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1. Introduction

In electric railway systems (ERS), static power converters onboard
rolling stock (RS) are a significant source of waveform distortion [1,2].
ERS are characterized by several particularities regarding the return
current circuit, moving loads, multiple sources of distortion (harmon-
ics, interharmonics, and supraharmonics), and extensive deployment of
static converters with a variety of manufacturers and topologies [3]. In
this perspective, monitoring of the loads is useful to support operation
and investigate problems. Monitoring is often achieved using distor-
tion and power quality (PQ) parameters, including as a necessity load
disaggregation and identification.

Non-intrusive load monitoring (NILM) methods can in fact support
grid management, protection, diagnostics, PQ and condition assessment.
NILM disaggregates load profiles at a common global point of mea-
surement (e.g., point of common coupling) [4,5], providing information
supporting energy management, protection, PQ analysis, etc. Different
electrical quantities and indices can be considered [6]: active/reac-
tive power, phase angle, VI diagrams, frequency deviation, harmonic
and supraharmonic distortion, crest factor, and even electromagnetic
radiated emissions.

High-frequency datasets and applications are crucial for NILM be-
cause they enable event-driven, real-world applicable frameworks that
can accurately disaggregate multi-state appliances while handling noise,
computational limits, and practical challenges [7]. Some works have an-
alyzed industrial and domestic appliances. Current waveform distortion
segmentation and feature extraction can support the analysis of appli-
ance signatures in different operating conditions considering time and
frequency domain characteristics [8,9]. Parameters like harmonic com-
ponents (both amplitude and phase angle) and admittance spectra have
shown usefulness in different algorithms for the load disaggregation
task [10-12]. The frequency-domain sparseness can also be used for the
decomposition of current waveforms and identification based on char-
acteristic filters without feature extraction [13]. Another phenomenon
inherent in the power electronics signature and non-linearity is the un-
intended radiated emission, exploiting spectral characteristics for load
discrimination [14,15]. In [16], a combined approach involving digital
twin and NILM was utilized, and the framework employs high-frequency
current measurements to extract odd harmonic components, specifically
the third and fifth, which are represented in scatter plots and later clas-
sified using a convolutional neural network (CNN). Using the PLAID
dataset, the work evaluated the methodology across three scenarios:
single appliance operation, combined appliance operation, and event
detection (appliance activation and deactivation). The results demon-
strate high classification accuracy and rapid processing times, with the
entire identification process completed in under one second.

Lissajous (or VI) diagrams are conversely a time-domain representa-
tion of the waveshapes [17]. In [18], the assessment of load signatures
was introduced using a VI diagrams and hierarchical clustering to
classify household appliances, providing a taxonomy comparison with
traditional metrics. Such a framework was further expanded, showing
improved precision and robustness in a multi-class classification prob-
lem [5]. The similarity of VI diagrams among loads was also explored
using binary mapping [8]. Based on time-domain power theory [19],
two new load signatures based on non-active orthogonal current com-
ponents were considered. In [20], a mathematical feature extraction was
presented, which describes the transient and steady-state load signa-
ture using a 2-D Fourier series, showing suitable accuracy. Traditionally,
harmonic active power terms have been found to be more informative
despite some ambiguity in exceptional cases [4]. Additionally, focusing
on ERSs and RS, different operating points of one RS type were charac-
terized using unique VI diagrams and orthogonal harmonic active and
reactive power spectra [4].

In [21], the proposed application introduced a novel current har-
monic distortion image feature (based on percent distortion of the
third and fifth order harmonics over 60 current cycles) extracted from
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high-sampling-rate aggregated current, which enables robust appliance
classification. It proposed a time-driven CNN framework using the pro-
posed image input to classify both single and combined appliance oper-
ations within 1-second windows, achieving real-time performance with
acceptable computational complexity. Also, a new public high-frequency
dataset that captures real-world aggregated loads plus behind-the-meter
distributed generation is proposed in [22], enabling the study of how
photovoltaic generation affects load identification. It extends NILM
methods based on Inception Time or CNN by performing both DG iden-
tification and load disaggregation in the presence of DG, achieving high
accuracy in both distributed generation detection and load disaggre-
gation. In the same direction, NILM has been performed and explored
within different methods under complex background conditions, using
models such as CNN or denoising autoencoder with adaptive neural
tree [23-25]. Such works highlighted the need to consider complex
background features and their impact on the performance of the NILM
algorithm.

Other methods were explored, applying CNN architectures to high-
frequency datasets for NILM classification using a variety of feature
extraction techniques: color-encoding of VI diagrams [26], genera-
tive adversarial networks [27], wavelet scattering transform [28,29],
frequency invariant transformation of periodic signals [30], adaptive
weighted recurrence graphs [31], etc. Other examples also explored
interesting representations of the high-frequency and waveform dis-
tortion, considering transformations in the input data. The paper in
[32] proposed a NILM method that uses inrush current patterns, trans-
formed into images via kurtograms, and performs classification of them
with VGGNet-based CNNs, achieving high accuracy for appliance iden-
tification. Gramian Angular Fields were also utilized together with
benchmark CNN models for NILM application in household load dis-
aggregation [33,34]. Additionally, two-stage CNNs were used, where
the first stage extracts learnable features and the second provides the
classification [34].

Some other works did not incorporate learning techniques, explor-
ing time-domain and waveform distortion characteristics, to deploy
signal processing techniques such as dynamic time warping and pro-
filing discrete harmonic cycle time [35,36], most of the works in the
literature explore signal processing techniques combined with machine
learning, pattern matching, or source separation for NILM performance
[6]. Unsupervised deep learning techniques, such as deep autoen-
coder (DAE), are not designed for classification tasks; they are instead
more suitable for feature extraction, pattern recognition, and event or
anomaly detection. Nevertheless, autoencoder-based anomaly, novelty
or rare-event detection can be exploited for classification methodol-
ogy [37].

