OPENTUNITY asset and
planning developments
(vi)

4 November 2024

opentunity


http://opentunityproject.eu/

Deliverable details

OPENTUNITY asset and planning developments (vi1) 5 1.0

Contractual delivery Actual delivery date Delivery type*
date

M22 (October 2024) M22 (October 2024)

‘Delivery type: R: Document, report; DEM: Demonstrator, pilot, prototype; DEC: Websites, patent
fillings, videos, etc; OTHER; ETHICS: Ethics requirement; ORDP: Open Research Data Pilot.

“"Dissemination Level: PU: Public; CO: Confidential, only for members of the consortium (including the
Commission Services)

Dimitris Lagos ICCS
Lucas Pons ETRA I+D
N N N
06.08.2024 Dimitris Lagos Table of Content Draft
0.5 25.10.2024 Dimitris Lagos 1st version of the Draft
deliverable for
Lucas Pons X
peer review
0.6 20.10.2024 Janez Gregor Golja, Peer review Draft
Edin Lakic,
Jan Jeriha,
Tomi Medved,
Jurij Jurse,
Georgia Eirini
Lazaridou,
Ilias Palaiologou
1.0 31.10.2024 Dimitris Lagos Version ready Final
to
submit

“*Status: Draft, Final, Approved, Submitted (to European Commission).



Authors (organization)

Dimitris Lagos (ICCS); Lucas Pons (ETRA I+D); Fernando Lopez Laso (ETRA 1+D); Janez Gregor Golja
(IRI'UL), Edin Laki¢ (IRl UL), Jan Jeriha (UL), Tomi Medved (UL), Jurij JurSe (EPR); Georgia Eirini
Lazaridou (HEDNO); Ilias Palaiologou (HEDNO)

Keywords

DSO, TSO, long-term asset management, short term asset management, non-technical losses
detection, network planning optimization, investment deferral



This deliverable was developed under WP5, which targets the design of software modules to provide
innovations for grid operators. Specifically, it addresses innovations related to T5.4 “Advanced Asset
Management” and T5.5 “Network Planning and Investment deferral from optimal use of flexibility".
This is the first version of the deliverable with the next and final version expected to be submitted in
M30 of the project duration.

To bring this task into a successful completion, several innovations are being developed by the
technical partners of the project. In this deliverable, the modules for short- and long-term asset
management and non-technical losses detection are presented, which are linked to T5.4. In addition,
the modules related to the grid planning tool that is developed under T5.5 are also presented.

This document centers on the technical details of the modules developed under Task 5.4, and Task
5.5. It includes a description of each module's design and implementation, along with initial mock-
ups of the user interface. In the subsequent deliverable, D5.4 "OPENTUNITY Asset and Planning
Developments (v2)," the focus will shift to showcasing the final functionalities and user interface of
the modules, without revisiting the underlying design and implementation details.

Finally, the conclusion of the development performed and the next steps are explained in the
“Conclusions” section.

The work described in this document has been conducted within the OPENTUNITY project. This
document reflects only the OPENTUNITY Consortium view and the European Union is not
responsible for any use that may be made of the information it contains.

This document and its content are the property of the OPENTUNITY Consortium. All rights relevant
to this document are determined by the applicable laws. Access to this document does not grant any
right or license on the document or its contents. This document or its contents are not to be used or
treated in any manner inconsistent with the rights or interests of the OPENTUNITY Consortium or the
Partners detriment and are not to be disclosed externally without prior written consent from the
OPENTUNITY Partners.

Each OPENTUNITY Partner may use this document in conformity with the OPENTUNITY Consortium
Grant Agreement provisions.
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2 INTRODUCTION

2.1 Purpose of the document

The purpose of this deliverable is to provide a clear explanation about the developments of Task 5.4
‘Advanced Asset Management” and Task 5.5 “Network Planning and Investment Deferral from
optimal use of flexibility". Firstly, an overview of the different modules is provided and then, the
detailed individual explanation is shown for every innovation developed.

However, the information included in this deliverable may change and could be enhanced later
during the refinement phase and those improvements will be reported in the deliverable D5.4
“OPENTUNITY asset and planning developments (v2)".

2.2 Scope of the document

The scope of this deliverable will be circumscribed to the technical description of the different
modules developed under Task 5.4 “Advanced Asset Management” and Task 5.5 “Network Planning
and Investment Deferral from optimal use of flexibility". In this deliverable the description of the
design and implementation of the modules will be provided, together preliminary mock-ups of the
User Interface. D5.4 "OPENTUNITY asset and planning developments (v2)" will focus on showing the
functionalities of the final version of the modules and their User Interface, without need of explaining
again the design and implementation aspects.

2.3 Structure of the document

Apart from this introductory section, the current document is structured as follows:

The document initiates its content with an overview of all the developed technologies and how they
interact in order to provide valuable functionalities to the Distribution System Operator and
Transmission System Operator.

Then, each of the modules are described focusing on: a) Design, b) Implementation and ¢) Preliminary
mock-ups.

Finally, the conclusion of the development performed and the next steps are explained in the
“Conclusions” section.



3 OVERVIEW OF THE DEVELOPED
TECHNOLOGIES

Under the framework of T5.4 and T5.5 a range of modules have been developed for power system
operators, focusing on advanced asset management maintenance and distribution network planning.

For advanced asset management three modules are being developed. The first one is the Long-Term
Asset Management module which targets the end-of-life (EoL) prediction of equipment, specifically
smart meters, by using data from Advanced Metering Infrastructures (AMI) and applying machine
learning (ML) models. The Short-Term Asset Management module focuses on critical power system
equipment like high-power transformers. Through real-time monitoring and data analysis, the
module detects early fault indicators, such as gas levels and temperature anomalies, using common
standard guidelines and machine learning models. Machine learning models are also applied in the
third tool under Advanced Asset Management umbrella which is the non-technical losses detection.
These machine learning tools are trained on historical patterns collected from smart meters that
energy theft was detected to predict which of the operating smart meters might exhibit similar
patterns and identified as candidate for inspection to find cases of non-technical losses.

Additionally, the Network Planning tool facilitates strategic investment and operational planning
through efficient load-flow algorithms and time series clustering, offering insights on optimal
distribution system upgrades with user defined goals like cost reduction, maximum RES (Renewable
Energy Sources) integration, and investment deferral using flexibility. Below it is possible to find the
summary of the purpose of each of the modules:

Long term asset management:

This module aims to provide end of life prediction on equipment of system operators. Unlike
traditional maintenance, which focuses on grid core equipment, this module focuses on digital
equipment, such as smart meters—a field with minimal existing research. Smart meters faults are
influenced by environmental and operational factors like temperature, humidity, and power system
fluctuations. Routine inspections help mitigate failures but are labour-intensive and costly due to the
large scale of smart meter deployments.

To reduce manual inspections, the module integrates predictive tools, using data from sources like
Advanced Metering Infrastructures (AMI) and failure logs. The module has two main functions:
generating EoL curves to predict failures and applying a machine learning model to identify high-risk
smart meters. EoL curves are calculated based on the age of both failed and operational meters, with
different statistical models like Weibull and Normal distributions, which are commonly used for
reliability analysis. The model then forecasts the number of failures for each smart meter model
within a specified time frame.

A machine learning submodule, using XGBoost, analyses pre-fault data trends to detect critical
meters likely to fail soon. It calculates failure probabilities, incorporating the brand/model-specific
EoL probability.

Short term asset management:

Short Term Asset Management for critical power system equipment, i.e. high-power transformers,
aims to prevent equipment failures by predicting potential critical issues over the next few hours.
Given that transformers are vital yet vulnerable elements in power systems, any failure could lead to
widespread outages and substantial repair costs. The tool, therefore, leverage real-time monitoring



and data analysis, using methods like Dissolved Gas Analysis (DGA) and oil temperature anomaly
detection, to detect early signs of faults. When unexpected conditions—such as abnormal levels of
gases (like H2, CH4, or C2H2) or temperature fluctuations—are identified, alarms can be triggered,
helping operators assess the condition of the asset and maybe take proactive measures before the
situation escalates.

In practice, the module operates by continuously analysing sensor data and applying machine
learning models to perform anomaly detection. The system generates immediate alerts for
transformer components like bushings, dissolved gas levels, and oil temperature, based on IEEE
guidelines for fault thresholds. For future failure probabilities, the tool also uses real-time and
forecasted data (such as weather conditions) to predict the likelihood of issues occurring within a six-
hour timeframe. With its predictive and alert capabilities, short term asset management provides
operators with two main interfaces: one for real-time alerts and another for future predictions,
supporting proactive maintenance decisions and reducing the likelihood of costly, unplanned
outages.

Non-technical losses detection:

Non-Technical Losses (NTL) in energy systems refer to electricity consumed but not billed, typically
due to fraud or energy theft. ETRA's ETER software, employs a hybrid approach using Deep Neural
Networks and Power Flow Analysis to identify fraudulent users and illegal connections effectively.

The preferred ML approach for NTL detection is data-oriented, particularly with neural networks like
autoencoders and Convolutional Neural Networks (CNNs), which achieve high accuracy. CNNs
analyse energy data grouped by week to detect periodic consumption patterns, with anomalous
patterns often indicating fraud. For unregistered connections, network-oriented methods estimate
thermal losses, apply power flow analysis, and compare estimated and computed losses to identify
discrepancies. The implementation leverages Python with libraries such as Keras, PyTorch, and
TensorFlow for ML and Panda Power for network analysis. The deployment utilizes Docker for
consistent application environments, with InfluxDB and MongoDB handling data storage, supporting
efficient and scalable fraud detection in energy networks.

Network Planning tool:

The distribution network planning module, currently in development, provides to DSOs tools for
comprehensive planning. This module is designed to optimize investment and operation strategies
efficiently using fast load-flow algorithms and time series clustering, which enables quick, adaptable
responses to user-defined goals like cost reduction, investment deferral and RES maximization. The
process leverages mathematical programming, including mixed-integer linear and second-order
cone programming models, solved through the GUROBI optimizer. The system's interactive interface
accepts topology data and demand curves to generate results rapidly, allowing scenario testing and
enabling DSOs to make informed, strategic planning decisions.



4 MODULES' DEVELOPMENT

The modules developed consist of four different tools, Long Term Asset Management, Short Term
Asset Management, Non-Technical losses detection and Distribution Network Planning, which are
analysed in the following subsections.

4.1 Long Term Asset Management

The ambition of this module is to utilize the data coming from various sources (historical data, failure
logs) and develop risk assessment methodologies (in the form of expected failure prediction and
critical equipment detection) which can help the maintenance planning.

Usually, both system operators modules & research activities are focusing on the core equipment of
the grids, namely condition monitoring of transformers etc., with very limited research concentrating
on digital equipment, like smart meters. ETIP SNET I[1] identified almost zero research activity in the
research topic of Asset Management and Maintenance. To this end, the Long Asset Management
module of OPENTUNITY will focus on smart meter equipment, aiming to contribute to the research
in this field and providing new methodologies for DSO to perform asset management on smart
meters.

Initially, it is important to discuss which are the failure modes for smart meters. Smart electricity
meters are seriously affected by various factors, such as temperature, humidity, lightning events,
power system fluctuations, and electromagnetic interference, and the failure risk increases with long-
term operation. With the increased number of installed electricity meters, failures also grew
gradually. Failure number prediction is necessary for decision-making on spare parts inventory [2].

Common faults of smart meter are battery fault, clock fault, display fault, burning fault,
communication fault and so on. The details are shown in Table 1. Common breakdown for smart
meter can be the abnormal display, inaccurate measurement and inter transformer burnout and so

on.
Table 1. Smart Meter Fault types and causes
Battery fault Meter failure, battery under-voltage, Poor contact of battery connector
Clock Fault Chip failure, battery under-voltage, Poor communication signal
Display fault High temperature and high humidity
Burning fault Improper installation of smart meter, overload, poor wiring contact

Communication fault Wrong parameter setting, component virtual welding

Routine inspection of smart meters can reduce the number of failure occurrences. These inspections
include accuracy validation of the power factor, frequency, voltage and current measurements,
whether there is an indicator for voltage loss, current loss and so on. Next, it is also necessary to
inspect whether there are any loose parts, strike fires, even burnout mark, etc.
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Implementing such routine inspection measures requires significant personnel involvement due to
the large-scale deployment of smart meters. With a vast number of meters in operation, the manual
inspection of each device for issues like power factor abnormalities, voltage imbalances, or signs of
physical damage could result in substantial operational costs for a DSO. This increased demand for
human resources not only raises labor costs but also reduces efficiency, as frequent inspections
across large geographical areas can be time-consuming. Therefore, DSOs need predictive tools to
identify potential meter failures in advance. By utilizing advanced analytics and machine learning
models, they can detect abnormal behavior in specific meters, allowing them to target inspections
more effectively. This would help minimize unnecessary inspections and reduce operational
expenses, while ensuring timely maintenance of at-risk meters.

