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To my Father

Abstract
Decentralization of energy generation in power distribution systems is recognized as
an important development strategy to incorporate more small-scale renewable sources,
reduce greenhouse gas emissions and increase energy efﬁciency. Beside integrating more
decentralized generators into existing systems, an efﬁcient system operation is equally
important to achieve an overall sustainable energy system. In order to keep track of
upcoming changes regarding system efﬁciency, an accurate determination of energy losses
in distribution systems is a fundamental step. Therefore, a novel evaluation framework for
energy losses in the low voltage grids is developed in this thesis. First, a loss evaluation
approach based on a comprehensive assessment of grid features and an advanced reference
grid modeling scheme is proposed. Second, a new analytical indicator is introduced for
fast estimation of the grid losses under the impact of the installed distributed generators.
For distribution system operators, this new evaluation framework demonstrates a practical
and technically validated solution, which can be used as an alternative method to the existing approaches regarding the loss evaluation. Applying this comprehensive evaluation
framework for energy losses at a large scale can support grid operators to understand the
origin of losses and further development trends. The technical progress of energy losses
evaluation can greatly contribute to improve energy efﬁciency and sustainability of current
distribution systems.

i

Kurzfassung
Die Dezentralisierung der Energieerzeugung bedeutet die Integration zahlreicher, räumlich
verteilter Energieerzeugungsanlagen in elektrischen Verteilungsnetzen, wodurch Treibhausgasemissionen reduziert und Nachhaltigkeit der Energieerzeugung erhöht werden
kann. Für die Erhöhung des Anteils von erneuerbaren Energien ist ein efﬁzienter Netzbetrieb grundlegend. Um die Veränderungen des Gesamtsystems zu beobachten, ist die Entwicklung der Energieverluste essenziell. In dieser Dissertation wird ein neuartiges Framework zur Bestimmung und Bewertung von Energieverlusten in Niederspannungsnetzen
entwickelt. Zu Beginn wird ein efﬁzienter Ansatz zur Bestimmung der Netzverluste
eingeführt, der auf einer umfassenden Auswertung der relevanten Netzeigenschaften und
einem verbesserten Verfahren zur Referenznetzmodellierung basiert. Zudem wird ein
neuer Indikator zur schnellen Abschätzung der Veränderung der Netzverluste abhängig
von den im Netz installierten dezentralen Einspeisungsanlagen entwickelt. Beide Verfahren werden anhand einer großen Anzahl von realen Mess- und Netzdaten validiert. Für
Verteilnetzbetreiber ist dieser neue Ansatz eine praktisch umsetzbare Alternative zu ihren
bisherigen Ansätzen hinsichtlich der Ermittlung von Netzverlusten. Die Anwendung des
Bewertungsframeworks kann den Netzbetreibern weiterhelfen, die potentielle Entwicklung der Verluste in ihren Systemen genauer zu bestimmen, zu prognostizieren und besser
zu verstehen. So trägt diese Dissertation zur Steigerung der Energieefﬁzienz und Nachhaltigkeit im zukünftigen Stromversorgungsystem bei.
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1 Introduction
1.1 Research background
Power systems are inherently bounded with losses. According to recent surveys [1, 2],
energy losses of the (low voltage and medium voltage) distribution systems in European
countries vary from 2 % to 13.5 % with respect to the total energy injection. For utilities
in France, Germany and the UK, the low voltage grids account for a share of approximately 30 % in the total losses of distribution systems, as discussed in [2, 3]. Since grid
losses can demonstrate how efﬁciently a utility delivers the electricity to its customers,
they are often considered as one of the key performance indicators for evaluating power
distribution systems. As mentioned in [1], the European Union emphasizes the measures
of energy saving and system losses reduction for the purpose of improving system efﬁciency, especially in planning and operation of electricity grids. Despite the differences
in regulatory frameworks, distribution system operators (DSOs) in most European countries are currently responsible for the preliminary procurement of the loss energy. If a
certain level of losses (often deﬁned by the regulators) is exceeded, DSOs may have to
compensate it at their own costs. From the technical perspective, grid losses also provide
a valuable reﬂection of grid planning and operation strategies. High losses are likely
associated with high loading of some grid components. In sum, the importance of an
effective and accurate determination of grid losses is widely recognized by DSOs and
regulatory authorities.
However, evaluating the exact level of losses for large distribution systems is a challenging
task. Given the incomplete measurements, mainly at the low voltage (LV) and medium
voltage (MV) levels, and the huge number of grid assets, limited possibilities are available
for grid operators to determine the grid losses either to fulﬁll regulatory requirements or to
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meet their own standards regarding technical and economic assessments. Hence, the evaluation of grid losses is often associated with high assessment cost and high uncertainties in
practice. Currently, DSOs mainly rely on the system energy balancing method [1], which
calculates the difference between the imported and delivered energy of a distribution
system based on all measured and accounted energy. This method provides yet no insights
concerning the source and allocation of the losses. In addition, this method is practically
difﬁcult to validate, as its evaluation completely depends on the quality of the measurements and ignores the characteristics speciﬁc to each grid. A full coverage of smart meters,
for instance in Italy, France, Spain [4], can provide signiﬁcant improvements of the metering data quality. Nevertheless, due to the lack of complete measurements at the MV/LV
substations, a clear separation of grid losses between the MV and LV levels is still technically impossible and requires further assessments. Alternatively, analytical and numerical
evaluation methods are suggested in literature: in particular, the reference grid modeling
(RGM) approach shows remarkable advantages in terms of high estimation accuracy [5]
and detailed representation of grid characteristics [6].
Another difﬁculty for the power utilities is to monitor and understand the development
of system losses in the era of high penetration of distributed generation (DG). For over
a decade, the integration of renewable energy sources (RES) in the medium and low
voltage levels has been a continuously growing process at the global scale. According to
a report on recent statistics [7], the installed photovoltaic (PV) generators in Europe has
increased more than 50 folds between 2005 and 2017 to reach 108 GW and the wind power
has increased four times to 168 GW in total. Since the power distribution systems are
originally designed for delivering electricity from centralized generations to geographically
dispersed consumers, the reverse of power ﬂow due to high feed-in energy from DG can
have signiﬁcant impacts on grid losses.
Regarding this systematical transition of energy supply scheme, the early researches
focused on the potentials of loss reduction by DG feed-in, e.g. in [8]. More recent studies,
addressing also the increase of system losses at high DG penetration levels, can be found in
Italian [9], German [10], Greek [11] and Spanish [12] contexts. For instance, increments of
losses for approximately three times were reported by [12] in a case study of a Spanish DSO,
where the net energy export in the investigated areas reaches two times of the total demand.
Moreover, the dynamics of integrating new DG units into the MV and LV grids, predicted
by [1, 2], will continue in the next years. Accordingly, the increasing amount of energy
feed-in by DG will apply more signiﬁcant changes on grid losses and systems’ efﬁciency.
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Researchers of [11] further pointed out that the impacts of DG on grid losses are closely
related to its penetration level and the grid conﬁguration, e.g. positioning and sizing, of
DG units. According to [9], the concurrency between the generation and consumption
patterns also has great inﬂuences on losses. However, most of existing loss evaluation
studies failed in sufﬁcient assessments of both the DG related characteristics (temporal as
well as locational) and the grid features. Based on the experience of a detailed analysis
of grid losses in very large grid areas, the study [13] also emphasized the importance
of technical evaluations at a system scale and the distinctions at different grid levels
concerning potential impacts of distributed generation. Therefore, new approaches for
technical evaluations of grid losses, which address the current research gaps regarding
distributed generation, are highly relevant. Without knowing of the exact amount of
energy losses in the grids, an efﬁcient and sustainable operation of the energy system can
not be guaranteed.

1.2 Research objectives and the scientiﬁc
approach
To provide a practical solution to this highly important issue, a comprehensive evaluation
framework for energy losses of large-scaled power distribution grids is developed in this
thesis. This novel evaluation framework takes all relevant information of a distribution
system, especially regarding the development of DG in individual grids, into consideration.
This framework not only produces accurate evaluations on grid losses at the current stage,
but also gives a fast and reliable estimation of grid losses in future situations. Due to the
application of efﬁcient clustering algorithms, this comprehensive evaluation also gives
further insights concerning the assessment of the DG’s impact on grid losses and other
valuable ﬁndings about the statistical representation of a large number of distribution
grids.
The structure of this proposed evaluation framework for energy losses is illustrated in
Fig. 1.1. With the help of this ﬁgure, three main analysis blocks are presented:
• First, an efﬁcient loss evaluation approach is developed based on an assessment of
grid features and an advanced reference grid modeling scheme. As a fundamental
preparation step, the automatic modeling, simulation and feature analysis of large
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DSO Database
Evaluation of grid losses
based on advanced
reference grid modeling

Estimation of the impact
of distributed generation
on grid losses

Automatic generation
of grid models in large areas

Analytical study on grid losses
and related impact factors

Evaluation of grid losses
(based on annual simulations)

Novel indicator for estimating
the variation of grid losses

Comprehensive evaluation
of grid features

Sensitivity analysis of DG
integration concerning grid losses

Advanced reference grid
modeling
Assessment on technical
measures for loss reduction
& loss management strategy

Application of regression
techniques for loss evaluation

Validation & application
Figure 1.1: Proposed evaluation framework for grid energy losses

scaled LV grids completely based on raw data of a system operator are realized
in this approach. Furthermore, an advanced reference grid modeling approach is
developed, which evaluates the full scope of grid features with respect to grid losses.
Due to its heuristic characteristic, the proposed advanced reference grid modeling
approach is able to select relevant features and construct clustering models for large
data-sets in an efﬁcient manner. The obtained reference grid models can represent
the loss characteristics for the large number of grids with low error rates and can be
further applied to estimate losses for other grids. Finally, the estimation accuracy
of this approach is validated by comparing with exhaustive simulation results of
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grid losses on a data-set of 5000 real grids. A detailed comparison against other
state-of-the-art regression schemes conﬁrms the efﬁcacy and the performance of the
proposed reference grid modeling method. In addition, the selection of grid features
and its impact on this kind of evaluations are also investigated in the case studies.
• Second, an innovative indicator for fast estimations of the grid losses under the
impact of installed distributed generators is introduced. Furthermore, a comprehensive sensitivity analysis is designed for stochastic generation and evaluation of DG
installation scenarios. This sensitivity analysis scheme is then implemented in a case
study on a set of real low voltage grid models. The effectiveness and accuracy of
the proposed indicator are validated based on the numerical results of this sensitivity study. Despite the difference in grid characteristics and the wide range of DG
penetrations and conﬁgurations, the proposed indicator is able to provide reliable
estimations only based on several parameters and simpliﬁed formulations.
• Third, a review of the state-of-the-art technical measures for reducing grid losses is
given. Based on this survey and the new ﬁndings of this thesis, recommendation for
actions regarding the management of distribution losses are provided.
For grid operators, this new framework is a powerful tool and can well compensate their
existing approaches considering the loss evaluation problem. Applying this proposed
evaluation framework for grid losses regularly will further help DSOs to understand
the development of the losses in their systems. Furthermore, the technical evaluation
of losses can greatly contribute to the assessment of the grid planning decisions and
the improvement of energy efﬁciency and sustainability, especially in the future of high
penetration of distributed generation.

1.3 Structure of the thesis
This thesis is organized in ﬁve chapters. In Chapter 2, regulatory issues related to grid
losses in European countries are discussed and some possible measures for loss reduction
are discussed in order to give a status quo on the investigated subject. In Chapter 3, the
evaluation approach of grid losses based on the advanced reference modeling method
is presented. Subsequently, the new analytical formula for quantifying the impact of
DG on grid losses is introduced in Chapter 4. Detailed literature reviews, the research
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methodologies, as well as the implemented performance and validation tests for both
innovative approaches are included in these two chapters. Finally, this thesis is concluded
in Chapter 5. Here, major contributions of this thesis are summarized and some outlooks
in related research subjects are given.

6

2 Grid Losses in Power Distribution
Systems
Although different level of losses may occur in a system, the grid itself is seen as one of the
largest energy consumers. Therefore, the importance of understanding the energy losses is
well perceived. In order to achieve a more efﬁcient and sustainable energy system across
Europe, the European Commission established the European energy efﬁciency targets
with the Energy Efﬁciency Directive (EED) 2012/27/EU [14]. According to the EED, a
20% saving of the total primary energy consumption is to be reached in 2020 by the EU
member states. In particular, loss reduction in power transmission and distribution levels
is considered as one of the key aspects regarding improving the total energy efﬁciency.
Recently, the European Commission readdressed this issue through a new statement on
revising the regulatory framework by 2023 [15], including an updated energy efﬁciency
target of 32.5% for the EU in 2030. Together with another agreed 32% renewable energy
target for the EU in 2030 [16], Europe fully commits itself to the clean energy transition
and to meet the goals set by the Paris Agreement.
To achieve these ambitious goals, legal foundations are essential. This chapter ﬁrst reviews the deﬁnition and the mapping of grid losses in power systems. Typical regulatory
frameworks (within the EU) related to losses are then brieﬂy introduced. Finally, possible measures for reducing losses and improving energy efﬁciency at a system level are
discussed, with a special focus on the LV level.
The content of this chapter is partly based on: C. Ma, et al.: A comprehensive evaluation of
the energy losses in distribution systems with high penetration of distributed generators.
CIRED 2019, Madrid, Spain, June 2019 and W. Heckmann, et al.: Detailed analysis of
network losses in a million customer distribution grid with high penetration of distributed
generation. CIRED 2013, Stockholm, Sweden, June 2013.
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2.1 Mapping energy losses in power
systems
Grid losses1 or energy losses in power systems are deﬁned as the difference between
the total injected energy and the total withdrawn energy in the system over a period of
time. Considering the global objectives for grid operators such as loss reduction and
efﬁciency improvement, a better understanding of grid losses, especially their origin
and allocation in the system, is essential. From different aspects, grid losses can be
separated differently. A summary of the commonly used categorization schemes is given
in Fig. 2.1.

Scope of this thesis
Energy

Figure 2.1: Categorization of grid losses (energy losses) in power systems [10]

As suggested by [10], the total energy losses in power systems can be grouped either by
grid levels, i.e. into transmission and distribution losses, or by sources, into technical
losses, also called physical losses or simpliﬁed as grid losses, and non-technical losses,
also commercial losses. Principally, technical losses are the electrical energy converted into
heat during the course of transmission and distribution, while non-technical losses refer
to the energy, which is not recorded by the metering process [1] due to multiple reasons.
1 The term of power loss is also frequently used in literature. It often refers to the loss of active and reactive
power of a grid at a single operation state or in a snapshot evaluation, for instance in [17] and [18]. In
this thesis, the grid loss, deﬁned as the yearly energy loss of a grid, are the major research subject. This
term grid loss and energy loss are also used interchangeably in this thesis.
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Comparing to technical losses, the non-technical losses are more difﬁcult to measure and
account by grid operators, since their exact source and behavior are usually unknown.
Normally, non-technical losses are calculated as the amount of energy which is not able to
be accounted for, once the technical losses of a system have been completely assessed [19].
Considering their theoretical and practical relevance, the scope of this thesis is limited to
the technical losses at the low voltage level.

2.2 Source of the technical losses in distribution
grids
Considering the origin, technical losses can be further divided. One of the commonly used
concept, given in Fig. 2.2, is to examine whether the losses are dependent on the system
loading. Accordingly, technical losses can be separated into variable losses (dependent of
loading) and ﬁxed losses (independent of loading).

Technical grid losses
Variable losses

Fixed losses

Ohmic loss of lines

Iron loss of transformers
(Eddy currents, hysteresis loss)

Copper loss of transformers

Corona discharge

Additional losses due to

Dielectric loss

Unsymmetrical loading
Partial discharge

Reactive power flow
Loss in switches,
fuses, cable joints etc.

