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Summary

This document summarizes the main results related to Detection and Prediction Tech-
niques, which is the focus of the Task 5.1, which complements the D5.3a. Specifically, this
report covers the theoretical and practical background supporting the first demo trials to be
presented in D6.2.
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1 Introduction

1.1 Objective of the document

This deliverable presents further results from the application of methods and algorithms
developed in the context of the FIREMAN project’s WP5, and in particular, we present three
major different Use-Case scenarios where variants of the QARMA family of algorithms has been
successfully applied in order to classify data instances with the help of derived Quantitative
Association Rules. Comparison with other algorithms is made whenever applicable. Besides,
another study case related to power grids is presented. In particular, we implemented the
framework developed in FIREMAN (see D5.2) considering a cyber-physical implementation of
microgrids in order to perform fault detection and diagnosis tasks.

The practical development of this task is presented in two open access repositories:

• Machine learning scripts specifically from FIREMAN https://github.com/

5uperpalo/FIREMAN-project

• Neural and MinExplainSet packages partly related to FIREMAN https://github.com/

ioannischristou/popt4jlib

1.2 Structure of the document

The remainder of this document is structured as follows. In Section 2, we present several
application of the Quantitive Assosiation Rule Mining Algorithm (QARMA) for rare event
detection following the previous results mainly presented in D2.3, D2.4, D4.2, D5.1, and
D5.3a. Section 3 introduces a power grid study case where fault detection and diagnosis are
carried out following the framework introduced in D5.2, which will be further extended in
WP6. Section 4 concludes this document.
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2 Applications of QARMA

In the first version of FIREMAN Deliverable D5.3 (D5.3a) we presented the QARMA family
of algorithms for mining Quantitative Association Rules in most of its variations, and then we
proceeded with the design of online or continuous (or incremental) learning versions of it.
For more details, please refer to D2.3 and [1] where the QARMA algorithm is presented in
detail. We also presented various fusion algorithms for predicting the value of class variables
in data both on classification and regression tasks. We presented some preliminary results on
regression tasks. In this updated version of the deliverable, we present a number of results
from three different Use-Case scenarios given to us by companies or researchers; in the first
case (Thyssenkrupp) we acknowledge gratefully the donation of the relevant dataset from the
corresponding manufacturer.

2.1 Optimal Process Parameters Settings for Thyssenkrupp Auto-
motive

2.1.1 Problem Description

Thyssenkrupp Automotive (https://www.thyssenkrupp.com/en/home) is a major Eu-
ropean automotive parts manufacturer, with offices and plants scattered around the world.
Thyssenkrupp France in particular is a major provider for steering wheel columns for the
country’s major auto-makers. The particular problem (with related dataset) donated to the
FIREMAN consortium is one of optimal process parameter determination with the ultimate
goal being the reduction of “not-OK” products that need re-work or worse, complete rejection.
The parts go through a series of work-stations (labelled “m1” through “m15”) before they are
processed in the last stage (“m15”). A product is considered “OK” when a particular param-
eter called “Q 15 Verschiebekraft F-Max Zone 1 ziehen” – from now on simply called “Q15”
– has value in the closed interval [30, 97.12]. The task is to determine process parameter
combinations, in any of the production stages, that when configured together lead to values
of the Q15 variable that is in the acceptable range. Such process parameter configurations
should have sufficient support and confidence to be statistically significant for the production
line engineers to accept.

2.1.2 Dataset Description

The data come in a set of files scattered across a hierarchy of directories as shown in
Figure 1. These files are generated in Q-DAS (https://www.q-das.com) ASCII Transfer
Format, usually from the QS-STAT program that is part of the Q-DAS suite of programs. In
each stage (“m3” through “m15”), several parameters that are applicable to the process for a
product part are recorded as a single record corresponding to a single line in a file whose name
contains the date when the processing took place in “YYYYMMDD#####” format and
extension “.dfx” (e.g. “202203290001.dfx”). An example of these records’ form is shown in
Figure 2. Each line is a record with values separated by the ASCII control characters DC4 and
SI (either one marks the beginning of new data value). The data value starting with a “#”
sign (‘hash-sign’) in the 5th data entry of each record, is the batch number of the process,
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Figure 1: DFD/DFX Files Directory Structure

Figure 2: DFX Files Structure

and together with the name of the file, form the key for the output values to be produced in a
single output file. The collected data correspond to a single day period (Mar. 22, 2022), and
the statistics of a few of the more than 400 different parameters are shown in table 1.