A limited amount of research work has been focused on this. For example, in [3], a life prediction
model of smart meters is proposed that uses a random forest and tested on the data of more than
150,000 meters provided by the Ningxia Metrology Center. [4] proposes a method for health analysis
of electric energy meters based on the KNN (K-Nearest Neighbor) algorithm and structural equation
model. Key indicators are selected and the evaluation systemis initially constructed through the KNN
algorithm. Then, the influence relationship and weight value between each key index are analyzed
and determined by utilizing the structural equation model. Finally, the health of the smart meter is
analyzed and predicted based on the weighted average method.

Overall, the application of machine learning methodologies relies on the available data. Our module
aims to leverage existing data sources from DSOs, such as AMI and failure or installation logs, to
extract valuable information on smart meter failure dates. By analyzing this data, the module assesses
which meters exhibit critical behavior, helping to identify those at higher risk of failure. This enables
more targeted maintenance and timely interventions.

411 Design

Figure 1 presents the process of the module responsible for performing long term asset
management, i.e. predicting the end of life of equipment. In the figure the case of smart meters is
presented but this can be extended to other assets of system operators too. The whole process takes
as inputs historical data of equipment measurements and failure data.

The flow begins with the user providing historical data about smart meter (or other asset) installations
based on which the model and the age of the smart meter are computed. This version of the tool
requires, information on installation point ID, brand and model of smart meter, and secondary
substation that the meter belongs to. This information is then used to update a repository that stores
smart meter data and compute the age of operating assets and the age that failed assets have
reached. The age of both functional and failed assets (e.g. smart meters) serves as an important input
for the subsequent steps and it is mandatory for deploying any tool that performs long term asset
management.

Using the age of healthy and failed assets, per brand and model of equipment, EoL curves for the
smart meters are computed using statistical models, such as Weibull or normal distribution. The
purpose of generating these curves is to have an estimate of expected failures within the total
population of operating smart meters within a specific brand and model of a smart meter.

W¥hen the EoL curves are fit, the user can select a value that represents the months in the future
horizon where the prediction of the number of failures per equipment type is performed. The module
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will generate a list of expected number of failures that will occur per smart meter model within the
chosen time horizon.

The process continues by accessing a repository of smart meter measurement data, which is then
used to train a machine learning model—specifically, an XGBoost model. The raw measured data that
could be provided are active/reactive power consumption/generation at hourly resolution and
voltage and current measurements if they are available. The average values of these measurements
can be used or additionally maximum and minimum values collected by the smart meters for every
hour in these respective measurements can be also used, The model internally preprocess the data
and finds out the importance of the features.

This model is trained to detect critical smart meters that are at high risk of failure. Finally, the trained
model is used to predict which smart meters are likely to fail based on the latest data, allowing for
proactive inspection, maintenance and replacement planning.

Provide Historical Data on Smart Meter installation,
points, brand, model & Location

1 Calculation of Age of
SM and failed SM

User
Selection of Horizon: Months
Update Repository Compute End of Life Curves
with Smart Meter Data (Weibull, Normal Distribution fit)
(Failures & Last Year of Healthy) i

!

Present List of

Train Cr|t|cal SM Expected Failures per
detection model SM model

(ngoost

Compute Failure per
Access Repository Model

Predict Critical SM

Figure 1: Logic Flow Diagram of Smart Meter Long Term Asset Management Module

41.2 Implementation

As mentioned in the previous section, the long-term asset management for smart meters mainly
contains two submodules. The calculation of EoL curves and predictions of failures based on them
and the machine learning model for the identification of critical smart meters.

The EoL curves are calculated using the age of healthy and failed assets, per brand and model of
equipment, based on the data provided by the user. The EoL curves for smart meters are computed
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using statistical models, such as Weibull or normal distribution, which are commonly used for
reliability analysis.

To produce the CDF (cumulative distribution function) of these curves their parameters (i.e.. the mean
and standard deviation of normal distribution, scale and shape for Weibull) have to be calculated.
The curve fit is performed by solving a non-linear least squares problem.

The input data are used to calculate the percentages of the population of a specific model that have
failed after their operating life has reached a specific value. Thus, distinctive points on a CDF are
generated with these two attributes, the operating time (in months - (t;)) and the percentage of the
total population that by that month have failed (FR;). The mathematic formulation presented in (1) is
used to calculate the parameters of the probability distribution curves, using the SciPy library in
python [5]. The Weibull distribution is selected if less than 20% of the smart meters have failed
otherwise the normal distribution is selected. If less than 1% of the population of smart meters in a
specific brand / model have failed, then no EoL curve is calculated.

max z (cdf(t;) — FR;)?
ieN (1)
st cdf(t;) = cdf (parameters,ti) Ve N

When the EoL curves are fit, the user can select a value that represents the months in the future
horizon where the prediction of the number of failures per equipment type is performed. The module
will system a list of expected failures number for each smart meter model within the chosen time
horizon.

To generate population failure estimations per smart meter model the user has to define the
prediction horizon in months. Based on that the age of the smart meters at the end of this horizon is
calculated. The increase in Total Failure probability difference between the time that was used as
reference for the computation of EoL curves and the probability that occurs in the horizon defined by
the user is multiplied by the total population number to generate the expected failures in this period.

The result of this computation is organized using pandas library [6], into a pandas DataFrame where
each row corresponds to a smart meter model and the number of failures expected for that model.
The DataFrame is then sorted in descending order, so models with the highest expected failures are
listed at the top. After sorting, the function filters out models with no expected failures, returning a
list of models that are predicted to have at least one failure in the selected time horizon. This filtered
and sorted DataFrame is what is finally presented to the user.

The second submodule is the critical meter identification. For the training of this module the user has
to upload (in a repository) historical data of electrical measurement of smart meters. The failure dates
of smart meters are then used to collect historical data of pre-fault trends in the measurements of
failed smart meters (e.g. 1 month). In addition, historical data of healthy smart meters are also
collected.

A preprocessing procedure then takes place to generate important metrics on these data like
maximum, average and standard deviation of active and reactive power consumption, accumulated
active power & reactive power consumption, occurrences of communication failures, etc, which are
the attributes of the training data. The Flag of the training data dictate if the meter is healthy or has
failed.

13



These training data is then used to train a classification model (XGboost - eXtreme Gradient Boosting),
with the library in [7], which serves the purpose of identifying critical smart meters that could fail soon,
using the latest measurements available of these smart meters. XGboost is a more advanced method
compared to both Decision Trees and Random Forests. It belongs to the gradient boosting
algorithms, which build models in a sequential manner, compared to Random Forests for example,
which build trees independently. With every new tree XGBoost corrects the errors made by the
previous one. This boosting approach reduces errors incrementally, leading to more accurate
models. XGBoost also implements several optimizations, such as regularization, handling of missing
data, and efficient use of memory, which make it faster and more powerful compared to Random
Forests and traditional gradient boosting algorithms.

To avoid overfitting and to perform feature selection, XGBoost classifiers are built iteratively. After the
training the built trees are collected and the feature importance is calculated. Features with
importance less than 5% are dropped and the rest are kept to re-train the model until all the remaining
features have importance over 5%. Finally, the trained model is used to predict which assets are at
high risk, allowing for proactive maintenance or replacement strategies.

XGBoost calculates the probability of each class by combining the outputs of all its decision trees.
These trees output "scores” instead of class labels directly. For classification tasks, XGBoost needs to
convert these raw scores (called logits) into probabilities. For binary classification, which is the
aforementioned case, the sigmoid function is used to turn the score into a probability between 0 and
1. The sigmoid formula ensures that the sum of probabilities across two classes equals 1. The score
is fed into this function to generate a probability for failure.

This probability of failure that is presented to the user uses both the XGBoost and EoL curves. Initially,
the last month data are collected for the smart meter and the criticality probability (XGBoost model)
is computed. Then, if this smart meter has an EoL probability greater than 10% based on is
brand/model EoL then the criticality score is multiplied by factor 1, otherwise by 0.5. This is performed
to take into consideration the brand/model characteristics. Since similar behavior between smart
meters of different models might not necessarily yield failure in both of them. The smart meters with
criticality score (%) over 70% is presented then to the user.

4.1.3 Mock-Ups

The preliminary mock-up of the GUI for the long-term asset management tool is presented in this
section. It consists of four tabs. The “Historical Data Input”, the "End of Life Curves”, the “Critical Meters
Calculation” and the “Map Representation” tab.

Figure 2 shows the tab “Historical Data Input”. In this tab, the user (DSO) has to upload historical data
about the smart meters in a “.csv’ format. This file should include a row per smart meter that include
information about the metering point, the secondary substation that it belongs to, the installation date,
the brand and the model, etc. Finding common metering points between smart meters the
replacement of a smart meter by a new one is found and used to flag smart meters as failed. The
page includes a file upload feature where users can upload a “.csv" file containing this information

14



Long Term Asset Management -

Historical Data Input  End of Life Curves  Critical Meters Calculation Map

Historical Data Input

Provide Meter Installation & Failure Dates

Choose a file

Drag and drop file here

Browse files
Limit 200MB per file « CSV
meters_historics.csv 179.7K8 X
File content as DataFrame:
smart_meter_id delivery point_id brand model installation_date secondary_substation feec
51 27,173  LANDIS CYKRY 30/06/2017 18:40  CT-0107
1 78 6,734 ZIV ZNTE  30/06/2017 18:40 CT-0785
2 81 31,325 SAGECOM IBTY 30/06/2017 18:40 CT-0315
27 A1 QaR I ANDIC VRNV NINEMINTT 1240 rT.NIRR

Figure 2: Historical Data Input on Smart Meter Failure tab

Figure 3 presents the “End of Life Curves" tab. Using the historical data provided in the previous tab,
the EoL curves are calculated according to the procedure described in the previous section. Using
the drop-down options the user can select the specific brand and model of a smart meter and see
its EoL curve. If not enough failures have occurred, i.e. less than 1% of the total population, in a specific
brand/model then the message “Limited Failure Numbers recorded"” is printed in the interface. If
adequate number of failures have occurred to calculate a trustworthy EoL curve, then a EoL curve
will be generated and presented as depicted in Figure 4. Finally, in this tab the user can select the
future horizon (in months) and through the EoL curves the expected failures per smart meter model
are computed. The models in which failures are expected are then presented via the GUI (Figure 4).

Histerical Data Input  End of Life Curves  Critical Meters Calculation  Map

End of life curves per model

Select a Smart Meter brand:

LANDIS v

Select a Smart Meter brand:

CYKY_LANDIS hd

Limited failure numbers recorded

Figure 3: End of Life Curves tab
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Future Predicted Failures

Months ahead:

: B

EoL Probability (%)

o 50 100 150

[ T T

Life (months)

Figure 4: End of Life Curves tab (EoL curve presentation & future predicted failures)

In the "Critical Meters Calculation” tab (Figure 5), the user has to provide the information of the
repository in which the smart meter measurement data are collected. With this data and the failure
data provided by the user in the first tab, the XGBoost classifier is trained according to the procedure
that is described in the previous section. The critical smart meters are calculated and presented in a
list to the user. In addition, the importance of the different attributes in the XGboost classifier is
presented to make the tool more interpretable for the system operator.