Besides the high number of previous literature contributions, NILM
has been developed mainly for residential loads, investigating signature
parameters related to the non-ideal behavior of small-power single-
phase loads. In contrast, few studies on residential and light industries
have explored distortion patterns using high-frequency measurements.
Medium and large power scenarios in industrial systems are rarely con-
sidered where the significant challenges are [38,39]: large dynamics
of loads, e.g., tooling, pumping, or, as the in the present case, oper-
ating conditions of rail vehicles such as transitioning stages and braking
with reverse power flow; the diversity of industrial loads and the need
for high-resolution data to achieve accurate disaggregation; and relia-
bility of measurement devices in industrial environments. NILM using
high-frequency data can support detection and provide more significant
inferences into industrial load behavior, potentially improving accuracy
and performance of online NILM systems in the future [40].

This paper aims to perform load classification for RS distortion signa-
tures using current spectra and VI diagrams as data input. After training
multiple DAE networks, one for each class, the reconstruction error (RE)
performance determines the classification with the cross-class prediction
between the networks. In other words, each network is tested with its as-
signed data and all other datasets from other networks. The output from
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a network aimed at class 1 will present a poor performance index when
predicting data input from class 2 (“1” and “2” are exemplifications).
High accuracy classification can be achieved for loads with distinguish-
able signatures. The framework is constituted by data input preparation,
DAE network training, definition of thresholds from validation data, and
testing. This proposed process for load signature classification is based
on novelty detection. Novelty detection is the task of classifying test data
that have different characteristics, or differ in the investigated parame-
ters, from the model training data [41]. The model learns the pattern of
a normal process; anything that does not follow that pattern is classified
as novelty. It is analogous to anomaly detection problems, but instead
of anomalies or novelties, in the proposed method we compare two dif-
ferent patterns from different classes, evaluating binary classification
performance. In case of multi-class problems, a binary classification pat-
tern is followed between the class of interest and all other classes, then
cascading the classification for each class.

The work applies the “novelty detection methodology” to four types
of locomotives using pantograph measurements from different ERSs: two
from 16.7Hz 15kV systems (Germany and Switzerland) and two from
50Hz 2 x 25kV systems (France and Italy). The results describe clas-
sifying a pair of rolling stock items from the same system. The load
classification framework provides a practical and innovative application
for railways for load monitoring using waveform distortion parame-
ters. Load classification and monitoring can support the identification of
highly consuming loads and the prioritization of energy-saving policies,
including pricing and billing of electric energy. The proposed method
based on features of the absorbed current allows distinguishing loads
from the substation as a support to, or in competition with, onboard
energy metering, as in the EN 50463-2 [42].

Additionally, the methodology is applied to a benchmark dataset,
the LIT-dataset [43], to validate the framework for other types of
measurements and systems in load monitoring applications.

The main contributions of this paper are listed below.

1. Proposing a methodology for load signature classification in terms
of waveform distortion parameters that combines the benefits of
unsupervised deep learning and novelty detection.

2. Providing a load signature classification method that demon-
strates suitable performance and overcomes drawbacks for data
with the following characteristics: unbalanced input data, high
dimensionality, representations based on 1-D or 2-D, and high
variety.

3. Defining a framework for load disaggregation based on waveform
distortion signatures from rolling stocks for better assessment of
PQ in ERS considering its complexity. Such framework has po-
tential for application of NILM in other kinds of industrial power
systems, having been validated also with a publicly available
benchmark NILM dataset with a multi-class problem.

The rest of the work is structured as follows. Section 2 provides a brief
discussion on waveform distortion signatures of RS. Section 3 provides
a description of the methodology. Section 5 reports and describes the
results and Section 6 presents a discussion regarding advantages and
disadvantages of the method. Lastly, Section 7 concludes the work.

2. Waveform distortion signature of rolling stock

The rolling stock (RS) drive uses alternating current (AC) back-to-
back conversion, based on diode or thyristor-based rectifiers for older
trains and interleaved 4QCs for more modern trains [44]. Such static
power converters cause current waveform distortion and consequential
disturbances up to tens of kHz, leading to problems when interact-
ing with ERS supply grid and other critical systems [45]. The use of
pulse-width modulation (PWM) implies a significant amount of sideband
harmonics located around the multiples of the carrier frequency. Fig. 1
shows a generic illustration of how RS current causes voltage distortion
when interacting with the ERS supply system impedance.
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Fig. 1. Generic illustration of how an RS distorts the current and voltage in ERS.

The ERS power supply is constituted mainly by the traction supply
substation connected to the moving loads through the catenary circuit,
from which the RS collects the current that flows back through the rails
and return conductors. For AC systems, the most common electrifica-
tion solution is 50Hz 1 x 25 or 2 x 25kV systems and 16.7Hz 15kV
systems: the former ERS systems are connected directly to the public
transmission grid through transformers, whereas the latter are decou-
pled through traction converter stations, using frequency converters.
For urban transportation and some railway systems, DC systems are
a popular solution, especially for small or medium distances. Despite
their peculiarities the proposed method is applicable also to DC systems,
limited for the moment to the use of spectrum data.

RS current distortion characteristics, or signature, will depend on
the type of onboard power converter, its switching frequency, topology,
rated power, operating points, and any additional auxiliary converters.
This means that one type of load can present a variety of emissions due
to the operation and interactions with the power supply grid and that
each RS will have a signature dependent on all such parameters, with
an increasing complexity considering several tracks and trains at same
time.

A methodology for disaggregation of these moving loads would be
helpful in many situations, such as multiple trains on the same track,
multiple trains on different tracks, but connected to the same trac-
tion power substation (TPS), etc. The location of a monitoring system
can be at the TPS, on each track feeder, at some victim circuit nearby
or onboard RS. Measurement-based analysis that explores data analyt-
ics, artificial intelligence, and pattern identification can help overcome
the complexity of disturbance management in ERS, providing alter-
natives to standardized PQ methods that struggle with the observed
variability [46].

