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Sammanfattning

Nya smarta matare och den pagdende digitaliseringen av
distributionssystemen ger operatérerna mojlighet att f en mer detaljerad
och realtidsnira bild av systemdriften. Overgangen till grén energi och
hdllbara transporter medfor fler solceller och elbilar i
distributionssystemen och med dem nya utmaningar. Ndgra av dessa ar
obalanserad drift och behovet av att mer exakt uppskatta systemets
nuvarande och framtida kapacitet. Avreglering och 6ppna marknader har
fort med sig manga olika leverantdrer och distributionssystemoperatorer.
Detta medfor utmaningar med att dela systemmodeller, information om
systemdrift och planering samt bred tillgianglighet av viktiga verktyg for
analys av distributionssystem. Analys- och modelleringsverktyg med
oppen killkod samt standardiserade format for informationsutbyte kan
erbjuda lésningen.

Detta projekt syftar till att utnyttja de nya mojligheter som digitaliseringen och nya
smarta matare medfor genom att 4ven anvianda verktyg med oppen kallkod for att
l6sa ndgra av de utmaningar som ar relaterade till drift och planering av
distributionssystem. I ett specifikt fall av ett svenskt distributionssystem har tva
studier med smarta méatardata och modelleringsverktyg med 6ppen kallkod
genomforts. Den forsta studien undersokte, identifierade och karakteriserade de
icke-tekniska systemforlusterna. Den andra studien uppskattade systemets PV
kapacitet under olika scenarier for PV-integration och obalanserad systemdrift.
Béda studierna illustrerade potentialen att 16sa de vasentliga systemutmaningarna
med hjilp av licensfria verktyg med 6ppen kallkod och tillgangliga 15-
minutersmatningar fran smarta matare. Projektresultaten banar vég for vidare
diskussioner om férdelarna med digitalisering av distributionssystem och
anvandning av verktyg med dppen kéllkod och filformat for att modellera,
analysera och utbyta information om systemets planering och drift.

Nyckelord

digitalisering, distributionsndts drift och planering, distributionsnits kapacitet, icke-
tekniska forluster, lokala elnit, obalanserade modeller, smart mitare, oppet killkodverktyg



Summary

New smart meters and the ongoing digitalization of the distribution
systems are giving the operators opportunity to get more detailed and
close-to real time picture of the system operation. Transition toward
green energy and sustainable transport brings more PVs and EVs in the
distribution systems and with them new challenges. Some of these are
unbalanced operation, and the need to more precisely estimate the
system current and future hosting capacity. Deregulation and open
markets have brought many different vendors and distribution system
operators. This brings challenges with sharing the system models,
information about system operation and planning as well as wide
availability of the essential tools for distribution system analysis. Open-
source analysis and modelling tools as well as standardized formats for
exchanging information may offer the solution.

This project aims to leverage on the new capabilities brought up by
digitalization and new smart meters by also using open-source tools to
solve some of the challenges related to distribution system operation and
planning. On a specific case of a Swedish distribution system two studies
using smart-meter data and open-source modelling tools have been done.
The first study investigated, identified and characterized the non-technical
system losses. The second study estimated the system’s PV hosting
capacity under different PV integration scenarios and unbalanced system
operation. Both studies illustrated potential to solve the essential system
challenges using license-free open-source tools and available 15-minutes
measurements from smart-meters. The project results pave the way for
further discussions on benefits of distribution systems digitalization and
using of open-source tools and file formats to model, analyze and exchange
information about the system’s planning and operation.
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1 Introduction

Distribution systems are undergoing fast digitalization. New smart
meters with 15 minutes readings are giving the operators opportunity to
get more detailed and close-to real time picture of the system operation.
More and more PV generation and EV chargers are being hosted in the
distribution systems, increasing the need for a proper estimation of the
distribution systems’” hosting capacity. One of the factors affecting the
hosting capacity is unbalanced distribution system operation that
requires more detailed analysis and modelling of all three phases and
their couplings. With many vendors and distribution system operators,
the challenges of sharing information about system modelling, analyses
and operation arise. Open-source analysis and modelling tools as well as
standardized formats for exchanging information may offer the solution.
The mentioned challenges and opportunities come along with
distribution systems digitalization, higher penetration of renewables and
EV chargers. This project aims to address some of these challenges and
leverage on the possible opportunities.

A major part of distribution systems’ digitalization was and is introduction of
smart meters. Smart meters in Sweden have been introduced in 2003, before which
electricity metering was done on a yearly basis [1]. From 2003 to 2023, smart meters
went from monthly, hourly to finally 15 minutes metering requirements. While
major reasons for their initial introduction in Sweden were to increase consumer
awareness and reduce energy consumption, it also led to a better observability of
the distribution system operation. This allowed for better understanding of the
load profiles, better forecasting of the load growth and better planning of current
and future distribution systems’ operation.

Smart meter data can be used to better assess hosting capacity of the distribution
system under different future scenarios but also for the system monitoring
applications such as system’s parameters estimation or identifying deviations from
predicted system operation. An example of such deviations is appearance of non-
technical losses in the system. With smart meters that can nowadays record 15
minutes (and in the future maybe even more frequent) samples of currents and
voltages on each of three phases, possibilities to monitor the distribution system
operation as well as identify deviations from the predicted system behaviour are
substantial as also shown in this project.

Distribution systems, especially local, low voltage ones, operate usually with
unbalance over their three phases. To get an accurate picture of the system, these
unbalances need to be considered in mathematical/computer
models/representations of the real system as well as in the methods used to
analyze these models. As some previous works showed [2] [3] [4], inappropriate
modelling can lead to the errors in estimation of the system’s hosting capacity.
While three phase unbalanced operation brings complexities in system modelling
and analysis, it also opens new opportunities in detecting and identifying the



undesirable system behaviour such as appearance of non-technical losses. With
smart meters’ measurements of currents and voltages per phases, it is possible not
just to get better awareness of the unbalanced distribution system operation but
also to capture footprints of different end-users connected to the distribution grid
and their unique unbalanced behaviour.

To address the challenges mentioned and exploit possible opportunities of the
unbalanced system operation analysis, tools that have ability to make three-phase
unbalanced representations of the distribution systems need to be used. With
many smaller and bigger distribution system operators in Sweden, it is important
that all of them have appropriate and transparent tools for the unbalanced system
analysis and planning. One of the solutions may be to use free and open-source
tools as investigated in this project. Furthermore, cooperation and coordination
between many different vendors and distribution system operators raises the need
for standardized and transparent data and information exchange. To address this
need, IEC has introduced Common Information Model (CIM) [5].

1.1 PROJECT SCOPE

The project aims to support distribution system operators in developing and
making the distribution system operation more efficient by taking advantage of the
opportunities brought by digitalization. Concretely, the project aims to showcase
the use of open-source tools together with CIM on analysis of unbalanced
operation of a distribution system. Furthermore, the project shows how smart
meter data can be used to improve efficiency of the distribution system operation
by detecting the non-technical losses.

The project aims to on a selected case study of a Swedish distribution system
address the following objectives:

e Showcase three-phase modelling of a Swedish distribution system using
open-source tools and data formats;

e Use open-source tools to analyse the unbalanced system operation,
compare it to the real smart meter measurements to identify and minimize
non-technical losses in the system;

¢ Use open-source tools to investigate how unbalanced operation can affect
the hosting capacity of the system in the case study of PV integration in a
Swedish distribution system

1.2 PROJECT RELEVANCE

The project offers several concrete benefits for electricity grid companies and their
customers by creating solutions that improve the operation and planning of the
power grid. By using open-source (license-free) network models, transparent and
flexible modelling is ensured, allowing for adaptation and further development
without being locked into specific vendors or tools. Furthermore, the project also
aims to develop and use solutions that can be integrated with the network



information systems of the electricity grid companies, enabling process
automation.

The project contributes to:
e Fairer electricity distribution: Reduces imbalances and uneven load.

e Reduced non-technical losses: Provides better control and minimizes losses
that negatively affect both network owners and customers.

¢ More efficient analysis tools: License-free and open tools that support
decision-making and future development.

¢ Knowledge sharing: The results can be used by other network owners,
promoting collaboration and innovation within the industry.

1.3 REPORT’S STRUCTURE

This report is divided into three separate parts. The first part gives a general
background to the work in this project and explains the tools and state-of-the art
methods used in the analyses in this project. The second part focuses on how
smart-meter data and modelling of the power system in the open-source tools can
be used to detect, locate and characterize the non-technical losses in the system.
The third part of the report deals with use of open-source tools to analyze the
hosting capacity of the distribution system. The hosting capacity is assessed with
regards to different factors including maximum allowed power of PV connections,
order of locations in which PV systems are connected to the system as well as
unbalanced vs balanced operation of the system. The report finishes with the
conclusions and the main take-aways from the project results.



