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Abstract— The increasing amount of data from phasor
measurement units (PMUs) available in power systems around the
world lately has raised the need for automated, real-time event
assessment tools that can help operators extract relevant
actionable information in real-time. This paper investigates the
automated detection and classification of line faults, fundamental
frequency deviations, and oscillation events using PMU data and
machine learning (ML) methods. The study advances previous
research by implementing a variety of ML algorithms and
investigating the effects of feature engineering, classifier selection,
and dataset sources on algorithm performance. Using both field-
recorded and simulated data sources, it emphasizes the relevance
of data quality and dataset balance for algorithm training
purposes. The results underline importance of the well-labeled
dataset, effective feature engineering, and balanced data model
training using field and simulated data to achieve automated and
reliable event detection and classification using ML.
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I. INTRODUCTION

Increased deployment of phasor measurement units (PMUs)
creates new sources of data used for situational awareness,
automated control, and event analysis [1]. Since operators
cannot interpret large amounts of streaming PMU data easily by
a visual inspection in real-time, there is a need for machine
learning (ML)-based data analytics to automatically provide
quick assessment of the event types and potential impacts [2].
This paper focuses on the use of ML algorithms on PMU data to
automatically detect and classify critical events such as line
faults, frequency deviations, and oscillations that may be
disruptive to the electric grid operation.

Several studies have focused on using ML to identify line
faults. In [3], decision trees (DTs) are used to distinguish
between single-line to ground, line to line, three phase faults,
and normal operation. Reference [4] reports testing the ability of
several ML algorithms including Bayesian networks, support
vector machine (SVM), multi-layer perceptron (MLP), and DTs
in detecting and forecasting single-line to ground and three-
phase faults using simulated PMU data. An online event-
classifier based on quadrant discriminant analysis (QDA)
developed in [5] was used to differentiate between load loss,
generation dip, and line faults. To avoid overfitting the models
during training, the features in [5] were selected using sequential
forward selection (SFS).

The power system continuously operates in a quasi-steady
state which means small perturbations in generation or load
always keep the system away from an absolute steady state.
Consequently, the frequency of the power system is never
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constant at the nominal value (60 Hz in the U.S.) but varies
closely around it. The imbalance in generation and load results
in occurrence of frequency deviation events usually seen across
several PMUs in the system. Since detection of an event to a
degree depends on the PMU’s location relative to the event
location, reducing the dimensionality of the used data (e.g.,
using principal component analysis) was a common theme in
previous studies [6]. Work reported in [7]-[9] focused on
developing a methodology based on minimum volume
enclosing ellipsoid to classify the different types of events in the
power system including fundamental frequency events. It
demonstrated promising capabilities in event detection and
classification but was only tested on data from a few PMUs and
for a limited number of events. Several other studies were
successful in applying various ML algorithms for event
detection, ranging from hierarchical convolutional neural
networks to transfer learning to overcome the obstacle of lack of
sufficient labels [10]-[11].

We use the term “oscillation event” to refer to low-frequency
oscillations, which are often defined as oscillations of
frequencies lower than 5 Hz [12]. An oscillation can be
characterized by its frequency, damping, and mode shape.
Through the years, spectral and correlation methods, ringdown
methods, and parametric mode estimation from ambient data
have been used to study oscillation events [13]. Ambient
techniques estimate the modal properties from the system
responses to routine random load fluctuations. Conversely,
ringdown analysis techniques utilize system responses to
disturbances such as line tripping to analyze the nature of the
resulting oscillations. Yule-Walker [13], recursive least squares
[13], frequency domain decomposition [14], and stochastic
subspace identification [15] are some of the ambient modal
estimation methods, with the latter two used in [16] to analyze
the North American interconnection modes. The Prony method,
eigensystem realization algorithm, matrix pencil, variable
projection, Hankel total least squares (HTLS), and several
frequency-domain techniques are among the ringdown methods
[13], [17].

In this paper, we advance state-of-the-art of ML applications
on PMU data by: a) demonstrating improvements in ML
algorithm development by building on our experiences from
prior work on detecting and classifying specific event types, b)
implementing a family of ML algorithms that when applied to
streaming PMU data can automatically detect and classify
events caused by faults or other system disturbances, and c)
identifying the most successful variation of features, algorithms
and training datasets suitable for event detection and
classification tasks as demonstrated by the performance of the
models obtained through testing on actual field data.