2.1.3 ETL Algorithm

Given the file structure described above, we have designed an “Extract-Transform-Load”
algorithm that synthesizes all data in the directory structure in a single comma-separated
values file (CSV) that contains a separate row for each part with the values of each process
parameter that were applied for this particular part in the same position within the row. The
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Table 1: Statistics for some parameters of the m3572 2 data

Var Name MinVal AvgVal MaxVal

P 03 Profen Mantelrohr 200 200 200
P 03 Profen Distanzrohr 200 200 200
P 03 Profen Haltering 200 200 200
P 03 Profen Innenrohr 200 200 200

P 03 Profen Klammerfeder 200 200 200
P 03 Profen Konsole 200 200 200

P 03 Profen Lenkspindel 200 200 200
P 03 Profen Ldngsanschlag 200 200 200

P 03 Profen Lager 200 200 200
P 03 Durchmesser Lenkspindel 21,11586 21,40673 21,54837

P 03 Profen Raststern 200 200 200
P 04 Profen Ldngsanschlag rechts vorhanden 200 200 200
P 04 Profen Ldngsanschlag links vorhanden 200 200 200

P 04 Analogsensor Ldngsanschlge 2,100496 2,501101 2,799982
P 04 PM1 Fogen Holsen Fogeposition 0 nan 0

P 04 PM1 Fogen Holsen Endkraft 0 nan 0
P 04 PM2 Fogen Holsen Fogeposition 0 nan 0
P 04 PM2 Fogen Holsen Absolutkraft 0 nan 0
P 04 PM3 Fogen Holsen Fogeposition 64,7246 64,86874 65,0198
P 04 PM3 Fogen Holsen Differenzkraft 400,771 425,1531 469,0084

P 04 PM4 Fogen Holsen Endkraft 0 nan 0
Q 04 PM4 Fogen Holsen Fogeweg 0 nan 0

P 04 PM4 Fogen Holsen Position Kraftenschwelle 0 nan 0
P 04 Fogen Holsen F-Max Zone 0 74,32727 122,0263 137,0831
P 04 Fogen Holsen F-Max Zone 1 132,2913 191,235 227,981
P 04 Fogen Holsen F-AVG Zone 1 32,92879 89,18433 103,0631
P 04 Fogen Holsen F-Min Zone 1 -68,1107 -8,16174 7,565041
P 04 Fogen Holsen F-Max Zone 2 630,2349 735,3908 1044,02
P 04 Fogen Holsen F-AVG Zone 2 251,3138 320,9449 382,7711
P 04 Fogen Holsen F-Min Zone 2 -62,8544 61,71461 97,2619

P 15 Schlieen Griff M-Max Zone 0 REWORK 8,719818 8,719818 8,719818
P 15 Schlieen Griff M-Max Zone 1 REWORK 9,638685 9,638685 9,638685
P 15 Schlieen Griff M-AVG Zone 1 REWORK 8,840131 8,840131 8,840131
P 15 Schlieen Griff M-Min Zone 1 REWORK 7,795307 7,795307 7,795307
P 15 Schlieen Griff M-Max Zone 2 REWORK 8,198031 8,198031 8,198031
P 15 Schlieen Griff M-AVG Zone 2 REWORK 6,915268 6,915268 6,915268
P 15 Schlieen Griff M-Min Zone 2 REWORK 5,646272 5,646272 5,646272

P 15 Schlieen Griff Schraubwinkel REWORK 0 nan 0
P 15 Schlieen Griff Steigung REWORK 0 nan 0
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parameters for the module “m01” are specified in the first columns of the CSV file, then the
parameters for the module “m02” are specified and so on. When a particular part number
does not have corresponding data in any of the files in a work-station, the corresponding row
positions are filled with a question mark “?” indicating an ”N/A” value. The entire Python
code implementing this ETL algorithm is shown in Appendix A.