2 Background and “state of the art”

2.1 OPEN_DSS

OpenDSS (Open Distribution System Simulator) is a freely available simulation
tool for electric power distribution systems made as open source by EPRI in 2008
with regular updates [6]. It was originally developed to support distributed
generation interconnection studies and has since evolved into a comprehensive
analysis platform for distribution network modelling and planning. It is a script-
driven circuit solution engine capable of performing a wide range of steady-state
and quasi-dynamic analyses. It is well suited for modern distribution systems with
high penetration of distributed energy resources.

OpenDSS is primarily intended for analysis of unbalanced, multi-phase
distribution systems [7]. It was designed to handle the North American
distribution system networks, which are often highly unbalanced requiring more
than a positive-sequence model. It can also model European-style systems, which
typically have simpler structures. OpenDSS uses actual voltages and currents (not
in per-uint domain) and three-phase detail modelling of the system accounting for
unblanced parameters between the phases and their couplings. It does not
internally use symmetrical components or per-unit representation, but can provide
this as an output.

2.1.1 Solution Capabilities

Solving the power flow is the most common application of the OpenDSS software.
However, OpenDSS is designed as a power system harmonics analysis tool. Being
able to primarily do harmonics analysis, it can also relatively simply find the
power flow solution. Comparably the tools designed to solve classic power flow
problems might not be able to solve a harmonics problem [8].

OpenDSS supports a wide range of RMS steady-state analyses commonly required
for distribution system planning, in addition to advanced simulation modes. Its
solution capabilities include:

e  Static power flow for unbalanced multi-phase power flow

¢ Quasi-dynamic time-series for daily and yearly time-series simulations
e Duty cycle simulations (1-5 s resolution)

¢ Fault analysis

e Harmonic analysis

¢ Dynamics analysis (electromechanical transients)

It is important to note that OpenDSS is not an electromagnetic transients (EMT)
program, but it can simulate electromechanical dynamics [9].
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2.1.2 User Interface and Integration

OpenDSS is distributed as a standalone executable (OpenDSS.exe) with a text-
based, script-driven interface [7]. It provides no graphical input and a limited
graphical output. However, this script-based structure makes it well suited for
automation and batch simulations. The tool can be integrated with external
platforms for extended functionality. For example, the py-dss-interface [10] (which
can be augmented with the py-dss-toolkit [11]) provides a python API for
interfacing with OpenDSS. This is particularly useful for enabling automated
workflows and analysing results. There is also a MATLAB integration available
through the GridPV Toolbox [12], which is designed to model and simulate the
integration of distributed generation into the electric power system and to assess
the impacts on distribution networks from highly variable generation.

2.1.3 Applications

OpenDSS is suited for studies related to Distributed Energy Resource (DER)
integration and advanced distribution system planning [7]. Originally developed
for distributed generation interconnection analysis, it remains well suited for
evaluating the impact of renewable and distributed energy resources on existing
distribution networks. The tool can model virtually any distribution circuit
configuration and is designed to allow for easy expansion.

A major application area is DER integration studies. A common use case for
OpenDSS is therefore to analyse photovoltaic (PV) systems both on a utility and
residential rooftop scale, wind turbines, electric vehicles and battery energy
storage systems [13]. An example is that through quasi-dynamic time-series
simulations, the impact of variable generation and variable load behaviour on
feeder voltages, currents, and power flows can be evaluated.

Typical analyses for OpenDSS include studying voltage rise behaviour, thermal
overloading of equipment, harmonic distortion, and dynamic or islanding
behaviour [13]. Hosting capacity analysis, defined as the maximum amount of DER
that can be accommodated in a distribution system without violating operational
constraints or requiring infrastructure upgrades, is a usual use case. By
incrementally increasing DER penetration and monitoring system performance,
acceptable integration limits can be determined.

Beyond DER integration, OpenDSS supports a wide range of planning and
advanced control studies [13]. It can be used to evaluate time-varying feeder
behaviour, perform load allocation and load growth studies and conduct system
reliability assessments. Furthermore, it is able to provide advanced distribution
system controls studies such as distributed energy resource management systems
studies, Volt-VAR optimization, conservation voltage reduction, and fault location,
isolation, and service restoration studies.

2.2 SHARING GRID DATA USING CIM

The Common Information Model (CIM), defined by the IEC 61970, 61968 and
62325 standards, provides a standardized way to represent power system
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components and their relationships. An in-depth explanation of CIM is outside the
scope of this report and readers seeking a more comprehensive description are
referred to [5] and [14] published by PNNL. However, in brief, CIM is designed to
facilitate interoperability and data exchange by defining a standardized semantic
model for power systems.

CIM describes the structure of a power system in terms of network topology,
equipment characteristics, and electrical connectivity, i.e. CIM captures what exists
in the network and how components are related. The CIM model is formally
defined using Unified Modeling Language (UML). UML class diagrams are used to
specify the CIM classes, their attributes, inheritance relationships, and associations
with other classes. For data exchange, CIM models are commonly serialized using
XML-based formats. These formats provide a standardized way to encode CIM
instances in files that can be exchanged between tools. The XML documents
contain instances of CIM classes and their relationships as defined in the UML
model.

2.2.1 CIM to OpenDSS export

By sharing grid data through CIM, it is possible to automate the modelling process,
reducing manual modelling effort and improving model consistency as well as
accuracy. In this project, a proof-of-concept conversion script for OpenDSS export
was developed. The conversion script acts as a translation layer between CIM XML
files and OpenDSS syntax. It is responsible for parsing the CIM XML files and
extracting relevant equipment and topology information. The script should then
generate structured OpenDSS files based on the parsed information which can be
executed with minimal additional interventions. The resulting OpenDSS model
reproduces the network topology and core electrical characteristics as defined in
the original CIM dataset. This has the possibility to enable a faster model setup for
distribution system studies as well as improving repeatability and reduces manual
modelling errors.

It is important to note that the overlying grid information is not included in the
CIM model. Therefore, additional data must be provided outside the CIM XML
files to define the Thevenin equivalent of the overlying network in OpenDSS.
Specifically, one of the following is required to define the Thevenin equivalent in
OpenDSS:

1. Three phase and single-phase short circuit power (MVAsc3 and MV Ascl)
2. Three phase and single-phase short circuit current (Isc3 and Isc1)
3. Positive and zero-sequence impedance (Z1 = [R1, X1] and Z0 = [R0, X0])

In addition, performing time-series simulations (for example, quasi-dynamic
simulations) requires operational data for the studied period. Even for static
simulations, additional information about load and generator operating points
may be necessary. This information is possibly not contained in the CIM model
and an additional source of external data, specifically operational data, may
therefore need to be incorporated. The main thing to keep in mind with the
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operational data is that the naming lines up with the naming in the CIM model in
order to correlate the operational data with the correct bus.

A feature that has been considered, but not tested, is the automated creation of a
graphical representation of the model in a single-line diagram. As the OpenDSS
model only contains the connection information of the network elements along
with their electrical parameters, there are not any schematic overview of the
network. To create a single-line diagram, relative bus coordinates are required.
Since the CIM model contains geographical coordinates for the buses, these can be
parsed by the file conversion script and used to automatically generate the
graphical network representation.

2.3 SMART METERS AND IMPROVED SYSTEM OBSERVABILITY

Smart meters are digital measurement devices that record electrical operational
data with high temporal resolution. Smart meters measure voltage, current, active
and reactive power, and sometimes frequency and power factor. While
conventional (non-smart) meters only capture energy consumption with no
information of when the energy was consumed, smart meters provide a way of
measuring electricity consumption in near real-time.

The adoption of smart meters improves system observability in distribution
networks by providing insights into demand patterns, voltage levels, and system
loading conditions across the network. This helps with enabling more accurate
billing but also supports more efficient network operation. For example, by better
understanding grid demand through the smart meters, demand-side-management
becomes viable to incentivise shifting consumption away from peak periods and
thereby using the grid more efficiently.

Smart meter data can be used in several advanced applications. One example is the
detection of non-technical losses, such as improper metering or electricity theft. By
comparing measured consumption and voltage profiles from smart meters with
simulation results from network models, any present non-technical losses can be
identified. A detailed example of this is presented in Section 3.

In addition, smart meter data supports the integration of renewable energy sources
more effectively. For instance, it can be used in hosting capacity studies for which
Section 4 will provide an example. Enhanced system observability through smart
meters also improves system state estimation, where a best estimate of network
conditions is derived from the available measurements, reducing uncertainties
caused by missing data or large measurement errors.