3. Proposed methodology

The proposed methodology applies autoencoder-based novelty de-
tection to tackle load classification challenges. Reconstruction-based
novelty detection is widely applied, as it effectively identifies deviations
from expected behavior in various applications [41]. These methods
involve modeling only the data of interest for reconstruction (normal
condition). When exposed to test data (different from the training data),
the RE, calculated as the distance between the input and the recon-
structed output, acts as a novelty score [41]. A higher RE typically
indicates the presence of anomalous or novel data.

In this work, DAE networks are individually trained for each class to
learn and reconstruct the input data’s main features. By using RE indices
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Fig. 2. Proposed framework for load waveform distortion signature classification.

and defining thresholds, the classification is accomplished when a DAE
(assigned to a specific class) tries to predict data from other classes. A
poor performance index indicates that the input is not to be assigned
to that class, and the contrary is also true. In the case of multi-class
problems, this process should be cascaded, and each binary classifica-
tion should be carried out between the assigned class and all the other
classes (a validation case is reported later in Section 5.3). Fig. 2 shows
the proposed methodology schemes, and the steps are described below.

1. Split the input data into training (60 %), validation (20 %), and
test (20 %) sets.

2. Train one DAE network for each class separately with a corre-
sponding RE metric. Training and validation data are used in this
step.

3. Validation data are used again to determine the threshold for each
DAE by trading off the resulting values of recall and precision met-
rics. Taking two classes “1” and “2” (as in Fig. 2), carrying out
the classification based on the metric being below or above the
threshold, the threshold is adjusted to maximize recall and preci-
sion at same time at once. The threshold is defined as percentage
of the maximum RE of the DAE assigned class: metrics used in this
work are mean squared error (MSE) and cosine similarity (CS).
This approach is the well-established principle for decisions on
the threshold in binary classifications, where a trade-off between
precision and recall performance will rule. According to [47],
lowering the threshold generally increases recall and penalizes
precision, and the contrary is true. Often, the threshold choice will
depend on the cost of having false positives or negatives in a spe-
cific application [47]. In this work, optimizing the threshold using
validation data ensures an effective balance between sensitivity
and specificity associated with each DAE’s performance.

4. Also in the case of the test phase, dueling between the DAE net-
works takes place using the remaining test data aiming at verifying
the classification performance with data not participating in the
training process. The results are expressed by means of balanced
accuracy.

3.1. Input data

The input data consists of measured pantograph current and voltage.
The two input types are current harmonic spectrum up to 15kHz (cover-
ing the harmonic range and part of the supraharmonic range) and 2-D VI
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Fig. 3. Example of data input for spectrum (left) and VI diagram (right).

diagram representations. The former was obtained using a fast Fourier
transform (FFT) of measured 5-cycle current waveforms. The latter con-
sists of binary image representation of VI diagrams (240 x 300 pixels),
which are the plots of current against voltage waveforms again with a
duration of 5 cycles. The image is then flattened to 1-D by reshaping
from 240 x 300 to 72,000 pixels. Fig. 3 shows an example of the input
data.

The input data for each network are also normalized according to (1),
through the process of z-normalization. The z-normalization guarantees
an equal contribution of each data vector u € U,, and the normalized
matrix is expressed as U,

u—u
(o3

@

u=

where u € U, is each vector normalized from each original data vector
u € U,; 4 and ¢ are, respectively, the sample mean value and standard
deviation of each original data vector u € U,.

Both input types are representative of the distortion signature from
RS power converters, as current harmonic spectrum and time-domain
admittance. The original data sampled at 50kS/s pertain to four RS
(two for a 16.7Hz 15kV ERS and two for a 50Hz 2 x 25kV ERS) and
are publicly available [48]. Each short record is tagged for relevant
operating conditions and speed. Associated noise and measurement un-
certainties are already implicit in the collected data used in this work
since the pantograph quantities are actual measured data that refer to
real-world problems. In [48], a complete description of the datasets for
railway cases is provided, and subsequent references have quantified un-
certainty and noise. Uncertainty is on the order of 1 %, and noise is both
coherent (e.g., waveform distortion emission from other trains propagat-
ing along the line) and incoherent noise (thermal noise in sensors and
electronics, pickup by the catenary of extraneous signals, such as radio
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Table 1
Parameters and details about the different input data.
Input Class Rolling Stock System Sample Vector Number of
Size (n) Samples (N)
Swiss Re460 16.7Hz Spectra 899 Spectra 4698
loco 15kV VI diag. 72000 VI diag. 4429
5.6 MW
German ICE 16.7Hz Spectra 899 Spectra 3083
EMU 15kV VI diag. 72000 VI diag. 3083
9.6 MW
French TGV Daisy 50Hz Spectra 299 Spectra 4217
EMU 2 x25kV VI diag. 72000 VI diag. 4141
9.8 MW
Italian ETR 500 50Hz Spectra 299 Spectra 3060
EMU 2x25kV VI diag. 72000 VI diag. 3054
8.8 MW

transmissions, etc.). Background noise was not quantified at the time
of the tests, as the catenary is always supplied at 15 or 25 kV, and the
rolling stock was measured in operation. In contrast, the noise of sensors
and electronics was quantified as a contribution to the uncertainty, and
this evaluation is available in [49].

Input data characteristics are synthesized in Table 1. Only operating
states of acceleration and braking are considered; some data with null
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values were excluded during the preliminary screening. The dataset is
slightly unbalanced with two classes having more than 4000 records
(Swiss and French systems) and two with about 3000 records (German
and Italian systems). The variety of data for each class depends on the
mix of operating conditions.