Critical Smart Meters

point ilure P vility 1odel
86.6706 ZOXV_ZIV CT-0593

753027 ZOXV_ZIV  CT-0593

753027 ZOXV_ZIV  CT-0593

Feature Importance in XGBoost Model

KVarh_max|

Kvarh_mean

KVarh_min|

KVarh_std

KWh_min

0

0.1 0.15 0.2 0.25 0.3 0.35

Figure 5: Critical Meters Calculation tab

Finally, in the “Map" tab (Figure 6), the user can upload a “.csv" file containing the geodata (latitude,
longitude) of the secondary substations and get a map representation of the substations. If critical
smart meters belong to a specific secondary substation then the pin of the substation in the map
turns red. By clicking in the pin, the user can see the number of critical smart meters in that secondary
substation.
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Figure 6: Map visualization tab

4.1.31 Preliminary Results

The tool has been tested initially with data from the Spanish demo for almost 2900 smart meters,
with 2531 healthy meters and almost 370 failed smart meters. The installations of smart meters in the

dataset start at June of 2016 up to May of 2024. The status of the smart meters up to the end of 2023

was used to have a dataset and check with the failed smart meters of 2024 the accuracy of the model.

The actual smart meters that failed between January and May 2024 are presented in Table 2.

1

10

11

12

Table 2. Smart Meter Failures at the first five months of 2024

IBTY_SAGECOM

IBTY_SAGECOM

ZNOQ_ZIV

ZNOQ_ZIV

IBTY_SAGECOM

ZNOQ_ZIV

ZNOQ_ZIV

ZOXV_ZIV

ZNPQ_ZIV

ZNOQ_ZIV

CYNY_LANDIS

IBTY_SAGECOM

2024-01-02T13:34:00.000

2024-01-16T09:36:00.000

2024-01-16T16:43:00.000

2024-01-23715:49:00.000

2024-02-21T716:39:00.000

2024-02-21T16:43:00.000

2024-03-05T11:26:00.000

2024-04-03711:31:00.000

2024-04-16T15:23:00.000

2024-04-23T09:19:00.000

2024-05-01T13:14:00.000

2024-05-04T712:50:00.000
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Based on the EoL curves with data up to the end of 2023, the calculated total number of smart meter
failures for the next five months was 17 compared to the actual 12 failures. For specific models it
identified a total number of 2 failures for IBTY_SAGECOM (4 occurred), 3 for ZNOQ_ZIV (6 occurred)
and correctly 1 for CYNY_LANDIS and ZOXV_ZIV. A total number of 10 smart meters was identified
as critical. Two of the failed smart meters (highlighted with red in Table 2) was identified among the
5 most critical smart meters by the data driven classifier.

4.2 Short Term Asset Management

Short Term Asset Management purpose is the estimation in the operating time scale (i.e. for the next
hours) if there is critical equipment that might experience failure, in order to mitigate the
consequences of the failure. To this end, such functionality is more important for critical power
system assets. The equipment that is currently considered for short term asset management in
OPENTUNITY are HV/MV transformers for DSOs and UHV/HV transformers for the Greek TSO.

High-power electrical equipment plays a vital role in the operation of power systems, making fault
detection and prediction techniques critically important. Power transformers, as key elements in
power transmission networks, are particularly essential. The failure of a transformer can lead to a
chain of cascading failures, resulting in widespread power outages across the system. In addition,
power transformers are costly assets within power systems. They are vulnerable to catastrophic
failure and irreversible internal damage due to various electrical, mechanical, or thermal stresses.

Transformer failures can be categorized as electrical, mechanical, environmental, or thermal. Studies
conducted by CIGRE on power transformer failures show that 41% of the failures occur with tap
changers, 19% on windings, 13% due to leakage, 12% for faults in bushings, 3% for faults in core and
12% for other reasons [8I.

For most utilities, a strict maintenance schedule is followed, in which maintenance activities are
performed at specific times or when an asset fails. This practice can lead both to improper
maintenance, by not performing maintenance on equipment that is in need, or to unnecessary
maintenance to healthy equipment that leads to an unnecessary increase in maintenance costs.
Tools that perform short-term asset management focus on preserving the operational functionality
of equipment. To achieve this, various types of sensors and information systems are utilized to gather
data and through the use of machine learning techniques, detect quickly or predict abnormal
conditions, which then finally can lead to predictive maintenance actions.

Most diagnostic techniques are based on the analysis of the gases dissolved in the oil of the
transformer, and through them identify the faults that have occurred. When abnormal situations
occur within a transformer flammable gases such as H2, CO and hydrocarbons such as CH4, C2H2,
C2H4, C2HB6, are produced. By analyzing the gases produced during this reaction, it is possible to
determine whether a transformer is working properly and, if not, what type of fault it is. The IEEE
Standard C57.104 [9] presents the different analysis (duval triangle, roger ratios, etc.) that are used to
categorize the faults in transformers and a procedure to detect if the transformer is in normal
condition or not.

Most of the intelligent fault diagnosis methods in power transformers are based on a variety of data-
driven machine-learning technologies and DGA data. In [10] techniques that use Multilayer Artificial
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Neural Network (ANN), Support Vector Machines (SVM) and genetic algorithms are mentioned for
classification tasks on transformer fault diagnosis.

However, condition monitoring is often applied towards the end of life when critical faults are
expected in transformers and there are already sufficient faults or abnormal behavior data by the
equipment. By that stage, years of operation of the asset have led to a particular trend presenting the
normal behavior for one unit, which could be considered faulty behavior if it suddenly manifests in
another. In practice, recognizing changes in behavior of the equipment can be more indicative of
faults developing in assets than absolute values of measurements. Thus, detecting the operating
condition of new equipment that has no records of faults yet can only be made via anomaly detection
techniques.

Anomaly detection techniques are a way of recognizing changes in the equipment's behavior. Rather
than simply matching patterns of expected faults, a model of behavior specific to each transformer
under study can be trained to represent the normal operation of that particular asset. New
measurements can be compared against the model to quantify how likely or anomalous they are.
This allows for the natural differences between normal behavior in different transformers, and low-
level fault behavior can be trained into the model as normal for that unit. The combination of anomaly
detection can enhance the diagnosis of faults, by reserving fault classification for situations where an
anomaly is detected, thus reducing the volume of data engineers must examine [11].

4.21 Design

A data driven condition assessment tool is based on the available data. Thus, the tool submodules
will be implemented in each pilot only if there are specific data available. At the moment, the tool
supports Dissolved Gas Analysis, Oil Temperature Anomaly detection & prediction, bushings
insulation assessment and failure probability estimation based on weather data.

For DGA analysis, oil temperature prediction & anomaly detection and bushings insulation
assessment, data from on-line monitoring systems are required, which provide various daily
measurements of the data relevant to each submodule. as presented in the implementation
subsection.

For the failure probability estimation based on weather data. dates that failures have occurred due to
extreme weather conditions are provided as well as the location of the equipment and the collected
electrical data available (active/reactive power, current, voltage) with hourly resolution for at least 24
hours prior to the fault. In addition, the same parameters should be provided for the last year with
hourly resolution.

If none of the aforementioned approaches can be implemented in a pilot due to absence of relevant
data sources, or failure data a prediction of oil temperature will be made according to the
characteristics of the equipment and relevant thermal models to predict the oil temperature for the
next hours as an indicator of transformer condition.

The designed short term asset management module performs two tasks, a) use the latest data to
raise alarms for specific transformer’' components (according to the available measurements) and b)
predict possible critical conditions in the future and link them to a failure probability.

Figure 7 presents a system designed for short term condition assessment, specifically focusing on an
On Line Monitoring System (OLMS). The process begins with the user providing historical data from
the OLMS, which includes measurements. Apart from these data dates of failures can be also added.
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This data is collected either in “.csv" format or via a repository. The historical data is then used to train
predictive models using machine learning. Due to the absence of failure in the historical data mainly
regression models for transformer oil temperature levels will be built to estimate whether abnormal
conditions have occurred and predict the evolution of the temperature. If failure data exists, e.g. due
to weather conditions, additional classification models will be built to assess short term probability of
failure. These models are stored in a database for future use.

Provide Historical Data on OLMS system, failures dates & categories

in csv format or via repository
Q Train Prediction models (Qil
Temperature, Weather

A
Ll
/\ L Based Failure )

User J?
Real Time Data

Store Models ’

Historical Weather Data

Perform Predictions
(oil temperature, failure
porpability due to
weather)

\Weather Forecasts: A

Weather Provider

Real Time Alerts
Dashboard
(Qil Analysis, Bushing
Condition, Abnormal
Condition in Qil
Temperature)

Predictions Dashboard:
6 hours ahead forecasts to
predict failure probability
(e.g. based on weather
data, oil temperature
evolution)

Figure 7: Logic Diagram of Short-Term Asset Management

Using the trained models, real-time measurements and weather data, predictions are made
regarding the probability of failure due to factors like oil temperature or external weather conditions.
Apart from the predictions the real-time measurements will be used to generate alarms, e.g.
according to gas levels on transformer oil or for bushings insulation, according to the available
measurements.

The results will be mainly presented in two different dashboards. The first is a real-time alerts
dashboard that monitors e.g. oil analysis based on anomaly detection, bushing conditions, and any
abnormalities in gas analysis, providing immediate alerts when necessary. The second dashboard
focuses on predictions, offering six-hour forecasts that estimate the likelihood of failure based on
weather data and the evolution of oil temperature. These predictions help operators take preventive
actions ahead of potential issues. The data from the monitoring process is stored in a module
database, ensuring that the system can continually update and refine its predictions.

4.2.2 Implementation

The tool developed serves two functionalities: raise alarms if abnormal measurements are collected
and predict the behavior of critical values in the short-term horizon, like the top oil temperature.
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4.2.21 Alarms

In this section the developed rational for alarms on the real-time condition assessment are presented.

4.2.21.1. Bushings

The condition of the insulation is essential for secure and reliable operation of your transformer.
Measuring capacitance and dissipation (or power factor or tand) help you determine insulation
condition in bushings or between windings.

Changes in capacitance can, for example, indicate mechanical displacements of windings or partial
breakdown in bushings. Aging and degradation of the insulation, coupled with the ingress of water,
increase the amount of energy that is converted to heat in the insulation. The rate of these losses is
measured as dissipation factor [12].

To assess the condition of bushings the real-time measurements of the last 24 hours are used. There
are two mechanisms that perform the condition assessment on bushings. The first one is based on
the IEEE C7.19.01-2017 [13],and the limits are presented in Figure 8. The mean of the measurement of
the last day is used for the limit in power factor (tand) limit. The change is computed from the mean
of the last week excluding the last day and the mean of the last day.

|EEE 5td C57.19.01-2017
|IEEE Standard for Performance Characteristics and Dimensions for Power Transformer and Reactor Bushings

Table 6—C1 or C power factor and capacitance limits for new bushings

C1or C power factor and capacitance
Type of construction Pawer factor* Capacitance
Limit (%a) Acceptable change " Acceptable change (%)

Col. 1 Col. 2 Col. 3 Col. 4
Onl-impregnated, paper-insulated 0.50 +0.02/<0.04 =1.0
Resin-impregnated, paper-insulated 0.85 +(.04 =1.0
Resin-honded, paper-insulated 2.00 =0.08 1.0
Cast insulation 1.00 =0.04 1.0
Solid N/AY

Figure 8: IEEE limits on power factor (tand) and capacitance

The second mechanism collects the measurements of the bushings of the same voltage level of the
equipment and checks if any of them have considerable different measurements than the other two.
Again, the values of the last day are used to compute the mean per bushing. If any of the
measurement (tand, capacitance) has an absolute error higher than 3% with both the other bushings
of the same voltage level then an alarm is issued.

4.2.2.1.2. Dissolved Gas Analysis

Dissolved gas analysis (DGA) is used to diagnose power transformer faults based on the
concentration of dissolved gases. The IEEE C57.104-2019 - IEEE Guide for the Interpretation of Gases
Generated in Mineral Oil-Immersed Transformers [9] provides some guidelines for assessment of the
condition of the transformer based on the concentration of gases in the oil. For example, the tables
depicted presented in Figure g and Figure 10 present the limits that flag the condition as normal or
critical if these levels are respected or passed. Additional tables are also for the deviation of the gases
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concentration between successive samples and the rate in ppm/year. This procedure is followed to
assess the condition and raises an alarm if the thresholds are passed.

