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Abstract

Non-active current in the time domain is considered for application to the diagnostics
and classification of loads in power grids based on waveform-distortion characteristics,
taking as a working example several recordings of the pantograph current in an AC railway
system. Data are processed with a deep autoencoder for feature extraction and then
clustered via k-means to allow identification of patterns in the latent space. Clustering
enables the evaluation of the relationship between the physical meaning and operation of
the system and the distortion phenomena emerging in the waveforms during operation.
Euclidean distance (ED) is used to measure the diversity and pertinence of observations
within pattern groups and to identify anomalies (abnormal distortion, transients, ...).
This approach allows the classification of new data by assigning data to clusters based
on proximity to centroids. This unsupervised method exploiting non-active current is
novel and has proven useful for providing data with labels for later supervised learning
performed with the 1D-CNN, which achieved a balanced accuracy of 96.46% under normal
conditions. ED and 1D-CNN methods were tested on an additional unlabeled dataset
and achieved 89.56% agreement in identifying normal states. Additionally, Grad-CAM,
when applied to the 1D-CNN, quantitatively identifies the waveform parts that influence
the model predictions, significantly enhancing the interpretability of the classification
results. This is particularly useful for obtaining a better understanding of load operation,
including anomalies that affect grid stability and energy efficiency. Finally, the method has
been also successfully further validated for general applicability with data from a different
scenario (charging of electric vehicles). The method can be applied to load identification and
classification for non-intrusive load monitoring, with the aim of implementing automatic
and unsupervised assessment of load behavior, including transient detection, power-quality
issues and improvement in energy efficiency.

Keywords: anomaly detection; deep learning; electromobility; energy efficiency; load
signature; non-intrusive load monitoring; traction power systems

1. Introduction

The problem of identifying harmonic sources has been a subject of discussion for a
long time, and various approaches have been proposed. Classical approaches used before
the advent of neural networks (NN), deep learning (DL) and artificial intelligence (AI) were
mostly based on harmonic signatures using active, reactive and distortion power or current
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quantities [1,2]. Elaborated transforms have been explored as tools to extract all valuable
information from raw signals. These include Fourier transform and its short-time version,
S-transform [3,4] and its adaptive version [5], wavelet transform (WT) [4,6] and empirical
mode decomposition (EMD) [7]. Such methods are particularly attractive when dealing
with transient phenomena [5,8,9], although there are approaches that involve feeding
such transients directly to the NN [10-12]. We emphasize that these approaches have been
proposed as tools to classify different power-quality transients [10,11] from a predetermined
list; only [12] addresses anomaly detection applied to the railway environment; however, it
focuses on transients identified by the Hilbert transform and uses a supervised method, like
a 1D-CNN. This demonstrates the novelty of the present approach, which covers anomalies
not previously identified and quantified with an unsupervised approach.

Despite the prevalence of a focus on the frequency domain in research produced until
the last decade, time-domain (TD) approaches have been also proposed and have become
more popular for use in combination with DL [12-14].

Non-intrusive load monitoring (NILM) and distortion classification aim at improving
the availability, quality and safety of modern grids [15-17] but face significant challenges
in presence of highly dynamic loads and non-ideal grid response. Whereas pure NILM
focuses on energy disaggregation of appliances, the use of distortion classification provides
important support for disambiguating typical scenarios involving contemporary switching
events, similar V-I patterns, etc. Load monitoring and classification can in general support
the following features:

e grid protection and management (including stability) that are applicable at large scales
(e.g., in distribution), but also at the small scale of a microgrid, including renewables
and highly dynamic or susceptible loads [18,19];

*  control of power flow to improve the quality of service, in particular in terms of
voltage fluctuations and transients [20];

*  power-quality control encompassing both traditional harmonic distortion and distur-
bance at higher frequency, which are emerging today as possible threats to grid control
and metering that directly affect power-line communication protocols [21-24]; past
studies demonstrate that interference with the metering function can occur at various
frequency ranges within the harmonic and supraharmonic domains, affecting not only
the overall intensity, but also specific parts of the waveform, as in the case of pulsed
disturbances [22];

*  energy efficiency from a multitude of perspectives:

- identification of energy-wasting devices or, in general, devices with less-than-
ideal power profiles [25];

- demand management and load balancing as part of grid control;

—  identification of power losses in susceptible grid elements (namely transformers
and cables) and in the loads themselves that occur as a consequence of exces-
sive distortion;

- correct accounting for harmonic power losses in the estimation of power absorp-
tion and energy efficiency [26];

7

* fair tariffing and billing, associating variable tariffs with the level of load “virtuosity
as soon as a load is connected to the grid; this includes linking tariffs potentially
disruptive events that may cause economic losses and also may incentivize improve-
ments in energy efficiency and reduce associated losses. Conversely, at the user level,
usage regulation encourages the use of low-price time slots, a change supported by
the use of smart meters [25].
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Another interesting application is the monitoring and evaluation of long-term unsu-
pervised power -quality (PQ) measurements as a form of big-data analytics [27]. A previous
application involving transient removal from recorded data in power grids is reported
in [28].

Even accurate and sophisticated DL methods can suffer from intrinsic variance in
input data (this will be addressed in this work by evaluating the effects of noise in input
data) and from the presence of new unlabeled data [29,30] (e.g., a new type of load or an
unforeseen operating condition).

Focusing on AC railways as a network featuring moving loads (the rolling stock, RS)
with variable powering and operating conditions (OCs), this study emphasizes single-point
monitoring methods applied at the pantograph interfacing port. While voltage drops can
affect voltage values along the contact line (and thus affect the calculated power terms
depending on the measurement location in the network), analysis of the pantograph current
alone offers an advantage because the pantograph current can be directly related to the
line current sourced by the Traction Power Station (TPS), which represents the internal
coupling point. In other words, there is a more accurate and direct relationship between
the TPS current and the RS pantograph current.

RS, with its absorption peaks during tractioning and intense reverse power flow dur-
ing braking, represents a challenging load, with highly dynamic behavior and continuously
changing feeding line impedance as it moves [31], which cause the voltage-current rela-
tionship to change continuously, especially at high frequencies. Complex and varying
harmonic patterns occur depending on the variable OCs [32] and are influenced by the TPS
distortion and nearby trains [33].