Looking at the input data in more detail, one can visualize the
emission characteristics of those different rolling stocks, as well as the
complexities and issues associated with the railway aspects, such as mov-
ing loads, highly fluctuating demand, and the impact of operation on
waveform distortion parameters, as discussed in Section 2. Fig. 4 shows
a time-varying representation of the rolling stock emissions using spec-
trograms, highlighting that each train can have signature variability that
will impose challenges to load detection techniques. Additionally the to-
tal distortion, by means of root-square of sum of squares of synchronous
current components up to 15 kHz, distributions for each rolling stock
used in this work is shown in Fig. 5. The variety of distortion signatures
is related to the following aspects regarding railway features.

- It is expected that the rolling stock operating in the railway section
generates an irregular and complex current flow, with high distor-
tion and power fluctuations, including increased variance driven by
vehicle operating modes, path, and driving patterns.

+ Low-order and high order harmonics have different mechanisms for
variation, while the first ones are probable with wider structured
distribution, the second ones exhibit a narrower amplitude range but
with randomness in behavior [50].
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Fig. 4. Spectrograms characterizing the waveform distortion emission (current) of each rolling stock in the harmonic range (left) and supraharmonic range (right):

Swiss (first row); German (second row); French (third row); Italian (fourth row).
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» The rolling stock moves along the system, altering factors such as
background voltage, system impedance, and the interactions be-
tween distortion sources and the network. Since the total emission is
not only dependent on the primary emission (base current injected
by the vehicle), but also on the secondary emissions (current com-
ponent portion due to impedance interactions between source and
network [51]).

3.2. Deep autoencoder

The DAE is an unsupervised learning algorithm that aims to per-
form dimensionality reduction with the encoder and reconstruction of
the signal with the decoder keeping the objective of minimizing the RE
during training. In other words, the algorithm reconstructs the signal,
aiming for an output “equal” to the input. During this training process,
the model learns the main features of the signal, and the level of lower
dimension, between encoder and decoder, contains the codification, or
map, of features that describe those characteristics [52,53].

The encoder consists of several CNN layers as linear filters, parame-
terized by a weight matrix and a bias. At the same time, the decoder is a
reverse linear filter (aiming at reconstruction) and the activation func-
tions are non-linear, mapping the coded features into the range (0,1)
[52]. The encoding step can be described by (2),

z=f({W,b};u) =c(Wu+b) 2)

where the input feature vector u is represented by the coded feature
vector z, which propagates through the hidden layers. W represents the
weight matrix, b the biases and ¢ is the activation function, which in the
following is implemented using a Rectified Linear Unit (ReLU).

The decoding step is described by (3), where z is mapped back to the
higher-dimensional reconstruction y:

y=fUW b =6W'z+b) €]

Biases and weights are updated and optimized to bring y as close
to the input u as possible. In this work, the optimization process is
performed using the mini-batch Adam optimization algorithm [54].

Error metrics are used to compare input and output during train-
ing, usually MSE, as in this work when working with spectra. For VI
diagrams as input, however, the CS is the best option (4). CS assesses
the similarity between two vectors by calculating the cosine of the an-
gle between them: similar vectors will result in values nearly equal to
unity, while dissimilar ones will be closer to 0 [55]. Binary representa-
tion of VI diagrams is a sparse, structured image that often resembles
edge-like patterns. Such images and data contain information about
shape and directionality, not transitions between tones, brightness, or
continuous coloring. This means that the data pattern is more impor-
tant than absolute pixel intensities, making metrics like MSE (which
penalize absolute pixel-wise differences) fall short. For this reason, met-
rics like CS are recommended, as they compare orientation and pattern
in highly-dimensional spaces, preserve structural features, and lead to
better generalization [56].
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Table 2
DAE network parameters and training for RS data.

Parameter Spectrum input VI Diagram input
Input 299 (50 Hz)/899 (16.7 Hz) 72,000

Encoder (neurons) 64 x32x%x16 512 x 256 x 128 x 80
Decoder (neurons) 32 x 64 128 x 256 x 512
Output 299 (50 Hz)/899 (16.7 Hz) 72,000

Neuron activation ReLU ReLU

Output activation Linear Sigmoid

Loss function MSE CS

Epochs 750 150

Learning rate 0.001 0.001

Z:’:l AiBi

G AB _
A 2 2
VZi ATV Zin B

where A; and B; are the i-th components of vectors A and B, respectively.

Table 2 details the parameters and architecture used for each type
of input. Considering the studied dataset, the architecture and hyper-
parameters were empirically chosen to minimize training losses and can
be a good starting point for other similar datasets.

4

3.3. Classification metrics

Classification metrics are used for two steps of the methodology,
defining the threshold, and testing the performance of the classifiers.
The trade-off between recall and precision is used to define the thresh-
old. The first one measures the rate of correct predictions compared to
all the actual positive examples in a dataset, and the second measures
the accuracy in correctly predicting positive examples within a specific
dataset [57]. Both metrics are described by (5),

TP TP

—_— Precision = ———— 5)
TP+ FN TP+ FP

Recall =

where TP are the true positive predictions, FN are the false negative
predictions, and F P are the false positive predictions.

The balanced accuracy (BA) index is used for evaluating the per-
formance of the DAE networks against the test dataset (6). It can be
described as the rate of correct predictions to the total samples of the
dataset [57], applicable particularly to unbalanced datasets.

BA(%):%

( TP TN

+ )><1oo 6)
TP+FN TN+ FP

The immediacy of the classification quality is illustrated using confu-
sion matrices, where each cell counts the number of correct or incorrect
predictions per class.

4. Methodology applied to the LIT dataset

The LIT dataset is a NILM benchmark that is publicly available,
and was developed by the Laboratory of Innovation and Technology in
Embedded Systems [58]. The synthetic subset (LIT-SYN) was collected in
the laboratory, where actual loads were connected in a controlled envi-
ronment with known on and off times. This dataset contains voltage and
current waveforms sampled at 15.360 Hz with a mains fundamental fre-
quency of 60 Hz. The appliances are divided into 26 classes, distributed
among microwaves, lamps, other lighting devices, monitors, cell-phone
chargers, fans, resistors, drills, heaters, and hair dryers.