Table 1—90'" percentile gas concentrations as a function of
O2/N2 ratio and age in pL/L (ppm)

03/N2 Ratio £0.2 02/Nz Ratio > 0.2
Transformer Age in Years Transformer Age in Years
Unknown | 1-9 | 10-30 | >30 | Unknown | 1-9 J10-30] =30
Hydrogen (Hz) 80 75 100 40 40
Methane (CHa4) 90 45 90 110 20 20
Ethane (C:Hg) 90 30 90 150 15 15
" Ethylene (C2Ha) 50 20 50 90 50 25 | 60
é Acetylene (C2H3) 1 1 2 2
Carbon monoxide
(CO) 900 900 500 500
Carbon dioxide
(CO2) 9000 5000 10000 5000 3500 5500
NOTE—During the data analysis, it was determined that voltage class, MVA, and volume of mineral oil in the unit
did not contribute in significant way to the determination of values provided in Table 1.

Figure 9: IEEE limits for normal Gas Levels

Table 2—95'" percentile gas concentrations as a function of
02/N: and age in pL/L (ppm)

02/N: Ratio £ 0.2 /N2 Ratio > 0.2
Transformer Age in Years Transformer Age in Years
Unknown 1-9 10-30 | =30 | Unknown 1-9 10 -30 | =30
Hydrogen (Hz) 200 200 90 90
Methane (CHs4) 150 100 150 200 50 60 I 30
Ethane (C:Hs) 175 70 175 250 40 30 40
. Ethylene (C2Hy) 100 40 93 175 100 80 125
(_z; Acetylene (C2Hz) 2 2 4 7 7
Carbon monoxide
(CO) 1100 1100 600 600
Carbon dioxide
(CO2) 12500 7000 14000 7000 5000 8000

NOTE—During the data analysis, it was determined that voltage class, MVA, and volume of mineral oil in the unit
did not contribute in significant way to the determination of values provided in Table 2

Figure 10: IEEE limits for faulty Gas Levels

The deviations are computed by calculating the daily average and comparing it with the daily average
of the measurements collected seven days (a week) ago. The rate of increase (ppm/year) is
calculated with samples of daily averages a month apart. For the limits the daily averages are used
to compare them.

To generate a general score for the DGA and assess its overall condition, the approach
recommended by OFGEM is followed [14]. The approach sets a score for each gas in the dataset
(C2H2, C2H6, C2H4, CH4, and H2). Next, a total score is calculated based on the weighted sum of
these gas condition states, where H2 is weighted at 50, CH4, C2H4, and C2H6 each have a weight of
30, and C2H2 has the highest weight of 120. This formula emphasizes the importance of certain gases
in assessing transformer health, with acetylene (C2H2) carrying the greatest significance in the
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scoring. The score is normalized with a division of 120 and if the score is less than three the condition
is considered normal, otherwise an alarm is triggered.

4.2211. Oil Temperature Anomaly detection

The purpose of this model is to detect whether an abnormal condition occurs in the oil of the
transformer by checking whether the oil temperature experiences expected temperatures, based on
the ambient conditions and the loading of the equipment. To do that, a machine learning model is
built to predict the oil temperature for the next hour and compare it with the actual measurement
that is received at that hour.

In order to implement this, the machine learning model have to be built on normal operating
conditions of the transformer. Thus, a data cleaning process is performed to keep only the data on
timestamps that normal operation is detected. The data cleaning uses the processes described for
DGA and bushings conditions to flag an operating procedure as normal or abnormal. Thus, if in a
period a DGA or bushing alarm would have raised, the data of this period are removed from the
training set. If failure dates are also available, they could have been used to remove also the data of
that period from the training set. Finally, only the relevant data to the oil temperature are kept to form
the training set of the oil temperature predictor.

The oil temperature predictor is based on a Deep Neural Network which is built in python using the
tensorflow library [15]. The training data contain the oil temperature measurement of the previous
hour (mean value of the measurements), the current of the previous hour, the ambient temperature
of previous hour. The targets are the top oil temperature of the next hour. When, the model is trained
the mean error and the standard deviation are calculated for the training set.

To evaluate the deviations between each instance of oil temperature reading (measured sensor value
and predicted values by the model), we used statistical process control to identify anomalies. The
Shewhart control chart is used to evaluate the deviations (errors) as they evolve. The fault threshold
is defined by two control limits used to evaluate abnormal behaviors: Upper Control Limit (UCL)
Lower Control Limit (LCL). The two control limits describe the sensitivity of the control chart, which is
expressed as multiples of the standard deviation of the error distribution. The following equations (2)
-(4) describe the control input MR; definition and the Upper Control Limit (UCL) and Lower Control
Limit (LCL). The MR and ¢ are computed on the training data.

MR; = |error; — error;_4| (2)
UCL = MR + 30 (3)
UCL = MR - 30 (4)

Anomaly is defined by data points beyond the fault threshold/control limits, for at least four
consecutive hours. In the Figure 11the anomaly detection prediction graph is presented, with the MR
presented for the last 24 hours with the thresholds.
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0il Temperature Model Error (°C)
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Figure 11: Oil Temperature Anomaly detection graph

4.2.2.2 Predictions

The future predictions for transformer are based on the prediction of transformer of the oil
temperature. In the next version of the deliverable an additional module will be described that will
be built on a classifier for failures that are based on weather conditions, if the system operators have
adequate number of failures that are attributed to extreme weather conditions. This model will have
as training set the weather conditions that occurred prior and during the fault, as well as the
equipment loading, to build a classification model that estimates the probability of failure according
to the weather conditions. In real-time operation weather forecasts will be used to estimate whether
a risk of failure is imminent or not.

The developed fault prediction model, at this point, is based on the oil temperature prediction of the
next six hours. The probability of exceeding the maximum oil temperature is used as an indicator of
failure probability.

A probabilistic current prediction model is built using Random Forests as regressor, to get the
probability distribution of current for the next six hours. To train the model that performs the
probabilistic current the loading uses training data that contain the current values of the last 6 h
(hourly average) and the month, day of the week and hour of the prediction time. As targets are the
actual current measurements of that period.

The oil temperature model is used to predict the oil temperature for the next hour. The oil
temperature of the next hour, the ambient temperature as received from weather forecasts and the
estimated current for the next hour (mean, and 1% and 99% quantiles) are used as inputs in the oil
prediction model to generate the oil temperature probability two hours ahead and so on.

Thus, the oil prediction is calculated as presented in the Figure 12. The limit in temperature (light blue
line) is presented alongside the mean predicted temperature (red line), the maximum predicted oil
temperature (blue line) and minimum predicted oil temperature (green line).
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Figure 12: Oil Temperature prediction

4.2.3 Mock-Ups

Overall, the tool contains three different tabs, Historical Data Input, Alarms, and Predictions. Figure 13
shows the GUI for the Short-Term Asset Management module and specifically the Historical Data
Input tab. This interface allows users to easily upload and preview historical data, which will likely be
used in subsequent processes such as generating alarms or making predictive forecasts in other
sections of the asset management system.

In this tab, the user initially uploads a “.csv" file containing the historical OLMS data. Users can either
drag and drop a file or browse to select a file from their system. In the current state of the interface,
a file named "QTMS_Data-2024-09-30..ATF8.csv" has already been uploaded, with OLMS data from
a UHV/HV transformer in the Greek demo, with a file size of 51.5MB. Below the file name, there is a
preview of the data from the uploaded file displayed in a table format.

The file contains various columns, including a measurement ID, a timestamp indicating when the data
was recorded, the type of measurement taken (such as oil condition parameters like "TM8 O2 in Oil"
and "TM8 C24 H in Oil"), the value of the measurement, and the units in which the data was recorded.

Short Term Asset Management

Historical Data Input  Alarms  Predictions

Historical Data Input
Provide Historical Data (OLMS)

Choose a file

Drag and drop file here
Limit 200MB per file « CSV

Browse files

QTMS_Data-2024-09-30_15-55-42_ATF8.csv 51.5V8 X
File content as DataFrame:
Meas_ID  Timestamp Measurement Value Units
2024-03-14 12:32:39 1 03/14/24,12:32:39EET  TM80CO2inQil 341.2001
2024-03-14 12:32:39 2 03/14/24,12:32:39EET  TM80 C2H4in0il 0

Figure 13: Histrorical Data Input dashboard
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Figure 14 displays the Real Time Alarms tab. The interface has three primary categories of monitoring:
Bushings, Dissolved Gas Analysis, and Oil Anomaly Detection. This interface is designed to provide
operators with a real-time overview of critical asset conditions, focusing on the health of bushings,
dissolved gases, and oil temperature. Each section uses both visual indicators and numerical data to
show the current operational status, ensuring that any potential issues are flagged in real time.

Under the Bushings section, the system reports that there are no warnings related to the bushings,
and the status is shown as "ok." The light would be red if a warning has been issued according to the
rational presented in the previous sections for bushing condition. The table below further details the
condition of all the different bushing components labeled as Cap H1, Cap H2, Cap Y1, and so on. Each
of these components is marked with an "OK" status, indicating that no issues have been detected.
This table is useful to see specifically which bushing has abnormal behavior in case of an alarm issued
in bushings.

In the Dissolved Gas Analysis (DGA) section, the system again shows a "no action suggested" status,
meaning that the dissolved gas levels do not indicate any need for maintenance or concern. Similarly,
to the bushings the light would be red if an alarm was issued according to the methodology
described in the previous section. The table below the alarm presents the latest data (mean values
of last 24 hours measurements) on different gases like H2, CH4, C2H2, and others, with corresponding
values for each. For instance, H2 shows a value of 3.416, while CH4 is at 5.4865. The overall score is
marked as "ok," reinforcing that there are no abnormalities in the gas levels.

The third section, Oil Anomaly Detection, shows that no anomalies have been detected in the oil
temperature and is based on the oil temperature anomaly detection submodule presented in the
previous section. The system provides a simple status indicator, which confirms that oil temperature
readings are within acceptable limits. A graph is also presented in this section that shows the Oil
Temperature Model Error over the past 24 hours, with the temperature difference (in degrees Celsius)
plotted against time. The blue line indicates the model's output, which fluctuates but remains within
an acceptable range, as defined by horizontal boundaries on the graph.

Short Term Asset Management
Real Time Alarms

Bushings Dissolved Gas Analysis Oil Anomaly Detection

No warnings on the Bushings. Bushing status ok Status ok. No action suggested based on DGA data No anomalies detected in oil temperature

Bushings condition: DGA Results Model Output past 24 hours

oK oK oK OK OK OK  OK oK oK 35416 5.4865 0 o 0 ok 0il Temperature Model Error (°C)

Figure 14: Alarms Dashboard
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Figure 15 shows the Predictions tab of the Short-Term Asset Management GUI. At this moment, it
presents the Oil Temperature Prediction but it might be updated for the next version of the
deliverable.

At the top of the page, the heading "Oil Temperature Prediction” is displayed, followed by a smaller
description noting that the system is assessing the failure probability based on predicted oil
temperatures. This probability is calculated based on the probability of oil temperature surpassing
the temperature limit.

After the probability table, a graph presents the Oil Temperature Forecast (*C) over time, starting from
around 11:00 on June 13, 2024 and extending through 17:00 on the same day. The graph features a
curved line representing the forecasted oil temperature. The shaded area around the line suggests a
confidence interval, showing the possible range within which the actual temperature may fall. The
temperatures gradually rise from around 50°C to a peak of nearly 60°C by the end of the forecast
period. The graph provides a clear visualization of how the oil temperature is expected to evolve over
the next few hours, allowing operators to monitor and take preemptive action if necessary. The
prediction shows a steady increase in oil temperature but no immediate risk, as indicated by the zero
failure probability in the table.

Short Term Asset Management

Historical Data Input  Alarms  Predictions

Oil Temperature Prediction

Failure Probability due to oil Temperatures

Oil Temperature Forecast (°C)

Figure 15: Predictions Dashboard

4.2.31 Preliminary Results

Historical data from a 400/150kV transformer in the Greek pilot was used for an initial assessment of
the module. The data contained values for DGA, bushing capacitance and tand and oil temperature
from March 2024 to the end of September 2024. The data of September was used for evaluation and
the rest for training. At this period the transformer operated without any issues.