Loss in reactive power
compensation devices

Harmonics

Loss in metering devices

Figure 2.2: Classiﬁcation of grid technical losses (developed based on [20])
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• Variable losses occur due to the Joule effect, when electric current passes through
resistive components such as lines, cables, and transformer windings. They are
proportional to the square of current and to the conductor resistance. Thus, any
efforts in decreasing the system power ﬂow or shortening the power transport paths
can contribute to the reduction of variable losses. Particularly at the medium and
low voltage levels, additional factors, such as unsymmetrical loading, reactive power
ﬂow, and losses in switches, fuses, and cable joints, are often not directly evaluated.
These loss factors can be separately addressed in addition to the line and transformer
losses determined under normal operation conditions.
• Fixed losses ﬁrst describe the energy needed for energizing transformers or line
conductors. They are independent of system loading and mainly depend on the
voltage rate, at which the components operate. The major part of the ﬁxed losses are
the iron-losses in transformers and in reactive power compensation devices. Hence,
possible measures for reducing ﬁxed losses typically include reduction of the number
of energized components, increase of the individual components’ efﬁciency, and
adjustment of the operation voltage. Other sources of ﬁxed losses are the partial
discharge of conductors, the dielectric loss, and the corona effect, which typically
occur in high voltage lines. They also vary greatly with voltage level, physical
wire diameter and weather condition, and generally contribute only a very small
percentage to the overall system losses [21]. Finally, the energy consumptions by
metering and secondary control devices are often not explicitly measured by grid
operators. However, especially at the LV level, a high amount of energy losses can
also be accumulated due to the constant metering operation and the large number of
customers.
Based on this review of different origins of the variable and ﬁxed losses, transformers and
power lines, both accounted as the primary components of the electrical power systems,
are the main source of technical losses. Since the focus of this thesis is set on the grid
losses at the LV level, the variable losses of lines and cables, the additional loss factors,
and the losses of metering devices are investigated. The CIRED working group on loss
reduction addressed the relevance of detailed evaluations on energy losses in its recent
report [19]. Particularly, the importance of separating technical and non-technical losses in
a detailed assessment is conﬁrmed by the report. Furthermore, the necessity of exploring
power grids for evaluations on technical losses is also recognized. Although it is not yet
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seen as the regular activities by many grid operators, a full breakdown of the total losses
into sub-networks or grid areas and a correct allocation of the losses to corresponding
voltage levels are suggested by the working group in order to improve the quality of loss
evaluations signiﬁcantly.

2.3 Regulatory treatment of grid losses
Fully considering the parliamentary decision and the current regulation practices, European regulation authorities employ losses as one important lever to reach the energy
efﬁciency targets. As pointed out by [1], the regulatory choice is to set proper incentive
for grid operators to reduce grid losses or maintain at a low level of grid losses. Typically, the regulators have options based on either the pass-through concept, assessing
losses based on the delivered energy, or the competitive concept, benchmarking the performance among DSOs [19]. Accordingly, grid operators need to guarantee that efﬁcient
operational and investment decisions are made to limit the total volume of grid losses.
Moreover, grid operators may also be encouraged to purchase energy at a low price to
cover their losses, e.g. in France and Spain [21]. In sum, controlling and managing the
losses under speciﬁc, national regulation schemes is gaining importance among the grid
operators. For the purpose of an efﬁcient benchmarking of DSOs, regulation authorities
should also formulate losses as objectives and deﬁne their controllability in a reasonable
way.
By summarizing the ﬁndings among recent studies [1, 2, 19], three types of regulatory
models regarding grid losses and their reduction are typically applied by the European
regulation authorities. The following discussions are focused on the technical losses at the
distribution level and examples in several selected countries.
Maximum loss threshold In this type of regulation scheme, also known as cap regulations, the costs of losses are treated as a component of the revenue cap for a DSO or
the price cap for electricity. According to the status quo in Germany [22], maximum
thresholds of losses are set by the German regulator for each grid level separately at
the beginning of each regulation period. All losses, occurred within the regulation
period, exceeding this limit may not be recognized by the regulator. Thus, the corresponding costs for compensating the loss energy may not be covered by the grid
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tariff. Since the thresholds of losses constantly decrease among the past regulation
periods, an objective for loss reduction is also addressed by the German scheme. The
upcoming developments towards a yardstick regulation scheme are becoming more
and more detailed for each regulating period. In the future, losses could be treated as
long-term, controllable costs of grid operators [10]. Similar regulation models using
maximum thresholds [19] can also be found in Belgium and France.
Yardstick competition DSOs are benchmarked among themselves in yardstick regulation
schemes. Typically, a average performance regarding grid losses is deﬁned among
all DSOs. Grid operators performing better than the benchmark are ﬁnancially
rewarded and others are penalized. Currently, this type of model is applied in Italy,
according to [19], and Netherlands, according to [2].
Incentive for loss reduction As discussed by [2], speciﬁc incentives for loss reduction are
available in Portugal, UK and Sweden, additionally. For instance in Sweden [23],
an incentive for reducing energy losses, which is determined by the grid operator’s
losses in the current regulation period and in historical regulation periods, is available
to grid operators. In form of bonus or malus, the performance of a DSO in the current
regulation period is incentivized in a comparative way. According to [19], Spain also
changed from a yardstick regulation model to directly addressing the loss reduction.

2.4 Possible measures for loss
reduction
A survey of possible measures for mitigating technical losses can be found in [2] and [19],
where two types of measures are brieﬂy discussed: traditional measures and smart grid
measures. In addition, the report [19] identiﬁed the value of the technical assessments
on losses, which can contribute to the identiﬁcation of critical grid assets and/or critical
operation periods, so that the grid planning and operational decisions can be optimized.
Based on the key ﬁndings of the survey reports, an extended literature review among recent
publications concerning relevant measures for loss reduction at the distribution level, as
well as discussions on the application related issue of these measures are provided in this
section. The overview of the reviewed works is ﬁrst given in Tab. 2.1. As summarized in
this table, the followed analysis and discussions mainly concern the difference of these
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measures by category and the objectives of individual applications. Considering the scope
of this thesis, the main focus of the following discussion is laid on reducing technical grid
losses in the LV level.

2.4.1 Traditional measures
Traditional measures for loss reduction in the LV grids include grid reinforcement, grid
reconﬁguration and reducing grid imbalances.

Grid reinforcement
Principally, mitigation of technical grid losses can be achieved by means of additional
investments in grid assets (at all voltage levels). Grid reinforcement measures, such as
an increase in cable diameter [24], will help to mitigate high loading situations in the
system and thus lead to a reduction of physical losses. However, solely emphasizing on
grid losses may lead to an over-investment in grid assets, which in fact contradicts to
the overall objective, i.e. achieving an efﬁcient and sustainable energy system. Therefore,
reducing losses in individual grids should not be considered as the primary objective for a
DSO [13]. Nevertheless, recent studies also present investigations on different reinforcement options [24, 25] and selections of different conductor types [26]. As mentioned by [2],
the EED also considers that grid energy efﬁciency measures should go beyond the loss
reduction and also take into account the planning and operational efﬁciency. This entails
exploring opportunities to improve the efﬁcient operation of available energy infrastructure and reduce the need for investing in new infrastructures, while achieving possibly low
losses. Furthermore, increasing line capacity can be conducted in a more efﬁcient way, i.e.
identiﬁcation and reinforcement of the heavily loaded lines. This again requires a detailed
technical assessment of line loading statistics over a long time or an online state-estimation
of the grid operation status. In sum, a holistic and coordinated cost-beneﬁt optimization to
improve the overall efﬁciency on a scale of the whole system should be preferred by grid
operators.
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Table 2.1: Literature review on possible loss reduction measures

Loss
reduction

Load
balancing

[24, 25, [27, 28, [36, 37, [39]
26]
29, 30, 38]
31, 32,
33, 34,
35]
[35,
44]

[45,
46]

Improving
voltage
proﬁles

[32, 33,
34, 47]

[48]

Increasing
hosting
capacity

[59,
60]

[58]

Peak
shaving/
congestion
management
Increasing
local
consumption

[40, 41,
42, 43]

[46]

[41, 48, [48, 53,
49, 50, 54, 55,
51, 52] 56, 57,
58]
[40, 52,
56, 58,
61, 62,
63, 64,
65, 66]

[65,
66]

[67,
68]

[43, 69, [68, 71,
70]
72, 73,
74]

[45,
46]

[75]

Fraud
detection

Smart
Meter

Storage

DG feed-in
control

OLTC

Demand
response

Imbalance
reduction

Grid
reconﬁguration

Objective

Grid
reinforcement

Category of measures

[46]

[76, 77,
78, 79,
80]

Improving
data quality

[81, 82,
83]
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Grid reconﬁguration
Normally, LV grids are often constructed as radial feeders. Nevertheless, it is possible
to reconﬁgure the existing grid topologies by reorganizing the tie-switches between two
substations. By optimizing the path distances from customers to substations, multiple
technical beneﬁts, such as minimization of losses [27, 28, 29, 30, 31], load balancing (among
feeders) [44], optimization of voltage proﬁles [32, 33, 34, 47] and increasing the hosting
capacity of DG [59, 60], can be achieved. The effectiveness of grid reconﬁgurations for these
objectives is well presented by the studies. The potential of improvements is especially
high in the urban area, where many substations are geographically located near to each
other. Grid reconﬁguration methods will also be highly effective, when the affected loads
or distributed generators have high demand or high generation capacity. As pointed
out by [84], researchers may also concurrently follow multiple objectives, e.g. voltage
proﬁles optimization and loss reduction in [32, 33, 34]. Based on a case study, authors
of [35] presented that shorter LV feeders can better accommodate the increase in demand,
while enabling a reduction in grid losses. As the power ﬂows may change in time, the
CIRED working group on loss reduction further addressed that application of the grid
reconﬁguration measures should focus on the high demand situations [19]. Since more
and more distributed generators are installed at the LV level, it is important for DSOs to
also consider the high feed-in situations, when they plan grid reconﬁguration activities in
the future.

Reducing phase-imbalances
Constructed as three phase systems, if the LV grids largely serve single or dual phase
loads, imbalances in the loading among the three phases is unavoidable. The imbalanced
power ﬂow, which results in high loading of one or two phases, increases the total losses
comparing to a balanced loading scenario for the same level of demand. Especially, the
imbalance-induced energy losses are addressed by recent research works [36, 37, 38]. Therefore, reducing unsymmetrical loading can effectively mitigate line losses, especially in the
LV level. Thus, it is necessary to investigate the real phase loading in LV grids to ensure that
the conﬁguration captures the development of loads [2]. In higher voltage levels, this measure becomes less effective as the grid is already balanced.
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2.4.2 Smart grid measures
Two prominent technical risks induced by the large-scaled integration of distributed
generators are overvoltage and grid congestion. Accordingly, different possibilities are
investigated by researchers to solve these problems in an innovative way. This evolution
towards a smart grid paradigm and the relevant measures can also help to mitigate losses
in distribution grids. These measures are typically covered by the active distribution
system management (ADM) concept [85, 86]. The pivot idea of the ADM is the efﬁcient
use of the grid infrastructure to solve technical issues, as well as the coordinated system
management to enhance the hosting of RES and improve the system’s overall performance.
Five different aspects of these smart grid measures are brieﬂy discussed under the focus
of their impact on grid losses. It should be emphasized that these measures are often
considered collectively and combined in real applications to achieve the most effective
performance for speciﬁc grids.

Demand response
Demand Response (DR) refers to a wide range of actions which can be taken at the customer side in response to particular conditions within the system (such as peak network
congestion or high prices) [87]. DR schemes particularly emphasize the shifting of energy
demand by providing customers incentives, e.g. the time-of-use tariff, or market mechanisms containing rewards for speciﬁc services. According to [87], notable level of DR
activities are currently identiﬁed in Italy, France and Spain. Typical objectives of DR are
peak shaving, load curve smoothing, and increasing local consumptions. Nevertheless,
DR measures following these objectives may also contribute to the mitigation of grid
losses, indirectly. For instance, an analytical study of the loss reduction effect by peak
shaving is given by [67]. The efﬁcacy of loss reduction is also conﬁrmed by several case
studies in this work. A classic application of DR on residential households is provided
by [45]. A bi-level problem is formulated considering smoothing the total load curve and
minimizing individual customers’ energy expenses at the same time. A similar study [46]
explored the storage system as an extended option for DR. Aiming at both congestion
mitigation and charging at low-price, the reduction of line losses is also achieved. In addition, studies addressed the coordination of charging electric vehicles (EVs) within the DR
scheme. Loss mitigation effects were presented by means of dynamic pricing [88] and grid
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voltage oriented charging management [39]. Authors of [48] also presented a combined
approach considering load shifting measures, storage management, and PV feed-in control.
Therefore, DR measures for peak shaving, load curve smoothing, and increasing local
consumptions are recommended for reducing grid losses.

Feed-in control of DG
Not only the coordination of loads, but also the feed-in control of DG units provides grid
operators further options for optimizing the grid operation and reducing losses. The
ﬂexibilities associated with DG can be summarized as control schemes for both the active
and reactive power feed-in of distributed generators. Similar to DR, different objectives
for feed-in controls are suggested by recent publications. Among these, reactive power
compensation and voltage control by means of reactive power control are the most frequently investigated concepts [41, 49, 50, 51, 68]. Additionally, researchers presented
feed-in control approaches of active power for congestion management and voltage regulation in [43, 69, 70]. The most direct beneﬁt of these smart control strategies of DG units is to
mitigate the technical impacts especially, during high feed-in periods, and hence to reduce
the reinforcement costs, which are driven by the integration of DG in existing grids. As
the secondary concern, loss reduction is still possible with these strategies. Furthermore,
loss minimization as the main objective for DG feed-in control is also evaluated by some
works [40, 41, 42, 43]. Effectiveness of these control strategies is demonstrated. Besides
the operative approaches, authors of [75] further discussed the potential of coordinated
planning of DG and grid extension. In sum, well designed feed-in control schemes for
congestion management and increasing local consumptions are also beneﬁcial for reducing
grid losses.

Energy storage management
Energy storage management (ESM) scheme refers to the installation of the energy storage
systems (ESS) in distribution grids and the control of ESS units for providing ancillary
services to the grids [86]. By controlling the charging and discharging behaviors of ESS,
the ESM can be applied for multiple purposes. The main focus of this analysis is on
the type of ESS, which is stand-alone or integrated with small-scale PV generators. For
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instance, authors of [71, 72, 73, 74] proposed ESM approaches for peak shaving and load
curve smoothing in distribution grids. As the voltage rise along LV feeders limits the
grids to accommodate more distributed generators, authors of [53, 54, 55] introduced ESM
algorithms for optimizing voltage proﬁle and accordingly enhancing the DG integration
in these grids. In studies [56, 57], the researchers also demonstrated the loss reduction
effect by these ESM schemes for peak shaving or voltage optimization, although loss
reduction are not the primary objective of the ESM algorithms. In general, ESM schemes
aiming at peak shaving and congestion management can be applied for reducing grid
losses.

On-load tap changer
The on-load tap changer (OLTC) is seen as a viable solution for increasing the hosting
capacity of LV grids for PV [40]. It is particularly efﬁcient for LV grids consisting of long
radial feeders. These LV grids are often suffered from overvoltage problem during high
feed-in periods. The application of OLTC on MV/LV transformers, which are conventionally not controllable, helps to mitigate the overvoltage problems. In addition, the
coordinated control schemes including the OLTC tap control and the local feed-in control of DG units [61, 62, 63, 64], DR measures [52] or the energy management of storage
units [56, 58] are recommend by literature as more comprehensive solutions. In general,
OLTC can help to reduce line losses by increasing operation voltage during low feed-in
periods. In high feed-in situations, however, the boosted DG installations, which are
technically impossible without the OLTC technology, may surpass the optimum level of
hosting capacity regarding grid losses and result in an overall increase of line losses for
the grid [40, 65, 66]. Also, an increase of transformer losses is very likely due to the extra
windings of OLTC. Therefore, the installation of OLTC should be carefully investigated for
individual grids regarding its impact on total losses. A trade-off between energy losses
and the hosting of distributed generators has to be made by grid operators for speciﬁc
grid situations [40].
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Smart meter
In recent years, the employment of smart meters at large scales has gained considerable
importance [89, 90]. Smart meters can make fundamental contributions for both utilities
and customers in many aspects [89], particularly by providing a better infrastructure,
which enables advanced monitoring and active control of the distribution grids. Regarding
the impact of smart meters on grid losses, previous studies often highlighted the beneﬁts
for managements of non-technical losses, such as the potential of detecting electricity
fraud [76, 77, 78, 79, 80] and improving quality of metering data [81, 82]. Especially,
the application of machine learning algorithms [76, 82, 91] in analyzing smart meter
data can provide DSOs new possibilities to improve the efﬁciency of their data analysis
procedures. Authors of [83] also discussed the application of smart meter data for energy
loss assessment. Considering high time resolution of the metering and seasonal differences,
improvements in evaluation accuracy can be achieved. However, considering the constant
operation of electronic components (especially the communication modules), the smart
meters themselves may consume more energy than the conventional ones - the Ferraris
meter. The issue of self-consumptions by smart meters, although less addressed by existing
publications, should be carefully evaluated by grid operators before starting a complete rollout activity, from the point of view of the loss management.