For this work, only the steady state waveforms were used in the
training and classification processes, with the objective of identifying
the waveform distortion signature of each class and confirming the re-
sults obtained on the RS dataset; for this the dataset with a single load
switched on at a time was used, and 6-cycle waveforms were extracted
resulting in a total of 58,241 waveforms. Each class has 1344 data sam-
ples for training, 448 for validation and 488 for testing. The classes
correspond to the electrical appliances that are shown in Table 3.
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Table 3

List of the electrical appliances in the LIT dataset.
Class Load Brand Power
1 Microwave Oven Standby Consul 45W
2 Led Lamp Taschibra 6W
3 CRT Monitor Sony mnow
4 Led Pannel Citiaqua 13w
5 Fume Extractor Toyo 23 W
6 Led Monitor AOC 26 W
7 Asus Phone Charger Asus 38W
8 Soldering Station Weller 40 W
9 Motorola Phone Charger Motorola 50 W
10 Lenovo Laptop Lenovo 70 W
11 Fan Mondial 80w
12 Resistor Ohmtec 80w
13 Vaio Laptop Sony 90 W
14 Incandescent Lamp Osram 100 W
15 Drill Speed 1 Bosch 165W
16 Drill Speed 2 Bosch 350 W
17 Oil Heater Power 1 Pelonis 520 W
18 Oil Heater Power 2 Pelonis 750 W
19 Microwave Oven On Consul 950 W
20 Nilko Air Heater Nilko 1120 W
21 Hair Dryer Eleganza - Fan 1 GAMA Ttaly 365W
22 Hair Dryer Eleganza - Fan 2 GAMA Italy 500 W
23 Hair Dryer Super 4.0 - Heater 1 Super 4.0 600 W
24 Hair Dryer Super 4.0 - Heater 2 Super 4.0 885 W
25 Hair Dryer Parlux - Fan 1 Parlux 660 W
26 Hair Dryer Parlux - Fan 2 Parlux 1120 W

Table 4

DAE network parameters and training for RS data.

Parameter Spectrum input VI Diagram input
Input 127 (60 Hz) 19,200

Encoder (neurons) 64 x 32 x 16 128 x 64 x 32
Decoder (neurons) 32 x 64 64 x 128

Output 127 (60 Hz) 19,200

Neuron activation RelLU ReLU

Output activation Linear Sigmoid

Loss function MSE Cs

Epochs 750 50

Learning rate 0.001 0.001

Harmonic spectra up to 7620 Hz and VI diagrams were extracted; for
the latter the binary images were scaled to 120 x 160 to reduce the
training time. Table 4 shows the DAE network parameters of the LIT-SYN
dataset.

5. Results

The methodology was applied to the described input data to compare
performance considering RS from the same type of railway electrifica-
tion. The results show separate classification performances for Swiss and
German RS, as well as for French and Italian RS.

5.1. Swiss vs. German rolling stock

5.1.1. Swiss vs. German case: spectrum

Looking into the results from Swiss locomotive vs. German locomo-
tive for spectrum input, the defined thresholds are 90 % (0.01407) and
15 % (0.00806) of the maximum RE for Swiss and German DAE net-
works, respectively. Fig. 6 shows the recall and precision trade-off plots
for this case. Fig. 7 shows the validation data separation according to
the spectrum input’s threshold and RE.

The thresholds can classify without excessive data separation, where
the DAE network assigned to one class performs worse for other classes.
The pantograph quantities and operational behavior from two different
RS can be similar under the same strict standardization for parameters
such as power factors, maximum current, and voltage amplitudes, but
the spectral signatures spot the different features related to differences
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Fig. 6. Trade-off between recall and precision of Swiss (top) and German
(bottom) DAE networks for spectrum input case.
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Fig. 7. RE of the validation dataset considering threshold separation of Swiss
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Fig. 9. Confusion matrices for spectrum input performance of the Swiss (left)
and German (right) classifiers.

in switching frequencies, interleaving, modulation, etc. in the onboard
converters.

Fig. 8 shows the comparison between the prediction of the German
DAE network for validation data from either class. It is possible to ob-
serve a high-fidelity reconstruction with its own data, whereas using
Swiss data causes the appearance of “ghost frequencies” and discrepan-
cies which are the reason for the effective separation of the two.

Performance evaluation is carried out with the spectrum data show-
ing good performance in terms of accuracy for both DAE networks.
The BA for the Swiss classifier was 99.57 %, with recall and precision
of 0.9979 and 0.9947, respectively. For the German classifier BA was
98.17 %, with recall and precision of 0.9926 and 0.9811, respectively.
Fig. 9 shows the results using confusion matrices.

5.1.2. Swiss vs. German case: VI diagrams
Looking into the results for Swiss vs. German VI diagrams, we see
suitability of the methodology for classification, with thresholds of 50 %
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Fig. 10. Trade-off between recall and precision of Swiss (top) and German
(bottom) DAE networks for the VI input case.
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and German (right) DAE networks for the VI input case.
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Fig. 12. Confusion matrices for VI input performance of the Swiss (left) and
German (right) classifiers.

(0.4510) and 55 % (0.4552) of maximum CS for Swiss and German DAE
networks, respectively. Fig. 10 shows the recall and precision trade-off
plots for the VI diagrams with 16.7 Hz fundamental. Fig. 11 shows the
validation data separation according to the threshold and RE for the VI
diagram input, and one can observe the precise separation based on CS.

The classification performance verified with the VI diagrams test data
is also very good. The BA for the Swiss classifier is 99.44 %, with recall
and precision of 0.9977 and 0.9921, respectively. For the German clas-
sifier BA is 98.46 %, with recall and precision of 0.9926 and 0.9811,
respectively. Fig. 12 shows the results by means of confusion matrices.

The classification method showed high accuracy and suitability for
load monitoring. It is also important to highlight that the two RSs, Re460
and ICE EMU, have power ratings that are significantly different, as well
as constructive characteristics, converter arrangements, and topologies.
Those factors also impact the waveform distortion signatures and the
ease of separation. The French and Italian RS are much more similar
and we expect a somewhat lower performance.