II. DATA AVAILABILITY, PREPROCESSING AND USES

A. Field data

In this study, two sources of field-recorded data were used.
The first dataset provided by the Pacific Northwest National
Laboratory (PNNL) contains PMU measurements recorded
from a U.S. Interconnection over the period of two years (2016-
2017). This dataset was extensively studied in previous efforts
reported in [10]-[11] and [18]-[20] and will be referred to as US
field-recorded data. The experience with this dataset shows
several data quality issues, inaccurate labels, massive PMU
location sparsity, and imprecise event time-stamping. This paper
raises a question whether the algorithms that are trained and
tested using such incomplete dataset can be effective when
applied to a smaller dataset with much better quality from a
different power system.

The second dataset, provided by RTE, the French trans-
mission system operator, comprised PMU measurements from
10 PMUs over seven non-consecutive days, alongside a record
of 16 events. Despite being smaller in scale compared to the
other dataset, the RTE dataset furnished critical insights into
PMU locations, facilitating in-depth event location studies. As
an example, during testing of a model developed with the US
field-recorded data [20], the results from the tests on RTE data
revealed four additional line fault types that were not identified
through data visualization, confirming the model’s capability to
detect faults irrespective of the source of PMU data.

B. Simulated data

In addition to field data, the fault classification and
oscillation detection tasks also used simulated data as described
below.

Detection and classification of faults. We used simulated
PMU data to build a complete dataset that includes sufficient
samples of every type of line fault. The most common type of
line fault observed in the field-recorded data were single-line to
ground faults, with three-phase faults being the least frequent.
The use of simulated data was necessary to avoid the negative
effects that such an imbalance in field-recorded training data can
have on the performance of any ML algorithm. The simulation
in this case was created using PSCAD based on a model that was
designed by an IEEE Power System Relaying and Control
Committee (PSRC) working group titled “EMTP Reference
Models for Transmission Line Relay Testing”. This model,
shown in Fig. 1, was chosen because it was designed specifically
for testing transmission line relays. Using electromagnetic
transient analysis software such as PSCAD, as opposed to a
power flow simulation, ensures that the transient response due
to a line fault is accurately represented by the simulated data.
This PSCAD model allowed us to repeat the simulation process
with more flexibility by varying the PMU locations in the
system, and to create an extensive set of scenarios, placing every
type of fault at 10% increments on each line and varying the
seven possible locations of the PMUs (see Fig. 1).

Detection and classification of oscillation events. Due to the
lack of sufficient labels in the field data regarding oscillation
events, simulated data has been used for training supervised ML
models; this ensures sufficient availability of labels for
oscillation detection and classification. The training dataset was
generated by a noisy step input to a second order system with

signal to noise ratio (SNR) 10 to represent the ambient data that
includes process noise. The obtained response was subjected to
additional noise at the level of SNR 50 to represent the effect of
measurement noise. The amplitude, frequency, and damping
ratio of the second order system were changed to generate
different types of oscillations of interest for creating a vast
library of oscillation events with known labels.

BUS 1 BUS 2 BUS 4

Fig. 1. PSCAD simulation model.

III. METHODOLOGY FOR ML ALGORITHM DEVELOPMENT

A. Fault detection and classification algorithm

There are three crucial decisions involved in the
development of ML models that would detect and classify line
faults in a dependable manner: datasets, feature engineering, and
choice of ML classifier. The type of data used for this
development was three-phase voltage PMU measurements from
field-recorded and simulated datasets described in Section II.

a) Prior Work and Approach Taken in this Paper

In our prior work [19]-[20], we recognized that fault
modeling adds important data to the training dataset. Hence, in
this paper we introduced new simulated dataset based on fault
simulations from an IEEE power system model to aid in
developing effective ML model for detecting and classifying
events in field-recorded dataset from RTE. A sensitivity study
was designed to observe the impact training data might have on
the performance of the ML model. The sensitivity study was run
in two stages: a) evaluate the effect of new simulated dataset
versus the one we previously employed, and b) test the impact
of PMU location relative to fault location in the simulation
model on the ML model training. The feature engineering and
choice of ML classifiers were set based on the best-performing
candidates found in [19]-[20]. As a result, the preprocessing of
the RTE dataset involved the removal of continuous missing
data, NaN values, and faulty PMU signal data within a sliding
data window. The cleaned data windows were subsequently
subjected to detrending before integration into the algorithm.

b) Feature Engineering

The performance of any ML algorithm is highly dependent
on the effectiveness of the features used as input to the model.
We implemented physics-based feature designed with
knowledge of the domain of power system protection described
in our previous work [19]-[20]. These features are computed as
the normalized sum of the difference between the maximum and
minimum voltage magnitudes recorded within every 2-second
time-window, as shown in (1)-(2).