2.1.4 QARMA Results

In Figure 3, we show the rule inspection and editing tool specially developed for
Thyssenkrupp to let the shop-floor engineers decide which of the derived rules to try to apply
to their production line. The shop-floor engineers look for the simplest rules first (ones that
have only one antecedent), and if the length of the interval specified in the rule’s antecedent
is less than the minimum length that the corresponding process parameter can be safely set
within its bounds, the engineers increment the length of this interval by using the tool’s GUI
elements, and check in real-time how the rule’s confidence (but also its support) may dete-
riorate as a result of the interval’s ends change. Once the interval has sufficient length and
confidence remains high enough, the interval ends are recommended as appropriate production
parameters. All derived rules have as consequent the condition that the final product passes
the test for the variable Q15 with probability greater than equal to 99%. The tool has filters
that apply at the rule level, by setting minimum threshold values for the support and/or con-
fidence of the rules to show; it is also possible for the user to specify a minimum, maximum,
or exact value for the number of antecedents a rule should have to be displayed in the main
list panel of the tool window.

Once a rule is selected, the parameters of the antecedents conditions are shown in the list
labeled “Parameter To Modify” in the list panel immediately below the rule list panel. In fig.
3, the two parameters to modify are the variables “P 05 Lager in Mantelrohr F-Min Zone 2”
(a process parameter belonging to the “m05” module) and the “P 14 Schrauben Kabelhalter
1 M-AVG Zone 2” (belonging to the “m14” module). When the user clicks on any of these
two parameters, the current values for the ends of the interval which is determined by the rule
that the parameters must belong to, are shown in the line below, along with a graphic that
allows the user to see the current confidence of the rule (as the green-colored percentage of a
pie) and a representation of the allowed width of the parameter specified by the rule, compared
to the total width of the parameter as determined by its extreme values in the dataset from
which the rule was derived (as the blue covered segment of the total white line below the
“confidence circle”.) The numbers below this horizontal line indicate the current number of
instances satisfying the rule vs the number of instances satisfying the antecedents of the rule
only vs the total number of instances in the dataset. At this point, the user has the ability
to modify the ends of either point of the interval in which the selected parameter must lie,
and see for themselves how the support and confidence of the rule change in response. In the
screenshot, the entire set of 102,333 rules are available for visualization and editing if the user
wishes to do so.

The ruleset was produced assuming a minimum support threshold of 0.6% and minimum
confidence threshold of 80%. The found rules’ support and confidence are distributed according
to Table 2. For example, there are 5255 rules having support at least 1% and confidence at
least 85%.

Project Title: FIREMAN
Project Coordinator: LUT

8/23 https://fireman-project.eu



Version 1.0, 31/8/2022

Figure 3: Rule Inspection and Editing Tool

Table 2: Thyssenkrupp Dataset #Rules Distribution.

Min. Supp\Min. Conf. >=80% >=85% >=90% >=95% >=99%

>=0.6% 102,333 25,452 5,394 681 76
>=1% 20,696 5,255 677 37 0
>=5% 476 0 0 0 0
>=10% 0 0 0 0 0

2.2 Diesel Engine Fault Detection

2.2.1 Problem Description

A second Use-Case arises from the application of classification algorithms to the problem
of detecting faults in a diesel engine, similar to the problem of selecting faults in power grid
lines (Gutierrez-Rojas et al. 2022). In this case however, there are significantly more sensors
that provide sensor readings for the engine state to be detected [2], which makes the problem
more challenging for QARMA since the resulting dataset is a fully dense table with 97 columns
which means there are in the order of 297 different attribute combinations to check (which
follows directly from Newton’s equality (1 + 1)n =

∑n
k=0

(
n
k

)
. To reduce the number of total

“itemsets” to check, only rules of 1 or 2 at most antecedents are considered in the following
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run, resulting in a total of 842 = 7056 qualitative rules to be quantified (see below why only
84 variables were considered.) Further, each derived rule should have minimum support of
0.5% and confidence 80%.