5.2. French vs. Italian rolling stock

The methodology is also applied to RS of a 50 Hz ERS. TGV Dasye
EMU from France and ETR500 EMU from Italy were assessed using
waveform distortion parameters. They are electric multiple unit (EMU)
types with similar power ratings and similar architectures, representing
a significant challenge. We will see that, even with lower performance
compared to the previous case, the methodology has provided a suitable
classification for such loads.

5.2.1. French vs. Italian case: spectrum

For spectrum as input, the defined thresholds are 10 % (0.0656) and
55 % (0.0665) of maximum RE for the French and Italian DAE networks,
respectively. Fig. 13 shows the recall and precision trade-off plots for
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Fig. 13. Trade-off between recall and precision of French (top) and Italian
(bottom) DAE networks for the spectrum input case.
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Fig. 15. Confusion matrices for spectrum input performance of the French (left)
and Italian (right) classifiers.

this case. Fig. 14 shows the validation data separation according to the
threshold and RE.

The classification test results show that the load identification is per-
formed accurately for the French vs. Italian case. The BA for the French
DAE network classifier was 99.00 %, with recall and precision of 0.9918
and 0.9838, respectively. In comparison, the Italian classifier BA was
98.52 %, with recall and precision of 0.9790 and 0.9822, respectively.
Fig. 15 shows the results for the spectrum-based classification using
confusion matrices.

5.2.2. French vs. Italian case: VI diagrams

Considering the VI diagrams as input, the overall performance was
worse but still accurate. The thresholds were defined for each network:
50 % (0.4819) of maximum French RE based on CS for the French DAE
network and 55 % (0.5425) of maximum Italian CS for the Italian DAE
network. Fig. 16 shows the trade-off comparisons for both networks in
this case.

Fig. 17 shows the validation data separation using the VI diagrams
for the French vs. the Italian case. The French DAE network performed
worst in validation for VI diagrams, with the recall being 0.9378 and
the precision 0.9037.

Fig. 18 shows the results of the test classification using confusion
matrix for the French vs. Italian case. The French DAE network classi-
fier has a test BA of 94.87 %, with a recall of 0.9493 and precision of
0.9310, for the VI diagram case. At the same time, the Italian DAE net-
work classifier has a test BA of 98.31 %, with a recall of 0.9788 and a
precision of 0.9820.

5.3. Performance with LIT dataset and comparisons

While the threshold of each DAE is determined for the RS binary
problems by trading off between recall and precision on the two classes
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Fig. 16. Trade-off between recall and precision of French (top) and Italian
(bottom) DAE networks for VI input case.
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Fig. 19. RE (spectrum) and CS (VI diagram) validation of class 1 (black) against
all other classes (gray) for the class 1 DAE. (For interpretation of the references
to colour in this figure legend, the reader is referred to the web version of this
article.)

of validation data, for the LIT-SYM dataset each trade-off is between the
assigned class and all others (maintaining a binary classification per-
spective). Fig. 19 shows the RE for the validation of class1 against all
others. The methodology is effective and can be extensively applied to
datasets with an arbitrary number of classes.

Fig. 20 shows the accuracy for each class-assigned classification
based on DAE RE. It is notable that, with exception of classes 3 and
15, the spectral input performed better than the VI diagram inputs.

The similarity between several classes within the LIT-SYN dataset
(check Table 3) can adversely affect and reduce performance of tech-
niques based on novelty detection and for this reason the LIT case
represents a challenging benchmark: this is evident when using VI di-
agrams. In particular, for loads with dominant resistive behavior, the
active current constitutes the major portion of the load current due to
the high power factor, which causes the VI diagrams of such appliances
to be very close in shape [19].

For a fair benchmarking of the proposed novelty-based method, a
comparison with the classification performance of previous literature
contributions on the same LIT dataset was carried out, as shown in
Table 5.
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Table 5
Accuracy comparison with literature.
Reference Dataset Method Accuracy
[59] LIT-SYN Multiagent 96.00 %
[27] LIT-SYN Generative Adversarial 95.00 %
Network CNN
[28] LIT-SYN Wavelet Scattering 99.90 %
CNN
[20] LIT-SYN 2-D Fourier Series 96.80 %
Classifiers
This work LIT-SYN DAE-RE Spectra 99.13 %
This work LIT-SYN DAE-RE VI 94.28 %

6. Discussion
6.1. Overall discussion, advantages, and limitations

The results confirm the contributions of the proposed methodology.
All BA values are higher than 98 %, except for the French DAE network
classifier with VI diagram input, which is nevertheless above 90 %.

The high accuracy of the method is quite important since the
input data has high-dimensional characteristics; while traditional clas-
sification techniques are dependent on signal processing or machine
learning to extract key features, the DAE deep learning approach allows
automatic feature extraction saving one onerous step.

An overall architecture for each type of input can present a challenge
since the performance of the DAE network will also depend on the va-
riety of observations available for each class. However, the study cases
showed that the proposed arrangements of the models fit the applica-
tion to both types of data. Other methodologies of classification based
on machine learning train models with all classes together, while in the
proposed method there is one DAE network for each class. This approach
is also advantageous with unbalanced data: because of the independent
training and prediction of the networks, the imbalance between classes
does not impact the performance of the final classifier. Furthermore, the
strategy does not require new training using all class data; if one new
class should be added, only one new DAE network needs to be included
with suitable definition of the thresholds between the new data and
the DAE networks for all previous data, which is less computationally
intensive.

In an ERS distortion perspective, the methodology performs the load
identification using signatures of the distortion caused by the onboard
power electronics, such as spectral components for switching frequency,
low-order harmonics, etc. Considering VI diagrams, other parameters
such as power factor, interharmonic products, maximum operating cur-
rent, and time-domain admittance variation are included and assessed as
features. The method shows potential for application in railway systems,
providing an alternative for RS load monitoring.