2.4 UNBALANCED OPERATION OF DISTRIBUTION SYSTEMS

In traditional three phase power system analysis, the underlying assumption for
using the power flow methods is that the system is balanced. Such an assumption
simplifies the computation by allowing us to use a single-phase equivalent
representation of the network. However, unbalanced systems are often
encountered in real life, distribution systems in specific. To analyze unbalanced
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power systems, all three phases need to be modelled separately in some cases or
special decomposition methods need to be used.

Firstly, we define what balanced and unbalanced power systems are. A balanced
power system is a system where the three phase voltages and currents are perfectly
balanced, which means that their magnitudes are equal and are shifted from each
other in phase by exactly 120 degrees. Such a system can be represented by an
equivalent single-phase system. On the other hand, an unbalanced power system is
a system where there is an unbalance in the magnitudes and (or) phases of the
voltages and currents. Unbalanced conditions may arise due to several factors such
as faulty voltage sources, unequal system parameters, or unequal loads.
Depending on the type of unbalance, different methods and approaches are used
for simulation and analyses of unbalanced systems.

In cases where system parameters per phase are symmetrical but power flows per
phases are unbalanced (for example due to unbalanced loads per phases),
decomposition methods such as Fortescue method [15] can be used. Also known as
symmetrical components method, it decomposes unbalanced system to be
analyzed into three balanced sets: positive, negative and zero sequence [16]. Each
sequence is represented as one-phase equivalent model of the system and solved
independently from the other sequences. When all sequences are solved, the
results can then be recombined giving the solution to the original unbalanced
system. For a balanced power system, only the positive sequence component
exists. In case of an unbalance in the system, all three components may appear.

If the system parameters are not symmetrical per phases, Fortescue method cannot
be used. In this case, the system needs to be modelled in more detail using its
three-phase representation. Each phase is described by specific, possibly different
(phase-asymmetrical) parameters as well as coupling parameters between the
phases. The system model, containing specifics to each phase and their coupling, is
therefore expanded compared to the balanced single-phased representation by
3*3=9 times. As a consequence, solving the three-phase model of the system will
require around 9 times more computation resources to solve than the balanced
one-phase model of the system.

The advantage of using the Fortescue method to analyze unbalanced systems
compared to full three-phase modelling of the system is that it reduces the
computational complexity of analysis from factor of 9 to factor of 3 (compared to
the balanced system analysis). As Fortescue method decomposes the system into
three sequences that can all be represented as single phase equivalents, the
computational complexity of analyzing unbalanced system increases 3 times
compared to analyzing the balanced system (where only one positive sequence
exists instead of possibly all three).
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3  Detection of non-technical losses using
smart-meter data

Non-Technical Losses (NTL) are any losses related to improper metering, meter
tampering or power theft. By increasing the observability of the network through
smart meters, methods become available for identifying and locating any NTL in a
network. This section provides a detailed description of how smart meters can be
used in combination with a network simulation model, here employing the open-
source simulation tool OpenDSS, for the detection of NTL.

3.1 METHODOLOGY

To detect the presence of NTL in a network, smart meter measurements are
compared with results from a network simulation model. Significant deviations
between measured losses and simulated losses indicate that there may be NTL in
the network unaccounted for in the simulation environment. By then further
analysing how the deviations, if present, behaves, insights can be obtained
regarding the characteristics of the NTL. Assuming the NTL is a load that is not
captured by a meter, the applied methodology proceeds with a categorization of
the NTL to gain insight into the type of connected load. The presented
methodology also describes how NTL may be located to determine where in the
network it originates.

3.1.1 Categorization of NTL

When categorizing the NTL, the network loss was analysed in three ways. These
analyses are referred to as the NTL-load profile the NTL-transitions and the NTL-
temperature corelation.

NTL-load Profile

To calculate the NTL-load profile, the regression of the expected losses was
computed based on the simulations. The difference between actual losses and the
expected losses gives the NTL-loading, i.e. the loading of the unmetered load
connected to the network. Since the network losses are tied to specific timestamps,
this allows for the derivation of a time series of the NTL-load.

To investigate whether a daily pattern exists in the loading, the average NTL load
was calculated for each time step of the day. For example, when using a 15-minute
resolution time series, all NTL load values for the datapoint 00:00 - 00:15 across the
available days were averaged to obtain the first data point in the daily load profile.
This procedure was repeated for each time step of the day, resulting in a complete
average daily profile.

NTL-transitions

Transitions refers to datapoints where the NTL appears to be increasing or
decreasing and are therefore transitioning to a higher or lower value. By studying
the transition points, further insights into the NTL pattern can be derived. By
grouping transition points by time of day, day of the week, and the month, as well
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as keeping track of transitions leading to an increase or to a decrease, distribution
can be derived showing when the NTL has a high respective low variability, which
could provide insights in how the NTL is being controlled.

Temperature corelation

The final characteristics of the NTL analysed where how it correlated to the outside
air temperature, which could help in identifying what type of load had gone
unmetered. The correlation coefficient between the NTL-load and outside air
temperature was calculated as

ra) = =10 () () M)

i=1

where 4; is the NTL-load at time instant i, y1, is the average NTL-load, and g, is its
standard deviation. Temperature is similarly represented byB;, 15, and oz while N
is the total number of time instances.

Temperature data was obtained from the closest SMHI temperature metering
station to the network location with a similar elevation above the sea. Correlations
were calculated for seasonal, daily, and hourly variations. For seasonal variations,
a 30-day rolling average filter was applied to both datasets to isolate the seasonal
trend. For daily and hourly variations, the data was resampled to the appropriate
resolution, and the seasonal component (the 30-day rolling average) was removed
to focus on short-term fluctuations.

3.1.2 Localization of NTL

In order to identify where in the network the cause of the NTL is located, the three
methods for NTL localization presented in [17] were applied. These methods are
based on the principle that an NTL introduces a localized and unexpected voltage
drop in the network. The three methods presented are:

Voltage Drop at Measurement Point, the error between measured and simulated
voltage can indicate the location of NTL. This error is represented by calculating
the Directional Mean Error (DME) over all time instances classified as having
unusual high losses. The DME is calculated as:

N
DME = %Z(Simi — Meas;) (2)
i=1
Where N is the number of data points, while Sim; and Meas; are the simulated
voltage and the measurement voltage at time instant i. A positive DME suggests
that the measured voltage is consistently lower than the estimated voltage when
losses are high, which may indicate NTL.

Correlation: Voltage - Voltage, the correlation between measured voltage and
simulated voltage is calculated. The corelation is calculated according to (1), but
with A and B being the measured and simulated voltage instead. Ideally, this
correlation should be close to one and deviations indicates that the voltage time
series have different behaviour which could be due to NTL.
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Correlation: Voltage - Energy, this method examines whether a change in power
at an energy meter corresponds to a change in voltage. The measured correlation
and the simulated correlation are compared, and any significant deviation may
indicate NTL.

Handling Voltage Noise

Since all methods rely on voltage comparisons between measurements and
simulations, it is important that the voltage from the simulation is accurate and
that the measured voltage is of good quality. However, if as in this project, this was
not the case, this section will describe the method used to minimize the uncertainty
originating from the voltage signals.

Figure 1 shows the phase voltage at a bus closer to the bottom of a network for
both the simulation and the smart meter, the hole in the plot is due to a time period
during September and October with missing data. What is notable is that the
measurement variability of the voltage is significantly greater than the simulated
variability. This variation in the measurements is consistent across all buses and is
due to variations in the voltage from the HV side of the transformer. In the
simulations, the overlaying HV system has been modelled as a Thevenin
equivalent i.e. constant voltage behind an impedance. However, in the
measurements, the source is not constant but carries variations induced by other
connected networks. Furthermore, the voltage measurement has a resolution of 1
V, and the accuracy of the smart meter is not known but could be as low as 1%
(=2.4V).
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Figure 1: Comparison between measured and simulated voltage at bus 234 and phase B. Data is missing
18/09/2024 - 02/11/2024.

To make the simulation and measurement voltages more comparable, different
methods can be applied, either to reduce variations in the measurements or to
increase variations in the simulations. A method to increase variation in the
simulations is to replace the constant voltage source behind the Thevenin
impedance with a voltage profile based on the measured transformer voltage,
preferably from the HV side if available. This would replicate the measured
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conditions as accurately as possible by accounting for source voltage variations.
This method was however not applied in this project as the case studied (se Section
3.2) lacked sufficient voltage data from the transformer meter.