Basic signal-projection and -classification techniques applied to AC railway data were
evaluated in [34], exploring the benefits of each method (principal component analysis
(PCA) and partial least squares regression (PLSR)), and discussing TD features useful for
load monitoring and distortion tracking (average and extreme values, slope, intersections,
etc.) [35].

The number of candidate features that can be extracted with “classical” methods is
large. Al techniques can offer significant support for synthesizing pools of highly informa-
tive features [36]. Such techniques go through suitable projections and data-dimensionality
reduction, which are followed by clustering and classification, including identification
of anomalies and outliers [27,36]. For example, image-processing techniques may be
equally applicable to frequency-domain spectra [36] and TD waveforms, including V-I
trajectories [13,32,37,38].

Information available in TD waveforms can be further exploited by focusing on wave-
form parts that convey the most relevant information. The advantage of TD waveforms
lies in their close relation to load operation, which improves comprehensibility and in-
terpretability for the user. The combinations of information extracted from the TD raw
data and possible clustering and classification approaches are countless. Modern artificial
intelligence methods may help reduce this complexity, providing effective dimensionality
reduction on the one hand and profitable identification of informative features on the other
hand [39].

This paper abandons the more classical frequency-domain distortion indexes and
discusses the following points:

¢ Non-active current (NAC) provides good classification performance and characteriza-
tion of waveform distortion (WD).

¢  (lassification of unlabeled highly-dimensional WD data with a two-step method: first,
dimension reduction using deep autoencoder (DAE) and clustering for OC charac-
terization, labeling and anomaly detection (AD); second, cluster assignment based
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on Euclidean distance (ED) for segmentation of new unlabeled data (not clustered or
trained); this classification is unsupervised and has diagnostic and interpretative uses.
Alternatively, cluster categorization can be utilized for labeling the data, allowing
supervised DL algorithms to train and perform monitoring tasks, since such methods
depend on reliable labeling to perform well after training and validation. For that
purpose, a 1-D CNN is employed as a benchmark for supervised DL in classification
tasks, highlighting the potential of cluster-based labels.

Clustering reveals patterns associated with WD characteristics and system dynamics,
including anomalies, thus supporting the identification of outliers without the need
for a specific prior criterion. This is a point of novelty with respect to the majority
of previous studies and is demonstrated also by considering an additional example,
specifically, charging of electric vehicles (EVs).

Assessment of both classification methods using new unseen data from the same sys-
tem that are not labeled, but are assigned an OC by inspection of data characteristics.
Identification of informative waveform features to provide added value to the su-
pervised classification, focusing on the 1-D CNN and using gradient-weighted class
activation mapping (Grad-CAM).

The objective is not so much the general classification of PQ disturbances in a power
but the characterization of load operation and its changes in OCs to allow the identifi-

cation of different loads and the separation of anomalous cases, as well as of new, previously

unseen loads. This work characterizes WD by segmenting the associated mechanisms with

OC variations, allowing unsupervised load characterization. ED allows quantifying the con-

sistency of patterns originating from the same load, including applications for diagnostic

purposes, such as identifing outliers and anomalous cases.

The overall structure and the main contributions of this work are graphically described

in Figure 1.
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Figure 1. Overall graphical description of the paper structure and organization.
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2. Electric System and Related Power Theory

This section clarifies the approach to NAC extraction and the characteristics of the
studied electric system, which will be relevant in the later discussion of clustering and
fingerprinting.

2.1. Time-Domain Non-Active Power

Based on Fryze’s theory [40,41], a TD decomposition was applied to the measured
i(t) waveforms.

Starting from the active current component i, (t), the NAC i;(t) is then the difference
between the total current i(t) and i, (t). The components iy (t) and i;(t) are orthogonal, so
that they can be summed in quadrature.

ip(t)=Go(t) G= vz 1)
where the active power P is directly determined from its TD definition for a sinusoidal
signal of period T:

P=g ) i @)

The NAC i,(t) is calculated as the difference:

ig(6) = i(t) — ip (1) )

2.2. Description of the Electric Power System

Electrified railway systems (ERSs) feature long line branches (with power distribu-
tion mostly through overhead conductors) fed by one or more TPSs. In AC railways,
traditional TPSs provide power to the line through transformers, whereas more modern
converter-based TPSs interface directly and are a cause of increased background distor-
tion. AC railways may work in synchrony with the national grid (at 50 Hz or 60 Hz), or
autonomously at 16.7 Hz (in central Europe), using their own transmission grids [42].

The electrical interactions among the various elements (national and transmission
grids, TPSs, overhead lines, return current circuits, signaling systems, RSs, etc.) can be
complex. RSs are moving loads that operate dynamically with traction and braking intervals
but also include coasting and standstill. Besides converter-based TPSs, they are the other
major source of distortion due to a variety of static power-conversion systems that operate
onboard (for traction and auxiliary loads) and have emissions overlapping the background
distortion [43].

Identification and assessment of RS distortion has the following technical objectives:

*  compliance with distortion limits aims at preventing damage to the distribution system
and interference with other loads [44];

e  distortion limits are also set to limit interference with signaling circuits, such as track
circuits [45];

¢ traction line stability and limitation of overvoltages triggered by RS emissions [46,47].

3. Segmentation and Classification Method

In this work, the DAE is applied to the i,(t) part of the pantograph current, and
this step is followed by clustering. In [32], the DAE was applied to find patterns in
WD data of pantograph quantities, showcasing the potential of unsupervised DL and
clustering techniques (see Figure 2). While that method effectively characterized WD
short-term variations and their relation with OCs, some aspects were not investigated,
namely the following;:
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*  how to deal with variability or diversity within a cluster and how to use it to verify
new unlabeled data;

* the shape and compactness around the clusters’ centroids may be used to identify
anomalies and provide information for diagnostic purposes.