The oil prediction model resulted in mean absolute percentage error of around 1% on the training set,
and the threshold for anomaly detection was computed at 1.5 C°. No alarm was raised for abnormal
behaviour on for the top-oil temperature. The limit was only passed at 2024-09-10 19:00:00 but only
for only one hour thus no alarm was raised. At the same time interval a change in capacitance of
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Bushing H1 (raising an alarm) was also observed indicating that a possible incident might have
occurred in that period. No alarm was raised for DGA since the values and the changes in this data
was below the limits used to detect an issue.

CapacitanceH1 (pF)

10/09/2024 09:35 10/09/2024 12:05 10/09/2024 14:35 10/09/2024 17:05 10/09/2024 19:35 10/09/2024 2205 11/09/2024 00:35 11/09/2024 03:05 11/09/2024 05:35 11/09/2024 08:05 11/09/2024 10:35

Figure 16: Bushing H1 capacitance at 10/09/2024

The historical data was few to build a predictor with good accuracy on the future currents. Based on
the existing historical data the mean error in current (A) of current prediction submodule is presented
on Table 3. This submodule will be updated as more historical data is collected. Nevertheless, even
with this error the oil temperature prediction always lied within the calculated confidence interval in
the testing period and no top-oil temperatures above the threshold were estimated, which was what
was observed in the historical data.

Table 3. Accuracy of Current Prediction Submodule

1 43
2 7.7
3 12.3
4 15.5
5 185
6 19

4.3 Non-Technical Losses detection

Non-Technical Losses (NTL) is any electrical energy consumed and not invoiced and can therefore
be considered fraud or energy theft. Several solutions exist in commercial products and in the
literature for detecting fraud in energy delivery. This interest is mainly because it is something that
impacts the economic revenues of the energy actors.
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On the other hand, Technical Losses (TL) are inherent to the transmission and consist mainly of the
dissipation of electricity in transportation (lines, shunts, etc.), transformation, distribution, and energy
measurement.

The relation between them is direct. NTL are equal to total energy injected in the network minus TL
and the legal and measured consumptions.

NTL = Pjectea — TL — Z Beonsumer

Many methods based on different machine learning techniques have been sketched to detect NTL,
using SVM, KNN, decision trees or other ML algorithms. These methods can be classified as data-
oriented, which use user related data, mainly energy consumption. With the rise of ML and Big Data
techniques, those data-oriented techniques have emerged as the most promising to predict and
classify if a user has a fraudulent consumption.

As shown in the Figure 17, data-oriented methods are divided into supervised and unsupervised.
Methods that make use of both labels (positive/negative fraud classes) are supervised, while
methods that make no use of labels are unsupervised. Because of the scarcity of fraud data, for
supervised methods data-augmentation and synthetic data generation must be used to ensure the
correctness of the solution if a supervised method is chosen.

Field of Knowledge

Machine Anomaly/ Distribution
learning Outlier Cybersecurity Network
Detection Analysis
—= Y Z =

\_ Method Categorization )

Figure 17: Classification of methods for detecting NTL [16]

Also Network-Oriented and Hybrid methods can be used to detect subsystems inside the network
where there are probably energy thefts, either because of fraud consumption or unregistered
connections. The former are based on network analysis and the physical rules that describe such
systems. The latter are a combination of network and data-oriented methods. These methods are
categorized according to the main concept/algorithm used, i.e. state estimation, load flow, or special
sensors for fraud detection.

As part of the ETER software, ETRA has a model based on a mix of data and network-oriented
techniques (hybrid method). Deep Neural Network and Power Flow Analysis are both used to detect
fraudulent users and illegal unregistered connections.
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4.3.1 Design

As explained in the introduction, a data-oriented method technique will be used to detect fraud
consumption.

Data Oriented Methods

With the raise of Big Data, methods based on Neural Networks have emerged as the choice-to-go
for NTL detection. Among the different architectures and other ML techniques, auto-encoders and
CNN are those with best performance.

As can be seen in Figure 18, both Auto-encoders and CNN architectures have the best performance.
Different models have been tested and finally an architecture based on CNN has been chosen.
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Figure 18: Accuracy of different NTL detection ML methods [17]

CNN works usually over 2D data. Because of that, data is grouped weekly. Also, because it is hard to
capture key features and main differences between daily data (1D), grouping data allows to observe
a periodicity on the electricity consumption [18]. There is a periodicity for most normal customers if
data is aligned, but no for electricity fraud (Figure 19-Figure 20).
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Before processing data, it must be prepared. Nonexistent data will be interpolated with PCHIP
algorithm. Also, normalization, data augmentation and synthetic data creation will be run to avoid bias
to the regular user class. This is mandatory because of the lack of many fraud data correctly classified
that allow a good training phase.

As an output of this phase, each user will be classified as fraud/non-fraud consumer.

Network Oriented Methods

The data-oriented fits perfectly to classify a user as legal/fraud. But it does not allow to detect
unregistered connections. To carry on this computation, network analysis based on global energy
supply to the network, topology, morphology and power supply line physical features will be run.

This process can be simplified as follows [19]:
- With the network definition, thermal losses to the outside can be computed/estimated.
- The TL can be approximated with this thermal loss.

- We can then estimate the NTL with total energy supply minus this TL estimation minus
consume registers.

- A power flow analysis is run from terminal network nodes to the parent root of the
subsystem using registered real powers. Voltages are initialized with real root voltage for
every bus.

- This power flow analysis is done many times, updating losses and voltages.

- When network analysis converges, TlLestimated VErsus TLcomputea @re compared, and those
lines where the difference between them is bigger than an epsilon may have an
unregistered connection.

4.3.2 Implementation

The model implementation is based on the Python programming language and used several open-
source libraries.

For the ML techniques, NumPy, pandas, Scikit-Learn and Keras are the base of the deep learning
algorithm. Keras has been chosen because of the flexibility it provides, allowing to use almost the
same code while the backend code can be changed amongst JAX, PyTorch and TensorFlow.

- PyTorchis a Meta library widely used in CNN and transformer architectures.

- TensorFlow and JAX are google development for high-performance numerical
computations.

- Numpy is a library for fast numerical python computation that uses underlying C libraries
like BLAS or MKL, allowing parallel computations with the flexibility provided with python
over raw C code.

The preprocessing is based on pandas and scikit-learn. These are used to clean up the dataset,
prepared it and split it between train, validation and test data, while Keras is used to the real deep
learning algorithm implementation.



For the network analysis, data from smart meters pre-processed in the last step will be used. Also,

the network topology and analysis will be done with Panda Power library. Itself, Panda Power relies
on PyPower and NetworkX libraries to create the topology and analyse it. The main features of Panda
Power are:

It makes easy to parametrize electric model of lines, transformers and switches.

It is designed to automate evaluations

Can be easily adapted to our needs

This network analysis module will be deployed with an http and NATS interface. In Figure 21 and

Figure 22 a power flow performed with Panda Power is shown.
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Figure 21: Powerflow analysis result
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Figure 22: Results after performing power flow with Panda Power

Line Loading [%]

loading_percent
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67.034514
13.321507

The deployment will use Docker, a containerization platform that allows for easy packaging and

deployment of applications in a consistent and isolated environment. Docker ensures that the
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application runs reliably across different environments, making it an essential tool for efficient
deployment strategies.

Implementation will make also of other components and databases:

- Forthe storage, time-series and document-oriented database are needed. The data feed
into the database is either coming from the smart meters or from other sources that allow
to complete the historical series. The time-series will be Influx DB, a very efficient
database used to store huge amounts of time data. The document-oriented database
used for projections and power flow storage will be Mongo DB.

4.3.3 Mock-Ups

The application will have a section that will include information (Figure 23) about how likely a meter
is tampered with:
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Figure 23: Fraud consumers labeled

For each meter/user, the corresponding row will either include or not the tampering tag. There will
be also the possibility to filter the table to show only the meters potentially affected by NTL.

The section in the application that presents the topology (Figure 24) will also include information on
the substation/feeder affected by NTL, and the possible sections or subsystems in the network with
possible illegal unregistered consumption.
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4.4 Network Planning tool

In recent years, substantial research has focused on optimizing the design of modern power
distribution systems. The goal of distribution system planning is to ensure that the system can meet
increasing demand and renewable energy source (RES) growth in a timely, economical, reliable, and
safe manner [20].

During the decarbonization process that takes place in power systems, new technologies, operational
patterns, and players have emerged (e.g., flexibility resources, flexibility services, transactive energy
markets, and prosumers). Flexibility resources include technologies like distributed generation (DG),
electric vehicles (EVs), energy storage systems (ESSs), and demand response (DR). These resources
can provide flexibility services in distribution systems, where end-users have traditionally been
passive participants. However, with the growing integration of distributed energy resources (DERs)
and the shift from passive to active distribution networks, end-users are now playing a more active
role, offering flexibility services to distribution system operators (DSOs) and enhancing their energy
security (e.g., using photovoltaic (PV) systems paired with ESSs) [21].

Local energy markets are emerging as an efficient way to maximize the use of RES within specific
areas, enabling smaller consumers to take a more active role in the energy market. These new market
mechanisms can significantly impact distribution system planning, requiring new approaches that
account for market characteristics and promote the development of sustainable power systems.
While there is extensive literature on the impact of local energy markets on distribution system
operations, less attention has been given to how these markets affect distribution system planning.

Traditionally, distribution system planning focused on reinforcing or installing new substations and
circuits. The increasing penetration of DERs and the decentralization of power systems have added
complexity to this problem. Other expansion options, like capacitor banks (CBs) and voltage
regulators (VRs), are often included in short-term planning strategies. Additionally, with the growing
adoption of DERs, decision variables like the allocation of DG units, electric vehicle charging stations
(EVCSs), and ESSs have been integrated into the planning problem.

Modern distribution system planning must account for the impact of flexibility to minimize the need
for grid upgrades by maximizing the use of existing resources. The objective of the traditional
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distribution system planning problem is to determine, in the most economical way, the necessary
investments to meet demand growth, ensure system safety, and maintain high-quality electricity
supply. A complete formulation would result in a mixed-integer non-linear programming (MINLP)
model, involving continuous and integer variables under a set of non-linear equations representing
the distribution network’s operation. Solving this problem is complex due to its combinatorial nature
and the large number of decision variables.

Furthermore, the distribution system planning problem can be approached through single-period or
multi-period planning. In single-period planning, the entire planning horizon is considered at once,
with demand forecasts for the end of the period. In contrast, multi-period planning divides the horizon
into several stages, with expansion actions taken at different times based on demand forecasts. The
solution techniques often involve either mathematical programming or heuristic and metaheuristic
approaches.

Mathematical programming is one of the most commonly used approaches for solving the planning
problem. It offers the advantage of guaranteeing optimal solutions and is generally easier to
implement than heuristic or metaheuristic methods. Commercial solvers, such as CPLEX and
GURORBI, are often used to solve mixed-integer linear programming (MILP) formulations of the
problem. Another popular formulation is the mixed-integer second-order cone programming
(MISOCP) model [21].

However, exact solution methods may struggle to solve large-scale planning problems. In such
cases, heuristic and metaheuristic techniques become advantageous. These methods have been
widely applied in multi-objective optimization to minimize costs and maximize reliability. For
example, Tabu Search (TS) and Particle Swarm Optimization (PSO) are frequently used due to their
flexibility in modelling various aspects of the distribution system planning problem. The branch-
exchange heuristic has also been applied to long-term planning, and genetic and evolutionary
algorithms have been employed in many cases.

Bi-level optimization has gained traction in planning problems involving energy markets. In this
approach, distribution system operators, DER owners, and load aggregators participate in local
energy markets (LEMs). Investment decisions regarding network assets and DERs are made at the
upper level, while the lower level optimizes DER operation by clearing the LEM. However, this
approach can be computationally demanding, often requiring several hours to reach a solution [21l.

In OPENTUNITY, the planning module that is being developed is focused on the DSO perspective of
the planning problem and is formulated either as a single year MILP or a multi-year MISOCP
according to the objective selected by the user. The GUROBI solver will be utilized to solve the
problem. Since, it is designed to be an interactive tool operated by system operators to run multiple
scenarios, its computational complexity must be maintained limited to have the ability to provide
solutions in minute scale. Therefore the impact of flexibility will be considered as part of a single
stage optimization model with a fixed price selected by the user. The detailed planning too design is
described in the next section.