Another method, and the workaround used due to the lack of transformer voltage
measurements, is to extract an average variation across all buses. Since these
variations originate from the source voltage, they propagate through the network
and are therefore present at all buses. To extract them, the difference between the
measured voltage and the simulated voltage was calculated for each bus, and the
average difference across all load buses was taken as the variation. This can be
done per phase if variations differ by phase, but in this case, the variation was
consistent across all phases and was therefore calculated as a single average.

This variation was then added to the simulated voltages to create estimated
voltages. The resulting comparison between measured, simulated, and estimated
voltages is shown in Figure 2. Adding the extracted variation to the simulation
produces a voltage profile that is significantly more comparable to the
measurements than the original simulation alone. The estimated voltages are
therefore of more use in the analyses for localizing the NTL.

Voltage Comparison at 234B —— Smart meter
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Figure 2: Comparison between measured, simulated and estimated voltage at bus 234 and phase B, where the
estimation adds extracted measured voltage variation on the simulation. Data is missing 18/09/2024 -
02/11/2024.

3.2 CASE STUDY

For the case study on detection of NTL, a real distribution-level system
configuration experiencing suspicious high losses was shared to the project along
with its smart meter measurements. The described methodology was applied to
this system in order to identify if NTL were present in the system and if so, what
are the characteristics of the NTL and where in the network the NTL are located.

3.2.1 Setup and description

The topology of the shared distribution network used in this project is shown in
Figure 3. The system consists, at the top, of the transformer and the point of
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connection to the larger grid. The transformer steps down the voltage from 11 kV
to 400 V, and the larger grid is modelled as a Thevenin equivalent. The system
consists of 58 load buses, 8 of which contain distributed PV installations. The
network is separated into five different branches, and the nodes are named
accordingly, as shown in Figure 3.
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Figure 3: Topology of distribution system network

To avoid being locked into expensive licensing software, the project used OpenDSS
to build the model and to simulate the system. To aid with the simulations, the
Python library py-dss-interface [10] have been used to interface with OpenDSS
through Python. The simulations run on the model where quasi-dynamic
simulation with a timestep of 15 minutes. The loading in the model system is per
phase, with the phase-specific loading for each timestep gathered from the smart
meter data. The smart meter data was available from each load bus and the
transformer at the top of the network.

Data availability and quality

There were two datasets of smart meter data available, referred to as consumption
logs and analytics logs. The specifications and limitations of each dataset where as
follows:

Consumption logs:
o Data Recorded: Three-phase bidirectional energy consumption per load
and bidirectional energy flow through the transformer.

o Resolution: 15-minute intervals.

o Time Period: 14 May 2024 — 1 May 2025.

19



o Missing Data: Five files miss a limited number of data points, at most three
hours” worth.

o Limitations / Exceptions:

o One file reports half of the time period with hourly resolution.
This has been interpolated to 15 minutes to fit the rest.

o Bidirectionality for the transformer was enabled starting in
November 2024.

Analytics logs:
o Data Recorded: Voltage and current per phase for load buses and the
transformer.

o Resolution: 15-minute intervals.
o Time Period: 14 May 2024 — 1 May 2025.
o Missing Data: 18 September 2024 — 2 November 2024 missing in all files.
o Limitations / Exceptions:
o No bidirectionality.
o Transformer data available only until 18 September 2024.
o One PV load bus has data only until 9 September 2024.
o Voltage recorded with 1-volt resolution.

From this description, it is apparent that only the analytics logs have three-phase
data, while only the consumption logs have bidirectional data. As the analytics
logs are the ones with three-phase data, it was necessary to use these to specify the
loading in the model. However, as the analytics logs did not have bidirectional
data, the bidirectional information in the consumption logs were used to determine
when the combined PV-load bus is producing or consuming power. From the
consumption logs, it was determined at what data points bus is a net producer and
the directionality of the current in the analytics logs where changed for these times.
This is not a perfect solution, as during a 15-minute timestep the power can
oscillate between production and consumption, resulting in the majority of the
power cancelling out leaving, for example, only a small net production. The
analytics logs, however, take the average of the current’s absolute value during the
15-minute timestep and, in this example, classify all of that current as production.
Hence, the model will use a too high a production value for this timestep
compared to reality. The same will happen if it was instead a small net
consumption, but in the opposite direction. The error this generates in the model is
assumed to be small due to low currents when operating close to zero power.

Figure 4 and Figure 5 show stacked plots of the load consumption and PV
generation from the consumption logs. The unit used throughout the report is
average power in kW over the 15-minute timesteps. Both consumption and
production exhibit seasonal patterns as expected with loading being higher in
winter, while PV production is higher in summer. They also show daily patterns,
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with consumption peaking in the morning and afternoon, while PV production is
greatest at midday and absent during the night.
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Figure 4: Average total power consumption of the network over 15-minute time steps
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Figure 5: Average power generation of the network over 15-minute time steps

Simulation and smart meter comparison

A power flow comparison between the smart meter measurement and the
simulation is only possible at the transformer. This is because smart meters are
installed at the transformer and at the load buses, and that by design, the power
consumption at the load buses is the same for both the measurements and the
simulation. However, as the per phase data at the transformer is limited, it is only
possible to do a combined three phase power flow comparison using the
consumption logs.

Figure 6 shows the three-phase power flow through the transformer for both the
simulation and the smart meter measurements. The figure shows the entire studied
time period, and on the top left is a zoomed-in extract of July 2025. Based on the

21



figure, the smart meter energy flow and the simulated power flow behave
similarly although some differences still occur. The major difference during part of
September and October is due to a lack of data in the analytics logs, which the
loading in the simulations in based on, while the consumption logs which the
transformer loading is based on does not have the same information loss. The
smaller difference with the blue smart meter measurement exceeding the
simulation, most notable during the latter half of the analysed period, are
presumed to be due to NTL in the system. How the simulation and the smart
meter differ is shown more clearly in Figure 8. However, Figure 6 suggests that
there are no major faults with the model and that the separation of PV generation
from load consumption in the analytics logs works sufficiently.

Power Flow Comparison at Transformer

300 ~—— Smart meter

~— Simulation
60 \

250

200

» y A

@ /

Power [kW]
@
g
2

2
2
2
2
%
2
EN
2

=
S

50

2024-05 2024-07 2024-09 2024-11 2025-01 2025-03 2025-05

Figure 6: Comparison between measured and simulated transformer power flow. Simulation is missing
18/09/2024 — 02/11/2024 due to the missing data in analytics logs.

Figure 7 shows the time series of losses in the network specifically from the smart
meter data. The losses are calculated by comparing the total power measured
entering the network at the transformer with the total power measured exiting the
network at the nodes, accounting for the PVs. The difference between power in
and power out represents the losses shown here. What stands out is the shape of
the losses over time. There are clearly two distinct levels of losses, with points
transitioning between them. Initially, during the summer months with low power
flow, losses are generally at the lower level. As winter approaches and power flow
increases, losses are at the higher level, then appear to return to the lower level as
winter ends and power flow decreases.
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Figure 7: Losses in network as calculated from the measurement.

Figure 8 compares the measured smart meter loss levels to the simulated losses,
plotted relative to the power flow through the transformer. Blue dots represent
losses derived from measurements, and orange dots represent simulated losses.
The simulation aligns well with the lower loss level. The higher loss level is
assumed to be caused by NTL in the network. An additional load with a constant
power consumption of 6.5 kW was therefore added to the simulation model
without a meter measuring its consumption. The resulting losses, including the
added load, are shown as red dots in Figure 8. These align closely with the higher
measured loss level, therefore making the additional 6.5 kW load a convincing
cause of the higher loss level.

One aspect of Figure 8 that should be noted is that the simulation shows losses for
negative transformer power flow, while the measurements do not. This is because
bidirectional metering was not enabled on the transformer during the initial period
(summer), when power flow was often negative. Instead, the transformer
measurement during the negative power flow is zero or close to it, causing inflated
losses from measurements.
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Losses vs Transformer Power
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Figure 8: Comparison of losses between measurement, simulation and simulation with additional NTL-load.

3.2.2 Results

The following section will present the result of an in-depth analysis of the
differences between the smart meter measurements and the simulation given the
assumption that the higher loss level identified from the measurements of the
network is due to NTL and specifically an additional load of 6.5 kW connected
without being metred. The objective of this analysis is to categorize and localize the
NTL using the methodology described in Section 3.1.

Categorization of NTL

The measured loss profile in Figure 7 and Figure 8 follows a clear pattern and by
identifying this pattern some characteristics about the additional load can be
identified.