K-means

Pattern recognition
clustering

Inference/Assessment

ENCODER DECODER

Reconstructed
Input

Figure 2. DAE application to pattern recognition in WD data.

This work goes beyond the simple classification task by quantitatively assessing
the information conveyed by the various data features, starting the process from the
achieved cluster structure in order to provide segmentation of WD data, including AD.
This novel approach not only supports robust labeling of data, but also introduces two
unique classification methods:

*  one method is based on the ED of DAE features and predetermined clusters, evaluating
the capacity for transferring segmentation knowledge from the unsupervised learning
framework to new unlabeled data;

*  the other method uses a more traditional 1-D CNN, ensuring that labeling can be
explored with other DL techniques for independent validation.

3.1. DAE and Clustering for Data Segmentation and Labeling

DAE, an unsupervised learning model, is designed to learn a compact input data
representation, capturing its significant characteristics and patterns [36]. This enables the
model to achieve dimensionality reduction and feature learning. The architecture consists
of an encoder, latent space and a decoder.

The choice of DAE over other more traditional methods, such as principal component
analysis (PCA), is related to its capacity for modeling complex/complicated non-linear
functions with high-dimensional data [48]. While DAE uses non-linear activation functions,
PCA is limited to a linear transformation of data and thus has unavoidable limitations.

The encoder, a set of feed-forward filters, transforms the input data into the latent
space, where a reduced dimension and a defined number of features represent the data [49].
Simultaneously, the decoder, a set of reverse filters, produces the input reconstruction. By
targeting the input and performing back-propagation during training, the model learns the
underlying relevant features of the data. The difference between the reconstructed input
and the actual input updates the error term, using metrics like mean squared error (MSE)
or cosine similarity (CS), in case of highly-dimensional and noisy data.

The encoding step is described by (4):

z=f({W,b};u) = c(Wu +b) )
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where the input feature vector u is represented by the coded feature vector z, which
propagates through the hidden layers. W are the weights of the network, b is the network
biases, and ¢ is an activation function.

The decoding step is described by (5), where the coded feature vector z is mapped
back to the higher dimension reconstruction y.

y=f(W,b;z) =6(W'z+Vb) (5)

Table 1 describes the architecture and the hyper-parameters used in the DAE. The CS
is described by (6): it assesses the similarity between two vectors, A and B, by calculating
the cosine of the angle between them, resulting in almost unity values for similar vectors
and towards O for dissimilar or orthogonal vectors [50].

A-B " A;B;
CS = Liz1 AiBi (6)

IAUIBI o, a2y, B2

Table 1. Autoencoder Architecture and Training Hyper-parameters.

Layer Type Description
Input Layer Input shape: (15,000)
Dense (Encoder) 64 units, ReLU activation
Dense (Encoder) 32 units, ReLU activation
Dense (Encoder) 16 units, ReLU activation
Dense (Decoder) 32 units, ReLU activation
Dense (Decoder) 64 units, ReLU activation
Dense (Decoder) 15,000 units, Linear activation
Hyperparameters Optimizer: Adam; Epochs: 150; Learning Rate: 0.001

As illustrated in Figure 2, k-means clustering is applied to the latent space repre-
sentation of the data that are separated based on the WD characteristics extracted by the
DAE. The resulting clusters represent the data segmentation and also provide data labeling,
conveying information related to the RS OCs and WD.

The k-means clustering algorithm organizes data into a preliminary assigned number
of clusters N, [51]. It measures similarity using ED and employs centroids to represent each
cluster [51,52]. Its choice is motivated by its simplicity of interpretation and implementation,
together with the capacity for good performance with large datasets, scalability, and
suitability for multiple domains [53].

This approach resembles that used in [54] for the classification of PQ transients wave-
forms, although dimensionality reduction is achieved here with the DAE itself and not
by applying PCA at the autoencoder output. The PCA and CS were combined in [54] to
associate database labels with the cluster centroids from the observed data. Through this
approach, manual analysis of defining the events associated with the clusters is avoided.
However, this process requires a dataset with predetermined and reliable labels, and the
resultant classification of the clusters is made faster. It is a good alternative for PQ events
with such highly distinguishable and separated characteristics, but it is much less effective
when only WD characteristics without labels are subject to analysis. Addressing variation
of spectral content in the time domain requires that the features captured by the DAE
can distinguish unlabeled patterns (not known a priori) with a measurable diagnostic
parameter, as proposed in the present work. This process enables the creation of new labels
associated with WD features and system characteristics (such as RS type or its OC). The
approach in [54] is appropriate when the objective is to identify patterns and segmenta-
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tion with classification based on one type of event (e.g., voltage variations of different
magnitudes, such as dips, swells, interruptions, etc.).

Since the DAE provides data dimensionality reduction, the predetermined number of
clusters to be used in k-means N, is determined using the Calinski-Harabasz criterion [55].
The ED metric used by k-means will be further evaluated for AD.

3.2. Suitability of NAC for Fingerprinting

Good and consistent performance is provided by the active power index (API), which
calculates the active power component P, at each spectrum frequency bin and is able to
track the different behaviors of each component for each type of distortion. The use of
various non-active power terms has also been discussed in the literature as an indicator for
the identification of disturbing loads, both in the frequency domain [56,57] and in the time
domain [58,59].

The problem of selecting informative parts of the spectrum for RS classification was
investigated in [34], with the following results:

*  Active power vs. frequency Pj, preserves the sign of power absorption, distinguishing
between traction and braking conditions, and has good classification performance,
although its performance is not always better than those of harmonic reactive power
Qy, and harmonic current [j;;

*  According to the results of Principal Component Analysis (PCA), a small number of
the components of the active power spectrum Pj, account for the total energy, whereas
the components of the reactive power spectrum Qj, are more dispersed: the amount of
information contained in 20-28 Q;, components is equivalent to that contained in just
3 P, components;

e  Partial Least Square Regression (PLSR) has in general better performance than PCA,
although not in all cases;

¢  (lassification based on harmonic current Ij, is consistently better than that based on Q,
components, as was also demonstrated by the calculation of the “variable importance
in projection” parameter for PLSR.

