest defects that are injected in this study are
near this minimum sensitivity level, which corresponds to small acceptable irregularities
that are physiological, even on a well-maintained line.
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So, these results give interesting indications:

e  The shape of a very small disturbance, not deliberately introduced in the measurement,
is quite similar to an injected disturbance. This is a partial indirect validation of the
proposed method to inject disturbances into a real measurement pattern.

e  The proposed system, even when performing wrong classification (a False Positive
Anomaly), identifies something that has at least the probability of being classified
or evolving in the future into a defect. Comparison with further inspection systems
normally installed on Italian diagnostic trains can help to refine the classification of
recorded anomalies. Results confirm the choice of integrating multiple measurement
technologies on Italian diagnostics [2] as the right one.

e  The limitation of the proposed approach is not the algorithm, but the usage of only
one class for the detection of anomalies. The adoption of multiple classes aiming
to classify detected anomalies also in terms of severity should probably be the right
choice to recognize hard anomalies for which intervention is mandatory, with respect
to light anomalies that should eventually be mapped for further evolutionary analysis
of the line state. So, it is not only a trivial question of refining the calibration of ML
algorithms but also of improving the engineering know-how associated with the
definition of defects that should be recognized.

6. Conclusions and Future Development

In this work, the authors have proposed and investigated the application of different
ML algorithms for the detection of anomalies in terms of local short-wavelength irregulari-
ties of recorded measurements of vertical contact forces Q, measured with an IWS.

Preliminary results are promising, although obtained on a relatively small dataset with
artificially generated disturbances, are quite interesting, exploring a topic that is relatively
under-investigated by the current scientific literature. Authors are working on the further
extension of the proposed method to other kinds of rolling stock and to other mission
scenarios, both in terms of performed mission profiles and defects recorded or injected on
the line.

However, authors believe that thanks to the increasing diffusion of diagnostic rolling
stock equipped with IWS, this kind of measurement could gain increasing favor in Italy
and more generally in Western Europe.

Currently, the authors are continuing to work on this topic, focusing their attention on
these possible improvements:

e  Field validation: conducting extensive measurement campaigns to correlate anomalies
with verified track defects, providing robust GT for model and ML validation.

e Anomaly Classification in Multiple Classes: performed activities have demonstrated
that the classification of anomalies with multiple classes related at least to severity
should be useful to better manage the maintenance actions that should be accom-
plished according to the detection of an anomaly. This approach should also be useful
for improving the way in which detected anomalies are managed by those responsible
for maintenance.

e Advanced spectral analysis: Integrate Wavelet or Empirical Mode Decomposition
(EMD) with Hilbert-Huang transform to improve transient resolution and complement
the limitations of the STFT.

e  Feature selection and explanation: Implement interpretability-driven approaches (e.g.,
SHAP, LIME, ANOVA) to identify the most informative features contributing to fault
detection. As far as this activity is concerned, some preliminary investigations have
been carried out; however, the authors have been currently delayed in favor of a more
articulated identification of anomalies with multiple classes.
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e RMS and mean in the figure, retaining only one representative from each group.

e  Real-time deployment: Explore edge-computing or cloud-assisted implementations to
enable on-board real-time monitoring and decision support for maintenance operations.

e  Synergy with inspection drones: recent developments of VTOL drones proposed by
Pugi et al. [44] offer the possibility of interesting synergies with diagnostic rolling
stock equipped with IWS. The drone, as proposed by Cardellichio et al. [45], can auto-
matically reach areas in which defects are detected by the IWS, giving the possibility
of rapid verification before human intervention.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

EMD Empirical Mode Decomposition
FFT Fast Fourier Transform

FN False Negatives

FP False Positives

FT Fourier Transform

GT Ground Truth

IF Isolation Forest

IMU Inertial Measurement Unit

WS Instrumented Wheelsets

LOF Local Outlier Factor

ML Machine Learning

OCSVM  One-Class Support Vector Machine
STFT Short-Time Fourier Transform
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TP True Positives

N True Negatives

TRV Track Recording Vehicle
RFI Rete Ferroviaria Italiana
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