AVQ) = maX(Zggl)lngc) —min (V(D)yac) (1
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¢) ML Algorithms

We explored several ML algorithms for this application in
our previous work [19]-[20]. The algorithms considered for the
study in this paper are random forest, SVM, and MLP. Knowing
that SVM has shown the best performance in the past, it was
selected to build every model in this study.

d) Training and Testing Datasets

In this paper, we used different sources for training datasets
and a new source for a testing dataset (RTE). Data from RTE
was only used for testing due to its limited size and diversity of
faults. The first stage of the sensitivity study was carried out
using the new simulated data. We used the PSCAD simulated
data as training data, and the results were compared to the ones
obtained using data from [19]-[20], where we did not have the
flexibility to generate training dataset with a full variation of
PMU locations. The second stage of the sensitivity study aimed
to compare the performance of the simulated dataset as a training
dataset when varying the location of the PMU with respect to
the faults. For this stage, only faults created on the lines between
Bus 1 and Bus 2 were considered to create some distance
between the faults and some of the PMUs. Each PMU was used
to create a separate training dataset that was then tested on both
sets of field-recorded data. This resulted in seven use cases as
summarized in the results (Tables I and II).

Because the field-recorded data from the US interconnection
was thoroughly studied in our previous work, it was utilized in
this case as a benchmark testing dataset. Based on the weighted
Fl-score, the ML model with new simulated data performed
better at 0.91 accuracy as opposed to 0.88 by the previous
simulated dataset. This might also be attributed to the use of a
new power system model for fault analysis to represent fault
features more accurately.

B. Frequency event detection algorithm

Frequency related events primarily occur due to a mismatch
between generation and load. This could be caused by abrupt
load or generation changes, or also initiated by disturbances
resulting in network topology changes which, in turn, cause
load generation imbalance.

a) Prior Work and Approach Taken in this Paper

Previous attempts to examine such disturbances have
primarily relied on system models with simulations being
conducted to create and analyze such events [7]. Moreover, not
much effort has gone into examining PMU data to characterize
frequency events to identify signatures and capture precursors
for such events [8]-[11]. In this paper, frequency and rate of
change of frequency are examined to evaluate precursors of both
under-frequency and over-frequency events. A statistical
approach formulated as an ML exercise is utilized to identify
frequency-related events.

b) Feature Engineering
For the detection of frequency events, we use a hypothesis
test called the Wald Test [21] to compute features as input to a
ML framework and use only field recorded data from RTE and
the US interconnection. We use the mean and standard deviation
computed over a window of PMU-captured frequency
measurements as parameters on which hypothesis testing is done

to determine the occurrence of events. Mathematically, the Wald
Test is expressed as shown in (3).
H,
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where H, is the null hypothesis that claims that the mean
frequency, x4, of a sample window is statistically equivalent to
the population mean, 4, H; is the alternative hypothesis which
claims that the null hypothesis is false, and g, is the standard
error in calculation of mean. For a window consisting of n
sample frequencies, the standard error in computation of mean
is, 0, = 0/\n where o is the standard deviation of all
frequencies. Z, /, denotes the standard normal variable to the
right of which lies «/2 area of the uniform normal distribution
which has total area under the curve equal to 1. The null
hypothesis is rejected if the absolute value of the Wald statistic
is greater than Z,, /,, signifying the presence of frequency events.

¢) ML Algorithms

In this paper, the Wald Test is applied within a ML
framework by splitting the data into D1 days of training and D2
days of testing, such that D1 + D2 =D (where, D is equal to total
number of days for which data is available).

d) Training and Testing Datasets

During data preprocessing, instances of bad data were
removed from the training to determine the population mean and
standard deviation of frequencies for each PMU. We used a
threshold of frequencies greater than 40 (50) Hz to separate the
RTE (US) dataset into two groups: Group 1 (<40 (50) Hz) and
Group 2 (£>40 (50) Hz). Only Group 2 was used to estimate
population mean and standard deviation used for training. The
test files did not undergo such preprocessing. n and a are
hyperparameters, whose optimal values were found via tuning.