In [34], the results of the confusion matrices for a wide range of cases (144 for Swiss
and German RS) showed that using I, may nevertheless improve P, if the data are suitably
projected and post-processed, potentially achieving better performance than PCA and PLSR.
The use of DAE in the present work is a step in this direction. A similar approach is followed
in [59], where the focus is on the first three odd characteristic harmonic waveforms.

Considering the current quantity as the input for monitoring, an approach using
diagnosis and classification has the advantage of being available at the TPS (or, more
generally, in an industrial or residential context at the point of common coupling), where
individual load current terms are aggregated. In addition, using the current alone and
ignoring the voltage makes it possible to follow the information from the loads to the source
almost unaltered, whereas the line voltage is affected by unavoidable voltage drops.

The focus on using TD information (thus preserving the waveform shape) shows
that i;(t) shows promise for distortion classification, as it is deprived of the preponderant
active current term. The investigation of the use of i;(t) in [58] was limited to showing
V-1 diagrams of it, which were compared to the complete V-I diagrams of the whole
input current i(f). The use of DL techniques makes it possible to use a broader range of
classification and diagnosis capabilities, as discussed below.

3.3. ED for AD and Segmentation of New Data

The ED between an observation of a cluster and its centroid may indicate similarity
to the identified pattern. It is in fact intuitive that points in the cluster space farther away
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might differ more significantly from the typical patterns characterizing that cluster. Such
abnormal ED variations may also indicate the presence of an anomaly (or outlier) in the
provided data. Thus, one possible application is that of data screening, in particular for
long-term recordings.

Observations with greater distances within a cluster might differ from the expected
pattern represented by that group, and one should be able to determine whether those
variations are due to the actual diversity of the cluster or whether they represent anomalies
within the data. This work proposes anomaly-detection AD based on the ED metric, as
shown in Figure 3.

Figure 3. Procedure to find anomalies within the assigned clusters.

AD consists on finding outliers based on relative ED within each cluster per the
following steps: calculate ED of each observation to the centroid; calculate the z-score of
such ED values; determine which observation distance represents an outlier by median
absolute deviation (MAD). As is known, with the median being a robust estimator of
location, MAD is a robust measure of the variability and scale of a data sample [60].
Observations with a distance from the median greater than 3 x MAD are considered
anomalies, following the criterion set forth in [61], who indicated a factor of 3 as a “very
conservative” choice, as also discussed in [62].

For a vector Y made up of N scalar observations, MAD is defined as in (7) for
i=12,...,N.

MAD = median(|y; — median(Y)]) (7)

Besides already labeled data, new unlabeled data may be screened for anomalies with
ED calculation. Based on the same ED, new data may be assigned to an existing cluster,
after which the centroid will be updated for the next new observation and its ED value.
The process is described in Figure 4.

Figure 4. Classification method based on ED and predefined clusters for unlabeled data.

3.4. 1-D Convolutional Neural Network (CNN)

A more traditional supervised-learning method may be adopted using a 1-D CNN
for that portion of data that is labeled (as shown in Figure 5). The dataset is separated for
training, validation and testing, allowing assessment of classification performance for the
target classes (using confusion matrix and balanced accuracy quantification). Later, the 1-D
CNN is also verified on unlabeled data as part of its testing.

DL models based on 1-D CNN are usually composed of the input layer, multiple
hidden layers, alternated convolutional and pooling layers, a fully connected layer, and an
output layer [63]. In an analog to the popular 2-D CNN, the 1-D CNN allows learning and
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identification of one-dimensional signals. A comprehensive 1-D CNN description can be
found in [12,63], where it was applied to similar tasks of classification of PQ events and
fault diagnosis. As inspired by the architecture proposed in [63], the model used in this
work is described in Table 2.

Training process

™ Lebeled Data: | [ I Labelsfor ||
| 80% for Training N clusters and |
|| 10% for Validation 1 anomaly |
|

|
|

I
| |
| _______________ ]

_______________ -
| Remaining 10% New unlabeled
Labeled Data data

Figure 5. 1-D CNN training and classification process.

The choice of 1-D CNN is justified not only by its popularity for PQ data classifica-
tion [36], but also by the following considerations [64].

e Unlike traditional machine learning methods (e.g., support vector machines, k-nearest
neighbors, etc.), 1-D CNNs can capture relevant features automatically from raw
data during training, which reduces the need for manual work and extensive signal
processing for feature extraction.

e Its architecture facilitates learning of local and more abstract features in different
steps of the learning process, which helps in identifying complex patterns in the data
(human processes or traditional methods are not so effective).

e This leads to the possibility of applying classification to raw data, which is challenging
but crucial for identifying waveform distortion patterns directly in the time domain.

Table 2. CNN Architecture and Training Hyperparameters.

Layer Type

Description

Sequence Input
1-D Convolution

Input sequence, 1 x 15,000 size
5 x 1 filter, 32 filters, causal padding

ReLU Activation function
Normalization Channel normalization
1-D Convolution 5 x 1 filter, 64 filters, causal padding
ReLU Activation function
Normalization Channel normalization
Global Avg Pooling Pooling across time dimension
Fully Connected Fully connected layer, 6 classes
Softmax Softmax activation
Classification Output Classification into 6 classes

Hyperparameters

Optimizer: Adam; Epochs: 30; Learning Rate: 0.01
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4. Results

AC railway data used in this work are taken from a public dataset [65]. They consist
of short TD recordings of pantograph current (and voltage) lasting five fundamental cycles
(at 16.7 Hz, this amounts to 300 ms) and selected from much longer recordings. Each of
them is tagged with the speed value, the overall absorbed rms current and the specific OCs.
The cited source [65] reports information on uncertainty and characteristics and installation
of the measuring system.

A set “1” of 5337 waveforms from [65] is used in the following steps: DAE application
and clustering for diagnostics and AD, labeling, and training/validation/testing of the
CNN. An additional set “2” of 3444 waveforms that neither the DAE model nor the 1-D
CNN was trained with is used in the following steps: testing of the classification method
based on ED and additional testing for the 1-D CNN. It will be referenced below also
as “unlabeled data”, as these waveforms do not belong to the dataset in [65] and are not
labeled based on the operating conditions.