4.41 Design

The aim of the developed module is to offer a complete solution with all the necessary submodules
for system planning. The tool is being designed to support to an extent the handling of the data
provided by DSOs in the most raw form possible. That would include to extract topology from CIM
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files and generate demand curves that are used for the planning tool values from smart meter data,
that contain consumption in hourly intervals. The three main core tools consist of a fast load flow
algorithm, a clustering sub module that is used to generate the optimization scenarios and the
optimization module.

Figure 25 presents the logic diagram that illustrates a process for distribution system planning tool.
Initially, the user provides the system topology which is modified from the user provided format to
the data model that the tool uses. Thus, distinctive sub modules are being built that support this
format change. The topology input format that is supported are “csv" files and CIM files. The
necessary load curves per secondary substation are then uploaded by the system operator to
compute the demand curves and power factors that will be considered in the tool. A second option
will be also developed, where the user can upload smart meter data in a repository and the
aforementioned curves can be generated by the tool automatically. Apart from these data, the user
has to also define specific settings for the analysis that will be performed, define location and capacity
of future PV installations and provide equipment data that should be considered in future upgrades.
These operations will be facilitated by a graphical user interface (GUI) and specific checks will be
performed on the data provided if their format is not correct, e.g. the topology data check presented
in the Figure 25.

If the aforementioned input files are correct, the tool proceeds to generate the PV power curves with
hourly resolution, according to the location of the PV installation. Then, both the PV and demand
curves are used to run load flows for every hour in the number of years selected by the user. The
load flows are based on Fixed-Point Iteration algorithm, which is an algorithm that can perform load
flow calculations in radial networks, which is the typical case of distribution networks. The FPI
algorithm structure allows parallel processing achieving fast computational times that over 100 times
faster than conventional load flow tools that use newton Raphson algorithm. The results of the load
flows are presented to the user in the forms that are presented in section 4.4.2.

The next step utilizes a submodule that uses the PV generation curves, the demand profiles and the
load flow results to perform time series clustering in order to generate the scenario profiles that will
be used by the optimization algorithm. Finally, the user selects an optimization goal that could be
either multi-year cost reduction, multi-year investment deferral or maximizing renewable energy
sources for a single year. Then, the optimization problem is automatically designed and solved. If a
solution is reached and it is feasible, the process concludes with a presentation of the costs and
necessary system upgrades.
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Figure 25: Logic Diagram of Planning toolbox

The next sections present a more detailed description of the module design, presenting in detail the
methodologies followed to build the planning tool in python, mentioning also what libraries have
been developed or utilized.

4.4.2 Implementation

4.4.21 Load Flow Module

Initially the PV and demand curves are generated by the module. The demand curves are generated
by the user data, the PV curves are generated via the PVGIS (Photovoltaic Geographical Information
System) tool.

The Photovoltaic Geographical Information System (PVGIS) [22] is a tool developed by the European
Commission's Joint Research Centre to assess solar energy potential in various regions worldwide. It
provides solar radiation data, which helps users estimate how much solar energy is available in
specific locations by using satellite imagery and ground measurements. This data includes daily,
monthly, and hourly solar radiation levels and allows for the analysis of solar patterns over time.
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PVGIS also enables users to estimate the energy output of different photovoltaic systems, including
grid-connected and off-grid systems, as well as systems with sun-tracking technology. It can
calculate how efficiently solar panels will perform based on the geographical location, type of solar
panels, and their positioning. The tool even takes into account the inclination of panels and how the
angle affects solar irradiance.

Additionally, PVGIS considers terrain elevation and shadows caused by hills or mountains, which may
reduce the availability of solar energy in certain areas. Users can input their location, either manually
or by selecting it on a map, and receive downloadable data in charts or spreadsheets for further
analysis. This makes PVGIS highly useful for conducting feasibility studies and planning solar energy
projects in different regions. PVGIS APIs can be called directly using different languages like Python,
NodeJS, Perl, Java and many others. The user selects in the GUI the secondary substation that the
PV will be installed and the nominal power and uploads also the geographical coordinates of each
substation, which are all used to request from the API to generate a typical production year curve for
that location.

Having collected the PV curves, demand curves and the user defined annual load growth rate the
tool runs a multi year load flow analysis to identify critical lines and buses in the distribution system
under test. Typical load flow tools would require several minutes to run these simulations if hourly
resolution is considered.

Advances in computer hardware, such as the increase in the number of cores in CPUs and the
evolution of GPU designs, transitioning from simple graphics processors to highly parallel
multiprocessors of many cores, opened a new paradigm of programming and rethinking PF
algorithms.

Fixed-point iteration (FPI) algorithms have been proposed to solve the load flow problem, showing
accurate results and numerical stability. As described in [23], FPI methods can guarantee
convergence to the power flow solution via the Banach fixed-point theorem. The fixed point
algorithm has shown robust performance; it has a simple formulation for the case of radial distribution
system analyses, is suitable and scalable for multidimensional applications, and can also benefit from
multicore CPU and GPU parallelization.

The FPI algorithm has the following rationale. Considering a distribution system feeder with one
HV/MV on bus b; and b; demand nodes results in an admittance matrix of the following form (5),
where V are complex components of the respective nodal voltages and I the complex injections of
nodal current at the substation and at the demand nodes.

[Yss st] [Vs] _ [ Is ] (5)
Yas YaallVal |14

The FPI algorithm is based on the notation of the equivalent version of the successive approximation
method (SAM) presented in [11] as in (6)-(8):

Vn+1 = (_Ydd . A_l) . V‘n + _Ydd C (B)

c=Yy 'V, @)
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A =diag(S") (8)

where §* is the conjugate nominal complex power at demand nodes. The iterative procedure stops
when the computed voltages deviation between iterations are below a specific threshold.

This module is built on Numba [24] library in python. Numba is designed to be used with NumPy
arrays and functions. Numba generates specialized code for different array data types and layouts to
optimize performance. Numba-compiled numerical algorithms in Python can approach the speeds
of C or FORTRAN and supports parallel processing.

For a selected distribution system feeder in the Spanish demo the designed approach runs ten years
with hourly resolution (87600 scenarios) in around a second, which was at least 100 faster when the
Panda Power library and Newton Raphson algorithm was used together with parallel processing.

The results of load flow analysis are also passed to the scenario clustering module.

4.4.2.2  Scenario Clustering Module

The scenario clustering module requires as input the load curves per substation, the PV production
curves, the number of years in the analysis, the load flow results and the load growth rate. The
objective of this code is to generate the daily scenarios for the optimization module by clustering the
daily profiles every year based on the PV and load curves and the load growth rate. The other
objective is to compute weights that are used in the optimization problem to evaluate more
appropriately the trade-off between flexibility and system upgrades.

Initially, the total net load is computed by adding the demand of the substations and the production
of PVs for every year, generating an aggregated net load curve of 8760 points (hours of the year).
Then, using the pandas library in python the 365 daily profiles are generated. The 365 daily profiles
are then clustered in three distinctive clusters. The clustering is performed using the time series
clustering, utilizing the tslearn toolbox [25]. Compared to typical k-means algorithm the uses the
Euclidean distance as a similarity measure between the examples the tslearn toolbox uses the
Dynamic Time Warping metric for clustering the daily profiles

Dynamic Time Warping (DTW) is a method for measuring the similarity between two time series that
may vary in timing. Unlike traditional distance metrics like Euclidean distance, DTW allows for non-
linear alignments between the time points of two series, making it particularly useful for time series
data where patterns can shift or stretch over time. DTW aims to "warp" the time axis of one or both
time series so that similar shapes or patterns in the data are aligned, even if they occur at different
time points. It calculates the optimal alignment between two time series by considering various
possible paths and selecting the one that minimizes the cumulative distance between the points. On
the other hand, Euclidean distance, which is the typical distance measure in K-means clustering
algorithms, is the distance calculated by summing the squared differences between values at similar
times (hours). This strict one-to-one alignment means that even slight shifts in time between similar
patterns can lead to large distance values, thus if the same pattern occurs at different times in the
two timeseries, Euclidean distance will not recognize them as similar because it does not
accommodate for time shifts. The equation (9) with the conditions presented in (10) is the formulation
of DTW for two timeseries with 24 samples (daily power curves with hourly resolution).
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DTW(x,y) = min E d(x, ;)"
™
dnen

where w = [m,.. k] is @ path that satisfies the following properties:
It is a list of pair of indexes i,j with 0 < i,j < 23
Ty = (0,0) and mx = (23,23) (10)
Forall k = 0, Ty = (iy, ji) is related to my_1 = (ix—1,Jk-1) as follows:
i1 Sip<ipq4+1

Jeer1<Je<Jjrk1+1

Among the curves in each cluster the curve that has the highest amount of power among its hours is
selected as the representative curve of the cluster, and the PV and demand curves are collected for
that specific day to be included in the optimization problem. How many days are in each cluster are
counted and this number is also passed to the optimization problem.

Finally, having the worst-case scenario might lead to an overestimation of the flexibility required for
the whole cluster of scenarios or an overestimation of power losses in the network. Thus, two factors
are calculated, one for the power losses and one for the flexibility usage, which are then sent to the
optimization module to update the objective function. The factor of the power losses is computed as
the mean power losses of the scenarios in the cluster as computed by the load flow results divided
by the power losses of the worst-case scenario. The factor that is used as a weight for the flexibility
cost is computed as the ratio of the scenarios that have loading over 90%, as computed by the load
flow analysis to the total scenarios of the cluster. If no scenarios have loading >90% then the factor
value is selected as 1.

If the user selects as an optimization goal to maximize RES capacity then a different approach is
followed. The current year data is selected and the demand is normalized to the peak demand of the
year. A normal PV generation profile is also computed for a mean latitude and longitude in the demo,
using the geodata of the substations. The hour where the difference between the normalized PV
profile and demand profile is selected as the worst-case scenario for RES maximization and based
on that scenario the optimization problem of maximizing RES capacity is performed.

4.4.2.3 Optimization Module

The optimization module encompasses the formulation via the GUROBI solver of the three different
options that the DSOs can select for their system planning. All of the formulations are built in python
using the gurobipy library [26]. The variables and the sets used in the optimization are presented in
Table 4 and Table 5. For the maximization of the RES which is a single year (and scenario) problem
the indices of year, days and hours are obviously are not used.
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Table 4. List of Variables of Optimization Problems

I e S N

Ly ant

Pyan

Qy.an1

Uyanp

LSy anp

p y.dhr

CPyany

er,d,h,r

F Tydhr

Fdyanp

Zy1t

xy,l,t

PlOSSy,d'h'l

QlOSSy’d‘h'l

Udropy,d,h,l

BESloc,,,

Current Square

Line Active Power Flow

Line Reactive Power Flow

Bus Voltage Square

Involuntary Load Shedding

RES production

Involuntary RES curtailment

RES reactive power

RES flexibility

Demand flexibility

Binary variable indicating
the upgrade distribution line
L at year y with type t

Binary variable indicating
that an upgrade has been
done already at line L at year
y with type t

Auxiliary Variable
calculating active power
loss on every line.

Auxiliary Variable
calculating reactive power
loss on every line.

Auxiliary Variable
calculating voltage drop on
every line.

Auxiliary  Binary Variable
indicating the selection of

years, days, hours, lines

years, days, hours, lines

years, days, hours, lines

years, days, hours, buses

years, days, hours, buses

years, days, hours, res

units

years, days, hours, res
units

years, days, hours, res
units

years, days, hours, res
units

years, days, hours,

secondary substation

Years, lines, types of new
lines

Years, lines, types of new

lines

years, days, hours, lines

years, days, hours, lines

years, days, hours, lines

years, candidate buses
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BES (Battery

Energy

Storage) installation at bus b

y.b
Pb,,

Pchygpp BES charge power
Pdchy 4y BES discharge power
S0Cy qnp BES State of Charge
Qby anp BES Reactive Power

BES system energy capacity years, candidate buses

BES system power capacity  years, candidate buses

years,  days, hours,
candidate buses

years, days, hours,
candidate buses

years,  days, hours,
candidate buses

years, days, hours,
candidate buses

Table 5. List of Sets of Optimization Problems

S N

Number of years in the
horizon. User defined

D Number of different
days scenarios per year.
Computed by the
clustering sub module

H 24. Hours of a day

Li Set of Lines in the
feeder. Computed by
topology file.