NTL-load Profile

The yearly load profile of the assumed load causing the NTL is shown in Figure 9.
Outliers outside the range of 120% to -20% of 6.5 kW were removed, and a 6-hour
moving average was applied to visualize the pattern, as the raw data would
otherwise oscillate rapidly between fully on and off states. As expected, the NTL-
load profile resembles the losses in Figure 7, except that the trend caused by the
technical losses has been removed. The load profile shows a strong seasonal
pattern, with higher values in winter compared to summer. The result of the
average daily loading of the NTL-load, shown in Figure 10, indicates a on average
constant daily consumption.
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Figure 9: Loading of NTL-load based on comparison of losses between measurement and simulation.
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Figure 10: Daly average load profile of NTL-load based on comparison of losses between measurement and
simulation.

Transitions

Transition refers to the data points between when the load is fully on or off, where
the load is transitioning to a new state. Figure 11 shows that transitions mostly
happen around midday, with a slight increase in the afternoon and early evening.
There is no clear trend indicating whether transitions are more likely to be upward
or downward at specific times of day. There is also no noticeable variation based
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on the day of the week. However, a clear seasonal trend emerges with transitions

being less frequent during winter.
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Figure 11: Distribution of number of NTL-load transitions per day, week and month.

Considering the results from Figure 10 and Figure 11, one possible explanation is
that the NTL-load is automatically controlled to maintain a constant reference. This
is supported by the approximately constant daily profile, the roughly equal
number of upward and downward transitions throughout the day, and the
consistent weekly distribution. The monthly trend also supports this, as the
controlled parameter, likely temperature, is influenced by seasonal changes.
During winter, the NTL-load is mostly on, possibly because the controlled
parameter does not reach its reference value, explaining the small number of
transitions. In summer, the NTL-load is mostly off, but there are still many
transitions, indicating active regulation.

Assuming automatic control is applied to maintain a constant reference, the daily
distribution suggests that either greater variability around the reference is allowed
during approximately 00:00-07:00, or the controlled parameter is stiffer, as
indicated by fewer control actions. Conversely, during 09:00-15:00, the higher
number of control actions suggests that variability around the reference is more
tightly controlled, or the controlled parameter is less stiff.
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Temperature corelation

A specific characteristic of the NTL that have been noted is that high losses occur
more frequently during winter, when power flow is higher and temperatures are
lower, while lower losses are generally observed during summer. Hence, it was
interesting to investigate the outside air temperature corelation to the NTL-load for
seasonal, day to day and hour to hour variations. Table 1 presents the corelations
calculated based on (1) where a value of -1 notes that the two curves follow each
other perfectly, but in the opposite direction, where an increase of curve one
corresponds to a decrease in curve two.

Table 1: Correlation coefficients between seasonal, day to day and hour to hour variations for the NTL-load
and the outside air temperature

Temporal range Correlation
Seasonal -0.986
Day to day variations -0.579
Hour to hour variations -0.215

The seasonal time series for NTL-load and temperature are almost perfectly
negatively correlated, with a correlation coefficient of -0.986. The corresponding
time series are shown in Figure 12, where they clearly follow each other very well,
but in opposite directions.
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Figure 12: Time series of seasonal trend for NTL-load and outside air temperature.

The correlations for day to day and hour to hour variations are shown through
scatter plots in Figure 13 and Figure 14 respectively. The day to day variations
show a corelations coefficients of -0.579 suggesting a trend towards higher NTL for
lower temperature and vice versa but is significantly less clear then the seasonal
corelation. The hour-to-hour variation has a further smaller negative corelation of -

0.215 and a visual inspection also suggests that any trends between temperature
and NTL is slight.
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Daily NTL-Load diff compared to seasonal [kW]
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Figure 13: Visual representation of correlation between variations in NTL-load and outside air temperature

Hourly NTL-Load diff compared to seasonal [kW]
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Figure 14: Visual representation of correlation between variations in NTL-load and outside air temperature

from hour to hour.

Note that correlation decreases as finer temporal variations are examined. The
reduction in correlation at higher temporal resolutions is most likely due to
thermal insulation. Assuming the NTL-load controlled relative a temperature, the
steady daily profile in Figure 10 suggests that the controlled environment is well
insulated. This means short-term temperature fluctuations (hourly or daily) have
little effect on the NTL-load, as only sustained changes over longer periods would
trigger adjustments. Additional influencing factors for the decreases in correlation

are:

Load behaviour: The NTL-load switches between on and off states. When
data is aggregated to lower resolutions, the load appears more continuous
and better aligned with temperature changes. At higher resolutions, it is
more likely to remain at maximum or minimum values.

Geographical differences: The temperature data comes from a station some
distance away, and these differences become more significant at shorter
timescales.
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To summarize, assuming that deviations in smart meter losses compared to
expected losses through simulation are due to an additional unmetered load, this
NTL-load shows a rated power consumption at 6.5 kW and strong negative
correlation with seasonal temperature trends, suggesting it is a heater used for
temperature control. The daily load profile and transition distribution of Figure 10
and Figure 11: Distribution of number of NTL-load transitions per day, week and
month. indicate automatic control to maintain a constant reference. The lack of
correlation at higher temporal resolutions, combined with the steady daily profile,
suggests a sufficient thermal insulation to make the controlled environment largely
unaffected by short-term changes in the outside air temperature.

Localization of NTL

The localization of the NTL is based on the principle that the NTL will introduce a
local voltage drop in the network. The three methods for NTL localization based
on [17] and described in Section 3.1 have been applied to the studied network. The
methods are applied when both studying each phase individually and when
aggregating the phases to a per bus analysis.

Voltage Drop at Measurement Point

Figure 15 shows the voltage DME for each bus and phase calculated according to
(2) from the time instances when the measured losses exceed expected losses, what
is referred as the high loss category. A high positive DME would indicate that the
measured voltage is consistently lower than the estimated voltage when losses are
high, which could suggest NTL. From the figure, bus 324b shows the highest DME.
However, there is significant variation in DME values across the 320-series buses,
both positive and negative. This variability is present across all buses but is most
pronounced in the 320-series. The presence of negative DME suggests that these
deviations may not be caused by NTL but rather by factors such as, the
measurement uncertainty, the low voltage measurement resolution, or a phase
mismatch in the model (i.e., what has been noted as phase A of an end node in the
model may in the actual network be correlated to phase B whole for a different end
node, the model phase A may be correlated to phase C). Due to this variability in
the DME, it is not possible to identify the location of NTL based on this analysis.
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Figure 15: Directional mean error between estivated voltage and measured voltage for the high loss category,
by bus and phase.
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As one of the potential causes of the high variability and difficulty in locating the
NTL is a possible mismatch between phases in the model and the actual network,
the method was applied again, but this time, voltages were averaged over the
phases beforehand to minimize any effects caused by this mismatch. Figure 16
shows the DME results for the high-loss category. In this case, the result is clearer,
with bus 214 showing a high positive DME, suggesting NTL. In addition, several
buses close to 214 also show a somewhat increased DME, which would be
expected if 214 were the bus with NTL. Complicating the picture, however, is bus
243, which shows a high negative DME, indicating a higher measured voltage than
the estimation, which is an unexpected result.
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Figure 16: Directional mean error between estimated voltage and measured voltage for the high loss category,
by bus.
A further investigation of the DME can be done by comparing the DME between
the low-loss category (i.e. when network losses where close to expected based on
the simulations) and the high-loss category. The expectation is that during low
losses, the DME should be close to zero for all buses as there is no NTL, while for
high losses, the bus with NTL should see an increase in DME along with the busses
electrically close by. This comparison is shown in Figure 17, and the DME for the
low-loss category is consistently close to zero as expected, resulting in a noticeable
DME increase for bus 214 and some nearby buses during high losses. However, a
significant DME decrease for bus 243 during high losses is also noted.

It should also be noted that this comparison between low and high losses should
be interpreted with care, as the network loading characteristics differ between
these cases. Low losses mostly occur when the network is lightly loaded, while
high losses occur under heavier loading. The difference between the two cases is
therefore not only the presence of NTL but also the loading conditions, which
could influence how DME compares.
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08 DME Comparison: High Loss vs Low Loss
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Figure 17: Directional mean error between estimated voltage and measured voltage compared between low
loss category and the high loss category, by bus.

Correlation: Voltage — Voltage

The second method compares measured voltage to estimated voltage, where a low
correlation could indicate NTL. The correlations for all data points and when
looking at phases individually are shown in Figure 18. Results are similar to the
previous method, with no clear indication of NTL location when looking at all
phases. Again, buses in the 320-series stand out slightly, with 322¢ and 324c having
the lowest correlations. However, high variations in the correlation over all busses
makes any result suspect and nothing to clearly stand out, making it again not
possible to suggest where the location of the NTL might be.
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Figure 18: Correlation coefficient between the estimated voltage and the measured voltage, by bus and phase.