At the end, Section 4.6 shows results that validate the methodology for application to
other power systems, segmenting unlabeled data related to an EV-charging infrastructure.

4.1. Diagnostic Results from an Unsupervised Learning Method

N; = 5 clusters resulted from set 1 over different OCs and confirm two aspects: WD
depends strongly on the OC and NAC is suitable for distortion signature tracking. The
results showed five clusters for patterns of non-active current distortion using the five-cycle
waveform as input. Those five clusters are distributed across different operating conditions
and confirm two aspects: first, the WD dependency on operating conditions, as seen from
the non-active current signature of the front-end power converters onboard the rolling
stock; second, the feasible usage of non-active current quantities as parameters for load
distortion signature identification in AC railways.

Figure 6 shows the i,(t) patterns for each cluster and their distributions over the input
power profile [66]. Cluster 1 (C1) captured patterns of high traction (HT), while Cluster 5
(C5) had medium traction (MT) signatures. There is only one cluster for medium-braking
(MB) and high-braking (HB) conditions, i.e., cluster 4 (C4). Cluster 3 (C3) indicates that
the patterns for low braking (LB) and low traction (LT) are grouped together, having
identified a similar WD behavior (the sign of the power flow is not explicit in i4(t)). Cluster
2 (C2) corresponds to the standstill or coasting condition, where auxiliary converters are
preponderant and some background distortion is also visible.
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Figure 6. DAE results showing the NAC 300 ms patterns for the 5 clusters and the cluster distribution
over the active power profile.
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WD patterns are thus classified with respect to OCs vs. RS active power. However,
the diversity and relevance of the clusters, and how the patterns differ from each other, are
also crucial aspects that need to be understood. One key method involves evaluating the
ED to the cluster centroid.

Figure 7 shows such ED values in matrix form and the ED distribution from the cluster
centroid (colored) and from the others (in gray). All clusters have possible outliers that
can indicate presence of anomalies within the groups. For C2 (standstill) ED values are all
compact and small, showing lack of variability. The physical explanation is that auxiliaries
have a steady operating point and that the triangular-like input current (see Figure 6) has a
repetitive WD. At the other end, C4 has stronger diversity and is quite dispersed, with large
variation in patterns (also visible in the V-I diagrams reported in [14]). One can observe as
well that some clusters contain more diversity than others, with this difference reflected
in the ED, as for cluster 4. All clusters have possible ED outliers, which can indicate the
presence of anomalies.

Figure 8 shows some examples, where a larger ED value implies more visible defor-
mation. In Figure 8a the ED d = 126.64 case is the typical C1 pattern (close to its centroid),
whereas the d = 802.50 case shows increased high-frequency components. In Figure 8b
d = 843.55is caused by evident deformation due to the presence of low-order harmonics. In
Figure 8c a substantial variation of the waveform envelope is visible, occurring at both ends
of the five-cycle interval (d = 857.09). An evident anomaly with d = 3762.18 is highlighted
in Figure 8d; this is one of the few cases of weird data picked up during the construction of
the original dataset [65], and demonstrates the usefulness of the proposed ED screening for
large amounts of data.

Figure 9 shows examples for the other clusters, illustrating various changes of shape
and underlying causes. In Figure 9a, the traces are similar, but with increasing distortion,
as if they describe slightly different behaviors within the same OC merged into the same
cluster: as shown in Figure 7b, C4 indeed has intrinsic variability. This is analyzed in
more detail in Figure 10, which shows low- and high-order harmonics (up to 2kHz) and
supraharmonics (up to the said 24.8 kHz):

e all such waveforms show a significant amplitude of fundamental (see Figure 10a),
ascribed to the reactive power, so they do not represent low-power transients, e.g.,
due to uncommon behavior of auxiliaries;

*  low-order harmonics are almost absent, as expected for normal operation where the
onboard four-quadrant converters (4QCs) follow a policy of cos¢ minimization (see
Figure 10b);

e high-order harmonics, instead, are characterized by the switching components of
the onboard 4QCs nominally at 800 Hz, so corresponding to the 48th harmonic; their
amplitude is in the order of 1 A, , as shown in Figure 10c);

*  quite notably the same amplitude can be seen in the lower supraharmonic range,
as allowed by the data sampling rate, showing two major peaks at about 5.8 kHz
and 10kHz, that are only apparently harmonically related, and other minor peaks
at 7.8 kHz and 11.5kHz (see Figure 10d); all peaks are confirmed by more than one
component coherently indicating amplitudes well above the background level;

*  beyond 15 kHz there are no visible spectral signatures, providing an indication of the
necessary bandwidth and sample rate.
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Figure 9. Waveforms with large ED values for (a) C4 and (b) C5.

The natural follow up of the exemplification of large ED values is understanding
which ones are really anomalies. This can be achieved without additional post-processing
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and visual inspection, simply by providing the distribution of the normalized ED values by
z-score (see Section 3.3).

Figure 11 illustrates the results for selected clusters indicating which instances are
classified as anomalies, found as follows: 14 for C1, 90 for C2, 26 for C3, 12 for C4, and
10 for C5. Those numbers can be related to the previous findings of pertinence and variety
within the cluster. C4 (see Figure 11d), for instance, is naturally more dispersed, allowing
more variations within the same pattern, which thus has fewer anomalies, while C2 (see
Figure 11b) has more anomalies because the pattern is more compact. Another physical
explanation associated with anomalies in C2 is the fact that, when there is no significant
power absorbed, all usually neglected small emissions from auxiliaries emerge, and the
chance of weird oscillations and other uncommon behavior, as well as manoeuvrers (like
pantograph down and up, circuit breaker operation, etc.) is more likely.
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Figure 10. Waveforms with large ED values for C4 and related harmonic and supraharmonic spectra:
(a) waveform examples for different ED, (b) respective harmonic components up to 30th, (c) respective
harmonic components between 30th and 120th, and (d) respective supraharmonic spectra.