2.2.2 Dataset Description

Diesel engines are used in the offshore industry (oil and/or natural gas mining) in the
main propulsion system, in the electric power generators or in the mechanical drive of pumps
and compressors [2]. Therefore, there exists a very heavy dependence of the entire chain of
offshore operations on the uninterrupted good working order of diesel engines. In order to
better maintain such engines, and more importantly in order to be able to predict ahead of
time an imminent failure of such critical machinery, engineers rely on the timely collection of
lots of state and other variables from sensor readings in order to use them in classification
algorithms that can detect problematic conditions that may jeopardize the future operation of
a diesel engine.

The dataset presented to us was generated from a set of simulation algorithms using
manufacturer data, so as to present all possible fault conditions of the diesel engine. It
comprises a matrix of 3,500 rows by 98 columns (the last one being the fault condition
represented by each row). The dataset contains the following operating conditions [1]:

• Normal (no faults): no fault situation is reproduced and presented in 250 instances total.
Adding 0.1% of the maximum possible severity, that has Gaussian normal distribution
(probability coverage from 0 to 0.1 %) allowed to create 51 distinguished instantiations.
The idea is to emulate the normal operating condition, where machine variables fluctuate
within a small range.

• Intake manifold pressure reduction: few instances with severities of [1, 2, . . . , 50] %
related to variable ∆Pr reconsidered and has 250 instances in total.

• Cylinders compression ratio reduction: all the cylinders create the instances. Couple of
instances with severities of [1, 2, . . . , 50] % that relate to variables ∆ri and cylinders
from 1 to 6 are considered. 300 instances for each cylinder, what is 1500 cases in total.

• Reducing of the fuel intake into the cylinder: all the cylinders create the instances.
Couple of instances with severities of [1, 2, . . . , 50] % that relate to variables ∆mci and
the cylinders from 1 to 6 are considered, so that there are 300 cases for each cylinder
and 1500 in total.

Overall therefore, the entire dataset (at the 0dB SNR, meaning it contains very high
noise levels) consists of 3500 fault cases, which represent 4 distinct operating conditions, that
are however highly imbalanced: normal condition represented in 250 instances; 1-fault class
also represented in 250 instances; and the 2-fault class and 3-fault class represented in 1500
instances each. The “independent” variables are named as follows:
Mp1. . .Mp6, µ1, . . . µ6, Fk1. . . Fk24, Ak1. . . Ak24, Pk1. . . Pk24,
DP, fcomp1. . . fcomp6, fcomb1. . . fcomb6
From those variables, we only use the first 84 variables, since it is only these variables that are
mentioned to form the “feature vector” of the diesel engine [2].
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2.2.3 QARMA Results

QARMA was used to produce rules based on a training set that was a random shuffle of
90% of the original dataset. The remaining 10% (350 rows) was used for testing purposes.
The fusion-based prediction algorithms using the QARMA resulting rules that are described in
D5.3a, give a final total prediction accuracy of 79.5% on the test dataset, and the following
prediction matrix:

A major problem with the results in Fig. 4 is that the QARMA-based algorithm failed to
predict at all the class 0, even though 20 instances of it were in the test set. This is likely
due to the characteristics of the particular class which give rise to a few rules above the given
support and confidence thresholds; unfortunately then, a number of other rules (predicting
class 2 or 3, the majority classes) apply to the given class-0 instances, resulting in wrong
classifications.

When comparing with Neural Network techniques, we get the following results presented
in Table 3. There, the column “paper” ANN refers to the results obtained in [2], while the
columns “Deep NN” and “Deep NN with dataset balancing” refer to experiments with Deep
Neural Networks carried out in [1]. As can be seen, QARMA offers essentially the same
performance as Deep NNs but with the added advantage of having explainable outcomes that
can be used to both explain and interpret the decisions of the algorithm.

Figure 4: QARMA confusion matrix for the diesel engine dataset.

Table 3: Comparison of QARMA with Various NN architectures.