Similar load distortion signatures surely hinder novelty-based detec-
tion methods. Loads with quite similar distortion features will make it
harder to converge on a trade-off between recall and precision, leading
to lower accuracy. In general, the presence of static power converters
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Fig. 21. Prediction time for spectrum and VI diagram input, considering the
largest dimension used in this work (899 for the spectrum and 72,000 for the VI
diagram).

Table 6
Comparison of computational complexity between NILM models (adapted from
Ref. [25]).

Model FLOPs (M)
AlexNet [26] 710.16
VGG16 [32] 15,466.26
DenseNet121-Concatenate-CNN [23] 2689.45
Xception-Concatenate-CNN [23] 4258.82
Generative Graph method [34] 1.61
Denoising autoencoder-adaptative neural tree [25] 7.88
Denoising autoencoder-adaptative neural tree (lightweitgh) [25] 1.86

This work - Spectrum Input (50 Hz) 0.09

This work - Spectrum Input (16.7 Hz) 0.24

This work - VI Diagram input (72,000) 148.15
This work - Spectrum Input (60 Hz) 0.04

This work - VI Diagram input (19,200) 9.87

allows some diversity in the distortion behavior, even with similar ar-
chitectures and parameters. Looking at the LIT dataset accuracy results,
loads with almost unity power factor have unavoidably very similar VI
diagrams reducing classification performance. Classification based on
spectrum, conversely, shows better performance and should in general
be preferable. As stated, this problem is not likely to occur for non-
linear ERS loads due to distinct and distinguishable characteristics of
the onboard power conversion system.

Fig. 21 reports the prediction times considering the largest spectrum
and VI diagram input data. The histograms were built with hundreds
of DAE prediction runs: although some variability is unavoidable (in
particular due to concomitant running programs and operating system
activity), it is sensible to say that VI diagram calculations are 50 %
slower than spectrum ones. Calculations were performed on Python
3.11, and the hardware is as follows: x64-based PC, 11th Gen Intel(R)
Core (TM) i7-1165G7 @ 280 GHz, 2803 MHz, 4 Core(s). In addition
to those quantified inference times, floating-point operations (FLOPa),
which measure the computational complexity of the models, can be
informed and compared to remarkable performance in the literature.
Table 6 summarizes the comparisons regarding the computational com-
plexity of the models in the literature compared with the proposed one,
highlighting the potential of the model for implementation with suitable
computational cost.

6.2. Explanations and visualizations of good classifications and
misclassifications

To explore explanations for correct classifications and misclassifica-
tions, especially with attention to FP and FN instances of the binary
classification in the rolling stock cases, one can examine the distribution
of operating and distortion conditions regarding the load identification
results. Additionally, this approach provides a good understanding of
the variety of operating scenarios involving both vehicle state and the
signature of waveform distortion and how the proposed methodology
can capture and deliver suitable performance for a significant portion
of those conditions. To exemplify and explain those aspects, the French
versus Italian rolling stock spectrum case is explored.
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with get TP, FP, TN, and FN predictions of both French DAE (top) and Italian
DAE (bottom).

Fig. 22 illustrates a scatterplot between fundamental RMS current
and total distortion, with TP, FP, TN, and FN predictions of both French
DAE and Italian DAE (considering the whole measured data for each
class). From these illustrations, it is possible to observe the success
of the methodology due to the coverage of correct load identification
across a variety of scenarios. FP and FN in novelty detection applica-
tions are often associated with borderline reconstruction performance,
where predicted instances are close to the threshold, which can impose
a degree of confusion similar to that of any other classification method.
As more distinguished load signatures are, fewer borderline predictions
will occur, addressing the problem discussed in the previous subsection.
Additionally, examining the scatter plots reveals abnormal conditions
associated with high distortion and low to mid current flow in the panto-
graph, which also explains FP and can be linked to transient conditions.
FN, on the other hand, is highly associated with very low levels of cur-
rent concentrated in that region for both French and Italian DAEs. This
phenomenon can be explained by the neutral sections in 50 Hz railway
supply systems due to phase separation. A neutral section is deployed in
electrified railways to prevent phase-to-phase short circuits when a train
transitions between railway sections supplied by alternating phases from
the public high-voltage network. Such transitory conditions impose an
additional challenges to NILM methodologies.

Additionally, Fig. 23 illustrates explanations for the reduced accu-
racy of French DAE, which are related to voltage supply conditions
causing anomalies in the data. These conditions are associated with an
increase in high-frequency content in the voltage supply. In Fig. 23, a
summation of VI diagrams for different CS scores of the test dataset.
Such conditions lacked sufficient examples to develop strong learned
features compared to normal conditions. Those samples, when mixed
under normal conditions, also reduce the overall performance of the
DAE in making threshold decisions with validation data. These aspects
also highlight the challenges of applying NILM in an electromagnetic
environment like railway systems.

Such approaches can support users and technical reports that uti-
lize this work methodology in providing explanations for classification
decisions in future implementations. Future work should also explore
anomaly detection to remove abnormal conditions that do not charac-
terize the waveform distortion load signature of the load under normal
conditions.