As for the voltage drop method, when combining the individual phases an
analysing per buss to minimize phase mismatch errors, buses 214 and 243 stand
out compared to the rest indicating possible NTL locations, as shown in Figure 19.
These are the same buses that stood out in the voltage error results.
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Figure 19: Correlation coefficient between the estimated voltage and the measured voltage, by bus.

Correlation: Voltage — Power

Figure 20 shows the correlation between voltage and power for both
measurements and estimated values across all available data points separated by
phase. A large difference between the smart meter measurements and the
estimated values is indicative of NTL. However, similar to the other per phase
analysis, this correlation comparison does not provide a clear indication of NTL
location. Buses around 317 to 324 stand out slightly, showing higher correlation for
measurements compared to estimations while being electrically close. However,
similar patterns appear elsewhere in the network. The direction of the difference is
also unexpected, if NTL were present, a lower measurement correlation would be
expected. Bus 324c shows an expected difference, but overall variability and
inconsistency make these results unreliable.
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Figure 20: Correlation coefficient between voltage and power compared between the estimation and the
measurement, by bus and phase.

Finaly, a per bus aggregated analysis for the voltage power corelations was done and is
shown in Figure 21. However, different from the voltage drop case and the voltage -
voltage correlation case, the voltage — power corelation case does not produce any
clearer results when aggregating per bus. Hence the voltage — power corelation did not,
for the studied case, produce any location that where indicative for the NTL.
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Figure 21: Correlation coefficient between voltage and power compared between the estimation and the
measurement, by bus.

Localization summary

Overall, comparing the localization results between the per-phase analysis and the
per-bus analysis, the per-bus approach gives a clearer picture of where the NTL
might be located. The high variability between phases and buses for all methods
when analysing per-phase makes it not possible to suggest a location of where the
NTL may originate from in this case. It should be noted that the buses in the 320s
did somewhat stand out across all methods in the per-phase analysis, but as the
way they stood out is not always consistent with what is expected from NTL, it
suggest that this is more likely due to measurement or modelling issues rather than
NTL. This suggests that the phases in the model are not aligned with the actual
network, which needs to be addressed before any per-phase localization can be
attempted.

When instead analysing aggregated per bus, a higher DME as well as a lower
voltage - voltage correlation was identified for bus 214. This bus is therefore a
likely candidate for NTL. What complicates the picture is the significant negative
DME for bus 243, along with its lower voltage - voltage correlation. This suggests
NTL-like behaviour for bus 243, but is indicative of an unmetered power injection
at the bus. This is the opposite from what is expected as the network were showed
to have unusually high losses, suggesting an unmetered power extraction, as was
noted for 214.

There are still uncertainties in the aggregated per-bus analysis related to voltage
measurement accuracy and resolution. Of note is that the presumed NTL load is
6.5 kW, which is only 2.3% of the network’s maximum measured load (280 kW).
Hence, if the NTL is located near the transformer, where voltage is stiffer, its
impact on voltage may be negligible in relation to the uncertainty and resolution.
In the studied case, possible locations of the NTL where identified, but it still is an
aspect to keep in mind and highlights the necessity of accurate voltage
measurements in order to accurately perform this type of analysis.
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3.3 DISCUSSION

The results of the case study show that it is possible to identify, gather insight into
and localize NTL in a real network. After conversations with the owner of the
network from which the data were obtained, it was confirmed that the localized
bus of 214 did have an unmetered load connected, being the cause of the NTL.

The voltage drop at measurement point analysis provided the largest amount of
information for the localization of NTL in the studied case, as the calculated DME
parameter is directional. Its directional nature proved important in distinguishing
bus 214, which exhibited the expected NTL behaviour, from bus 243, which
showed anomalous behaviour, although not characteristic of the expected NTL
pattern. However, it should be noted that the reason for the unexpected behaviour
at bus 243 was not determined. Because the voltage drop analysis is directional, it
is also possible to distinguish between unregistered loads and unregistered power
injections.

The voltage — voltage corelation analysis was also useful in finding the NTL
location, as it clearly highlighted buses with anomalous voltage correlations. Given
that the voltage drop analysis and the voltage — voltage corelation analysis
identified the same bus, using a combination of these two analyses strengthen the
validity of the identified bus. The final method tested, the voltage-power
correlation analysis, did not provide any clear results in the studied case.

One aspect the case study highlighted is the importance of accurate and good
quality data. The data used were sufficient to achieve the objectives of the study
and identify the NTL location. However, several workarounds were necessary due
to limitations in the data. Major challenges included the lack of per-phase
bidirectional measurements, high uncertainty in the voltage measurement and a
large proportion of missing data. These limitations required significant additional
effort and introduced uncertainty into the results. It is also important to note that
the impact on the voltage from the NTL needs to be grater then the voltage
measurement uncertainty for localisation analysis to work. If a small NTL is
located at a voltage-stiff point in the network, the accuracy requirements for the
voltage measurements become high.

Finaly, the case study showed that any per-phase analysis failed to provide any
clear results. The suggested reason for why the per-phase analysis failed is due to
phase connections in the actual network not lining up with the phase connections
in the model. In order to do any per-phase analysis, it is therefore necessary to
have a complete and accurate understanding of all phase connections in the
network.
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4 Impact of the unbalanced operation on the
hosting capacity of the system

Hosting capacity studies for PVs are conducted to estimate the maximum
additional PV production that can be connected to the distribution system without
exceeding its operational limits. The hosting capacity of a network depends on
multiple factors such as the network configuration, load patterns, and grid
operator limitations among others. There is no specific methodology defined for
performing hosting capacity studies in literature and thus, a simple iterative
methodology is adopted in this project. The hosting capacity is estimated both on
individual bus level and at the system level.

4.1 METHODOLOGY

Estimation of the hosting capacity of the individual system buses

The hosting capacity for individual buses is conducted to evaluate the maximum
PV injection that is possible at each bus while retaining the secure operation of the
rest of the system. This type of analysis is done to address new connection requests
from the customers by evaluating the maximum solar PV production that can be
installed [18]. By the secure operation of the system, it is meant that the system
operates within its operational limits such as bus voltage limits and line current
limits [19]. The lower and upper bus voltage limits of 0.95 and 1.05 pu are assumed
as operational limits when calculating the hosting capacity in this project. As PVs
are installed on the rooftops in a residential distribution network, only the load
buses in the network are considered for PV integration.

The hosting capacity methodology uses an iterative process depicted in Figure 22.
The network with existing loads and PVs is considered as the base case network.
To the base network a new PV is added at a bus, and the quasi-dynamic simulation
is run for the entire duration of the time-series data with the new configuration.
The PV is then scaled up by a factor, and the simulation is re-run. This process is
repeated till one of the bus voltages in the entire network exceeds the threshold of
5% at any point during the simulation. When the voltage threshold is reached, the
corresponding size of the PV is recorded and scaled down to zero, effectively
returning to the base network configuration. The recorded size of the PV is then
the hosting capacity at that bus. A new PV is added at another load bus, and the
iterative process is run again till all the buses are covered.
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Figure 22: Flow chart of the iterative process of PV hosting capacity calculation for individual buses.

Estimation of the hosting capacity of the entire system

The hosting capacity study of the whole distribution system is conducted to
estimate the maximum PV penetration for the whole system when PV panels are
gradually, in steps, and over time being installed over multiple buses. PVs are
installed on customer requests and so the order in which PVs are being installed at
different locations (buses) in the system is not deterministic. To account for
different possible orders of locations in which PVs are installed, Monte Carlo
simulations are used when determining the hosting capacity of the analyzed
distribution system. Using Monte Carlo analysis, a number of system load buses’
permutations are created defining scenarios giving the locations’ order. Since the
total number of permutations is vast and the computation time for each simulation
is long, only 51 of the possible permutations are run to illustrate statistical results.

As the number of scenarios run is not enough to get statistically relevant results,
two additional deterministic bus orders in which PVs are being installed are
considered: systematic and conservative order. The first systematic order considers
that locations where PVs are installed start from the electrically closest bus to the
electrically furthest bus from the substation. This systematic order is expected to
lead to the highest system hosting capacity, i.e. optimal order of locations in which
PVs should be installed. The second conservative order takes a conservative
approach assuming that the locations where PV are installed start from the
electrically furthest to the electrically closest bus to the substation.
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Nowadays in Sweden, PV connections are given on the rule first come - first served.
This rule is simple, however not entirely fair. If a party who comes first connects
large PV installation that limits the remaining hosting capacity for the others filing
connection requests later, the others may not be able to connect their PV
installations of similar or even smaller size. Secondly, the rule first come — first
served may sub optimally use the total distribution system hosting capacity
therefore resulting in uneconomical use of distribution system infrastructure.