B Set of Busses in the

feeder. Computed by
topology file.

Ti

Lc

Set of Busses in the feeder. Computed
by topology file.

Set of Candidate Busses for BES
installation in the feeder. User defined.

RES units. Provided by the user.

Set of line types to be considered in
upgrades. Provided by the users.

Set of Lines connected to the end bus of
a line. Computed by topology file.

The detailed formulation of the optimization problems is presented in detail in the following sections.

4.4.2.3.1. Investment Deferral & Cost Optimization formulation

The objective function of GUROBU multi-year optimization function for either problem formulation is

(12);
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It contains two general terms, the first (three first rows of equations) represent the operating costs
and the second (last term) the upgrade costs. The operating costs contain the cost of energy losses,
the cost of involuntary load shedding and RES curtailment, the charge & discharge cost of BES and
the cost of flexibility (RES or Demand flexibility). The second term contains the line upgrade costs,
associating each line upgrade with the line length and the cost per km of specific line type that can
be selected, and the battery system installations costs that contain the cost of energy and power
capacity.

The optimization problem has the various constraints to respect. The formulation of the power flow
is performed via the equations of the DistFlow model [27]. The DistFlow model allows to have convex
constraints for the power flow for radial systems, which allow the solver (GUROBI) to find the global
optimum solution. The DistFlow equations are presented in (12) - (15) four for every line:

P} +Qf = L - Uy, (12)
Pl:Ll.r+ZPl_PGe+PDe (13)
le Lc
Q=L x+ ) 0=Q,+Q, e
le Lc
Up,=—=2-(r Py+x-Q)+L;-(x* +1%) + U, (15)

The equation (12) is used as an inequality to make the optimization problem convex. Equation (13) and
(14) are used for active and reactive power in every line. The power and the starting bus (b,) flowing
to the line (P;, Q;) are equal to the power loss in the line (L; - r, L; - x) the power flowing to other lines
(Lc ) connected and the end bus (b,), the demand at end bus (Py,, @p,) minus the production on that
bus (Pg,, Qg,). (15) links the voltage square of the terminal busses on the line according to the current
and power flowing to the line.
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The formulation of the constraints in the optimization problem have to take into account the
possibility of a line upgrade in that line, thus these constraints cannot be used directly. To this end,
the active, reactive power loss and voltage drop on the lines is computed the constraints (16)-(18).

M- YieriXyi < Plossygpni — Lygni ™ < M- YicriXyye (16)

VyeYdeDheHIeELi

M- YieriXy < Qlossyani — Lygni X < M- YieriXy s 17)

VyeYdeDheHIeLi

18
M- Z Xy < Udropygng — Lyans- (> +13) +2-(r Pyapni+x Qyans) <M~ Z Xy Lts (8)

teTi teTi

Vy eYdeDheHIe Li

Constraints (16)-(18) are only valid if no upgrade is selected for the line () at year (y), day (d) and hour
(h). The term ¥.c r; X, becomes zero and the DistFlow equations are computed through the r, x of
the currently installed conductor or cable characteristics. If an upgrade is selected, ¥.;¢ r; Xy, €quals
1 the big M number makes the constraints always feasible. To compute the losses and the voltage
drop if an upgrade is made the constraints (19)-(21) are added. These constraints are generated for
every possible line upgrade, if the upgrade increases the current limit of the line, and force with the
same logic as above to use the characteristics of the new line (1, x;) if an upgrade with that type is
selected (x,,;,=1). If the candidate type for upgrade has lower limit than the existing then a constraint

is also added to force x,,,, = 0 to reduce the number of binary variables in the problem.

—M - (1—xy;,) < Plossygni— Lyan;-Te < M- (1—xy,,), (19)
VteT,ycY,deDhceHILe Li

-M - (1 — xy‘l_t) < QlOSSy‘d'h‘l — Ly,d,h,l " X¢ <M- (1 - xy'l't), (20)
VteT,yeYdeDheHILeLi

—-M - (1 - xy'l't) < Udropy'd'h‘, - Ly,d,h,l . (xt 2 + r%) +2- (rt . Py,d,h,l + X¢ " Qy,d,h,l) (21)
<M-(1-=x,,,)

Vte T,y € Y,d € D,h € Hl€ Li

Through the (16)-(21) constraints the auxiliary variables for active and reactive power losses and the
voltage drop are computed. Through them, the equations for active and reactive power flow and
voltage drop are computed, through the constraints (22)-(25):

P2 ani+Q5ani < Lyans "Uyanp,, Yy €Y, d € D,h € H€E Li (22)
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Py,d,h,l = Plossy'd‘h'l + Z Py,d,h,l — PGE + PDE’ Vy € Y,d € D,h € H,l € Li (23)
leLc

Qyant = Qloss, gy, + Z Quani—Q,+Qo, VyeYdeDheHlelL @4

leLc

Uy,d,h,be = Udropy,d,h‘l + Uy,d,h,bs: A y € Y,d € D,h € H,l € Li (25)

For the active power balance, the term P, resembles the production of active power at the receiving
end of the line, which is the flexibility of demand and involuntary load shedding activated on that bus
(decrease in load), the production of RES and the discharge power of the BES if it is selected for that
bus. The demand term (Pp,) contains the demand of the secondary substation on the receiving end,
the flexibility of RES and RES involuntary curtailment activated on that bus (decrease in RES
generation) and the charge of the BES if it is selected for that bus.

For the reactive power balance the same holds true. A fixed power factor is used for demand
provided by the module user, while RES and BES reactive power are selected via the optimization
problem. The constraint (26) is used to ensure that the current limit in every line is respected. If no

upgrade in the line is selected (Te 74 xy_,_t) = 0 and the existing current limitl;,, is used. If an upgrade
is computed, (Zte Ti xyl,‘t) =1, and the x,,, = 1 for the selected type of line selected for upgrade,

which forces the new current limit (7, ;,,,) as a threshold for the current.

(26)
Lyani < (A= Y %1 Bw + ) Xy B , V¥ € V,d € Db € H1L
teTi teTi
€ Li

The bus voltage thresholds are set via constraint (27), for all the busses apart from the slack (main
substation bus) where the upper and lower threshold force the voltage to be 1 p.u.

0.92<Uy4np<1.1% Vy € Y,d € D,h € H,b € B — {slack} 27)

The flexibility of the assets is also subject to various constraints. The flexibility of the demand (Fd,, 45, 5)
is constrained via a factor (cs4), which represents the amount of the demand in that secondary
substation (Demand,, 4 , ,) that is flexible, as presented in (28).

Fd,4pp < csq-Demand,y,, Vy €Y,d € D,h € H b€ B—{slack} (28)

The flexibility of the RES units is subject to constraints (29)-(30). The first correlates the unit's
production, the involuntary RES curtailment and the RES downward flexibility to the available power
computed via the scenario generation sub module. The second constraint constraints the reactive
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power generation or consumption according to the user defined maximum power factor (PE™),
through which the factor w, is computed via w,. = tan (acos(PE™%)) .

CPyany + Pyanr + Fryan, = PyyAebte, Vy eYde DheHreR (29)

—W, Py,d,h,r < Qy,d,h,r < W, * Py,d,h,r' Y y € Y,d € D,h € H,r ER (30)

The constraints (31) - (37) are related to BES units. (31)-(32) constraint the reactive power of BES units
similar to RES units. (33) and (34) constraint the charge and discharge power to the according to the
installed power capacity in that bus selected for the BES unit. (35) sets the initial SoC as selected by
the user at the beginning and end of the day. The energy limits based on the limits of SoC
(80C in, SOCqy) Provided by the user are respected by (37) according to the installed energy capacity
in that bus. (36) is used to calculate the SoC evolution.

—Wp PChy,d,h,b < Qby,d,h,b < Wy - PChy,d‘h,b,v y € Y,d € D,h € H,b €B (31)
—Wp PdChy,d,h,b < Qby,d,h,b < wy - PdChy‘d‘h_b; v y € Y,d € D,h € H,b €EB (32)
(33)
PChy,d,h,b < Pbyi‘b: VyEe Y,d € D,h € H,bEBb
yie{ly}
(34)
PdChy,d,h,b < Pbyi,bl A4 y € Y,d € D,h € H,b EBb
yie{ly}
SoCi,;
Ey,d,hb = lol(f)llt_ Z Eyi,b;v y € Y,d € D,h € {0,23},b € Bb (35)
yie{Ly}
Eyany = Eyan-1p + Pchygpp *nepy — Pdchy, gpp * gep, (36)
Vy € Y,d € D,h € H—{0,23},b€ B,
Socmin socmax (37)
W' Z Eyi,b SEy,d,hb < 100 : Z Eyi,b ,V y € Y,d € D,h EH,bEBb
yie{Ly} yie{Ly}

Finally, constraints (38)-(41) have to do with the binary variables of the problem. (38)-(39) dictate the
lower and upper limits of power and energy in installed BES units as they dictated by the user.
Constraints (40)-(41) force the logic on the binary variables of the line upgrades.

BESloc,,, - P'™™ < Pb,, < BESloc,;, -P;™*, Vy € Y,b€eB, (38)
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BESloc,,, - Ep"" <E,, < BESloc,, -Ej™*, Vy € Y,beB, (39)

Xype = Xy_1e = Zy1e,VEE T,y € Y, L€ Li (40)

Xype = Xy, VL E T,y e Y,le Li (41)

To run the aforementioned optimization problem, the user has to define also the costs (¢;s :
involuntary load shedding costs in €/MWh, cp¢ : involuntary RES curtailment costs in €/MWh, cg:
flexibility purchase costs in €/MWh, ¢;: cost per km per line type in €/km, cp,: battery installation
costs on battery power capacity cost in €/MW and cg, battery installation costs on battery energy
capacity cost in €/MWh). The cost of energy (c.) is automatically calculated by historical data on
energy market per demo. The inflation and interest rate have to be also defined by the user.

The optimization runs on daily scenarios that are computed by the clustering submodule. Based on
the days that exist in each cluster every year the parameter t, is calculated as the number of days in
that cluster. The weights w;,ss and wy,., are selected according to the rational presented in the
clustering sub module and according to the optimization goal selected by the user (cost-optimization
or investment deferral). If investment deferral is selected the w,,,, becomes small and the objective
function compares the flexibility, load shedding & RES curtailment scenarios with the upgrades' costs.
Thus, the use of flexibility will be selected in that option to postpone investments, until the
investments costs are comparable to the flexibility costs or if the flexibility can not resolve the issues
in the grid and RES curtailment or load shedding must occur.

Furthermore, the user has to upload the grid topology, which should include the characteristics of
the line (rx), the line rating and the connectivity information of the feeder. For the candidate lines that
can be used to replace existing equipment the same information (r, x and current rating) has to be
also provided apart from the costs.

Regarding the flexibility, the user also has to select specific parameters. For RES units, the user can
select to consider control of reactive power via setting the maximum allowed power factor parameter
(PE™%*) to a value different than 1.

If the user wants to consider in the planning scenario the use of a centralized storage device, then
additional parameters must be set. Initially, the set of candidate buses (B,) for possible installation of
central BES have to be set, the initial and end of day State of Charge (S0Cy,;;). the minimum and
maximum SoC limits (S0C i, . S0C .4y, the efficiency for charge and discharge (n g, n 4cn) and the
maximum power factor for reactive power control. Finally, regarding the demand flexibility, the user
must set the percentage of total demand that is flexible via the parameter c4.

The available RES power per unit (P}‘,"’jifﬁfra“e) and the demand per secondary substation (Demand,, 4 p, ;)

are provided by the scenario clustering sub module.