Clustering and AD results proved to segment the input data, which were visualized
and validated using OC variations. However, the actual domain of the segmentation
happens in the time domain at waveform level, which is challenging due to the nonlinearity
and high-dimensionality of such data. This highlights the advantages and potential of the
methodology, since single waveform cycles contain the most meaningful, trustworthy and
granular representation of electric power systems conditions [67]. Figure 12 illustrates how
such segmentation can be visualized, highlighting the distribution of clusters during the
NAC variation on a longer time scale, where different OCs follow one to another.
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(d) C4.
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Figure 12. TD waveform segmentation based on DAE with clusters and AD: (a) raw TD data;
(b) segmented data (anomalies coloured as black and cluster separation according to Figure 6).

4.2. Classification Based on ED and Pre-Determined Clusters

The proposed method of Section 3.3 is now evaluated with new unlabeled data (set 2),
considering the cluster and anomalies identified as new labels. By applying the workflow
of Figure 4, results are obtained as in Figure 13. Since there are predefined cluster labels for
the new data, the results are expressed by distributing the classification over the RS power
operating points for comparison. At this point, domain knowledge and visualization are
essential for interpreting the results.

One can observe from the distribution in Figure 13a that the classification is reasonably
coherent with the expected cluster representation according to the OC. Few instances
marked with a circle are candidates for mis-classification, where the assigned cluster does
not match the associated OC. Additionally, the last step of the ED-based classification, in
Figure 4, identifies anomalies, and one can see that those wrong cluster assignments are
largely anomalies in the original data. In total, there are 110 anomaly classifications found
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True Class

in the new data, where 4 are for C1, 69 are for C2, 37 for C3, none for C4, and 11 for C5.
From a pattern identification viewpoint, those results are interesting since they can be
obtained through the well-defined quantity ED, transferring previous knowledge and data
classification to new unlabeled data.
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Figure 13. Classification results based on ED and predetermined clusters: (a) classification based on
the predetermined clusters (circles for evident mis-classification); (b) classification with AD (area
identified by the dashed horizontal lines).

4.3. Classification by 1-D CNN with Cluster-Based Labels

The results for set 1, based on clustering and AD, support the creation of labels that
impose classes on the data, carrying the association of OCs and WD. The presence of labels
opens up the opportunity to train more traditional algorithms like 1-D CNN, as described
in Section 3.4. Two points are discussed here: the validation of the labeling process based
on DAE feature extraction and clustering, and the performance of the 1-D CNN. After
successfully using 80% of the data for training and 10% for validation, the remaining 10%
was used for classification and to test the 1-D CNN performance (see the confusion matrix
in Figure 14a). The 1-D CNN performs well with the given labels considering the following
points: it is an unbalanced set of labels and data with high dimensionality. Considering
balanced accuracy (BA), since there is a significant unbalance between classes, the system
performed with BA =89.4% for the test set, in which the anomaly class prevalently pushes
down the performance (excluding it, BA =96.5%).
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Figure 14. 1-D CNN testing results: (a) test cluster-labelled dataset based on confusion matrix
(row-normalized) (b) new unlabelled dataset (squares indicate evident misclassification).

Figure 14b shows the results for the second set 2 of 3444 waveforms of new unlabeled
data. Lacking labels to use as reference for verification, comparison with the active power
distribution of clusters allows to check that the 1-D CNN classification is reasonable
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and coherent. A few results deviate from the expected OC associated with that cluster
(indicated by squares). Comparing the two methods, as in Figure 15, 84.66% of the 1-D
CNN predictions are in agreement with the ED method, without considering anomalies.

8Anomaly
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Figure 15. Confusion matrix (row-normalized) comparing 1-D CNN and ED classification methods.

From a general standpoint nearly 90% of accuracy, 96.5% excluding anomalous cases,
using real data in unsupervised learning conditions, is a significant performance, if we
compare to other previous works also using TD waveforms, but in supervised learning
conditions:

*  Ref. [13] reports quite a variable accuracy for the various classes of the PLAID dataset,
ending in 81% of balanced accuracy;

*  Ref. [37] shows values of average accuracy between 96.6% and 97.2% when working on
the LIT-SIM 5 dataset, that may be considered the closest example in that publication
to the present case; other past approaches reported in [37] range between 77.2%
and 95.4%.

It is noteworthy the absorption of anomalies identified by the unsupervised ED method
into the class C2 of the 1-D CNN method. This is at the base of the different scoring of
performance with and without the anomaly category.

For more insight in the performance of the 1-D CNN model, the gradient-weighted
class activation mapping (Grad-CAM) [68] can be employed for interpretation, by highlight-
ing the data segments that are key to classification [69], measuring their informative content.

Figure 16 shows three examples of correct prediction for C1, C3 and C4.

In the case of the C1 prediction (see Figure 16a), the highest importance is highlighted
in particular for the top and intermediate parts of the waveform shape, indicating that
those i;(t) segments are more important to determine C1 prediction. The highest value of
Grad-CAM importance is 1.84, while the average is 0.68. In that case, 53.4% of the input
signal is above the mean value. That signal characteristic can be associated with the high
levels of third harmonic in HT conditions, impacting significantly on the TD shape. It is
remarkable that the bottom part of each waveform period is not picked up by Grad-CAM:
the symmetry of the waveform can be observed, so that probably that part of the waveform
is just specular and does not add any innovative information.

Looking at the C4 case (see Figure 16e), the most meaningful waveform segment
identified by the Grad-CAM is the zero crossing and an almost 50% of amplitude range
around it. That might be associated with the change in the zero crossing direction due
to regenerative braking; the prominent distortion around the zero crossing is shared in
reality with C3 (see Figure 16c), which has the largest distortion to the point that the
waveform shape is quite different almost completely dominated by the 3rd harmonic. For
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C4, the highest importance value was 10.25, with an average of 1.56. Although the average
is significantly lower than the peak, only 26.6% of the waveform exceeds the average,
indicating that these segments have a strong influence on the prediction.
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Figure 16. Explanation of some test prediction of the 1-D CNN using Grad-CAM for correct classifications:
(a) true prediction for C1, (b) false prediction for C1, (c) true prediction for C3, (d) false prediction for C3,
(e) true prediction for C4, (f) false prediction for C4.