C. Oscillation detection algorithm

In this paper, we compared physics-based and ML-based
methods to detect and classify oscillations using recorded PMU
data as discussed below. The physics-based approach has been
developed in our previous work as indicated in the following
subsection. The ML-based approach developed in this study is
based on our experience with the physics-based approach.

a)  Prior Work and Approach Taken in this Paper

Ambient analysis and ringdown analysis are carried out for
oscillation detection and classification. The former encompasses
both time-domain and frequency-domain physics-based analysis
primarily utilizing ambient data. In this approach, fast frequency
domain decomposition (FFDD) [14], a frequency domain
analysis, is employed to obtain information on the system modes
such as their damping and energy levels during normal operating
condition. To validate the results obtained from FFDD, a second
method, namely, fast stochastic subspace identification (FSSI)
[15], which is a time-domain analysis, is also used.

Subsequently, ringdown analysis, a time domain-based
method is carried out using HTLS [17]. It offers detailed insights
into the excited mode during an oscillation event and its
damping information which is crucial for identifying and
categorizing them accurately. The analysis from physics-based



approach for events from RTE and the US field-recorded data
are presented in the results section.

b) Feature Engineering
In this work, a supervised ML algorithm was formulated
based on image recognition problem for classifying oscillation
events. The feature selection was done based on the nature of
the oscillation images. The time series of oscillation data was
used to create 128x128 pixel images as shown in Fig. 2.

Image of low damped

20 40 60 80 100 120

Fig. 2. Oscillation images: well-damped (above); low damping (below)

As shown in Fig. 2, the nature of the oscillation such as
whether it is well-damped versus low damping can be distinctly
observed in their pixel images. Hence, the pixel images of the
oscillation were used as features to train the supervised ML
model. The oscillation labels were set based on the damping
ratios in the simulated cases. Oscillation with damping ratio
ranges between 0 to 1% were classified as poorly damped; those
between 1 to 4% were classified as having medium damping;
and those above 5% were labeled as well-damped events.

¢) ML Algorithms

In the framework of this study, a multi-layer neural network
(MLNN) was used for the oscillation image classification.
MLNNSs can learn hierarchical features from raw pixel values.
The non-linear activation function of MLNNSs has the capability
to capture complex patterns and enable better discrimination
between different patterns [22]. In our studies, it showed
promising results for ringdown oscillation analysis by
classifying the associated pixelated images.

d)  Training and Testing Datasets

The training datasets having sampling frequencies of 30 Hz
and 50 Hz were generated from the second order system as
discussed in Section II.B to test the nature of oscillation events
in the RTE and US field-recorded datasets. RTE datasets
comprising data recorded from seven different days are utilized
for both physics-based methods and ML algorithms. In this
integrated approach, results obtained from physics-based
method are used as a label for those datasets to test the validity
of the ML results. Based on the damping characteristics, the
physics-based method classifies whether the oscillations are
well-damped, medium damped, or poorly damped.

IV. RESULTS AND DISCUSSION

a) Fault detection and classification results

The first stage focused on effects that the use of different
training datasets can have on the data model when tested on a
new, limited testing dataset. Section II contains a full description
of these datasets. Table I summarizes the results where the
weighted F1-score is used as the performance metric. There is a
significant improvement in performance seen when using the
US field-recorded data to train the model in addition to
simulated data. This improvement may be attributed to the noise
and randomness that exists in real PMU data that cannot be
captured by simulations alone. What distinguishes this model
from our previous work is that it does not require using part of
the new data for training. Further improvement in the
performance is also expected with a larger, more diverse testing
dataset. A larger testing dataset may have more instances of
double-line to ground and three-phase faults. These types of
faults are usually infrequent in field-recorded data, which is why
we supplemented the training data wusing simulation.
Consequently, the advantage of using simulated data to train the
model will be more prominent considering all types of faults,
and the overall accuracy of the model will increase.