4.4.2.3.1. Maximize RES capacity Optimization formulation

This formulation aims to find the best upgrades in the system, given a constraint in budget, that
maximize the RES capacity considering also the flexibility available, A subset of the variables that are
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presented in the previous section is utilized in this formulation as well as only 1 scenario generated
by the clustering sub module. A relaxed linearized DistFlow model is used in this section to have a
convex problem formulation, since the DistFlow model is not convex for this maximization problem.
The objective function of this formulation is (42):

max Z Pvgom (42)
beB

The term in the objective function aims to maximize the PV capacity The general relaxed DistFlow
equations are (43)-(45):

BESloc,), - P'™ < Pb,;, < BESloc,, P}, Vy €Y,beB, (43)
BESloc,,, - Ep"" <E,, < BESloc,, -Ep™*, Vy € Y,beB, (44)
xy'l‘t - xy_l‘l't = Zy,l,t ,Vte Ti,y € Y,l € Li (45)

The voltage drop term (=2 - (r “P,+x- Q,l) is computed via similar constraints to the ones presented
in the previous section that use the binary x,, that indicates whether an upgrade is selected to use
the rx of the upgraded line in the equation or the characteristic of the existing line. The demand and
production in every bus are computed via the scenario input, the RES production which is the
selected nominal power of PV in that substation and a factor computed by the clustering submodule
(RES power = PV°™ -wf) and have to do with the percentage of nominal power of RES in the selected
worst case scenario. Flexibility is also considered in this scenario both in active and reactive power
similar to the previous implementation. The voltage limits constraints are set similar to the prior
formulation. The same holds true for the reactive power control of RES (PV) units.

The formulation is completed via the (46)-(49) constraints. (46) set the power limit in each line
according to the existing or the rating of the upgraded line type. The maximum power limit is
computed by multiplying the maximum power with the nominal voltage. Constraint (47) forces that
up to one upgrade is considered per line. (48) forces the budget constraint limit and the last one set
the flexibility limit per PV unit as a percent of its installed power which is selected by the user.

(46)
le + Qzl < S?nax,l ’ (1 - Z xl,t) + Z Srznax,t ' xl,t ,V,l € Li
tETi tETi
Z Xy <1,€ Li (47)
teTi
Z Z ¢, lenght;- x,, < Budget;,;;; (48)
IELiteTi
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Fry < csq- PVR°™, b € B — {slack} (49)

Since this formulation do not contain the exact equations of power flow, i.e. it could lead to current
limit violations, the resulted rated powers of PVs are checked by running power flows for the whole
year and gradually decreased if any limit is violated.

4.4.3 Mock-Ups

The GUI of the planning module is under development and will be fully presented in the v2 of this
deliverable. Some of its functionalities will be presented in this section to provide a first view of the
interface. After the log in and the start of a new project, the user has to define the general settings in
the scenario. This is performed in the scenario configuration tab.

Figure 26 shows a section of tab titled “Scenario configuration®. Under this tab, several sub-options

are displayed: "Network Topology," "Future PV Installations," "Geodata," ‘Load Curves," and

"Equipment Costs & Data.”

In "Scenario configuration”, the user selects the horizon in years to run the analysis of power flow (and
a multi-year optimization) scenario and the load growth rate to be considered. In the “Network
Topology” tab the user has to upload an excel file containing the topology data of the feeder under
test. In future versions other types of files, i.e. CIM files will be also included. The topology file has to
contain the data of the lines which are r(Ohm/km), x(Ohm/km), maximum current (kA), line length
(km), the name of the line and the busses that the line is connected to. In addition, the buses data are
also included mentioning their name, the secondary substation name or a virtual name if it no
substation is there and the nominal voltage.

When the topology is uploaded the “Future PV installations” tab appears, which is presented in Figure
27. In there the user selects among the substation the location of future PV installations, the year that
it will be installed and the nominal power in kW.

In the "Geodata" tab the user uploads a “.csv” file contain the latitude and longitude of each bus
presented in the topology file, which are used for the map representation in the load flow results and
to generate the PV production curves using the tools mentioned in the previous section. In the “Load
curves" tab information of the demand per secondary substation have to be included. At this moment
a “.csv' file is supported, expecting per secondary substation the demand data for a year with hourly
resolution and a “.csv’ file for the power factor to be considered per secondary substation. In future
version, itis likely to include an interface to a repository where the DSOs can upload smart meter data
to generate these files automatically.

Finally, the user has to upload a “.csv" of equipment data, i.e. lines, that will be considered for possible
upgrades. The “.csv" file should contain a name for the type, r in Ohm/km, x in Ohm/km, maximum
current (kA), cost per km in €/km. At the bottom, there is a Save Changes button, suggesting that
users can modify these settings and save them for future use. The overall design uses a dark theme
with white text for clear visibility.

49



Load Flow Analysis  Optimization Settings  Optimization Results

Network Topology  Future PV installations  Geodata Load Curves  Equipment Costs & Data

Configuration Settings

General Settings

Number of years

15

Load Grath Rate (%) per Year

5

Save Changes

Figure 26: GUI of scenario configuration tab

Load Flow Analysis  Optimization Settings Optimization Results

Seenario Settings  Network Topology Geodata Load Curves Equipment Costs & Data

PV connections in the next years

Select PV Installation Year

1

Location

CT-0107

Nominal Power (KW)

Add new PV unit

Completed Future PV units installations

Figure 27: GUI of Future PV installations tab

Figure 28 and Figure 29 present the second general tab called “Load Flow Analysis”. In this tab the
user can execute the power flow, by clicking the respective button and the check for every year in
the analysis the results in a map or select buses and lines and see voltage and loading boxplots. In
Figure 28 it is shown that the user can select the year and see the results on map. Critical lines and
buses, based on the loading and voltage levels respectively will have red or yellow colours to be
more easily distinguishable. By clicking on a line or a bus the user can see the name of the asset and
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same metrics, i.e. maximum, average and minimum loading in the lines (%) and maximum, average
and minimum voltages in the buses in per unit.

In Figure 29 it is shown how the user can select a specific bus or a specific line and see the results for
all the years in the same graph, in boxplots to identify at which year a threshold might be surpassed
and either the use of flexibility or upgrades are needed. The results presented in these graphs are
based on a feeder on the Spanish demo considering 15 years in the horizon and a load growth rate of
6% per year. This growth rate was selected in order to cause an issue in this feeder in the respective
horizon.

Scenarlo Configuration Optimization Settings  Optimization Results

Calculate Power Flow

Run Power Flow

Power Flow Results on Map

Select the year:

SER-052_2
Average Loading:45.8
Minimum Loading:0.0

Q Maximum Loading:104.2
%\“ ?} o

Line Results

Figure 28: Load Flow analysis tab and results representation on map
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BUS Results
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Aiih

Figure 29: Load Flow analysis pre bus and line presentation via boxplots

Volezge of CT-0258

The next tab that is presented after the execution of the load flow analysis is called “"Optimization
Settings" and is presented in Figure 30 and Figure 31. In optimization economic settings (Figure 30)
the user sets the costs to be considered by the optimization formulation presented in Section 4.4.2.3
and in the Flexibility settings section (Figure 31) the user can select the whether to consider storage
and possible locations from a drop down menu that contains the existing secondary substation and
the storage system associated parameters, maximum flexibility by RES units as percentage of
available power and whether to consider reactive power control and for demand the percentage of
demand to be considered flexible.

Fieibility Settings

Optimization economic settings

Infiation rate (%)

Interest Rate (%]

Flexibillty Price (€/MWh)

Involuntary Load Shedding Price fe/MWh)

Involuntary RES eurtallment Price (€/Mwh)

Save Changes

Figure 30: Economic parameters selection
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RES Demand

Scenario Configuration  Load Flow Analysis

Flexibility settings

@ Consider Storage Economic Parameters

Energy Storage Parameters Storage RES

Location

cT.0107 Maximum available Flexibility (% of demand)

Add new candidate bus

' Save Changes
battery system cost - Power (€/MW)
battery system cost - Energy (€/MWh)

Maximum available Flexibility (% of available power)
Minimum battery system size (MW)

Maximum battery system size (MW)
& Reactive Power Control

Storage System Efficiency (%) RES Power Factor Limit

Power Factor Limit:

Save Changes

Figure 31: Flexibility settings selection

The last tab, Optimization Results (Figure 32-Figure 35), is presented after the optimization settings
are set and the optimization scenarios are calculated. As shown in the following figures the user can
select the optimization goal among the following (cost reduction, investment deferral and maximize
RES). By clicking on the “run optimization” button the GUROBI solver solves the specific optimization
problem and presents in a tabular format the upgrades selected (which line, what type should be
installed and at what year). It can be seen from Figure 32 and Figure 33 for example that the
investment deferral option selects to postpone by two years the update of the same line with the
same type, compared to the cost reduction scenario in the Spanish pilot.

Scenario Configuration Load Flow Analysis  Optimization Settings

Select Optimization Goal

Cost Reduction

Run Optimization

Solving optimization...

Optimization Solved

Upgades Computed:

8 DHV150 SER-052_2

Figure 32: Optimization results tab with cost reduction selection
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Scenario Configuration Load Flow Analysis  Optimization Settings

Select Optimization Goal

Investment Defferal

Run Optimization

Solving optimization...

Optimization Solved

Upgades Computed:

10 DHV150 SER-052_2

Figure 33: Optimization results tab with investment deferral selection

Apart from the tabular data of the upgrades, a bar plot is presented with the costs of the analysis. It
contains the different categories of costs and the net present value (NPV) calculated regardless the
optimization goal. For example, in Figure 34 the analysis in the cost reduction is presented showing
when the upgrade in the line takes place and the impact it has on the power losses cost. The user
can also click to the cost type on the right to disable the view of specific costs (e.g. in Figure 35) where
only the flexibility costs are presented which take place in year 9 to postpone the investment for year
10. By presenting the NPV in each scenario, the user can investigate if how much are the worst-case
costs (if the worst case load growth rate is selected for example by the user) could be in a ‘wait and
see” policy, i.e. to wait to perform the investment and utilize flexibility.

Total NPV =162370.34736625524

Cost Type
B Energy Cost of Power Losses
M Grid Upgrades

10k
) . . l I I I
0 .
0 2 4 6 8 10 12

X

Figure 34: Cost analysis bar plot with cost reduction selection
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Total NPV =174985.52894650688

Cost Type
50 Energy Cost of Power Losse
M Flexibility Purchase
40
o
= 30
7]
=]
Q
20
10
o 1] 2 4 [ 8 10

Figure 35: Cost analysis bar plot with investment deferral selection

Finally, if the user selects the “maximize RES" option in optimization goals the worst scenario is
computed in the current year and a budget limit is requested from the user to constraint the number
of upgrades that can be considered. Based on these the optimal upgrades will be presented as well
as the maximum RES capacity according to the current limits in the lines and voltages in the bases.

In addition, the whole year is executed using the RES capacity computed in every secondary
substation and presents the results in map form as presented in Figure 36.
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Figure 36: Power Flow results on Maximum RES scenatrio.
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5 CONCLUSIONS

This document emphasizes on the technical details of the modules developed under Task 5.4, and
Task 55. It includes a description of each module's design and implementation, along with initial
mock-ups of the user interface. In the subsequent deliverable, D5.4 "OPENTUNITY Asset and
Planning Developments (v2)," the focus will shift to showcasing the final functionalities and user
interface of the modules, without revisiting the underlying design and implementation details.

The modules described are short term asset management, long term asset management, non-
technical losses detection and network planning. The first three are linked with Task 5.4 and the fourth
with Task 5.5.

For every module a description of the tool importance is presented, as well as the specified module
design, a description of the modules developed and the tools and libraries used and preliminary
mock-ups of the user interface. In the next version of the deliverable the user interface will be further
highlighted.

The next steps, that will lead to the final tool development and its reporting in the next version of the
deliverable, will mainly focus on the development of the necessary interfaces that will allow more
seamless integration of system operators data to the modules, the re-evaluation of the modules, if
needed, with additional historical data from the system operators and the development of a user
interface that allows seamless use of the tools.
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6.2 Acronyms

AM|

DER

OPF

SCADA

DSO

RES

ML

EoL

GUI

SoC

LEM

CIiM

Table 6. Acronyms

Advanced Metering Infrastructure
Distributed Energy Resource
Optimal Power Flow

Supervisory Control And Data Acquisition
Distribution System Operator
Renewable Energy Sources
Machine Learning

End of Life

Graphical User Interface

State of Charge

Local Energy Market

Common Information Model
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