To be able to use the simple first come - first served rule and still address the
aforementioned problems, some distribution systems may limit the maximum size
of the PV connections per location. While this is not currently the case in Sweden,
this practice is used by a number of European DSOs, especially in the countries
where PV penetration in distribution systems is larger. To analyze how maximum
allowed PV connection power affects the total hosting capacity, the sensitivity
analysis is done. Maximum PV connection power per location is varied from 5 kW
to 20 kW (typical range of Swedish PV installations) with addition of 50 and 100
kW limits accounting for larger stand-alone systems or more commercial/non-
household PV plants.
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Run the simulation
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limits
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Record the solar PV
size and retain P such e
that V<V,
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Figure 23: Flow chart of the iterative process for estimating the hosting capacity of the entire distribution
network.

The iterative process for the hosting capacity estimation of the network follows a
similar approach to the one used for the individual buses and is shown in Figure
23. However, the difference here is that once the hosting capacity of a specific bus
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is estimated, the PV power is maintained at that value for the next iteration. Like
for the individual buses, the analysis here is done on two different network
conditions, one base case scenario and the other unbalanced scenario.

4.2 CASE STUDY

4.2.1 Setup and description

The system analyzed in this case study is the same as the one described in detail in
Section 3.2.1. The original system had 8 PV installations. To estimate the total
possible PV hosting capacity of the system, additional PVs are sequentially
connected to the systems’ load buses using algorithms described in Figure 22 and
Figure 23. To simulate newly connected PV’s output variation during the year,
operational statistic available for originally connected 8 PVs is used. Therefore,
newly installed PVs follow the same pattern of varying their active power output
as originally existing PVs i.e. we assume that all the PVs in the system are affected
by the same meteorological conditions.

The overlying grid has been in the study modelled as a slack bus as information on
its parameters and configuration or short-circuit capacity of at the point of
common coupling were not available. Bus voltage limits of 0.95 and 1.05 pu are
considered as the operational limits while, due to a lack of data, the current limits
of the cables have not been considered in the study.

For estimating the system’s hosting capacity, two operation scenarios are
considered:

1. balanced operation (base case) of the system over the three phases and

2. unbalanced operation with 1-phase outage on the branch connecting
substation and bus 205. It is assumed that in the case of one phase outage,
PV inverters can continue to operate on two other healthy, available
phases.

Three approaches of choosing bus orders in which PVs are integrated in the
system, described in Section 4.1, are investigated:

a. Systematic
b. Randomized (Monte Carlo)

c. Conservative

Finally, dependency on available hosting capacity of the system is evaluated
against 6 different values for maximum power of PV installation per location (bus):
5,10, 15, 20, 50, 100 kW.
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4.2.2 Results

Estimation of the hosting capacity of the individual buses

The hosting capacity estimation for individual buses is shown in Figure 24. The
figure on top shows the maximum size of PV that can be connected at the system
load buses. The results are given for both balanced (base case) and unbalanced (1-
phase) outage operation of the system. The corresponding electrical distances of
the load buses are plotted in the bottom figure. The electrical distance is calculated
between the bus and the LV side of the substation transformer. Comparing the
hosting capacities for balanced and unbalanced system operation, a common trend
seen is that the phase outage leads to a decrease in the hosting capacity across all
the buses, with an average reduction of about 30 kW. Considering only the base
case, there are some variations in how much each load bus can withstand the PV
injection into the network. Bus 501, where PV501 is located, has the highest
capacity while buses 243 and 244 have the lowest. If we take a look at the electrical
distances of the buses, bus 501 is electrically the closest to the substation and
therefore its voltage strength is higher. Thus, it can host a large amount of PV
before reaching the voltage limits compared to the other buses in the analysed
system. In contrast, buses 243 and 244 are the furthest from the substation and so
they have the lowest hosting capacity.

e Basecase

40071 5 1 phase outage 3

w

=]

=]
s

=
=
= °
8 200+ & ' ry
L} L % o [ ]
*? 'y ’ L] e o
° o000 |, ® * e 0000 o o
100 4 FArS Py P Py PR Y TR r'y
'YL, L ] [ XX X] LA LA A AL AN ] L P8 0“|lll..".0:”“"0|l
®ele 090%g90 0000000, LY Papt
H 0 o0 .2
N QY D ORIV O DDA P O DDA YA IACADAD AT AN L 2 PO DAY DA PO A DD YA LA DA O (D yaln 2 DDy
e s e
LUV AIVRULLLLLLQRRQRUQUYQURQLLeeeeeR QALY eeeYeN

0.40 4

0.351

0.30 4

0.254

0.204

0.154

Resistance [Ohms]

0.104 t +HH e

0.054 : ! =1 HHHHE Tttt

0.00 -

Figure 24: Result for the hosting capacity estimation of individual buses in the network. The figure on top
shows the maximum PV power that can be installed at each bus. The electrical distances of the buses from the
substation are shown in the bottom figure.
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Estimation of the hosting capacity of the entire system

Figure 25 shows the hosting capacity of the system for balanced operation and the
systematic order of bus selection for integration of PVs. The results are presented
for different maximum allowed PV power per connection/bus. If the power limit
per connection is set to 5 kW, then all PV installations in the system are reaching
their allowed power limit. This means that in the case when DSO limits the
maximum power of the connection to 5 kW, there are no need to run additional
hosting capacity studies for each individual new PV connection as all of them even
with their maximum allowed power of 5kW will not jeopardize the system’s
operating limits. Furthermore, this also ensures that each connection point has the
same connection conditions and fair sharing of the system’s hosting capacity.

Max power = 5 kW
Max power = 10 kW
Max power = 15 kW
Max power = 20 kW
Max power = 50 kW
Max power = 100 kW

100

80
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Power (kW)

40
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Figure 25: Hosting capacity per load bus and power limit per connection for the systematic selection of PVs
with the base case network configuration.

In the case when maximum PV allowable power is higher than 5kW, it can be seen
that not all PV connections can be sized to reach that allowed power limit. For
example, in case of the maximum allowed power of PV connection of 10 kW, three
PV installations will need to be limited more than initially allowed power of the
installation in order not to jeopardize the distribution system operation. For these
three PV installations, it would not be possible to directly allow 10 kW connection.
Instead, separate calculations/studies would need to be carried out to for each of
these connections to determine maximum power of PV allowed to be connected to
the system. From the practical point of view, such procedure would require more
work from DSO, lengthier connection process and ultimately, not fair sharing of
the grid hosting capacity for at least three PV connections.

While limiting PV connection power can solve the problem of fair sharing of the
grid hosting capacity, simplify the connection procedures and decrease burden on
DSOs, it also affects how efficiently the hosting capacity of the system is used, i.e.
how much power of PV installations can be installed in total in the system. The
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first row of Table 2 shows the hosting capacity results for systematic order of bus
selection for integration of PVs when different power limit of PV connection is
applied. It can be seen that the highest utilization of hosting capacity of the system
is achieved when limiting the power of PV installation to 20 kW. In this case, 39
locations can be allowed to connect at maximum 20 kW power of PV while for the
rest, individual bus hosting capacity studies would need to be carried out. As a
conclusion, to efficiently use the distribution system infrastructure when
integrating PV, it is important to provide limit to the allowed PV connections but
also in the limited number of cases do special hosting capacity calculations.

The utilized hosting capacity of the system also depends on the order in which PVs
are connected in the system. For this case study, the impact of three different
connection orders, described in 4.1, is assessed: systematic, conservative and
randomized (Monte Carlo). Comparing the results from Table 2, it can be seen that
the highest utilization of the system’s hosting capacity is achieved with systematic
order of connecting PVs, while conservative order mostly provides the worst results.
Average value of the used system’s hosting capacity over run Monte Carlo
simulations (Randomized order) is between values obtained for systematic and
conservative orders. The minimum values over Monte Carlo runs, illustrating
randomized order of integrating PVs, are mostly slightly higher than the value
obtained for conservative order of integrating PVs while the maximum values are
mostly slightly below values obtained when systematic order of integrating PVs is
used.

In case of randomized order (Monte Carlo) of locations for integration of PVs,
maximum hosting capacity is achieved when limiting power of PV connections to
20 kW, similarly as when choosing systematic order of connecting PVs. However, if
PVs are installed starting first from the electrically furthest buses (conservative
order), then limiting the power of PV connections to 5 kW yields the highest used
system’s hosting capacity for PVs.