TABLE L. LINE FAULT SENSITIVTY: STAGE 1

Training Dataset Testing Dataset Weighted F1-Score
PSCAD Simulated Data Field-recorded (RTE) 0.91
.PSCAD * U.S Field-recorded (RTE) 0.95
interconnection data sets

While gaining access to a larger dataset for testing may result
in a higher model accuracy, such data would most likely be
obtained from a sparse set of PMUs, which is a common
challenge. This prompts the question of optimal PMU location,
which motivates the next stage of this experiment. The second
stage focused on the effect of the location of the PMU relative
to the faults on data model accuracy. Such a study is important
for line fault detection since line faults are local events, often
having smaller impact on PMU measurements taken further
away from the fault location. Table II summarizes the results of
ML models trained using the seven PMUs shown in Fig. 1. The
testing dataset in this case was the US field-recorded dataset.

TABLE II. LINE FAULT SENSITIVTY: STAGE 2
Training Data
PMU) 1 2 3 4 5 6 7
Weighted F1- |, 55 | 091 | 091 | 090 | 0.90 | 0.91 | 0.92
Score

The results in Table II show that the best location to obtain
data to train an ML model that would be used in a different
dataset is PMU 7. This result was unexpected given that the
training dataset consisted of faults on the lines between Bus 1
and Bus 2 while PMU 7 is located at Bus 3. Nonetheless, this
can be explained by the fact that PMU 7 is situated at the center
of the model, though shifted outward. This means that it
observes faults in a more uniform manner while other PMUs
may observe some faults at closer proximity to be more intense
than others.

b) Frequency event detection results
We split the RTE dataset discussed in the previous sections
into 5 days of training and 2 days of testing, i.e., D1 =5 days,
and D2 =2 days. In the 7 days of RTE dataset, we identified six
frequency events from empirical analysis. Using Wald Test, we
want to detect these six events in our training and testing sets.



While separating days into train-test sets, it was required that
only those possible test combinations of 2 days having at least
one event was kept. 13 train-test combinations were found to
fulfill this requirement, and hence only they were used for
training and testing. The results are shown in first row of Table
III, which indicate that for a window size of 5 seconds and « of
0.05, all the events for the RTE dataset were correctly identified.

TABLE III. FREQUENCY EVENT RESULTS

Dataset Number Window a Max Min
of Runs Size Accuracy | Accuracy

RTE 13 5 seconds 0.05 100% 100%

UsS 7 2 seconds 0.05 100% 80%

For the US field-recorded dataset using empirical analysis,
19 events spanning 7 days and at the same hour were identified.
While separating days into train-test sets, it was required that
only those possible test combinations of two days having at least
5 and at most 6 events were kept. 7 train-test combinations were
found to fulfill this requirement, and hence only they were used
for training and testing. The results are shown in second row of
Table III for a window size of 2 seconds and a of 0.05. The
lowest accuracy occurs in one of the 7 runs when 1 out of 5
frequency events is misclassified.

¢) Oscillation event analysis results

i. Physics-based approach

For illustrating the oscillation analysis in RTE dataset, the
ringdown response of an oscillation caused by several events is
shown in Fig. 3 within the green window. To conduct analysis,
a window of 5 seconds is chosen for the ten RTE PMU bus
voltage magnitude signals. Detailed mode estimation is done
using HTLS within this timeframe, and the modal results are
summarized in Table I'V. It shows a dominant mode at 0.76 Hz
which is very well-damped with the damping ratio above 17%.
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Fig. 3. Ringdown response seen in the bus voltage magnitude signal of

PMU#9 in RTE dataset.

of about 86%. However, this 0.18 Hz mode was not excited
during the event analyzed in Table IV.

Likewise, ringdown analysis was performed on the US field-
recorded data system using HTLS. The analysis focused on the
PMU responses within a 10 second time window. The PMU data
from 118 bus voltage magnitude signals were analyzed using
HTLS. Modal estimates for these ringdown events are
summarized in Table V.
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Fig. 4. Reconstructed vs Original signal for the RTE oscillation event
TABLE V. MODAL RESULTS FOR US DATA
Mode Frequency (Hz) 0.41 0.69 0.82
Mode Damping Ratio (%) 9.72 8.78 9.29
Mode Relative Energy (%) 66.47 16.51 12.59

TABLE IV. MODAL RESULTS FOR RTE DATA
Mode Frequency (Hz) 0.76 0.25
Mode Damping Ratio (%) 17.23 3.83
Mode Relative Energy (%) 90.61 9.39