2.5 Conclusion
In this chapter, mapping of grid losses at the distribution sector, typical regulatory frameworks in European countries, and possible measures for loss reduction are discussed.
This review on the issue related to grid losses is not claimed to be comprehensive. As
the main objective of this thesis is the grid losses in the LV level, these discussions are
also more focused on technical losses in distribution systems. This is rather a general
overview and can be served as a broad guideline for any stakeholder who aims at better
understanding and management of grid losses from a technical or economical perspective.
Due to the increasing political and environmental concerns on climate changes, system
efﬁciency and loss reduction are gaining importance for grid operators and regulators.
Accordingly, understanding the source and origin of grid losses, especially regarding to
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technical details, are essential for an efﬁcient reduction of losses. Furthermore, the largescaled integration of DG at distribution levels can induce considerable inﬂuences on grid
losses and grid efﬁciency. At the same time, new opportunities are also opened for DSOs,
if the coordinated and optimized use of grid assets and the ﬂexibilities offered by these
distributed generators is explored. Recent developments of smart grid technologies further
extend the scope of the technical measures, which can contribute to the mitigation of grid
losses profoundly in the era of high penetration of DG.
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The transition of the conventional energy supply scheme, typically characterized by integration of more small-scale renewable sources and reduction of greenhouse gas emissions,
is an inevitable trend. At the same time, efﬁcient operation of the existing distribution
system, which hosts these decentralized generators, is equally important toward achieving
a sustainable energy system. In order to keep track of the upcoming changes regarding
system efﬁciency, an accurate determination of grid losses in the distribution system is
the fundamental step. However, to evaluate the energy losses of power distribution grids
at large scales is still quite challenging. Currently, distribution system operators only
have limited options for determining grid losses, especially in the low voltage sector. The
growing installation rate and the ﬂuctuating nature of distributed generations pose further
difﬁculties and uncertainties for the loss evaluations. For this reason, a comprehensive
and accurate evaluation of grid losses, which takes the grid information, the available
metering data and the installed distributed generators into account, is an important subject.
In this chapter, a novel evaluation framework for energy losses for low voltage distribution
grids is presented. This evaluation framework consists of three building blocks: a fully
automatic and parallelized generation of grid models, the determination of grid losses
based on annual power ﬂow simulations as well as a data-driven reference grid modeling
method. This framework is demonstrated and validated based on a data-set of 5000 real
distribution grids (including about 31,000 low voltage feeders), located in the service area
of one of the largest German distribution system operators. The key contribution of the
proposed framework is the automatic approach for grid modeling and feature evaluation
at large scales and the implementation of the advanced, comprehensive reference grid
modeling method for evaluating relevant grid features and estimating grid losses. This
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novel reference grid modeling approach and the complete framework are further validated
by comparison with both exhaustive simulation results of grid losses and three state-ofthe-art regression schemes. Among the case studies, this proposed evaluation framework
shows a very good performance in the evaluation of grid losses. Moreover, this evaluation
framework provides useful insights concerning the grid-level allocation of total osses
as well as the impact of distributed generations on the losses. Accordingly, this novel
evaluation framework gives distribution system operators a powerful tool considering the
evaluation and improvement of system efﬁciency.
This chapter is organized as follows. In 3.1, a literature review concerning the evaluation of grid losses is given. Subsequently, the proposed evaluation approach and its
complete workﬂow are introduced. Case studies and the relevant validation schemes
are presented in 3.3. In 3.4, the results of the case studies and the validation tests
on the proposed methodology are discussed in detail. Finally, this part is concluded
in 3.5.
The main content of this chapter has been published in: C. Ma, et al.: Evaluation of energy
losses in low voltage distribution grids with high penetration of distributed generation,
Applied Energy, Volume 256, 2019, ISSN 0306-2619.
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3.1 Literature review
Different methods have been proposed in literature to solve the grid losses evaluation
problem. A detailed review is presented in the following section, which reveals three major
groups among the previous published works: the analytical approach, evaluations based
on synthetic grid models and evaluations based on reference grid models. A list of these
related works is summarized by categories in Tab. 3.1. Mainly regarding their methodological improvements and the representation of DG in each applications, these existing works
are discussed and current research gaps are identiﬁed.
Table 3.1: Overview of the research works concerning loss evaluation

Category of
evaluations

Analytical

SGM based

RGM based

Paper
index
[92]
[93, 94, 95,
96]
[97, 98, 99]
[100]

Main contributions
Introduction of LSF
Parametrization of LSF

Evaluation of yearly load variance
Considering impact of DG on residual load
proﬁle
[101]
Regression analysis on DSO published
data
[102, 103]
Analysis of smart meter data
[104, 105, Application of advanced curve ﬁttings
106]
[107]
Quantifying the impact of DG on grid
losses
[108, 109]
Application of SGM on MV grids, simple
grid topology
[110]
Application of SGM on MV grids, sophisticated grid topology
[111]
Application of SGM on MV grids, sophisticated grid topology
[10]
Application of SGM based on large number of LV grids
[112, 113, Application of RGM on MV grids
114]
[5]
Application of RGM on large set of LV
grids
[115]
Application of RGM on MV/LV tranformers

23

Considering
DG?
No
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3.1.1 Analytical loss evaluation
As one of the earliest research topics that emerged in the power industry, the loss estimation was continuously investigated since its beginning. The ﬁrst practical solution, the Loss
Factor (LSF) formula, was introduced by [92]. The LSF suggests that the total line losses,
concerning either a single feeder or a complete system, are linearly and quadratically related to system loading at the same time. Moreover, the proportion between the linear and
quadratic relationships, also called the C coefﬁcient, indicates the pattern between average
loading and peak loading in a speciﬁc grid. It varies signiﬁcantly among different grids and
system operators. In practical applications, analyses of large volumes of measurement data
are often essential for obtaining a realistic coefﬁcient value.
Due to its simplicity, which requires the system loading as the only input parameter, the LSF
formula has then been widely accepted (especially for MV and higher voltage levels) and
discussed later by many researchers. They made efforts typically to determine the optimal
C coefﬁcient based on numerical simulations or transformer measurements. Empirical
values were proposed by different works, e.g. [93, 94, 95], in different contexts. Through a
comparative study on these empirical values of the C coefﬁcient, paper [96] veriﬁed the
applicability of the LSF formula for modern load characteristics. More recent studies, such
as [97, 100, 103], referred to eventually higher C values, which means: the current system
load, in particular for the LV level, is more ﬂuctuating and the grid losses more strongly
dependent on the peak losses compared to the past.
In order to improve the evaluation accuracy, modiﬁcations of the LSF formula were also
recently published. Authors of [97, 98] and [99] extended the LSF by means of detailed
modeling of load variances so that the estimation of annual energy losses could be improved. In [100], authors proposed to include an additional minimum load factor (MLF)
upon the classical LSF method, so that the impact of DG on the grid loading could be addressed. Multidimensional linear regressions were applied to the published data of several
German DSOs in [101], where the presence of DG was considered among other inﬂuential
factors related to grid losses. However, due to the generalized presentation of grids in
large service areas, this approach was not suitable for determining losses of individual
grids. To give a quantitative estimation of the impact DG on grid losses, a novel indicator
is introduced by [107]. However, this indicator is designed for determining the variation
of losses due to newly installed generation units. Furthermore, diverse implementations
considering smart meter data (in [102, 103]) or applying advanced curve ﬁtting techniques
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(in [104, 105, 106]) can also be found concerning the analytical loss evaluations. Despite
these recent improvements, disadvantages, such as the under-representation of DG-related
features as well as high costs for determining empirical grid loadings, are still associated
with the analytical evaluations.

3.1.2 Loss evaluation based on synthetic grid
models
To overcome these disadvantages, another group of studies suggests the application of
synthetic grid models to estimate grid losses in large quantities. Under the basic assumption that grid losses can be estimated based on simpliﬁed grid topologies in combination
with speciﬁc parametrization, the authors of paper [108] proposed an integrated analytical
and synthetic grid modeling (SGM) approach to estimate losses of MV radial feeders.
Based on the related validation tests, a good accuracy of this methodology is achieved.
While a similar but simpliﬁed implementation for LV grids, containing only one grid
model with multiple parallel feeders modeled using equivalent resistances, was introduced by [109], a more sophisticated evaluation was found in [111]. Especially, the degrees
of feeder branching and multiple line parameters in MV and LV level are analyzed in
detail by [111]. Built on a base scenario, a generalized sensitivity analysis concerning the
diameter of over-head lines, transformer aging and DG penetration is given. Different
from the publications mentioned above, grid losses are all determined by power ﬂow
simulations in the presented work. Another study in the LV level was shown by [110],
where the authors considered the load similarity, number of customers in a feeder, the
conductors’ diameters as well as the length of main feeders and of laterals (house connection lines) in a statistical analysis, in which parameters for constructing representative
feeder models are determined. Paper [10] presented a detailed analysis of distribution
system losses using synthetic LV grid models on a large scale. The focus of this work was
laid on the statistical analysis of load density and total conductor length. Similar to the
treatment in [111], DG installations were not directly evaluated as a grid feature, but as
an additional sensitivity. Although the synthetic grid modeling yields improvements the
degree of the evaluation accuracy and complexity, the simpliﬁed representation still limits
its performance in presenting structural diversity among the grids. For instance, limited
parameters are considered in constructing synthetic grid models. No correlation analysis
is yet carried out to identify, which grid characteristics are relevant concerning grid losses.
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Regarding the representation of distributed generations, this group of studies also reveals
the potential for future developments.

3.1.3 Loss evaluation based on reference grid
models
In contrast to the approaches exploring synthetic grid models, more studies suggest selecting reference feeders/grids out of an available data-set to achieve a more realistic and
precise representation of a grid area and a higher evaluation accuracy. This kind of methodology incorporates the study of grid features in a larger quantity and the implementation
of data clustering techniques. At the same time, it applies higher requirements on data
preparation and grid modeling.
For example, authors of paper [112] introduced an analysis concerning six grid parameters:
feeder length, circuit type, feeder loading, installed transformer capacity, load type and
total energy demand. By applying a standard k-means clustering method, a set of over 300
MV grids were clustered into three levels and 15 representative groups according to their
losses. The identiﬁed representative grids in each group were further used for evaluating
the losses of the whole distribution system. Estimation of energy losses for a data-set of
140 urban MV feeders was investigated in [113] using Decision Trees clustering. Three grid
features, feeder length, feeder loading and installed transformer capacity, were analyzed
in this work. Additionally, these features were described using both the mean value and
the standard deviation. a good estimation performance was presented in a case study. A
nearest neighbors clustering approach considering two parameters, the average annual
consumption and the customer density, was implemented by [114]. In addition to the
technical losses, non-technical losses were also analyzed. The authors of [5] proposed a
combination of the k-medoids and Decision Trees algorithm in clustering 700 grids and
determining the grid losses. Another study on determining transformer losses based on
Artiﬁcial Neural Networks was found in [115].
As presented in these related works, the RGM approach follows a speciﬁc sequence:
grid modeling and data preparation, feature extraction, grid clustering, loss estimation.
Major differences in the implementation and evaluation lay on the complexity of data
representation, number and type of the analyzed features as well as the selected clustering
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methods. An overview of the state-of-the-art research articles regarding these aspects is
provided in Tab. 3.2.
Table 3.2: Overview of state-of-the-art research studies using the reference grid
modeling concept

Evaluation
objective

Grid
losses

Paper
index
[112]
[113]
[114]
[5]
[115]

Grid
type
MV
MV
MV
LV
HV/MV
transformer
LV

No. of grids
or samples
300
140
22
700
57

No. of
features
6
3
2
14
3

Clustering
method
k-means
Decision Trees (DT)
Nearest Neighbors (NN)
k-medoids and DT
Artiﬁcial Neural Networks
(ANN)

300

32

MV

3000

12

MV
LV

1295
7300

16
80

[6]

LV

232

19

[120]
[121]
[122]

MV
HV
MV

100
1100
17

10
29
32

Support Vector Machines
(SVM)
Principal Component Analysis (PCA) and k-means
k-means
PCA, k-means and Hierarchical clustering (HC)
HC, k-means, k-medoids
and Gaussian Mixture
Model
DT
DT
PCA, k-means and HC

[116]
DG host- [117]
ing
capacity
[118]
[119]

Grid
reliability
Power
quality

More studies adopting RGM can be identiﬁed if the main evaluation objectives are extended. For instance, the evaluation of DG hosting capacity in distribution grids was
discussed in [116, 117, 118, 119] and [6]. The authors of [116] shown innovative efforts in
considering grid characteristics related to graph theory. Based on these extended features,
an assessment model on the DG hosting capacity of LV grids is obtained using an SVM algorithm. A clustering methodology combining PCA and k-means algorithm for determining
representative distribution grids in the California area (USA) was introduced by [117]. The
obtained reference grids were further applied in the determination of the grid capacity for
accepting new PV units. The authors of [119] implemented the PCA analysis as a dimensional reduction method before clustering analyses. The application of PCA successfully
reduced the original data-set containing 80 features to a subset of 12 parameters. A special
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technique of ﬁltering outliers for the k-means analysis is introduced in [118]. In [6], a more
comprehensive study of the same objective was provided in the UK context. Authors
directly included in the analysis of the PV penetration level and the number of installed
units as grid features. In addition, they implemented four different clustering algorithms
and compared their performances. Recent publications also presented investigations
regarding grid reliability [120, 121] and power quality [122]. Also explorations of DT and
k-means clustering can also be found in these three papers.

3.1.4 Current research gaps
Deﬁciencies can be identiﬁed among these related works mainly in three areas. To close
these research gaps, it is aim to achieve improvements in these three aspects with this
work.
• The presence of DG in distribution grids are inadequately evaluated considering
the determination of grid losses. Paper [100], as the only reference following the
analytical approach, represented DG indirectly through the residual load. In addition, studies [10] and [111] provided sensitivity analyses on DG penetrations (at
typical grid loading scenarios) as a supplementary and generalized factor. In reality,
the installations of DG are complex and solely considering the penetration level
is insufﬁcient. The existing works evaluating the DG hosting capacity, among the
studies applying the RFM approach, delivered important contributions in terms
of detailed evaluations of integrated distributed generations directly as clustering
features. At the same time, the publications on the evaluation of grid losses still
mainly concentrate on the description of loads and grid structures. Therefore, more
dedicated features representing both the sizing and positioning of DG units (installation of DG) and the generation behaviors (operation of DG) should be extended in
order to correctly represent the current distribution grids with high DG penetrations.
• More (10-30) grid speciﬁc characteristics are investigated by studies evaluating DG
hosting capacity, grid reliability and power quality. Comparing to the previous
implementations for loss evaluations, these studies particularly emphasized the
extended assessments in graph features [116], operational parameters [120, 121] and
descriptions of both load and generation patterns [6, 116]. These new ﬁndings are
also applicable for analyzing grid losses.

28

3 Evaluation of Grid Losses Based on Advanced Reference Grid Modeling

• Despite the various evaluation objectives, none of the studies applying evaluation
methods based on either SGM or RGM provides an assessment of the selection and
formulation of grid characteristics. There is currently no reliable evaluation of the
importance/relevance of these introduced grid features with respect to the speciﬁc
objective, e.g. grid losses and DG hosting capacity. Since a randomly selected grid
feature may also have a negative impact on the evaluation performance, the problem
of feature selection also needs to be addressed.

3.2 Proposed evaluation approach
In this section, the evaluation framework based on the new RGM concept is presented.
The major components, as well as the general workﬂow of this framework, are illustrated
in Fig. 3.1.
DSO Database

3.2.1 Automatic generation of grid models

3.2.2 Calculation of grid losses
(based on annual simulations)

3.2.3 Evaluation of grid features

3.2.4 Advanced reference grid modeling

Validation & Application

Figure 3.1: The proposed evaluation approach for LV grid losses

29

3 Evaluation of Grid Losses Based on Advanced Reference Grid Modeling

The evaluation procedure starts with automatic generation of LV grid models based on raw
data of a DSO. In addition, the generated grid models are analyzed using annual power
ﬂow simulations, so that the energy losses of these grids are analytically determined. The
analysis on grid features and the RGM analysis are subsequently applied to the generated
LV grids to identify representative samples, i.e. the reference grid models concerning grid
losses, for the investigated grid area. The calculated losses of the identiﬁed reference grids
can well represent the typical loss characteristics of a DSO and can be used to estimate
losses of new grids only based on evaluations of grid features. These four major steps are
further elaborated in detail.