6.3. VI diagram input flattening and comparison with traditional
unsupervised machine learning

The impact of flattening 2-D input image data into a 1-D vector rep-
resentation on pixel adjacency and spatial structure is well understood
within the research community, consequently affecting the learning pro-
cess and feature extraction of machine learning algorithms. Flattening,
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Fig. 23. Summation of VI diagram images of the French DAE test dataset de-
pendent on the CS performance: below 0.4 (top left), between 0.4 and 0.5 (top
right), and above 0.5 (below).
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Fig. 24. Statistical and structural metrics for quantifying the impact of flattening
for Swiss (left) and German (right) inputs.

therefore, acts as a pragmatic simplification that enables the use of
a fully connected architecture for the DAE on high-dimensional data,
as explored in the VI diagram images in this work, without losing
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Fig. 25. Statistical and structural metrics for quantifying the impact of flattening
for French (left) and Italian (right) inputs.

the waveform distortion signature that is key to the classification ap-
proach. Although this argument is valid and previous literature has used
flattening combined with autoencoder-based models in a variety of ap-
plications [60-66], quantification of the input data for VI diagrams can
back up the fact that the impact on the spatial structure of the images
does not cause a significant loss of information critical to the novelty de-
tection task. For this application, the DAE only needs to capture global
patterns to generate meaningful reconstruction errors. Local adjacency
information lost in flattening is not required because novelty detec-
tion principles explored using reconstruction error detect or classify via
deviations in global statistical structure rather than fine spatial textures.
Figs. 24 and 25 illustrate the quantification, by means of scatter plots
and Pearson correlation, of metrics that demonstrate the change (from
original and flattened images) in first-order statistics, mean and vari-
ance, and higher-order structural properties such as correlation length
and spectral ratios differ. Although there is no established standard to
evaluate the impact of flattening high-dimensional images for fully con-
nected DAE, those interpretable metrics that show maintenance of the
overall distribution of the data and grounded classical image statistics
[67,68] can quantify how flattening affects global spatial structure, pro-
viding empirical evidence that our approach preserves key statistical
properties necessary for novelty detection approach on classification of
load waveform distortion signatures for AC railways and is additionally
validated on other benchmark loads. Moderate to high correlation is
observed for structural properties of the image between both formats.
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Fig. 26. Cluster separation utilizing k-means aiming binary classification between rolling stocks for the VI diagram cases: Swiss vs. German (top), and French vs.

Italian (bottom).

Additionally, the justification for using autoencoder-based recon-
struction error methodology for the waveform distortion signature
classification over other traditional unsupervised machine learning tech-
niques is related to the high-dimensional characteristics of the explored
data. Traditional unsupervised methods, such as k-means clustering,
cannot perform well, even with flattened input from VI, due to the
size of each input observation, which is 72,000 for rolling stock clas-
sification cases. The so-called “curse of dimensionality” describes the
phenomenon in which distances in high-dimensional spaces become less
informative, and k-means typically yields poor or unstable clusters with-
out first performing dimension reduction [69]. Such a previous step
is often recommended, utilizing methods such as PCA or autoencoder-
based methods, which allow for the assessment of a compact version
of the input data that represents the main features associated with the
observations. However, the objective of this paper is to explore high-
dimensional data classification combining a novelty detection approach
with DAE reconstruction error. Another aspect that can be mentioned
regarding the k-means is the limitation of yielding stable classifications
when each class can contain a variety of operating conditions and dis-
tortion patterns. Clustering techniques, such as k-means, can definitely
identify patterns in the data; however, there is no guarantee that the un-
supervised technique will accurately group the separation between two
different types of loads, such as rolling stocks, especially when impacted
by the high-dimensional characteristics of the data. Moreover, the vari-
ety of patterns and conditions (see Fig. 22) also affects the separation of
the clusters.

The quantification and assessment of the traditional unsupervised
performance on the VI input data can reveal both aspects associated with
the possible utilization of k-means clustering for classification. Fig. 26
shows the result of forcing a binary cluster for the separation of the
binary classification proposed in this work for the segregation of wave-
form distortion signatures from rolling stock, considering the VI diagram
cases (input data with 72,000 in size). The results show that the clus-
ters do not accurately separate the load signatures based only on the
load monitoring or type of load characteristics, but rather show a mixed
observation from both loads.

Additionally, the limitation of k-means in forming structured clusters
with high-dimensional data is illustrated by the VI diagram cases, which
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Fig. 27. Silhouette values assessment for both VI diagram cases, highlighting
the poor performance of k-means on high-dimensional data: Swiss vs. German
(left), and French vs. Italian (right).

utilize the flattened data again. For this purpose, Silhouette values [70]
are used to indicate the quality of cluster separation for a given number
of clusters, as illustrated in Fig. 27. Such results highlight the Silhouette
value close to zero, or values below 0.25, which indicate a substantial
lack of structure among the clusters and low quality performance of k-
means in handling data with such high dimensions.

7. Conclusions

This work has presented a classification methodology for load mon-
itoring based on RS waveform distortion signatures. The proposed
methodology combines the benefits and advantages of unsupervised
deep learning and RE performance classification for performing NILM
in ERS, adopting a novelty detection approach. The methodology was
applied to pantograph voltage and current measurements from four RS
items, which were compared in pairs of the same kind of railway electri-
fication. The methodology has shown suitable results with high accuracy
(average of 98.81 % for spectrum input and 97.77 % for VI diagram in-
put) and was subsequently validated with a load monitoring multi-class
classification problem using LIT-SYN dataset (achieving an average ac-
curacy of 99.13 % for spectrum input and 94.28 % for VI diagram input.

The paper has also discussed the main advantages and disadvantages.
High accuracy comparable with state-of-the-art methods, automatic fea-
ture extraction capability avoiding additional signal processing and
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parameter estimation, and suitable prediction time performance are
highlighted as advantages. However, some limitations should also be ac-
knowledged, such as finding one architecture that fits all DAE network
needs for multiple class problems and the drawback of novelty-based
detection techniques of worsening performance with strongly similar
parameters (not the case for RS classification and equally extensible to
many other classification methods, being implicit in the classification
problem).

From a PQ ERS perspective, the results provide substantial capabil-
ity for extensive application because the method can identify the main
distortion features for each RS. The methodology in fact can achieve
load disaggregation in an environment with a variety of disturbance
sources, tracking operating conditions down to the sub-second duration.
The method is also flexible accepting new classes (so new RS) with a
minimal learning phase.

Future work should consider the application to measurements from
other connection points in the system (such as the traction substation,
which represents the point of common coupling) and the implemen-
tation of a monitoring system together with a railway authority (or
infrastructure owner).
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