To verify the accuracy of estimated mode from HTLS, the
PMU signal in Fig. 4 is reconstructed using the estimated mode
properties shown in Table IV. The comparison of the
reconstructed signal with the original signal (see Fig. 4) shows
an excellent match confirming a reasonable mode estimation.
Since the damping ratio of the dominant mode at 0.76 Hz is very
high (17% as seen in Table IV), this oscillation event was
labeled as a well-damped oscillation event. The same held true
for the other oscillation events in the RTE dataset. For example,
on the third day of the RTE dataset, when ambient data analysis
was done, a 0.18 Hz mode with about 5% damping was found
to be the dominant mode by FFDD with an average confidence

ii. ML-based approach

The MLNN was trained for both sampling frequencies (30
Hz and 50 Hz). During the testing process, the testing data was
fed into the network in the moving window fashion. For the RTE
case, a 5 second analysis window with 0.5 second refresh rate
was used to test the ringdown behavior. The 3™ day of the RTE
dataset where the ringdown was detected by the physics-based
method was used for testing the MLNN. After the model
predicts the labels for the signals, the consistency window check
was implemented for two consecutive moving windows before
predicting the final label of the classification. This ensured
consistency in linear modal analysis as proposed in [17]. If the
consistency check was not met by the signal, those signals were
classified as misclassified labels. The following table shows the
labels predicted for the different PMUs by the ML approach. In
Table VI, WD stands for well-damped, MD stands for medium
damping, PD stands for poorly damped, M stands for
misclassified, and C stands for confidence. Table VI shows that
7 out of the ten signals were classified as well-damped responses
whereas the classification was inconclusive or misclassified for
the other three. We can summarize by saying that the event was
well-damped with, say a 70% confidence (7 out of 10).

Similarly, to increase the confidence of the ML model for
oscillation classification, two test datasets from the US field-
recorded data were tested as brake test events with analysis
window of 10 seconds and refresh rate of 1 second, respectively.
In the US datasets consisting of 118 bus voltage magnitude
signals 118, two ringdown cases are found from the physics-
based approach. MLNN classification is applied for each of
these signals for two consecutive moving windows. Table VI
shows that 106 out of 118 signal responses are classified as well-
damped for the first brake test event which leads to the
conclusion that the system response is well-damped with a
confidence of 90% (106/118) from MLNN analysis. For the
second brake test event, we can conclude that the system
response is well-damped with a slightly higher confidence of



92%. The second event occurred thirty minutes after the first
event and the system modal properties were mostly unchanged
from the first event.

TABLE VI OSCILLATION CLASSIFCATION USING MLNN
Labels WD | MD PD M C
Number of signals (RTE) 7 0 0 3 70%
Number of signals (US), first 106 0 0 10 | 90%
ringdown event
Number of signals (US), second 109 0 0 13 92%
ringdown event

It is important to point out that the training for the MLNN
was done using generic second order linear dynamic models
whereas the test results shown in Table VI for a field-recorded
RTE and US datasets show promising results in the transfer
learning capability of the proposed MLNN methodology. By
converting the time plots to pixelated images as shown in Fig. 2,
our methodology uses image processing-based MLNN for
oscillation classification which is both intuitive and powerful.

V. CONCLUSIONS

From the results, we conclude the following:

e The developed automated fault detection and
classification ML model may be applied to scarce
field-recorded data directly, eliminating the need to
retrain ML models using part of the data to which it is
applied. The goal for future work is to obtain larger
datasets for training and testing. Since larger datasets
usually involve sparse PMU locations, a sensitivity
study was presented to demonstrate how the locations
of such PMUs may be chosen.

e The Wald test, when implemented within an ML
framework, can successfully detect frequency events
in field-recorded PMU datasets even when the number
of events is very small. In the future, the identified
events can be utilized to provide inputs to more
sophisticated ML tools along with simulated data for
evaluating and determining precursors for such events.

e  Oscillation classification on the ringdown event shows
promising results. The ML approach can be further
extended in the future to do ambient analysis for the
oscillation classification of electromechanical modes.

In our continued work, we will focus on further tuning the
proposed algorithms’ performances through various sensitivity
studies associated with improved labeling and feature
engineering, and extending the algorithm testing on additional
field recorded data to be provided by RTE.
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