3.2.1 Automatic generation of grid models
Analyzing grid characteristics requires a realistic representation of the distribution grids.
However, the electrical grid models, especially at the LV level, are often not completely
available to DSOs. Due to the very large amount of grid components and the constant
changes caused by grid reinforcements and DG integration, the cost for obtaining the grid
models at large scales is extremely high and often perceived as unnecessary. In practice,
DSO technicians can only manage to create models semi-automatically or manually for
certain grids, in which speciﬁc planning or operational problems exist. Therefore, the
complete generation of grid models at the LV level is not considered as state-of-the-art
practice in the power industry. In this background, a fully automatic generation of LV grid
models in large service areas is developed as the ﬁrst step of this evaluation framework.
This grid modeling procedure, in which the geographic information systems (GIS), assets
database and annual energy metering data are all explored as input data sources, is further
elaborated in Fig. 3.2.
As marked in blue in Fig. 3.2, the analysis of grid topologies, based on the GIS data,
serves as the foundation of the whole modeling process. By extracting geo-coordinates of
lines (both main feeders and house connection lines) and nodes (substations, distribution
cabinets, LV customers and DGs), connections among grid components can be identiﬁed
by means of distance search. Firstly, the open ends of lines laying near to other lines are
connected to those lines by creating models of cable joint (additional nodes on the target
lines). Based on a speciﬁc search radius around a speciﬁc grid asset, all nearby lines are
identiﬁed and connected to this grid asset by merging the line nodes with the nodes of
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GIS database
Coordinates of
grid components

Measurement data
Customer
address

Coordinates
of customers

Model of
grid topology

Address mapping
(allocation of loads and DG)

3.2.1
Automatic
generation of
grid models

Model of
loads and DG
Interconnected
LV grid models

Model of
grid components

Identification of grid
decoupling switches
Galvanically decoupled
LV grid models

Annual
energy
metering

Tariff/DG
type

Asset database
Line
parameters

Transformer
parameters

Figure 3.2: Evaluation steps for generating LV grid models

the asset, e.g. a substation or a distribution cabinet. This step is shown exemplarily in
Fig. 3.3. After the connectivity of all nodes is deﬁned in a grid, the branch models can be
formulated for all the lines. These two steps complete the speciﬁcation of the grid topology
and the interconnections. These topological analyses are carried out in Python using the
evaluation package NetworkX [123].
Additionally, electrical parameters of lines and transformers, marked in orange in Fig. 3.2,
are available in the asset database of a DSO. This technical information can be allocated to
GIS objects by mapping of the two databases via a speciﬁc asset ID. Accordingly, the generation of the grid structure, including both geographical and electrical parameters, is completed. The grid modeling approach is implemented in a Python-based open-source tool
pandapower [124]. As a supplement, all line models, which are connected to a substation
or a distribution cabinet, are equipped with switch models.
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GIS data with
updated node models

GIS raw data

R

r
Main feeder
House connection line
Search area near a
substation
Search area near a
distribution cabinet
House connection

Figure 3.3: Handling geographical data near a substation and a distribution cabinet
(typically R=5 m, r=2.5 m)

Speciﬁcations of loads and DG, marked in green in Fig. 3.2, are represented by the combination of the annual energy measurements of customers and the standard load proﬁles
(SLPs). The energy metering database contains the addresses of customers, their annual
energy consumption or generation as well as their tariff type (for loads) or generation type
(for DG). In practice, the metering data and GIS data are maintained by accounting and
technical teams, separately. To ﬁll the gap between these two data sources, an address
mapping algorithm is implemented for LV customers, i.e. the postal address of LV loads
and DG units in the GIS and the address of customers in the metering database are compared. A mapping accuracy greater than 95 % is achieved in our implemented case study.
Furthermore, the SLPs1 are utilized to model the temporal behaviors of consumptions and
generations without registered power measurements.
By combining the models of grid topology, grid components and grid loading, the power
1 SLPs are normalized, synthetic proﬁles, which are created individually by German DSOs under the
guideline [125] provided by BDEW. Typical SLPs cover common load types of households (H0 proﬁle),
small business (G0 proﬁle) and farms (L0 proﬁle) as well as different generation types of DG (e.g. PV,
wind and combined heat and power).
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ﬂow models of LV grids are created. In a maximum demand and a maximum generation
situation of the created grids, static power ﬂow calculations are carried out. By examining
the operational limits in the extreme operation scenarios, these grid models are validated
further. If the real conﬁgurations of switches are not documented in the GIS database,
the created grid models are interconnected, as shown exemplarily in Fig. 3.4, if they are
geographically close to each other.

Substation

Distribution cabinet,
switch closed
House connection
DG
Distribution cabinet,
switch opend

Figure 3.4: Generation of grid models and identiﬁcation of decoupling switches
– Generated (interconnected) grid models

Therefore, a practical procedure for identifying grid decoupling switches is developed, in
consultation with our partner DSO:
• Every path between two substations (interconnections between two substations) is
identiﬁed.
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• A power ﬂow calculation is executed for the current conﬁguration of grids and the
minimum voltage on each path is located.
• A decoupling switch (previously added to the distribution cabinets), which is allocated nearest to the individual minimum voltage node along the interconnection
path, is opened.
• This procedure is repeated until no interconnections exist anymore.
• (Optional step, if LV grids are operated as radial feeders. Not applied in this study.)
Similar to the interconnection paths between substations, the ring structures, starting
and ending at the same substation, are identiﬁed. The ring structures are also
eliminated by repeatedly opening one switch near to the node of minimum voltage
on each ring.
After applying this procedure, galvanically decoupled LV grids are obtained for the
complete area of input data. The same exemplary grid area is illustrated as Fig. 3.5.
Moreover, the implementation of the proposed automatic grid modeling approach is
accelerated using parallel computing techniques. As presented in Fig. 3.6, the geographical
isolation of grid components is explored in order to allocate the input data to independent
evaluation processes, so that the whole evaluation can be executed in parallel and hence
much more efﬁciently than a serialized process.

3.2.2 Calculation of grid losses
Annual power ﬂow simulations are carried out for each LV grid to determine their annual energy losses. These evaluated LV grids and their calculated losses are prepared
as data samples for the following feature analysis and reference grid modeling steps.
In this work, the power ﬂow simulations are solved with the help of pandapower. In
order to keep the total evaluation within an acceptable time, the simulations of individual grids are implemented in parallel on a Linux Cluster with 600 cores and over 4 TB
RAM.
The symmetrical power ﬂow model only determines the thermal losses of lines (and transformers). In addition to these, diverse loss components are further evaluated, as suggested
by relevant literature. Compensation factors are accordingly applied, which represent
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Substation
Distribution cabinet,
switch closed
House connection

DG
Distribution cabinet,
switch opend

Figure 3.5: Generation of grid models and identiﬁcation of decoupling switches
– Grid models after setting decoupling switches

energy losses in metering devices [126], energy losses of cable joints and fuses [127], underestimation of losses due to asymmetrical loading [128, 129] and averaging effect [129, 130]
by using SLP and proﬁles in 15-min resolutions.

3.2.3 Comprehensive evaluation of grid features

The formulation of the relevant grid characteristics is discussed shortly in the section of
the literature review. In this proposed evaluation framework, most of the grid structure
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Process 1
Process 2

Process 3

Process 4

Figure 3.6: Parallelization scheme for geographically isolated areas

related features in existing works are also considered. Furthermore, features regarding the
sizing and positioning of loads and especially DG, the grid simulation parameters as well
as features related to graph theory are also evaluated in largely extended scales. These
investigated features, which can all be extracted from the generated grid models, are listed
in Tab. 3.3 and 3.4. In total, 60 relevant features are formulated in order to describe an LV
grid, which can be grouped into four categories:
• Grid characteristics (GC)
• Loads and generators (LG)
• Graph features (GF)
• Operational parameters (OP)
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Grid characteristics
Characteristics that provide a general picture of a grid are ﬁrst introduced. In particular,
the numbers of grid assets (nodes, transformers, distribution cabinets and lines) and
their rated parameters are considered. To present both the average and the extreme
behaviors of a certain characteristic, several features are explored using both the maximum
and median values, such as the line length and the path distances from distribution
cabinets to the substation. Also, due to the fact that the main feeders and the house
connection lines are greatly different in the electrical property, several representations
are designed concerning the main feeders in an LV grid. The number of feeders, the
share of feeders among the total LV lines and the average feeder length are calculated. In
addition, the proportion of house connection nodes and lines with aluminum conductors
are extracted.

Loads and generators
Another important aspect related to grid losses is the consumption and generation structure
in a grid. Considering loads and DG, annual energy, rated power and grid positioning of
each unit is calculated. The customers measured by power proﬁle often have higher energy
demand. Therefore, they are separately analyzed considering a high impact potential
on total losses. The proportions of household loads and PV generators are calculated
w.r.t. the total energy demand and the total generation, respectively. Since the induced
losses by individual loads or DG depend both on the power and the position of the
units, a positioning factor, deﬁned in Eq. (3.2.3.1) as the product of the rated power
and the path distance towards the substation (for units installed at the ith node), is
introduced.
f LD,i = PLD,i · L LD,i
f DG,i = PDG,i · L DG,i
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Table 3.3: Evaluated grid features (Part I)

ID
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36

Cat.
GC
GC
GC
GC
GC
GC
GC
GC
GC
GC
GC
GC
GC
GC
GC
LG
LG
LG
LG
LG
LG
LG
LG
LG
LG
LG
LG
LG
LG
LG
LG
LG
LG
LG
LG
LG

Label
Str
Nn
Ndc
Nhc
Ns
Nf
Lsum
Lmax
Lmed
Ldc,max
Ldc,med
R/X
rhc
r Al
rfd
NLD
ELD,sum
L LD,max
L LD,med
PLD,max
PLD,med
f LD,max
f LD,med
f LD,sum
rhh
NDG
EDG,sum
L DG,max
L DG,med
PDG,max
PDG,med
f DG,max
f DG,med
f DG,sum
r PV
EDG,rev

37
38
39
40

LG
LG
LG
LG

NRLM
f corr
p DG,S
p DG,E

Description
Transformer rated capacity [kVA]
No. of nodes
No. of distribution cabinets
No. of house connectors
No. of switches
No. of main feeders
Total length of lines [km]
Max. length of lines [km]
Median of line lengths [km]
Max. distance between distribution cabinets [km]
Median of distances between distribution cabinets [km]
Average R/X ratio of lines
Percentage of house connectors nodes [%]
Percentage (by length) of lines with Aluminum conductor [%]
Percentage (by length) of main feeders [%]
No. of loads
Total annual demand of loads [kWh]
Max. distance from loads to substation [km]
Median of distances from loads to substation [km]
Max. rated power per load [kW]
Median of rated power per load [kW]
Max. load positioning factor [kW·km]
Median of load positioning factors [kW·km]
Total load positioning factors [kW·km]
Proportion (by annual consumption) of household loads [%]
No. of DG units
Total annual energy feed-in by DGs [kWh]
Max. distance from DG to substation [km]
Median of distances from DG to substation [km]
Max. installed capacity per DG [kW]
Median of installed capacities per DG [kW]
Max. DG positioning factor [kW·km]
Median of DG positioning factors [kW·km]
Total DG positioning factors [kW·km]
Proportion (by feed-in energy) of PV generations [%]
Total reversed energy ﬂow, which feeds back into a higher voltage level [kWh]
No. of customers with power measured devices
Correlation factor between loads and DGs
DG Penetration level w.r.t. transformer rating (PDG,sum /Str )
DG Penetration level w.r.t. total consumption (EDG,sum /ELD,sum )
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Table 3.4: Evaluated grid features (Part II)

ID
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56

Cat.
GF
GF
GF
GF
GF
GF
GF
GF
GF
GF
OP
OP
OP
OP
OP
OP

Label
dn,sum
dn,med
ddc,max
ddc,med
d LD,max
d LD,med
d DG,max
d DG,med
Nr
rmesh
PLC,sum
ll LC,max
ll LC,med
u LC,min
ls LC
PGC,sum

57
58
59
60

OP
OP
OP
OP

llGC,max
llGC,med
uGC,max
lsGC

Description
Total degrees of nodes
Median of node degrees
Max. node degree of distribution cabinets
Median of node degrees of distribution cabinets
Max. node degree of loads
Median of node degrees of loads
Max. node degree of DG
Median of node degrees of DGs
No. of rings
Proportion of inter-meshed lines [%]
Total power consumption of loads in high load case (LC) [kW]
Max. line loading in LC [%]
Median of line loading in LC [%]
Min. node voltage in LC [p.u.]
Relative loss of the grid in LC [%]
Total power generation of DGs in high generation case (GC)
[kW]
Max. line loading in GC [%]
Median of line loading in GC [%]
Max. node voltage in GC [p.u.]
Relative loss of the grid in GC [%]

To characterize the accumulation of distributed generations in the grid, the penetration
level is the most frequently considered feature in previous studies. In this perspective,
two different DG penetration factors are deﬁned in this framework. Firstly, the ratio
between the total installed capacity of DG and the installed transformer rated power
is calculated. This formulation focuses on the development of DG w.r.t. grid hosting
capability. At the same time, the ratio between the total annual generated energy and the
total annual demand is also evaluated for a grid. This factor provides information about
the actual usage of a grid. Additionally, a Pearson correlation coefﬁcient, which describes
the coincidence between load and generation at each house connection node, is formulated
in Eq. (3.2.3.2), where PDG stands for the average installed power of DG units. This
correlation factor varies from -1 to 1, with 1 expressing the strongest possible agreement
between capacities of load and DG per node. This means that large DG units are allocated
at the nodes with high demand in terms of rated power.
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f corr = corr ( PDG , PLD )
Nhc

=

∑ ( PDG,i − PDG ) · ( PLD,i − PLD )

i =1
Nhc

Nhc

i =1

i =1

(3.2.3.2)

∑ ( PDG,i − PDG )2 · ∑ ( PLD,i − PLD )2

Graph features
Following the suggestion of [116], the data-set is extended by using graph theory. Graphs
provide an abstract concept to describe the structure of LV grids. For instance, the degree of
nodes show the relative distance between nodes and can present the tree structures of grids
in a suitable way. The ring structures and inter-meshed lines can easily be identiﬁed using
graph models. Similar evaluations on the graph distances between loads, DG and substations or between distribution cabinets are also included.

Operational parameters
Finally, operational parameters, for both a high load case (LC) and a high generation
case (GC), are considered to present grid operational properties. The high load case
describes the grid situation of maximum demand and no DG feed-in. A static power
ﬂow simulation is performed so that several key parameters, such as node voltages,
line loadings and relative power losses, can be assessed. On the other hand, the high
generation case is conﬁgured with DG operating at their rated power and with no active
loads. Calculations of the GC refer to a worst-case scenario of highly loaded grids due
to distributed generation. Although the real grids are not normally operated at these
worst-case scenarios, these evaluations still provide important references for possible
situations.

40

3 Evaluation of Grid Losses Based on Advanced Reference Grid Modeling

3.2.4 Advanced reference grid modeling
(RGM)
The extracted grid features form a multidimensional data-set, which is analyzed in this
step with the focus on grid losses. The centerpiece of the proposed evaluation framework,
a clustering analysis combined with the evaluation of grid features (the last step), forms
a new reference grid modeling method, the novelty of which lies on the combination of
supervised feature selection and efﬁcient clustering of large data-sets. Representative grids
are identiﬁed based on relevant grid features. More importantly, these reference grids are
able to describe the characteristics concerning grid energy losses of the whole service area.
They can thus be utilized for loss estimation of new grids. In the following, this advanced
RGM method is introduced.