All the three insets on the left side of Figure 16 discussed above for C1, C3 and C4
are sided by an example of false prediction (or, misclassification), showing the similarity
and closeness of the waveform shape and distortion features. Although the waveforms
for C3 in Figure 16¢,d may appear visually similar to justify the assignment to the same
class (namely C3), Figure 16d actually marks the transition for a new operating state
(i.e., C4), as can be evidenced by the increased peak amplitudes and slight change on
waveform distortion. This part is particularly challenging due to the similarity of its
characteristics to those observed at the limits of normal operating conditions, leading to
greater confusion during classification by supervised models as 1-D CNN. It is important to
remember that the used labels are not derived from an external or predefined criterion, but
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are instead the result of clustering based on features extracted by the DAE. This inherently
introduces a degree of imprecision into the labeling process, as previously demonstrated
with “diagnosis” based on ED. In the case of the C4 class and its corresponding false
prediction (Figures 16e and 16f, respectively) it is possible to see that an apparently C4
waveform was classified as “Anomaly”, possibly because of larger high-frequency content,
visible in the double “tooth” in the hump above the zero crossing, whereas only one larger
tooth is visible in the C4 waveform on the left.

These Grad-CAM examples show that the 1-D CNN model can understand nuances
within the input data signals and exploit them to classify, while providing an indication of
the relative importance of even small waveform portions. They also demonstrate how the
model can shift its attention across the signal, which can be insightful for complex multi-
class classification tasks. The attention aspects, associated with WD identification, further
enhance the explicability of the analysis (crucial aspect within multi-domain application,
as pointed out in [70] for a similar application regarding power system transients).

4.4. Noise and Noise Effect

Some considerations are provided on the noise concept for the method. The experi-
mental data utilized in the work are already characterised by their own intrinsic electric
noise that is evaluated in the following to support the statement that the proposed method
is robust to data noise. Shifting to a frequency-domain interpretation, the NAC spectrum is
evaluated for the characteristic harmonic components compared to the adjacent incoherent
spectral frequency bins, assessing what is the amount of noise present in the data as input
to the DAE (see Figure 17).

It is possible to see in Figure 17c that the fundamental and low-order harmonics are
characterized by a 25-35 dB average SNR, whereas beyond the 17th component, included,
the SNR settles to about 20 dB going down smoothly to about 10 dB. This is confirmed by
the histogram of values in Figure 17b, where altogether they span between 5 and 40 dB,
excluding the two tall bins around 0.

These SNR values demonstrate how the proposed unsupervised method can deal
with a significant amount of intrinsic noise in the data. The negative values occurring
at low power levels are due to the operation of the traction converters in an irrelevant
operating region, featuring an overlap of distortion caused by onboard auxiliaries that is
not associated with the main characteristic harmonics. The many outliers (shown as red
crosses in Figure 17c) demonstrate the highly variable dynamic conditions.

The two classification methods explored in this work were then evaluated by injecting
additional artificial incoherent noise (white noise), thereby worsening the SNR values
and assessing the consequent performance. The affected components were those with the
largest SNR values, thereby reducing the SNR values globally to less than 20 dB (18 dB on
average, to be precise), implying a degradation of 12 & 5 dB.

The aim is to observe any possible shifts in the decision criteria and label assignment
during the segmentation of the “unlabeled data” in set2 (see Figure 18). The results
comparing the ED-based classification with and without additional noise are illustrated
in Figure 18a. Additionally, the ED classification is compared again to the output of the
supervised 1D-CNN model, and the results are presented in Figure 18b.
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Figure 17. Signal-to-noise ratio (SNR) distribution in form of box-plots of the input NAC data: (a) SNR
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of the spectrum up to harmonic order 119 (in the boxplot the blue box extends from the first to the
third quartile, the horizontal red dash in the middle is the median, and the remaining red crosses

are outliers).
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Figure 18. Confusion matrices for ED unsupervised method operation after injection of additional
noise reducing the SNR values below 20 dB: (a) comparison with performance without noise injec-
tion (original SNR); (b) comparison with the 1D-CNN classification both with the said additional
injected noise. Colours are chosen to visually distinguish the two cases and darker nuances underline

higher values.

As shown in Figure 18a there is substantial agreement on the class assignments, with
a maximum deviation of 2.1%. Anomalies are instead more dispersed, with some “leakage”
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(although less than 10%) to the classes C1 through C5 as a result of of noise hitting specific
waveform portions, such as the top- and zero-crossings.

Compared to 1D-CNN, Figure 18b is almost unaltered compared to the previous
Figure 15; the largest variation is in the correspondence between class C3 of ED and class
C4 of 1-D CNN, with a different of about 6%; all the other values are nearly the same, being
within 0.3% of each other.

4.5. Computational Times

This brief section discusses the computational time needed for the proposed unsuper-
vised DAE method using ED, including a comparison to the computational time needed
for the 1D-CNN. Results are shown in Figure 19 and show that the proposed method is
much faster and suitable for a real-time implementation, with the most likely value being
3.4 ms; all values are within 9.3 ms, with a maximum value of 6.9 ms at 99% probability. The
dispersion of computational times is caused by other concurrent processes on the hosting
computer, so the fastest times (which also correspond to the mode of the distributions)
provide the best estimate of the computational effort of the algorithm alone.
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Figure 19. Distribution of the computational times for 1000 tests of the unsupervised DAE method
and 1D-CNN reference method.

4.6. Application with EV Charging Data for Validation

As additional verification, the method has been applied to data measured on the
AC side of a 150 kW CCS charging station of a winter car-testing center in the north of
Sweden [71]. Several charging sessions lasting several days were recorded by sampling
at 40 kHz from the AC feeding lines upstream: the incoming power and associated NAC
were then analyzed. Depending on the model of the charging EV, power may vary between
25kW and 150kW; the charging times vary from as fast as 6 min to 3 h. Data were
recorded as short 500 ms records every minute using Rogowski current sensors. In total,
3338 snippets were captured and used in the proposed methodology. The objective is
to validate the method discussed so far by applying it to a completely new scenario, EV
charging, which carries significant applicability potential.