Table 2: Hosting capacities in kW for each power limit per connection and each case study.

O S PpE O C O
Bus Order for connecting PVs 5 10 15 20 50 100
Balanced 290,00 | 546,49 | 756,27 | 869,27 | 776,75 | 479,38
Systematic
Unbalanced | 279,30 | 444,09 | 620,83 | 650,53 | 486,30 | 445,20
Balanced | 290,00 | 118,14 | 139,04 | 136,92 | 136,92 | 136,92
Conservative
Unbalanced | 117,60 | 109,20 | 98,24 | 100,67 | 98,95 | 98,95
Min 290,00 | 211,67 | 215,89 | 198,27 | 112,23 | 112,23
Randomized
(Monte Carlo) Max 290,00 | 536,49 | 661,42 | 682,43 | 583,00 | 561,01
Balanced
Avg. 290,00 | 391,31 | 415,37 | 425,69 | 342,18 | 257,75
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Min 204,19 | 178,55 | 141,16 | 188,76 | 112,23 | 112,23
Randomized

(Monte Carlo) Max 290,00 | 536,49 | 661,42 | 682,43 | 583,00 | 561,01
Unbalanced

Avg. 281,71 | 359,01 | 390,71 | 402,66 | 321,98 | 249,95

Assuming that PV inverters can continue to operate on two other healthy, available
phases, unbalanced operation with 1-phase outage on the branch connecting
substation and bus 205 decreases the available PV hosting capacity over all the
analyzed scenarios. Comparing the results from Table 2, the used hosting capacity
decreases by in some cases only 4% to even up to 60%. Since unbalance is caused
only on the part of the network, the decrease of the hosting capacity is strongly
influenced by the selected bus order in which PV panels are connected. This can be
also seen comparing the results of unbalanced and balanced scenario of the system
operation for randomized order of selecting buses for PV connection. Maximum
hosting capacity over Monte Carlo runs is the same for both unbalanced and
balanced scenario. This is because the PVs in both balanced and unbalanced
scenarios are connected in the part of the system that is not affected by 1-phase
outage on the branch connecting substation and bus 205.

4.3 DISCUSSION

To simulate the randomized order in which PVs are connected to the different
buses in the system, Monte Carlo simulations are run together with assessing the
hosting capacity as described in Section 4.1. The results from Table 2 are obtained
by running 51 of these simulations, representing 51 different bus orders in which
PVs are integrated in the system. The total number of bus permutations (different
bus orders in which PVs can be integrated in the system) is N! (! — factorial, where
N = 58 is the number of buses of the analysed system). Due to the lack of the
resources in this project, number of run simulations (51) is much less than the
number of simulations needed to get statistical relevance of the results. Therefore,
the results from Error! Reference source not found. for Monte Carlo simulations
should be taken as illustrative and not definite. To get more accurate statistical
results for the hosting capacity of the analysed system, more Monte Carlo
simulations would need to be run which remains as the future work.

In the limited number of randomized Monte Carlo runs, lower hosting capacity than
in case of conservative order is obtained as well as in some limited number of
randomized runs higher hosting capacity is obtained than in the case of using
systematic order of buses for integrating PVs. This means that while conservative
and systematic order of integrating PVs (as described in Section 4.1 illustrate
dependence of PV hosting capacity on the order in which PVs are integrated in the
system, they do not give theoretically the minimum and maximum available
hosting capacity, respectively. To find theoretically minimum and maximum
hosting capacity of the system optimization-based methods should be used, which
was not the aim in this project.
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In the case of unbalanced operation of the system, raising from the loss of one
phase in the part of the system due to a fault, the hosting capacity is reduced as
compared to the balanced operation of the system. There is no clear trend on how
much this reduction is. Since the unbalance is caused only on the part of the
system, the decrease of the hosting capacity is strongly influenced by the selected
bus order in which PV panels are connected. A future work should analyse
multiple causes for unbalanced system operation to get a better and more general
picture on how unbalanced operation can affect the hosting capacity of the system.

In calculation of the hosting capacity, some simplifications have been made. The
overlaying system has been assumed as “strong” and not having significant impact
on the voltage changes in the analyzed LV network. Therefore, it was modelled as
slack bus. While LV bus voltage limits have been taken into account, current limits
of the cables have not been considered due to the lack of data. The assumption was
that in LV distribution systems voltage limits are more constraining especially in
the cases when reactive power compensation is not used as a mean to control the
voltage. 10-minutes value of bus voltage limits of 0.95 to 1.05 pu are assumed in
the study. However, some distribution system operators tend to put even more
constraining voltage limits allowing rapid voltage changes of not more than 3%
[20]. In case of PV integration, shading of PV panels may introduce such rapid
voltage changes. These changes have not been considered in the study and remain
as future work. Due to the aforementioned simplifications, hosting capacity results
might have been overestimated in this study. The purpose of the study was not to
precisely estimate the hosting capacity but to illustrate impacts of unbalanced
operation on it.
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5 Conclusions

Fast digitalization of distribution systems opens new opportunities to monitor and
plan their operation as well as address the challenges with increasing penetration
of PVs and EVs in the system. Some of the challenges include proper assessment of
the system hosting capacity, ensuring efficient power system operation, resiliency
and reliability. Smart meters, as one of the main components of distribution
systems digitalization, may provide better observability of the system’s current but
also possible future planned operation. This project showcases the use of smart-
meter data to improve distribution system operation, namely by identifying the
non-technical losses and estimating system hosting capacity under various
operating conditions.

In this project, smart meter data measurements were compared with simulated
expected system operation to detect abnormalities. In this case — non-technical
system losses. Different methods for analysing correlation between real smart
meter data the simulated one were assessed to identify the discrepancies. From
these discrepancies, non-technical losses have not only been identified but they
were also characterized in the sense of their location and pattern (behaviour). It has
been noted that the more precise measurements and availability of smart meter
data from more locations can give better/more reliable results on detection and
characterization of the system’s nontechnical losses.

Another example of using smart meter data to improve distribution systems’
operation and planning was illustrated in this project on estimating PV hosting
capacity of the chosen Swedish distribution system. Smart meter data provides
better operational statistics of the system allowing for more precise hosting
capacity calculations. In the carried case study, the calculations have been done
together with couple of sensitivity analysis scenarios. It has been assessed how the
hosting capacity of the system is affected by different bus order in which PVs are
integrated in the system and different power limits of PV installations per location.
The results showed strong dependency of available total hosting capacity of the
system on the bus order in which PVs are integrated in the system. Besides
simplifying connection requirements and fair allocation of the system capacity,
limiting the maximum power per PV connection can also improve total utilization
of the system’s hosting capacity. The results show that there is optimum value for
power limit of PV installations per location which was in the studied case 20kW
per connection.

The analyses in this project were carried out using open-source tools (openDSS)
and data formats (CIM). The side objective was to test these tools and assess how
they perform for distribution system operation and planning studies. No major
issues have been identified. Open-source analysis and modelling tools as well as
standardized formats for exchanging information are beneficial in the presence of
many different distribution system operators and vendors providing equipment.
They provide transparent environment for data, information and knowledge
exchange as well as wider availability of tools that can be used for improving the
system operation and planning.
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THE BENEFITS OF NEW SMART METERS
AND UNBALANCED GRID MODELS
FOR INCREASED DIGITALIZATION

Digitalization of distribution systems and deployment of new smart meters brings new
capabilities to solve the challenges related to the distribution systems’ operation and
planning. By using open-source tools, this project applies these capabilities on a case
study of the Swedish distribution system to better estimate system’s PV hosting capacity
under unbalanced operating conditions as well as to identify and characterize non-
technical system losses.

The study illustrates potential to solve the essential system challenges using license-
free open-source tools and available 15-minutes measurements from smart-meters. The
project results pave the way for further discussions on benefits of distribution systems
digitalization and using of open-source tools and file formats to model, analyse and
exchange information about the distribution systems’ planning and operation.

Ett nytt steg i energiforskningen

Forskningsféretaget Energiforsk initierar, ssmordnar och bedriver forskning och analys
inom energiomradet samt sprider kunskap for att bidra till ett robust och hallbart
energisystem. Energiforsk ir ett politiskt neutralt och icke vinstutdelande aktiebolag som
4gs av branschorganisationerna Energiféretagen Sverige och Energigas Sverige, det statliga
affirsverket Svenska kraftnit, samt gas- och energiféretaget Nordion Energi. Lis mer pd
energiforsk.se.
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