Supervised principal component analysis
The principal component analysis is a widely applied algorithm for reducing and consolidating feature variables. Its application can also be found in previous studies [117, 122].
It uses linear combinations of a subset of variables to explain the covariance structure of
the whole data-set. This analysis helps to reduce both the dimension of input features
and the impact of outliers. As the selection of features does not correspond with a dedicated objective, the PCA is an unsupervised method. If the selection of features should
be conducted for a speciﬁc objective, the conventional PCA is less effective. In the case
of these supervised dimensionality reduction problems, Bair et al. improved the PCA
algorithm and introduced the supervised principal component analysis (SPCA) [131] as a
powerful heuristic scheme. Rather than selecting features only by variance, as suggested
by the PCA, the SPCA method selects a subgroup of features with the highest correlations on the target variable (the objective). Therefore, it presents a more efﬁcient feature
selection and reduction approach. The common procedure of SPCA is summarized as
follows.
• Compute standard correlation coefﬁcients for each feature regarding the target
variable (the grid loss).
• Reduce the input data to include only those features, whose correlation coefﬁcients
exceed a user-deﬁned threshold value.
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• Compute the ﬁrst few principal components of the reduced data-set.
• Use the obtained principal components in a clustering algorithm or a regression
model to predict the outcome.

k-means/k-medoids algorithm
The clustering analysis is designed to select representative samples out of a large set of
data points. The k-means/k-medois clustering [132] is one of the most commonly used
among the clustering algorithms. As mentioned in the section of literature review, k-means
clustering is adopted by multiple works, e.g. [5, 6, 112, 117, 122]. The k-means clustering
groups the set of samples into the predeﬁned number of clusters by minimizing the sum of
squared distance between the data and the associated cluster centers. It starts by randomly
initializing a set of centroids among all samples and then associates the rest of samples to
these centroid points. The total squared distances are determined after the allocation of
all data samples. Subsequently, the algorithm recalculates the centroids of each cluster in
order to reduce the sum of squared distance. This procedure is repeated until no further
reduction is possible. For calculating distances between two points, the Euclidean distance
is considered. The k-medoids1 and k-means++2 are two well-known variations, also
frequently adopted in previously discussed literature.

Innovative aspects
Due to this special property of supervised heuristic, the SPCA is chosen as a pre-processing
step and applied before the k-means clustering algorithm, so that the grid features are
efﬁciently selected and prepared regarding grid losses, i.e. the main research objective.
This combined evaluation approach is more efﬁcient than existing studies, where only the
standard PCA is applied, e.g. in [117, 119, 122], or directly clustering without dimensional
reduction is used, e.g. in [5, 6, 112, 118]. This clustering approach is named as the advanced
1 The k-medoids typically considers the medoids for identifying the cluster centers.
2 The k-means++ adopts a more effective, distance-based initialization in comparison to the standard
k-means. In this work, the standard k-means algorithm with multiple random initializations and with
multiple k-means++ initializations are implemented as the major clustering method.
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RGM in the proposed evaluation framework. Two key parameters of the RGM are the
threshold value of the correlation coefﬁcients in the SPCA and the number of clusters for
k-means. Later in the case study, the sensitivity of these two parameters and the impact
of the feature selection on the evaluation performance are investigated and discussed
in detail. It must be clariﬁed, that the innovative work in this chapter is not laid on
the design of the evaluation approach, but on its application in the power distribution
context.

3.3 Case study and validation schemes
A large set of real LV grids is evaluated in the case study for the purpose of demonstration
and validation of the proposed framework. By following the evaluation steps deﬁned in
the previous section, feature extraction and normalization are discussed at ﬁrst in the case
study. By applying the automatic model generation approach (Section 3.2.1), the power
ﬂow models of all investigated grids are created. The relevant grid features, as deﬁned
in 3.2.3, can then be completely evaluated. In addition, grid losses of these grid models are
determined by the annual power ﬂow simulations (Section 3.2.2). Based on the application
of the SPCA and k-means clustering method, the reference grid models are determined.
Secondly, the annual energy losses of each LV grid in the data-set, calculated using annual
power ﬂow simulations, are presented in this section. These results are taken as the ground
truth for validating the proposed RGM approach. Alternatively, several state-of-the-art
regression methods from the ﬁeld of machine learning (ML) are also implemented using
the same data-set. They not only give additional benchmarks for the proposed reference
grid modeling method but also provide a different angle regarding the interpretation and
selection of relevant grid features.

3.3.1 Investigated grid area and grid losses
Approximately 5000 LV grids, covering a supply area of about 90 towns in Bavaria, Germany, are provided by our partner DSO (Bayernwerk Netz GmbH) for the case study.
These LV grids are located in rural, suburban and small-to-medium sized cities. Accordingly, they are covering typical grid characteristics, for instance, long feeders and low load
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density, typically installed grid assets as well as patterns of generation and consumption
in southern Germany. For example, Fig. 3.7, with the help of histograms and the corresponding scatter plot, presents the observations related to line characteristics. The average
R/X ratio per grid shows a shape of histograms closer to normal distributions. The partner
DSO allows the operation of closed ring structures in the LV level. Therefore, radial lines
and feeders with one or multiple rings are both contained in this set of grid data. Also, the
highest number of small-to-medium sized PV generators is hosted by the partner DSO
among the German distribution systems. Therefore, high PV penetration ratios are also
represented by the selected set of LV grids. Correlations between the numbers of loads and
DG are shown in Fig. 3.8. In contrary to line features, this data is associated with strongly
skewed distributions.

Figure 3.7: Scatter plots and histograms of two line features

To enhance the comparability among LV grids, the grid losses are analyzed in the following
case study as the relative losses instead of the absolute energy losses. The mathematical
deﬁnitions of the energy loss ELoss and the relative loss ls are given in Eq. (3.3.1.1). Here,
ELoss,i stands for the active power loss of ith line at time t and Nline gives the total number
of lines. The energy loss ELoss of a grid is calculated by the integral of the power losses
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Figure 3.8: Scatter plots and histograms of load features

of each lines Ploss,i across the investigated time span between tmin and tmax . If relative
losses are assessed only w.r.t. generation or demand, inﬁnite values may occur in some
grids containing only loads or DG units. Therefore, the relative grid loss of this study
is deﬁned as the percentage ratio between the energy loss and the sum of both the total
demand ELD,sum and the total feed-in energy | EDG,sum |. The characteristics of grid losses,
determined by annual power ﬂow simulations, are shown as a scattered plot and a boxplot
in Fig. 3.9. The boxplot reveals the inter-quartile range (rectangle area, 25th to 75th
percentile), the median (bar in the middle of the rectangle), the typical extremes (black
lines under and above) and outliers (small dots). As can be seen, only a small amount of
grids are exhibiting high losses, while most of the grids are characterized by losses of below
1.3 %. The median of relative losses across the investigated area lies at approximately
0.45 %.
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ELoss =

 tmax Nline
tmin

∑

i =1

Ploss,i · dt

Eloss
ls = 100 ·
( ELD,sum + | EDG,sum |)

(3.3.1.1)

Figure 3.9: Calculated relative grid losses of the study case
(Sorted in ascending order)

3.3.2 Feature properties and feature
normalization
A data-set for the clustering analysis can be formulated by collecting the features and
calculated losses of all grids. To make different features comparable with each other,
the data-set of grid features is normalized, e.g. in the commonly applied min-max
scheme.
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xi,norm =

xi − xmin
xmax − xmin

(3.3.2.1)

Fig. 3.10 shows the resulting normalized features (between 0 and 1), which still maintain
the probabilistic distributions before the normalization. Different colors of the boxplots
correspond to the category of features given in Tab. 3.3 and 3.4. Similar to the number of
loads and DG, many other features also show skewed probabilistic distributions, as their
median values lie (instead of near to the centers) closer to the extremes among the whole
range. This observation conﬁrms the selection of medians as the deﬁnition of certain grid
features. Also, the outliers of those features with skewed probabilistic distributions will be
penalized more than those from normal distributions.

3.3.3 Validation schemes
In order to evaluate the performance of the proposed RGM approach, the estimations of
grid losses are analyzed against the exhaustively calculated results. For the given 5000
data samples, the data are randomly divided into three equally-sized partitions. One of
the partitions is considered as test data-set, while the remaining two partitions are used
as training data-set, based on which the estimation model is obtained. All validation
tests in this case study are following this 3-folds cross-validation scheme. To achieve a
generalized performance, 500 tests are repeated for each method and parameter setting, so
that the inﬂuences of bad initialization and unfavorable cross-validation partitioning are
minimized in statistical analyses.
Additionally, to investigate whether the proposed approach is competitive with state-ofthe-art regression paradigms, three widely used reference algorithms are chosen: Artiﬁcial
Neural Networks, Decision Trees and Support Vector Machines. Different from the RGM
approach, which produces not only the estimations on the losses but also yields ‘typical’
grids representing the investigated grid area, the regression paradigms only yield estimation functions for the grid losses. These reference regression paradigms are brieﬂy
introduced. All regression schemes are implemented with the help of a Python ML package
Scikit-learn [133].
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Figure 3.10: Normalized features based on the min-max formula
(red: GC, blue: LG, orange: GF, green: OP)
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Artiﬁcial Neural Networks
ANN is a biologically inspired algorithm. It can be used in machine learning to both regression and classiﬁcation tasks [134]. An ANN is structured as one or multiple consecutive
layers of neurons. A layer is a set of parallel neurons. In fully-connected networks, each
neuron receives the weighted outputs of all neurons of the previous layer. The inputs
are summed and passed through a non-linear activation function. The output can be
used in the next layer or as the target variable. By adjusting the weights of the individual
connections, an ANN can learn the dependencies of the target variables from the inputs
by training it with a suitable data set. By means of comprehensive cross-validation, ANN
provides also good generalization properties.

Decision Trees
Realized as a set of if-then rules, decision trees can be used for the clustering not only
of categorical but also numerical data. Like in a tree structure, each leaf node represents a classiﬁcation decision, while each non-leaf node evaluates an attribute associated
with that node. Following this pattern, an input sample vector can be successively led
from the root of a DT down to a leaf. DT is regarded as a state-of-the-art technique to
solve clustering problems. Its prominent advantage is also the human interpretability.
In this work, the C4.5 algorithm [135] is chosen to build a DT. Based on a greedy principle, C4.5 selects the next attribute according to an information gain measure. Pruning
techniques such as sub-tree raising are applied to reduce over-ﬁtting on the training
data-set.

Support Vector Machines
Support vector machines [136] are used for classiﬁcation or regression tasks of multidimensional data. SVM apply a transformation of the input space into a high-dimensional
space (the feature space) to ﬁnd optimal separating hyperplanes for a problem, which
cannot be linearly separated in the original input space. These hyperplanes representing
maximal margins between two subsets of data are considered as the clustering boundaries
and the closest data samples nearby these hyperplanes are called the support vectors. The
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transformation function can be linear or nonlinear, e.g. polynomials and Gaussian kernels.
In this work, the radial basis function (rbf) kernel is adopted, as it allows a certain degree
of decision errors to achieve a generalized performance. By applying this nonlinear rbf
kernel, SVM are able to form nonlinear decision boundaries in the input space. The major
advantage of SVM is the principle of a risk minimization based structure, which typically
leads to a good performance.

3.3.4 Parameter selection for regression
methods
The performance of machine learning methods can be signiﬁcantly inﬂuenced by the
setting of hyperparameters. In this subsection, the issue of selecting these hyperparameters
based on a grid search method is discussed. Due to the large space of feasible parameters,
the grid search approach can only be efﬁciently implemented at large search steps, e.g. at
a logarithm base, for some parameters. These tests are conducted at the same data-set,
which is introduced by the next chapter in detail. Sample results of these grid search tests
for DT, ANN and SVR are presented in the following. Typically, both estimation accuracy
for selected parameters and linearly interpolated planes are illustrated in Fig. 3.11, 3.12
and 3.13.

DT
Fig. 3.11 ﬁrst shows the behavior in terms of accuracy regarding two major parameters
for the DT method, i.e. the maximal number of features and the depth of trees. As shown
in the ﬁgure, the estimation accuracy increases while the maximal number of considered
features for building DT models increases. The best performances are reached between 30
and 40 features. Adding further features into the model can slowly reduce the estimation
accuracy. A similar pattern is observed for the depth of decision trees. The highest plateau
of accuracy corresponds to a tree depth of approximately eight. Increasing the depth
of trees may lead to an over-ﬁtting of models and accordingly to a worse performance.
Therefore, a parameter combination of 30 features and a tree depth of 8 is selected for
further feature selection and performance tests.
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ANN
Two parameters related to the construction of hidden layers are most important for the
ANN method. In Fig. 3.12, the estimation accuracy is presented regarding the number of
layers and the size of each hidden layer. Based on the sample test results, ANN can estimate
the objective value efﬁciently at a large range of parameter combinations. Considering
the accuracy and the model complexity of ANN, the combination of 3 layers and 100 as
the each hidden layer size is selected as the optimum and recommended for further tests.
Other related parameters for ANN models also include the alpha value and the activation
method. In particular, the alpha value is a coefﬁcient of an L2-regularization term that
penalizes complex models. After relevant tests, alpha is selected between 1 and 10 and the
rectiﬁed linear unit function is used for ANN activation.

Figure 3.11: Grid search of hyperparameters for DT
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Figure 3.12: Grid search of hyperparameters for ANN

Figure 3.13: Grid search of hyperparameters for SVR
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SVR
C and gamma are the two parameters required by the SVR method using the rbf kernel.
The gamma parameter deﬁnes the inﬂuence of a single training example. Lower gamma
values enable a SVR model to consider data samples from large distances. They lead to
a more generalized performance of ﬁtted SVR models. The C parameter is considered
as the regulation parameter for the SVR, which adjusts the trades off between training
accuracy and the margin of decision functions. A lower C leads to larger margins at
the cost of accuracy, so that simpler decision functions are required. Grid search tests
on these two parameters are conducted and the results are shown in Fig. 3.13. For the
investigated data-set, 1e-3 for gamma and 100 for C mark the highest accuracy regarding
highest possible gamma and lowest possible C values. This combination is thus applied
for further feature selection and performance tests.
Fig. 3.14 also illustrates the time consumptions for ﬁtting a model among these grid search
tests. Typically, training a DT requires less than tenth of a second. Also, the selection
of parameters has less signiﬁcant impact on the time consumptions of model training
comparing to the other two methods. Training a SVR model normally takes one or two
seconds. In extreme cases, the training can exceed 20 s. Since small gamma and large
C values both lead to ﬁne ﬁtted but complex decision functions, long training time can
typically occur when gamma is given extremely small and C is assigned by high values at
the same time. Fitting a ANN model normally has the highest time consumptions among
the three regression methods. Also, the training time increases signiﬁcantly while the
size of hidden layers becomes larger. In sum, beside the estimation accuracy, choosing
hyperparameters may also have great inﬂuences on the training time for a regression
model. Good selection of these parameters are important for achieving an efﬁcient evaluation.

3.4 Results and discussion
In this section, the results of the case study are discussed. First, the performance of
the proposed RGM method is analyzed based on comparison with the calculated grid
losses. Secondly, the parametrization within the RGM approach and the feature selection
regarding the evaluations of grid losses are discussed. Finally, comparisons of the proposed
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Figure 3.14: Comparison on the time consumption of different regression methods

RGM with the regression schemes are presented for validation purpose. Considering both
the grid characteristics and the estimation error of relative losses, this new RGM approach
in the proposed evaluation framework for grid losses delivers very good estimations,
robust performance and further valuable insights.

3.4.1 Performance analysis of the proposed RGM approach

As mentioned in the previous section, two random initialization schemes are applied for
clustering methods. The results of k-means clustering are shown in Fig. 3.15 with the
emphasis of the initialization methods. Hereby, the mean squared error (MSE) of grid
losses in each obtained clustering model for a test data-set is analyzed against the different
number of clusters. The MSE typically describes the average of estimation error on the
whole test data-set. 500 tests are repeated for each parameter combination. It can be seen
that the initializations have signiﬁcant impacts on the MSE. Moreover, the initializations
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using k-means++ method outperform the random initializations in terms of both the
minimum and the median values of MSEs among all test cases. The k-means++ initialized
tests also show a better convergence, while the number of clusters increases. Therefore,
the k-means++ initialization is selected for the k-means clustering method in all following
study cases.

Figure 3.15: Comparison of initialization methods for k-Means clustering in the RGM

Estimation accuracy
Similar to the number of clusters for k-means clustering, the threshold value of the correlation coefﬁcients is the most important parameter for SPCA analysis (3.2.4). The combination of these two parameters largely determines the accuracy and performance of
the RGM approach. An evaluation concerning the selection of these two parameters
is presented in Fig. 3.16. The estimation errors MSE are shown as boxplots for the test
data-sets in each experiment. The SPCA algorithm selects features with a higher correlation to the target according to the given threshold for the subsequent step - the standard
PCA transformation. Naturally, fewer features are selected at higher threshold values. In
Fig. 3.16, a general decrease of MSE at almost all cluster numbers can be observed, while
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the thresholds increase from 0 to a level of 0.3 or 0.4. At a threshold value between 0.3
and 0.4, the best performances are normally achieved at each given number of clusters.
This evaluation indicates that irrelevant features can be removed by assigning a higher
selection threshold. However, solely considering those features, which are highly correlated to grid losses, is not equivalent to a good representation of the whole data-set. This is
revealed by the rapid deterioration of estimation accuracy, when the thresholds are further
increased above the optimum level. As no feature with the correlation coefﬁcient greater
than 0.7 is identiﬁed for the data-set, this analysis covers the range of thresholds up to
0.6.