Paper ANN QARMA Deep NN Deep NN with dataset balancing
75.7% 79.5% 80% 79.5%
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2.3 Detecting Adulterated Fuel Using OBD Sensor Data

2.3.1 Problem Description

The basic functions of modern vehicles depend on electronic systems, which are developed
according to automotive requirements to maintain reliability during the entire engine lifetime
and manage emission levels according to the limits approved by local legislation. Emissions
levels can be monitored by standard digital data available for inspection. The engine and
other vital components for emissions system operation must ensure that they keep these
emission values within few parameters approved by law. The Electronic Central Unit (ECU) is
responsible for this management through several signals provided from various sensors. Based
on these signals, it is possible to monitor the status of the exhaust gas treatment system at
any time. Part of these data must be made available on the standard On Board Diagnostics
(OBD) connector, that utilizes a standard interface protocol. Besides these two main objectives
however, the OBD System can evaluate the use and driver behavior through the analysis of
some signals such as throttle position, steering movement, speed, etc. The entirety of this
information can then be used to detect whether the fuel being burnt at the current time has
been adulterated or not, a problem that is becoming more prevalent in times when fuel costs
rise especially in poorer countries where it is difficult to enforce the law all the time and in all
places. The problem is therefore to develop an algorithm that can detect whether the current
fuel tank contains adulterated fuel or not, based on the sensor readings provided by the OBD
interface.

2.3.2 Dataset Description

The dataset is a time-series dataset that comprises of measurements read from the OBD
(On-Board Diagnostics) Interface of a standard late-generation car that had been fueled with
clean gas, as well as adulterated gas with 5% water, the problem being that gas adulterated
by any percentage higher than 10% leads to the destruction of the engine [3]. The tests were
made on the same day, thus the environmental conditions in which the engine was performing
were essentially the same. The variables gathered on each test run were the following:

• Time of the measurement

• EngineLoad(%)

• FuelTrimBank1LongTerm(%)

• FuelTrimBank1ShortTerm(%)

• FueltrimBank1Sensor1(%)

• O2Bank1Sensor1Voltage(V)

• AbsoluteThrottlePositionB(%)

• RelativeThrottlePosition(%)

• EngineRPM(rpm)
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• IntakeAirTemperature(◦C)

• EngineCoolantTemperature(◦C)

• AdulteratedFuel(Y/N) (class variable)

Despite the fact that the dataset is a time-series dataset and can therefore in principle
be beneficial to use previous time measurements to include in the current instance, we treat
the dataset as a non-time-series one, in other words, we exclude the time-column information
from the dataset.

2.3.3 QARMA Results

In the relevant paper, Marchezan and Giesbrecht (2021) use clustering and Self-Organizing
Maps to obtain a final classification accuracy of 89% (and an F-1 score of 91%). Using
QARMA, we obtain all rules with up to 3 antecedents, minimum support of 1.5% and minimum
threshold of 90%, on a subset of the original dataset that contained 1500 rows of the original,
randomly selected (the remaining 344 rows selected for testing purposes).

This gave rise to a total of 138,690 rules, as can be seen in Figure 5. The results of
applying the fusion algorithm described in FIREMAN deliverable D5.3.a, as well as those of
applying standard ML algorithms on the dataset are shown in Table 4. As can be seen, all
major classification algorithms (ANN, SVM) including Radial Basis Function Networks and
QARMA result in very high classification accuracies on the given dataset (above 95%), but
QARMA has the added advantage of offering explanations for its predictions.

Figure 5: Rules Found by QARMA for the Adulterated Dataset.
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Table 4: Comparison of QARMA with Other Classifiers on the Adulterated Dataset.

Classifier Accuracy% on Test-Set
Marchezan & Giesbrecht (2021) [3] 89%
ANN (1-hidden layer) 99.7%
SVM 99.4%
RBF Network 98.5%
QARMA 96.5%

3 Fault diagnosis in grid connected inverters with the aid
of an optimized digital twin

In this section, our focus is on fault diagnosis in grid connected inverters. In particular, a
hyperparameter tuning based Bayesian optimization of digital twins is carried out to diagnose
various faults in grid connected inverters. As fault detection and diagnosis require very high
precision, we channelize our efforts towards an online optimization of the digital twins, which,
in turn, allows a flexible implementation with limited amount of data. As a result, the proposed
framework not only becomes a practical solution for model versioning and deployment of digital
twins design with limited data, but also allows integration of deep learning tools to improve
the hyperparameter tuning capabilities.