Clustering was performed on four classes, which led to the identification of one class
involved in the charging at the highest power level (C1), with the two others involved at
lower power levels (C3 and C4). The background noise with no EV charging was captured
by C2. The in-feed active power is plotted vs. time in Figure 20c, together with the four
identified TD patterns. It is possible to see that C2 consistently tags all background noise
samples, whereas Cl1 is reserved for high-power charging, occurring just above 100 kW;
the charging session on 10 February, carried out up to 100 kW, in fact, did not yield any
C1 pattern.
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Figure 20. Verification of EV CCS charging sessions for 3 consecutive days using the proposed
method: (a) 100ms long pattern waveforms of each NAC cluster (sample number on the time

axis); (b) corresponding current spectrum up to 10 kHz; (c) distribution of clusters over the active
power profile.

The spectra of the total current up to 10kHz for the respective clusters are also il-
lustrated. It is possible to see that C3 and C4 are very similar, with a slightly larger
high-frequency content for C4. C1 is characterized by the largest emissions, these being
approximately four times larger than those of C3 and C4 for the first characteristic harmon-
ics (the 5th, 7th and 11th are particularly visible in Figure 20b). The background noise in
between the harmonics of the fundamental is almost the same for all modes when charging
takes place (C1, C3 and C4), with a slight reduction for C1 between 800 Hz and 2 kHz.

Classification is consistent for the whole 3 days of operation used and reported

as an example.
5. Conclusions

The work explored Fryze’s TD NAC i, (t) to assess the signature of distorting loads
(AC railway RS and its onboard converters in the studied case, with the inclusion of an
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additional case of a CCS EV charging station for confirmation). The challenging aspects
arise from the RS’s highly dynamic behavior, as it passes through a wide range of power
levels while tractioning and braking. Peculiar WD can be associated with the varying OCs,
as confirmed by the analysis of the frequency spectra.

Unsupervised deep learning was used with i;(t) waveform samples as input. This
is a first point of novelty, as it focuses on the informative NAC rather than using the
entire V-I trajectory. The exploration of an unsupervised method using unlabeled data
is also noteworthy, in particular as it considers the achieved high classification score,
providing an interesting solution for the management of new loads, like those seen in
electromobility scenarios.

The application of DAE and clustering has identified patterns associated with RS OCs,
thereby showing the suitability of i,(t) for pattern identification and advanced monitoring.
ED was explored to evaluate cluster dispersion, and a new method was proposed for
identifying anomalies, input WD samples without defined criteria (so, “outliers”), and
unusual shapes. New data are then classified based on ED. Results were validated by
showing the distribution of classification indexes over the RS OCs; this way, one can
confirm the correctness of the data segmentation by its evident coherence with operation
and plausibility.

Later, the dataset [65] with cluster-based labels was used for supervised learning
with the 1-D CNN to compare results based on ED. BA achieves 96.5% agreement using
the testing portion of this dataset. When exposed to new unlabeled data, the 1D-CNN
achieves 89.6% agreement with the ED-based method for normal states. Additionally,
Grad-CAM was applied to the 1D-CNN model to quantify the importance of waveform
segments for prediction and highlight the different attention mechanisms depending on
the observed OC.

We here highlight that the work uses clustering and ED to evaluate real-world PQ
measurements and that the proposed methodology is capable not only of finding patterns
in WD data, but also of addressing uncertainty and inherent variability of the dataset.
In other words, it is possible to quantify the quality and consistency of observations,
screening to isolate bad, weird or simply unusual data (a feature that is extremely useful
with unsupervised measurement and monitoring and big-data analytics). In the studied
case, a few records were identified as having anomalous shapes that were not caught earlier
by the manual check carried out to build the original dataset in [65], thereby demonstrating
the practical validity of the method.

In addition, by classifying new data, this work showed the potential of this approach
for transferring knowledge and feature learning to other similar datasets.

Possible applications of this method include NILM aimed at the identification and
classification of loads by their distortion signatures, as well as the evaluation of PQ from
unsupervised long-term measurements for identification of outliers and weird data. The
range of high-power distorting loads and sources encompasses industrial drives, such as
those for large fans, pumps, compressors and other motor applications. They are interfaced
to the AC grid with converters that are either more traditional diode or thyristor rectifiers
or advanced active rectifiers of the same type as the RS 4QC considered here.

For modern renewable sources, such as photovoltaic parks, the AC grid interface
is implemented with an inverter with a grid-forming or grid-following operation. The
principle of operation is quite similar to that of the 4QC, having similar modulation and
switching patterns.

As anticipated, the method has been successfully applied also to a different scenario
for further verification: the charging patterns of a CCS charging station were consistently
classified over sessions lasting several days. This provides evidence for confidence in



Energies 2025, 18, 3536

24 of 27

References

applying the method to the forthcoming test campaigns of the Met4EVCS project [72],
which focus on conducted emissions and distortion caused by EV charging stations.

Besides the advantages visualized by the results, some considerations related to
possible limitations and negative aspects are highlighted below.

*  Cluster-based labels are effective in capturing the operational states and load char-
acteristics, enabling other classification algorithms to benefit from the structured
data. However, the anomaly category should be used with caution, as it is based
on previously known anomalies and may not represent new or previously unseen
events. In such cases, the proposed ED-based classification method becomes important
again, as it allows the identification of new anomalies that do not conform to existing
cluster boundaries.

¢ Additionally, the success of cluster-based segmentation and labeling remains highly
dependent on the clustering algorithm used, which in turn is determined by the data
characteristics and the distribution of the data in the feature space.

¢ Other limitations can be noted regarding the WD signature used. NAC is more
suitable for loads with strong non-linear behavior, so its performance may be limited
in systems with low non-linearity and distortion. On examination of the results in
the literature, it is easy to see that, currently, the category of distorting loads is much
broader than that of linear loads, which are mostly limited to heating elements, some
home appliances, and a few others.
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