Figure 3.16: Analysis on thresholds of the correlation coefﬁcients for feature selection
in SPCA and the number of clusters for k-Means clustering

On the other hand, increasing the number of clusters leads to a decrease in estimation
errors for the selection thresholds lower than 0.5. With the optimum combination of a
threshold of 0.3 and 800 clusters, which means approximately one cluster is created for
every two data samples, the RGM method reaches its highest accuracy regarding both
the median and the lowest MSE among 500 random experiments. Nevertheless, after the
number of clusters is reached a level of 300, no signiﬁcant decrease of MSE has achieved
for further increments of clusters. Therefore, a selection threshold of 0.3 or 0.4 and 300
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clusters, a tradeoff between best accuracy and short evaluation time, are recommended
for a practical application. High accuracy rates, i.e. the median of MSE values lying at
approximately 0.15, can be achieved, accordingly. Results of one experiment are shown in
Fig. 3.17 as an example. Here, the estimated grid relative losses by RGM on a threshold
of 0.4 and 300 clusters are compared against the calculated losses by annual power ﬂow
simulations. This comparison also shows that the RGM approach yields good estimations
on the overall tendency of grid losses.

Figure 3.17: Validation test of the loss evaluation by RGM, results of one experiment
with a MSE equal to 0.13
(Sorted after calculated losses in ascending order)

Parameter selection in the RGM approach
The features selected by SPCA for threshold values between 0.1 and 0.6 are listed in Tab. 3.5.
The feature with the highest correlation to grid energy losses is feature 53, the median of
line loadings for the high load case. This is also the only feature selected on the threshold
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of 0.6. At a threshold level of 0.5, eight features are chosen in addition, mainly including
line parameters, such as the maximum and the median of line lengths, distances between
distribution cabinets and the median of node degree of distribution cabinets, as well as
load characteristics, such as the total annual demands and the median of loads’ rated
power. For correlation coefﬁcients between 0.4 and 0.5, the maximum of loads’ rated
power and the total positioning factor of loads are also relevant. With these 11 features,
overall good performances, and even the best performance for smaller cluster numbers
(50-200), are reached. For experiments using more clusters, higher estimation accuracies
can also be achieved with consideration of two more features related to DG (at a threshold
of 0.3), which are the maximum positioning factor among DG units and the penetration
ratio determined w.r.t. to transformer rated capacity.
This observation shows that good clustering models can be obtained based on the grid
structure related features and several properly formulated features for loads. Furthermore,
the inclusion of DG related features can improve the estimation accuracy further. This
conﬁrms our assumption about the importance of the representation of distributed generations for loss evaluations. As the integration of DG in distribution grids further develops,
the DG related features will likely become more important to the evaluation. Besides, the
RGM approach only presents good estimation accuracies, when sufﬁcient information
concerning grids, the best 11 or 13 features in this case study, are available. Any further
features, if they have low correlations to the evaluation objective, may exhibit negative
inﬂuences on the performance.
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Table 3.5: Selection of grid features in different methods

Grid features
ID
53
37
55
44
10
8
9
17
21
20
24
39
32
4
16
18
19
60
7
27
59
54
45
29
25
40
56
58
31
2
3
46
11
15
33
38
41
48
50

Label
ll LC,med
NRLM
ls LC
ddc,med
Ldc,max
Lmax
Lmed
ELD,sum
PLD,med
PLD,max
f LD,sum
p DG,S
f DG,max
Nhc
NLD
L LD,max
L LD,med
lsGC
Lsum
EDG,sum
uGC,max
u LC,min
d LD,max
L DG,med
rhh
p DG,E
PGC,sum
llGC,med
PDG,med
Nn
Ndc
d LD,med
Ldc,med
rfd
f DG,med
f corr
dn,sum
d DG,med
rmesh

Selection by RGM
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3.4.2 Comparison of the RGM with other regression schemes

This subsection focuses on the validation of the proposed RGM method against the state-ofthe-art regression methods, considering the estimation accuracy and the feature selection,
in particular. To enhance the comparability, recursive feature elimination (RFE) tests are
implemented for all regression methods. In the RFE scheme, starting from a data-set
containing all available features, unimportant features are eliminated step by step. One
speciﬁc feature, which has the least inﬂuence on the total estimation error, is removed in
each step. The lowest MSE in each regression test is evaluated w.r.t. the number of selected
features. These results of estimation errors MSE are also determined as the numerical
average among the 3-fold cross-validation. Results of these RFE experiments are shown in
Fig. 3.18. The average errors of estimation tests using the RGM approach with two typical
cluster numbers (300 and 500), w.r.t. speciﬁc numbers of features selected on different
thresholds, are also presented. As the trained RGM and regression models are well
generalized for the whole data-set due to the cross-validation, this comparison of feature
selections will reﬂect the specialty in individual methods and the different demonstrations
of feature importance. It must be pointed out that the primary objective of the case study
is not to reach the highest accuracy rates with any of these regression methods1 , but
to have a meaningful comparison of these algorithms regarding the estimation of grid
losses.

Estimation accuracy
The convergence behavior of these experiments is illustrated with different colors in
Fig. 3.18 for different methods. Firstly, very fast convergence characteristics are shown for
all regression methods with increasing numbers of features. Also, less than 20 features,
which correspond to only 1/3 of all features, are sufﬁcient for all estimation methods to
reach good estimation accuracy rates. Secondly, after reaching an optimum point of feature
selection, the estimation errors also increase in these regression methods. The obtained
optima in terms of MSE vary yet among the regression methods. The best performance is
achieved by ANN with a minimum MSE of 0.117 for four selected features. The lowest
1 As show in subsection 3.3.4, grid search tests are implemented to optimize hyperparameters for regression
methods.
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Figure 3.18: Feature selection and estimation errors with different evaluation methods

MSE for DT, which equals to 0.177, is reached on six features. The minimal MSEs using
SVM and the proposed RGM approach lay between these two values. In particular, the
RGM with 500 clusters reaches a minimum error of 0.14 using 13 features, corresponding to
a selection threshold of 0.3. For the RGM with 300 clusters, a MSE of 0.165 depicts the best
performance, when 11 features, all having a correlation higher than 0.4 to the grid losses,
are considered. Based on 18 selected features, the SVM is capable to achieve a similar level
of MSE as the RGM with 500 clusters. In sum, the proposed RGM method presents good
performances comparing to the regression schemes.

Feature selection in regression methods
Concerning the selected features by different regression methods, a great diversity is
shown through the RFE process (The individually determined features are also given
in Tab. 3.5). For instance, although the ANN starts with relative high errors with the
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ﬁrst feature (No. 7, the total line length), its estimation error is signiﬁcantly improved
by including the second one (No. 31, the median of installed power of DG units). By
considering the two additional features, No. 2 (the total number of nodes) and No. 3
(the total number of distribution cabinets), ANN already achieves its best performance.
Similarly, the DT also shows a huge decrease by adding the second feature (No. 59, the
max. node voltage in the GC case) to the primary one (No. 55, the relative power loss in LC
case). Nevertheless, DT requires two more features to reach its minimal MSE. Interestingly,
the selected features of ANN and DT are completely independent. Although both of the
two methods already demonstrate high efﬁciencies on two features, the identiﬁed ones
are totally different. This phenomenon shows the functional differences between different
methods. It also indicates that different grid features can be relevant for interpreting the
same data-set using different estimation methods.
Inefﬁcient features, such as No. 41 - the total node degrees, No. 48 - the median of degrees
where DG are located and No. 50 - the percentage of inter-meshed lines, are frequently
chosen by the SVM, when the number of features is low. This leads to a slower convergence
pattern comparing to ANN and DT. Although better estimation accuracy is achievable
(in comparison to DT and RGM with 500 clusters), SVM requires more input features.
Depending on the feature No. 53, the median line loading in the LC case, the RGM approach
starts more efﬁciently than all regression methods at a MSE slightly higher than 0.4. At
the feature selection’s threshold of 0.5, the performance of the RGM yet barely improves.
By evaluating two additional features, No. 20 - the maximal rated power of loads and
No. 24 - the sum of loads’ positioning factors, the proposed RGM with 300 clusters is able
to estimate grid losses with a much lower error rate. By considering two additional DG
related features, No. 39 - the penetration ratio of DG and No. 42 - the maximal positioning
factor of DG, the RGM with 500 clusters presents further improvement potentials regarding
the estimation accuracy.
Overall, ANN achieves the highest accuracy regarding the evaluation of grid losses. The
proposed novel RGM approach also reaches a very competitive level of evaluation accuracy.
Comparing to the regression methods, which only estimate the losses of each grids, the
RGM approach can provide further beneﬁts such as detailed sensitivity of losses regarding
speciﬁc grid features (e.g. DG penetration ratio or DG unit size). The identiﬁed reference
grids can be used to represent other grids on similar level of losses. These clustering
results can be applied to further investigations of the grid data-set. Secondly, although
the proposed RGM approach already reaches good accuracy rates only by assessing grid
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structure related features and load characteristics, the inclusion of DG related features
can further improve the estimation accuracy, as they provide a more comprehensive
representation of the grid data-set. Finally, this analysis shows the importance of evaluating
diverse grid features, while different estimation methods are applied, since the best
performance is achieved based on different selection of features by different estimation
methods. Even for the same RGM approach, optimal feature selections on different
parameter settings show certain dynamics. In this comprehensive case study, the analysis
of grid features in the broad range and on a very large real grid data-set is enabled by the
modeling approach of the proposed evaluation framework.

3.5 Conclusions
In this chapter, a comprehensive evaluation framework is proposed for distribution grid
losses at the low voltage level. The automatic modeling, simulation and feature evaluation
of distribution grids based on raw data of grid operators provide a solid foundation
for analyzing large scaled grid data. As the main contribution, an advanced reference
grid modeling approach for solving the problem of loss evaluations for large grid datasets is developed. Due to the objective-oriented heuristic provided by the supervised
principal component analysis, this approach is able to select relevant features and construct
clustering models in a very efﬁcient manner. The obtained reference grid models can well
represent the overall loss characteristics of the grid data-set with high accuracy rates and
can be further used to estimate losses for other grids. Moreover, the representation and
evaluation of distributed generators as relevant grid features are a further aspect, which can
ﬁll the current research gaps. Finally, the estimation accuracy of this approach is validated
based on exhaustive simulation results of grid losses. A detailed comparison against other
state-of-the-art regression schemes conﬁrms the efﬁcacy and good performance of the
proposed reference grid modeling method.
Main contributions of this proposed evaluation framework are summarized in the following:
• Automatic generation of LV grid models in large service areas based on geographic
information systems (GIS), asset databases and metering data;
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• Evaluation of grid losses concerning features in a large scope and DG related grid
features;
• Accurate loss evaluation of individual grids based on the advanced RGM method;
• Comparison of the proposed RGM method with state-of-the-art regression methods;
• Detailed evaluation of the impact of feature selections on the assessment of grid
losses.
With the help of the advanced reference grid modeling approach, grid losses can be
evaluated accurately and quickly based on the assessment of important grid features.
Application of the complete evaluation framework in practice can provide distribution
system operators a technically validated assessment on the systems’ efﬁciency under the
impact of high penetration of distributed generation. Due to the fully automatic evaluation procedure and the comprehensive study of grid features, evaluations of individual
low voltage grids solely based on geographic and energy metering data become technically possible and affordable. The advanced feature selection scheme and the relevant
comparisons with other regression methods may also give a valuable reference to future studies concerning other evaluation objectives, e.g. DG hosting capacity and grid
reliability.
Within the evaluation framework, the evaluation of line losses is highlighted. The transformer losses are neglected in the presented approach. Also, the additional losses factors
are considered in a supplementary manner. As their share of the whole distribution systems’ losses is signiﬁcant, they should also be integrated into the further developments of
the evaluation framework. Secondly, the presented case studies are focused on simulative
validations. Real measurement data, e.g. for reactive power characteristics of loads and
generation patterns, should also be included as additional validations at the next stage.
Accordingly, in the future, analyzing more real measurement data is necessary in several
low voltage grids at both household ends and at transformer substations for considerably
long time periods. Finally, the extension of the evaluation framework at the medium and
high voltage levels is also considered in future activities.
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This chapter investigates the impact of DG on annual energy losses of LV grids. Based on
an analytical study on grid losses and the relevant features, which are used to describe
the grid integration of distributed generators in diverse scenarios, an annual grid loss
indicator is developed. This new indicator is capable to estimate the grid losses for a wide
range of scenarios concerning the installation of distributed generators and grid structures.
Also, the formulation of this indicator is largely simpliﬁed in comparison to other state-ofthe-art indicators presented by previous studies. The effectiveness and the performance
of the proposed methodology is ﬁrst demonstrated in two typical low voltage grids, in
which high amount of photovoltaic units already exist today. Further, this indicator is
applied on a set of real grids for robustness tests. Comparison of the estimations using
the proposed indicator against the exhaustive power ﬂow results shows that the proposed
indicator gives a reliable and sufﬁciently accurate estimation of grid energy losses under
inﬂuences of DG. Fast evaluations of the system losses, enabled by the proposed indicator,
provide assessments on energy efﬁciency of distribution systems regarding any possible
development stages of DG. The accurate prediction of losses also help DSOs to improve the
installation and operation of new generation units in future.
The chapter is outlined as follows. A literature review on the estimation of grid losses
considering DG is given in 4.1, In 4.2, the deﬁnition of loss indicator is provided and
the methodology of a sensitivity analysis is presented. Study cases and modeling assumptions are given in 4.3. In 4.4, simulation results are presented in detail, followed by
the performance analysis of the proposed indicator. Finally, this chapter is summarized
by 4.5.
The content of this chapter has been published in: C. Ma, et al.: A novel indicator for
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evaluation of the impact of distributed generations on the energy losses of low voltage distribution grids, Applied Energy, Volume 242, 2019, Pages 674-683, ISSN 03062619.
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4.1 Literature review
In recent publications, the issue of DG impact on grid losses is addressed by researches
mainly from three aspects, which can be regarded as numerical, analytical and heuristic
approaches. Firstly, authors of [9, 11, 137, 138] evaluated the variations of grid losses in
random or speciﬁc DG penetrations and conﬁgurations. Some of them also provided
simpliﬁed loss indicators to quantify these impacts. Another group of researchers attempted to determine total impact on grid losses of multiple DG by analyzing the contribution of individual units. The last group of researchers formulated the grid losses
mathematically as an objective function. Accordingly, the optimization problem is solved
to determine the best conﬁguration of DG installation, which is correspondent to low
grid losses. A summarized list of these related works is presented in Tab. 4.1 and
Tab. 4.2.