3.1 Background

Although many efforts have been carried out on virtual synchronous generators (VSGs) to
expedite stability under different grid conditions, their operation under faults or large signal
disturbances still remains a challenge [4]. Anomaly detection strategies are thus required
to enhance security and reliability, and enable a widespread penetration of converters in the
grid [5]. Most of the anomaly detection methods in the literature rely on classic strategies
like switching pattern and voltage observers [6, 7] or frequency analysis [8]. Despite the
effectiveness of these approaches, they are quite application dependent, focused mainly on the
modulation techniques.

To this end, digital twins have recently gained popularity as an emerging digital technology
for monitoring long-term and short-term anomalies [9], [10]. However, their efficiency is largely
administered by the quantity as well as quality of data [11]. Hence, we aim to solve this problem
by applying online optimization of a digital twin using a Bayesian framework, which tunes its
hyperparameters with formal guarantees that the uncertainty can be reduced over time. To
demonstrate the proposed optimization framework, we use the following variables (in Fig. 6)
in the VSG controlled grid-forming converters (GFM):

x = [vg, io, ω, vdc, P,Q], u = [Pref , Qref ] (1)

for the anomalies: (i) line-to-line faults, (ii) sensor faults, (iii) single-phase voltage sag and
(iv) three-phase faults. Hence, we treat this problem as a multi-class classification task.
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Figure 6: Schematic of the proposed optimization framework of digital twin, with pre-existing and publicly
available modules for fault detection and classification [12]. Here, we focus on improving the models and
Model builders blocks.

3.2 Approach

We design a surrogate SISO model [13] of the considered system in Fig. 6 by broadening
its domain knowledge using steady-state features as well as fault instances. It is noted that
we consider a relatively small dataset of 100011 set-points to expedite the learning capabilities
of digital twin using the proposed optimization framework. We then split the dataset into
training, validation and testing parts in 8:1:1 ratio, following the machine learning performance
evaluation standards. In testing, we combine validation and testing datasets, since both of
them were not used for training of the models. The solution for the GFM use case is then
adjusted to implement an experiment tracking, model versioning and deployment block as part
of the pre-existing solution (illustrated in Fig. 6).
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3.2.1 Model selection

We follow a structured approach to design a solution from ”out-of-the-box” open-source
components, and combine them to obtain the best possible results. Our focus is on the
availability of the state-of-the-art methods and possibility to use the solution ”as is” in the
production environment, by leveraging scheduling, parallelism, early-stopping and model de-
ployment of components, i.e., provide production-ready solution based on most recent machine
learning research and development. In particular, we narrow the search for the best suitable
model for digital twin into four categories:

• AutoML baseline model: We use automatic machine learning (AutoML) implemen-
tation by H2O [14] as a baseline for our adjusted and fine-tuned models.

• Traditional baseline models: We use traditional machine learning methods to sup-
plement complex ensemble methods from AutoML.

• Gradient boosting machines (GBM) models: GBMs are one of the most popular
methods used to solve a variety of tasks in Kaggle1 competitions. We focus on Light-
GBM [15] due to its performance and easy-to-use application programming interface
(API) to implement custom objective and loss functions.

• Deep learning (DL) models: We use state-of-the-art machine learning models, in-
cluding Tabtransformer [16] and Tabnet [17].

In both LightGBM and DL models, we use custom implementation of Focal Loss func-
tion [18] for the case of multi-class classification of imbalanced tabular datasets. To or-
chestrate our experiments, we use a Ray Tune cluster including the Bayesian parameter search
algorithm for optimization of algorithm hyperparameters and the asynchronous successive halv-
ing algorithm (ASHA) scheduler to accommodate early stopping of the bad performing trials.
Experiment tracking, model versioning and deployment is done by Weights and Biases [19]
under academic license.

3.2.2 Model parameter optimization

Our optimization framework introduces a reconfigurable and generally applicable approach
that we make publicly available on the FIREMAN project GitHub repository [20]. In general,
the machine learning pipeline preprocesses the dataset and incrementally drops features, i.e.,
measurements, to improve model performance. More specifically:

1. Parameters of the model are tuned using RayTune [21];

2. Performance metrics (e.g., precision, recall, F1-score) of the best trained model are
stored;

3. Features are sorted according to their importance (i.e., inherent attribute of GBMs) or
SHAP values [22], and the feature with the worst achieved performance is dropped from
the dataset.