4.1.1 Numerical approach for loss evaluation
Numerical studies often investigate large numbers of DG scenarios, which in literature
are detailed analyzed using either steady-state or time-series simulations, so that the
grid losses are calculated for those predeﬁned DG integration scenarios. For instance,
authors of [137] presented an approach to compute variations of annual energy losses at
different penetration and concentration levels of DG. A characteristic U-shape trajectory of
energy losses variation as a function of the DG penetration level was provided as the major
ﬁnding. The similar research question was also discussed by another study [138]. The
author evaluated DG penetration level, DG dispersion and DG technologies as individual
factors affecting grid losses. However, as the study case was oversimpliﬁed, no general
relations are provided in this work.
Other numerical techniques such as the Monte Carlo method were implemented in [11]
and [9]. Authors investigated energy losses of a single distribution line by means of
stochastic power ﬂow [11]. By deﬁning both load and PV generation in a stochastic
process, annual power ﬂow simulations were performed to evaluate loss reduction up
to 50 % of penetration level of PV. Different positioning patterns of PV into an urban
radial distribution feeder were also analyzed in this work. In another study [9] the grid
impact of DG using a MV grid model and a large number of generation scenarios is also
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Table 4.1: Research works concerning quantiﬁcation of DG impact on grid losses,
part I

Category
of
Paper
approaches index
[137]

Investigated parameter of
DG installation scenario
Subject Sizing Positioning Penetration
Energy 


loss

Numerical

[138]

Power
loss







[11]

Energy 
loss





[139]

Energy 
loss





[9]

Energy 
loss



Main
contributions
Quantifying impact
of DG at different
penetration level and
in three positioning
scenarios
Quantifying impact
of DG at different
penetration and dispersion level
Quantifying impact
of DG at different
penetration level, using four positioning
strategies
Linearized correlation between DG
installation parameter and variation of
energy losses
Estimation formula
for quantifying the
impact of DG on energy losses

investigated. Based on the analysis of numerical simulation results, authors provided an
index to estimate the loss variations, so that the complex and computationally expensive
assessments can be reduced. In [139], a different index, in order to connect the sizing
and the positioning of PV units with their potential impact on energy losses of a radial
distribution feeder, was proposed. This index incorporates besides the size and position
of PV units also the correlation between the installed PV capacity to the power rating
of distribution transformers. By comparing against simulation results in stochastically
generated PV scenarios, this index shows good performances, i.e. correlation coefﬁcients
higher than 0.9 for most of penetration levels are achieved.
Articles [137] and [138] mainly focused on presenting the results of case studies, while the
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Table 4.2: Research works concerning quantiﬁcation of DG impact on grid losses,
part II

Category
of
Paper
approaches index
[140]
Analytical

Heuristic

Subject
Power
loss

Investigated parameter of
DG installation scenario
Sizing Positioning Penetration




[141]

Power
loss

[142,
143,
144]

Power
loss





[145,
146]

Power
loss





[147]

Energy 
loss



[148,
149,
150,
151]
[40,
152,
153,
154]

Power
loss







Energy 
loss





Main
contributions
Rule of thumb formula for minimum
loss positioning of
DG
Exact formula for
minimum
loss
positioning of DG
Optimal sizing and
positioning of DG
based on power ﬂow
equation
Optimal sizing and
positioning of DG
based on branch current equation
Optimal sizing and
positioning of DG
based on power ﬂow
equation
Optimal sizing and
positioning of DG
based on heuristic
search
Optimal sizing and
positioning of DG
based on heuristic
search

later works [9, 139] were able to deliver an assessment formula of loss variation related
to DG installation. However, all the three articles are limited to one MV radial network
under the penetration level of up to 30 or 50 %. Also, only 4 speciﬁc conﬁgurations of DG
is considered in [11]. In [9], authors adopted a special assumption of DG size, i.e. all DG
units increasing simultaneously by the same step. Authors of [139] presented interesting
results by revealing good linear correlation between the introduced index and the actual
loss variation. However, the linear coefﬁcients vary at penetration levels, which limits
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further application of this linear dependency for loss estimation purpose. Considering
these limitations, the demand of further investigation on this problem is identiﬁed mainly
with regard to the variety in grid topologies, higher penetration and more ﬂexibility of DG
conﬁgurations.

4.1.2 Analytical approach for loss evaluation
Concerning the analytical evaluation of grid losses, researchers initially made efforts in
determine optimal size and position of DG units in distribution systems. For this purpose,
an analytical expression of grid losses is necessary. A ‘2/3’ rule, which gives a rule of
thumb for placing of one DG unit on a radial feeder, was ﬁrst proposed in [140]. In [141],
another approach, which provides the loss-minimum location of one single DG in existing
distribution grids, was introduced. Based on the exact analytical expression, grid losses can
be calculated for either a radial line or a meshed system. A later study [142] proposed an
improved expression for ﬁnding optimal parameters of multiple DG case in terms of lower
losses. In this work, DG size and position are regarded as the installation parameters.
For operational parameters, the reactive power capabilities of different DG types are
particularly evaluated.
More recent analytical studies are found in [143, 144, 145]. An improved analytical method
was proposed in [143]. This method combines an expression, which gives the optimal
size of different DG types and optimal power factor, and a methodology, which identiﬁes
the best DG locations. This proposed method is also compared with the loss sensitivity
factor and exhaustive load ﬂow methods based on numerical results. Another analytical
approach based on evaluation of the active and reactive components of branch currents was
introduced by [145]. By calculating the variation of branch current due to DG, the optimal
hosting nodes for DG and the optimal sizes of each units are determined by solving the loss
saving equations. This method needs only one power ﬂow of the base case. Based on their
case study results, authors of [144] yet pointed out that it is impossible to form an analytical
equation for optimal planning of DG in terms of load distribution, DG penetration level
and power factor. Instead, an algorithm based on artiﬁcial neural networks was proposed
to specify optimal DG placement and sizing.
As shown in these studies, grid losses can be analytically determined by means of branch
current equations (as in [145] and [146]) or power ﬂow equations (as in [142, 143, 144]).
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Studies of this kind also often focused on the power losses of the grids. If the energy
loss is considered as the research objective, the temporal behavior of (each type of) generations and consumptions must be additionally evaluated over the whole time span.
For instance, the authors of [143] extended their study in one of their later work [147]
by implementing generation and dispatch behavior of DG. Nevertheless, this treatment
largely reduced the evaluation efﬁciency due to the non-optimal representation of the
modeling complexity. Thus, the temporal behavior of power losses is not yet sufﬁciently
investigated. Furthermore, the existing analytical models all require detailed impedance
(or at least resistance) matrix of the grid, which is difﬁcult to apply in practice, as the
electrical models of grids are often unavailable. Therefore, this modeling complexity
should be further reduced. Finally, as also pointed out by the article [9], due to regulatory
frameworks, DSOs in many countries have to provide grid access to any new DG unit. The
ﬂexibility for optimizing their size and position is quite limited. Therefore, an indicator
of grid losses in dependance on DG scenarios seems more applicable than an optimized
solution.

4.1.3 Heuristic approach for loss evaluation
In the last group of research works, the grid impact of DG is tackled from a different
angle. Hereby, researchers aim to minimize the grid losses by optimizing the size, position, technology and operation strategy of DG simultaneously. They also exploit the
analytical expressions based on the network impedance and DG power injections and
then apply these expressions in their objective functions. Main differences in these works
are the adopted optimization techniques, among which, the evolutionary programming
(EP) [148], optimal power ﬂow (OPF) [149] and [40], mixed integer nonlinear programming (MINLP) [152], relaxed MINLP [150], genetic algorithms (GA) [153], particle swarm
optimization (PSO) [151] and other swarm intelligence [154] are identiﬁed. Although these
papers are not following the same research question of this work, they still provide good
references in establishing the methods and study cases.
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4.1.4 Current research gaps
On the basis of the literature review and discussions, following summaries are drawn.
First of all, these existing works show both the theoretical possibilities and potentials
concerning estimations of the grid energy losses. For example, the existing numerical
methods are inefﬁcient, as they rely on huge amount of power ﬂow calculations. Besides,
the state-of-the-art analytical formulas require both complex grid modeling technique and
sophisticated representation of the temporal behaviors of consumptions and generations.
These drawbacks hence result in high evaluation time. The lack of evaluation efﬁciency
further limits their acceptance in real applications. Considering the absence of an effective
estimation method for grid losses in practice, a current research gap is identiﬁed: the DSO
needs a fast and accurate estimation method for determining grid losses fully considering
the presence of distributed generation.

4.2 Annual grid energy loss indicator
(ALI)
This section focuses on the presentation of the novel energy loss indicator ALI. First, the
existing formulation of grid losses is brieﬂy discussed. The factors, which theoretically
have inﬂuence on the grid losses, are also reviewed. In the following subsection, the
mathematical deﬁnition of the new indicator is given. Some insights on design this
indicator are also explained.

4.2.1 Formulation of grid losses in previous
works
As already mentioned, the main focus of this work is the line losses in distribution grids.
A simpliﬁed form of the power ﬂow equations (Newton-Raphson method) is suggested
by studies of [144, 147, 154] as the analytical expression of grid losses, which is given in
Eq.(4.2.1.1).
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n

ELs = Δt · ∑

n

∑

i =1 j =1






αij Pi Pj + Qi Q j + β ij Qi Pj − Pi Q j

Rij
αij =
cos(δi − δj )
Vi · Vj
Rij
β ij =
sin(δi − δj )
Vi · Vj

(4.2.1.1)

where Vi ∠δi is the voltage (magnitude and angle) at node i; Rij stands for branch serial
resistance between node i and node j; n is the total number of nodes in the grid. Pi and Qi
are the active and reactive net power injections at node i, respectively. They are determined
by both the power consumption of loads and the power feed-in of DG connecting to this
node. The energy loss is then calculated by multiplying the power loss with the duration
Δt.
Although this formulation provides the exact value of line losses, it requires the power
injections at both ends of each branch over the investigated period. Also, to obtain the
branch impedance, the complete power ﬂow model of the grid must be available. This
means, the grid topology and all technical parameters of grid components are necessary
for the analysis. These requirements of grid models and customer data limit any fast application by DSO for planning and regulation purpose or scaling on large number of grids.
Therefore, it is valuable to reduce the modeling complexity as well as the time dependency
in design of a new loss indicator. It is also noticeable, that grid losses are sensitive to
DG size and position as well as their generation pattern. These characteristics are hence
essential in describing the variations of grid losses. It also shows that the grid losses in any
DG installation scenarios can be estimated by determining the variation with respect to the
grid loss without DG (the reference grid scenario), as the variation of power/current injections can be individually speciﬁed per node or per feeder. Based on these considerations,
a new grid loss factor to estimate the variation of grid losses for DG scenarios w.r.t. the
reference grid scenario is given. Hereby, two major parameters are considered: DG size in
terms of annual production and DG position in the grid.
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4.2.2 The formulation of ALI
In order to simplify the formulation of grid losses, the main feeders and the house connection lines are ﬁrst considered as two separate components, because their losses are
affect differently by DG. Similar to the loss formulation presented in [9] and [155], the
reduction of double-sided power injections to one-sided power injection for the calculation of branch losses is considered. To enable this simpliﬁcation, the accumulated power
consumption and feed-in ‘behind’ (starting from the substation, outwards) a branch element are used to represent the power ﬂow in the regarded branch. Following these two
elaborations, a new formulation of grid losses for the grid scenario without any DG is
given in Eq.(4.2.2.1).

ELoss = L Load,F + L Load,C

L Load,F =
L Load,C =



2

ni

∑ PLoad,j

NF

∑ Δt Load · rF · lF,i ·

i =1
NC

∑ Δt Load · rC · lC,i ·

i =1

j =1

Un2

(4.2.2.1)

2
PLoad,i

Un2

where NF and NC indicate the total numbers of main Feeders and house Connection lines.
r and li stand for the line series resistance and the length of the line. Un is the grid nominal
voltage. For the ith house connection line, only the load connecting to this line has impact
to its loss. Therefore, only the power consumption of this load PLoad,i is relevant. For
the ith feeder, on the other hand, loads allocated ‘behind’ the feeder all contribute to the
total power ﬂow. So the total power consumption applied to this feeder is the sum of
power PLoad,j of all relevant loads. The grid energy losses L Load for the no DG scenario
is calculated by multiplying the power of loss with the duration of power consumption
Δt Load .
With the presence of DG in the given grid, the grid losses can be formulated as Eq.(4.2.2.2).
The DG feed-in power is considered for each branches in the same manner as loads.
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L DG,F =
L DG,C =

ni

2

ni

∑ PLoad,j − ∑ PDG,j

NF

∑ ΔtDG · rF · lF,i ·

i =1
NC

∑ ΔtDG · rC · lC,i ·

i =1

j =1

j =1

Un2

(4.2.2.2)

( PLoad,i − PDG,i )
Un2

2

The difference of grid losses (ΔL) in an arbitrary scenario with and without DG is then
given by subtraction of L DG by L Load , which is formulated as Eq.(4.2.2.3). As the generators are operating shorter (or equally long) than loads on a yearly base, the full
load hours of DG, which equals to the duration of power generation Δt DG in the following equation, is accounted as the effective time period for determining loss variations.

ΔL F = L DG,F − L Load,F

=

NF

2

ni

∑ ΔtDG · rF · lF,i · ⎝ ∑ PDG,j

i =1

ΔLC = L DG,C − L Load,C

=

⎛

ni

j =1

j =1

NC

2
− 2PLoad,i · PDG,i
PDG,i

i =1

Un2

∑ ΔtDG · rC · lC,i ·

⎞

− 2 ∑ PLoad,j · ∑ PDG,j ⎠ /Un2

j =1



ni

(4.2.2.3)



If the annual consumption of loads, the annual energy feed-in of DG and the simultaneity
factor between generation and consumption are used to estimate the concurrency of
consumption and feed-in behaviors in the grid, the variation of grid losses can be further
simpliﬁed by reducing the temporal dependency. This yields the proposed ALI, which is
deﬁned in Eq.(4.2.2.4).
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ALI = ΔL F + ΔLC
ΔL F =

⎛

N

∑ ΔtDG · rF · lF,i · ⎝

i =1

j =1

Ni

Ni

j =1

j =1

−2 f sc2 · f DG,m · ∑ EDG,j · f Load,m · ∑ ELoad,j
N

∑ ΔtDG · rC · lC,i ·

2

Ni

f sc · f DG,m · ∑ EDG,j
/Un2

(4.2.2.4)



( f sc · f DG,m · EDG,i )2

−2 f sc2 · f DG,m · EDG,i · f Load,m · ELoad,i /Un2

ΔLC =

i =1

where Δt DG is the full load hours of DG at their maximum output. f DG,m and f Load,m stand
for the maximal p.u. power of DG and load at their annual peaks; f sc , the simultaneity
factor, is an empirical value determining the probability that loads and DG are working
coincidentally. In the investigated area of the later study case, the typical value of f DG,m is
0.7 (PV) and the typical f Load,m is 0.2 (households). Typical value of f sc lies between 0.6
and 0.9. EDG,j and ELoad,j are the annual energy generation and consumption of DG and
load, which are connected to the jth node. For explanation purpose, an example grid is
shown in Fig. 4.1.
Here, a simple LV grid (Fig. 4.1 (a)), with two main feeders F1, F2 and two house connection
lines C1, C2, two household load L1, L2 and two DG units DG1, DG2, is considered. In
order to determine the loss variation on F1, as shown in Fig. 4.1 (b) (highlighted within
the green box), all DGs units are considered, while the loss of F2 is only affected by DG2
(Fig. 4.1 (c)). To determine the loss variation of house connection lines C1 and C2, only the
connected DG on the respective nodes need to be considered.

Innovative aspects
By regarding the DG feed-in as the major parameter in this formulation, the proposed
indicator ALI is deﬁned as the accumulation of variations on individual branches, which
are determined through quadratic function of total feed-in energy applying to the branch.
Also, the ﬂuctuating behavior of DG generation and the temporal correlation between
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Figure 4.1: Schematic view of the example grid

generation and consumption are simpliﬁed and described by combination of several
factors: Δt DG , f sc , f DG,m and f Load,m . Because the exact node voltages are unknown,
the nominal grid voltage is used as an approximation. The proposed indicator ALI
is thus generally formulated and can be used for any grids and any DG installation
scenario. As the application of ALI is not limited to radial networks, the shortest path
of between a node and the substation is considered in formulation of ring and meshed
structures.
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4.3 Case study
The case study including all relevant parameters and assumptions in numerical tests
are discussed in this section. The speciﬁcations of investigated LV grids are ﬁrst presented. Then, the models of loads and generators are explained. Finally, the detailed
procedure of a sensitivity power ﬂow study on randomly created DG scenarios is explained.

4.3.1 Load and generator models
The standard load proﬁles (SLPs) are synthetic load proﬁles, which present the temporal
behavior of users without registering power measurements. They are typically used
in combination with annual energy readings to estimate the aggregated behaviors of
LV customers. In Germany, DSOs are responsible for creating SLP in their supplying
areas under guidelines [125] provided by BDEW. Typical SLPs are normalized proﬁles,
which show average power consumption of households (H0 Proﬁle), small business (G0
Proﬁle) and farms (L0 Proﬁle) as well as average power generation of DGs (e.g. PV and
Combined Heat and Power (CHP)). In this chapter, LV generation and consumption are
modeled by multiplying the SLP [156] with individual customers’ annual readings of 2016.
Typical SLPs are exemplarily illustrated for a week (Fig. 4.2). In addition, a representative
power factor of ind. 0.97 for consumers is assumed in order to cover the reactive power
characteristic in this area, as suggested by [157]. For DG in LV level, operations at the unit
power factor is assumed, due to lack of detailed information. This assumption complies
with both the German technical requirements [158] and the technical requirement of the
correspondent DSO. Besides, as the sizing and positioning aspects of DG integration are
addressed, the reactive sensitivity as well as other energy management options are not
further investigated.