1Kaggle [Online]: https://www.kaggle.com.
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Figure 7: Performance of VSG controlled grid-forming converter during two classes: (a) single-label – Phase
A voltage sag of 0.5 pu. is introduced at t=1 sec; (b) multi-label – Phase A voltage sag and voltage sensor
fault in phase B are introduced simultaneously at t=1 sec.

3.3 Results and discussion

For performance assessment, the system in Fig. 6 is evaluated under two instances of
disturbances; in the first case, only a single-class fault is introduced, while in the second
case, two consecutive faults are introduced at t=1 sec, as illustrated in Fig. 7. In a limited
data setting, system behavior might compromise the digital twin operation, as their dynamic
response is highly similar. To address this issue, we first evaluate the baseline methods, i.e.,
the best H2O AutoML method with the lowest mean per class error in the default AutoML
leaderboard, and the traditional model. Next, we perform hyperparameter fine-tuning on
LightGBM and deep learning multilayer perceptron models. The parallel coordinate plots in
Fig. 8a illustrate the effect of each parameter on the model fine-tuning, while the effect of
model parameters on focal loss function and accuracy of the LightGBM model are depicted in
Figs. 8b and 8c, respectively.

The classification outcomes of LightGBM model with the best parameter combination
are summarized in Table 5. Standard classification metrics (i.e., accuracy, precision, recall,
F1-score) are evaluated for combined validation and test dataset predictions from the model
with the best performance on the training dataset. Higher precision values indicate low false
positive rates, while higher recall values indicate low false negative rates. A higher F1-score
indicates better detection performance. We conclude that for the given dataset and task, the
model with the highest accuracy is fine-tuned LightGBM with custom multi-class focal loss
function.

Table 5: LightGBM classification report.

Class Precision Recall F1-score
Normal behavior 0.99 0.99 0.99
Line-to-line fault 0.88 0.72 0.79
Sensor fault 0.99 1.0 0.99
Single-phase voltage sag 0.99 0.99 0.99
Three-phase faults 0.93 0.75 0.83
Macro average 0.96 0.89 0.92
Weighted average 0.99 0.99 0.99

Accuracy 0.990.99
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(a) Parallel coordinates

(b) Focal loss

(c) Accuracy

Figure 8: LightGBM training. The parallel coordinates in Fig. 8a reveal the effect of the algorithm parameter
combinations on the accuracy of the trained models. Figs. 8b and 8c demonstrate the training process (steps
on horizontal axis), where models with low-performing parameter combinations are stopped early by ASHA
scheduler to save resources for high-performing parameter combinations, i.e., those exhibiting low focal loss
and high accuracy.
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4 Conclusions

In this 2nd version of the deliverable D5.3, namely D5.3b, we have expanded upon the initial
results presented in D5.3a. In Section 2, we have focused on the QARMA family of algorithms
and the related fusion algorithms for decision making that use the QARMA resulting rules to
make their final predictions. Even though the major advances in D5.3a in fusion technology
were presented for regression tasks, we have shown in this deliverable that for 2 very diverse
classification problems as well as a manufacturing problem, QARMA can produce results that
compare favorably to the current state-of-the-art in Machine Learning. In addition, QARMA
results are based on rules that are by default explainable (refer to D2.3 and D2.4, Sec. 3,
where the topic of explainability is discussed in detail), which is very important especially for
high-stakes decision making. The described applications of QARMA are presented in a related
video, to be uploaded in the FIREMAN website.

In the case presented in Section 3, we plan to use TinyML solutions to deploy our op-
timization framework in an experimental testbed, and document its ability to operate as an
edge digital twin for power electronics. We also plan to extend our mechanism for online
stability assessment to simplify the efforts required in computational modeling and analysis.
The applicability of the proposed methodology in a horizontal federated learning [23] setup will
be also explored, aiming to address use cases of training shared prediction model for multiple
power electrical circuits. This approach can be directly applied using proposed approaches for
GBMs [24] and deep learning models using federated averaging algorithm [25].
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Appendix: Python code implementing ETL algorithm for
Thyssenkrupp

The codes implementing the ETL algorithm reading the files produced by the Q-DAS
programs and producing the relevant CSV file are shown in the two Python files attached to
this document.
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