4.3.2 LV grid models
In this work, 20 LV grids from Bavaria, Germany, are under investigation, which are
operated by one of the largest German DSO Bayernwerk Netz GmbH. These selected
LV grids represent typical characteristics concerning topological and electrical features,
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Figure 4.2: Standard load proﬁles

installed grid assets as well as consumption and generation structures. Here, the key
grid features of all these grids are shown in Tab. 4.3. These grids supply customers with
the annual consumption up to 350 MWh, while signiﬁcant amounts of DG is already
installed in these grids. These grids also vary greatly in the total number of nodes, total
number of feeders as well as the total line length. They thus cover a wide range of LV
grids in southern Germany. In the following sensitivity study, the currently installed DG
are neglected. Instead, new DG units are redeﬁned according to the random process for
each scenario.
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Table 4.3: Selected features of LV grids

Grid Transformer
ID
rating
[kVA]
A
100
B
160
C
250
D
160
E
160
F
250
G
160
H
250
I
160
J
160
K
250
L
250
M
160
N
160
O
400
P
630
Q
250
R
400
S
250
T
630

Annual
demand
[MWh]
166.8
153.1
130.5
132.9
129.4
104.8
188.3
271.8
156.0
182.0
206.1
183.8
165.5
127.7
275.1
202.9
235.5
344.8
286.1
256.4

Annual
generation
[MWh]
100.7
170.7
147.4
103.5
125.1
108.5
132.8
197.1
151.6
169.4
156.3
152.3
149.5
124.2
140.8
104.6
121.1
345.3
196.0
187.1

No. of
nodes

No. of
main
feeders

22
24
30
31
35
36
38
54
56
57
65
67
68
75
84
85
89
107
114
126

4
3
1
2
3
3
3
5
3
3
7
2
4
5
7
3
7
8
8
3

Total
line
length
[km]
1.9
1.3
0.9
0.9
1.8
3.4
4.0
2.6
2.0
2.4
2.8
2.3
3.0
4.9
2.5
3.7
3.3
3.7
3.0
3.8

Average
R/X
ratio of
lines
3.8
4.8
5.0
5.8
4.9
4.3
5.6
4.1
5.6
5.4
4.7
5.7
5.2
4.0
5.3
3.9
4.5
4.1
4.7
4.5

Share
of main
feeders
[%]
86.6
76.2
64.6
60.3
66.4
86.0
75.1
89.2
62.7
78.3
75.0
75.4
57.5
90.3
73.4
85.5
82.4
84.1
76.2
78.9

Moreover, two of the selected LV grids are illustrated in Fig. 4.3 and 4.4. The grid B hosts
one main feeder, 10 LV customers and 5 PV units. It is supplied by a MV/LV transformer
with rated capacity of 160 kVA. The grid F consists of two main feeders. It supplies
more customers through longer lines and transformers of higher rating. Also, the grid
topology clearly indicates a closed ring structure in grid F. Grid B and most of other
grids only have radial feeders. Positions of the substations and LV distribution cabinets
are also plotted in the graphics. All connected switches are closed in both of the two
grids.
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Figure 4.3: Topology of grid B

Substation
Distribution
cabinet
LV loads

DG
Figure 4.4: Topology of grid F

4.3.3 Sensitivity analysis of the impact of distributed
generator
A general work ﬂow of the sensitivity analysis of DG impacts is given Fig. 4.5. The main objective is to develop a scheme to automatically create and evaluate random DG installations
on any selected grid model. Here, scenarios of DG installations are stochastically generated
and then evaluated using both exhaustive annual load ﬂow simulations and the proposed
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ALI. Details of each steps are further explained as follows.

1) Initialization
At the initial step, the grid model is selected. The loads in the grid model are parametrized
according to information such as annual energy reading, position and tariff type of each
LV customers.

2) Initial power ﬂow
In the following step, an initial annual power ﬂow is executed at the reference scenario
for each grid, i.e. the scenario of grid only with loads, so that the reference grid losses
can be determined. For power ﬂow simulation, a Python-based open-source framework
pandapower [124] is applied in this study.

3) Creation of DG scenarios
Numerous DG scenarios are then created on each speciﬁc grid model in two sub-steps
(3.1, 3.2). The penetration level, which in this work is deﬁned as the ratio between annual
energy generation and annual consumption of a grid, is speciﬁed at beginning of each
stochastic process (3.1). The total energy generation of DG is accordingly determined, as
the annual energy consumption in the grid is kept constant.
Here, it is assumed that every existing consumer can install one DG unit at their grid
connecting nodes. Accordingly, the available DG positions are randomly selected among all
nodes connecting a household in the next sub-step (3.2). The positions of DG units are thus
different in every DG scenario. This process is subjected to a uniform distribution, i.e. each
potential node has an equal chance to be selected as the possible position for installing DG.
Subsequently, the total amount of DG, determined by each penetration level, is randomly
allocated to these selected DG nodes. This allocation is subjected to another uniform
distribution. The DG scenarios are established by deﬁning the penetration level stepwise,
randomly selecting the DG position and installed capacity.
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2) Initial power flow:
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Figure 4.5: Flow chart of the sensitivity study
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These two steps combined are iterative processes. The analyzed range of penetration
levels and the number of random generated scenarios at each penetration level can be
predeﬁned. In the following case study, DG penetration levels from 0.1 to 1 in steps of 0.1
are investigated and 100 random scenarios are generated at each penetration level for each
grid.
Not all randomly created scenarios are technically viable. In consultation with the partner
DSO, the loading limit of 100 % for transformers and LV cables and the limit of ±5 %
(including voltage fall at the transformer) for both over- and under-voltage situations is
adopted. This means, only those scenarios in compliance with the operational limits are
considered in the further evaluation of results.

4) Analysis of DG scenarios
Annual power ﬂow simulations are then carried out for each generated DG scenario.
Here, both generation and consumption proﬁles are considered in the simulation. After
each simulation, the annual grid losses are determined for the speciﬁc scenario. If the
maximal number of iterations (of both penetration levels and DG conﬁgurations) are
reached, the analysis process is terminated. In order to keep the total evaluation within a
acceptable time, the whole sensitivity analysis including annual power ﬂow simulations
is implemented after the task-level parallelism scheme on a Linux Cluster with 600 cores
and over 4 TB RAM.

4.4 Discussion of case study results
In this section, results of the sensitivity analysis are presented. First, the results of exhaustive simulations in all DG scenarios are introduced. Then, the estimated grid loss variations
using the proposed ALI are compared against the simulation results. Finally, the relationship between grid losses and different factors is discussed, so that some general conclusions
and suggestions concerning DG integration can be made.

84

4 Evaluation of the Impact of Distributed Generation on Grid Losses

4.4.1 DG penetration and grid losses
As deﬁned in Eq.(4.4.1.1), the variations of grid losses, determined by annual power ﬂow
simulations, are evaluated with respect to the grid energy losses without DG (ELoss,Re f erence )
for all stochastic DG scenarios.

ΔELoss = 100 ·

ELoss,Scenario − ELoss,Re f erence
ELoss,Re f erence


(4.4.1.1)

In Fig. 4.6, the loss variations of the two example LV grids (B and F) are shown in form
of two separated box-plot grouped by DG penetration levels. The box-plots describe
the maximum, the 75 %-percentile, the median, the 25 %-percentile and the minimum
values among all observations. As expected, the absolute grid losses decrease, while the
total DG penetration increases over (relatively) low penetration levels. After reaching
the minimum grid loss (at 0.2 for grid B or 0.3 for grid F in terms of DG penetration),
grid losses increase along with any further accumulation of DG penetration. Also, the
box-marked area indicate that the majority of the scenarios are not associated with extreme variations among all penetration levels. In supplement to the ﬁgures, it should
be pointed out, that the violation of the grid operational limits can already happen at
penetration level of 0.6 for extremely unfavorable DG conﬁgurations. At the penetration
level equals one, violations of technical limits can be observed in most of the randomly
created scenarios.
The loss variations of all 20 LV grids are summarized in Fig. 4.7. This sensitivity analysis
shows that up to approximately 800 % loss increase and 30 % decrease w.r.t. the reference
case are possible. Despite the given diversity in grid topology and existing load allocations,
the minimum losses of these grids are reached at a DG penetration near 0.2 and 0.3. The
expectation (median) of the loss variation for a DG penetration below 1, i.e. DG feed-in
is less than the grid consumption, lies between -17 to +145 % over the test penetration
range.
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Legend
Outliers
Maximum
75th percentile
Median
25th percentile
Minimum

Figure 4.6: Loss variation, comparing to grid losses without DG, of the two selected
grids

4.4.2 Evaluation of the indicator ALI
The evaluation of proposed indicator ALI are also discussed ﬁrst on the two example grids.
Detailed results are illustrated in Fig. 4.8 and Fig. 4.9. In the left sides of the ﬁgures, the estimated loss variations using ALI are compared against the calculated variations of losses,
which are obtained by annual power ﬂow simulations for all randomly generated DG scenarios. The black line indicates an ideal estimation of losses, where the estimated loss variations equal to the real loss variations. The right half sides of the ﬁgures present the overall
estimation error, calculated after Eq.(4.4.2.1), as box-plots.

Error = 100 ·

(ΔELoss,estimated − ΔELoss,calculated )
ΔELoss,calculated

(4.4.2.1)

In Fig. 4.8, estimated loss variations well follow the ideal characteristic on grid B. All
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Zoomed in

Figure 4.7: Loss variation of all LV grids

observations of the investigated scenarios lay close to the black line. The overall estimation errors vary between -17.5 % and +4.8 % with a median of -9.5 %. Presented in
Fig. 4.9, the estimation errors for grid F reach approximately -33 % and +26 % in extreme
cases. The median of estimation error on grid F lies near -5.5 %. This also shows a good
estimation result. However, the aforementioned ring structure has impact on the performance of the ALI, as the exact power ﬂows in this grid are more complex than radial
feeders.
The Fig. 4.10 describes the performance of all investigated LV grids, collectively. Although
the estimation errors for certain grids can reach approximately -58 % or +86 % in extreme
scenarios, the majority of values, marked by the box for values between 25 and 75 %percentiles, show an error range of between -5 % and +32 %. The mathematical expectation
lies at approximately 5.9 %, which represents a slight overestimation. Another particularly
important feature is that the estimation errors don’t show any signiﬁcant increase at high
DG penetrations. Overall, the estimation results show good performances for all LV grids
and DG scenarios, which conﬁrms the effectiveness of the proposed ALI. In case of real
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Figure 4.8: Validation of ALI and estimation error of grid B

applications of the proposed indicator in practice, all relevant grid parameters and the
parameters concerning the size and position of the DG units should be speciﬁed. Also,
parameters concerning load patterns should be evaluated based on real measured proﬁles
of loads and DG. Based on these real parameters, estimations on the variation of grid
losses can be obtained by the indicator.
Since the reactive power characteristics and their inﬂuence on line losses is not explicitly
included in the formulation of this indicator, estimations based on the indicator should be
compensated in case that the loads are not operated at an unity power factor. Nevertheless,
reliable estimation results are already achieved for the presented numerical tests, which are
modeled based on an assumed power factor of 0.97, without considering any corrections.
If the loads in a real grid operate at a power factor higher than 0.97, the estimations should
be more accurate. In case of a lower factor (lower than 0.97), the indicator leads to an
underestimation. Therefore, an empirical correction factor, according to the actual power
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Figure 4.9: Validation of ALI and estimation error of grid F

factor, should be additionally determined. This correction factor can further improve the
accuracy on real cases.

4.4.3 DG distribution factor and grid losses
In the following step, a closer look at the impact of DG distributions on grid losses is
given using the proposed indicator ALI. The DG distribution factor in this work is deﬁned
in Eq.(4.4.3.1), as the ratio between the number of nodes hosting DG NDG,node and the
total number of nodes supplying loads NLoad,node . As mentioned in the description of
the work ﬂow, the node for installing a new DG unit is randomly chosen among the
nodes, where existing loads are connected. Thus, the DG distribution has maximum
value of 1, which indicates installed DG units are allocated to every LV customer, i.e.
evenly distributed in the grid. Moreover, the DG distribution factors determined for
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Figure 4.10: Validation of ALI and estimation error of all grids

each DG installation scenario are categorized into three groups for interpretation purpose:
low (0-0.2), normal (0.2-0.8) and high (0.8-1). A high DG distribution indicates a more
homogeneously distributed DG conﬁguration, while at low DG distributions, DG units
are more concentrated to a few nodes.

f DGdistribution =

NDG,node
NLoad,node

(4.4.3.1)

The evaluations concerning DG distribution for grid B and F are shown in Fig. 4.11. Here,
the grid loss variations are also grouped by DG distribution levels. A clear tendency can be
observed: DG scenarios of higher distribution factors are associated with lower grid losses
at the same penetration levels in both grids. Also, low DG distribution scenarios present a
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larger spectrum of loss variations. This indicates that the total grid losses in concentrated
DG conﬁgurations are more sensitive to the size and position of the individual large units.
Considering loss minimization, DG should thus be integrated to the grid in an evenly
distributed manner. Due to the differences in absolute level of losses among the grids, the
focus is laid on the median in each group of DG distributions. The evaluation of all 20
LV grids is given in Fig. 4.12, where the same tendency can be seen as with grid B and
F.

Figure 4.11: Evaluation of DG distribution on two selected grids

The application of the proposed ALI enables such kind of evaluation within a short
computation time. Typically, this evaluation can be reduced from days, by detailed power
ﬂow calculation, to several minutes, by using this new loss indicator. As presented
in refsec:analysis2, the overall estimation errors are relatively low. Thus, this proposed ALI
is not only suitable for applications in large areas, where a certain level of averaging effect
is given, but also adequate for evaluations of individual LV grids with accurate results.
The current limitations of this indicator are the lack of consideration of the change of grid
topology and the grid reinforcement measures.
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Figure 4.12: Evaluation of DG distribution on all LV grids

4.5 Conclusions
In this chapter, a solution for estimating the energy losses of distribution grids in arbitrary DG installation scenarios has been developed. After a literature review and an
introduction of theoretical background on the state-of-the-art of loss estimations, a new
indicator is formulated. Furthermore, a comprehensive sensitivity analysis is presented for
stochastic generations, evaluations of DG installation scenarios. This sensitivity analysis
scheme is then implemented in a case study on a set of real low voltage grid models.
The effectiveness and accuracy of the proposed indicator are validated on basis of the
numerical results of this sensitivity study. Despite the difference in grid characteristics
and the wide range of DG penetrations and conﬁgurations, the proposed indicator all
provided reliable estimations only based on several simpliﬁed parameters and formulations.
Major contributions of this part can be summarized as:
• A novel indicator of grid energy losses provides a fast and accurate estimation,
although it requires signiﬁcant less information and lower modeling complexity
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comparing to the state-of-the-art formulas from previous studies. Good performances
on different LV grids are achieved in all validation tests.
• A comprehensive sensitivity analysis for multiple real LV grids and a wide range of
DG installation scenarios are designed and investigated in this work. The exhaustive
annual load ﬂow simulations are implemented using parallel computing techniques.
• This study also provides a detailed analysis of three parameters (total penetration
rate, position and size of DG) and their impact on energy losses with various grid
structures.
With the help of the proposed indicator, energy losses of distribution grids can be rapidly
evaluated in large scales considering the impacts of DG feed-in. Application of the proposed indicator in practice is an effective assessment on the efﬁciency of power systems in
future scenarios concerning the DG integrations and sustainable system developments.
This indicator also offers DSOs an alternative approach to evaluate the locations for
new generation units and improve the total energy efﬁciency of the grids. Due to the
signiﬁcant reduction in power ﬂow calculations and modeling complexity, evaluations
of individual low voltage grids in large areas become technically possible and affordable.
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The challenges faced by distribution grid operators have been signiﬁcantly increased in
recent years. On the one hand, the regulatory regimes have resulted in sustained cost
pressure in many countries. At the same time, high quality requirements regarding system
efﬁciency and reliability are also imposed. In addition, the complexity of today’s power
system has increased signiﬁcantly, especially due to the large-scaled integration of distributed generators. Furthermore, a large scope of smart grid applications and diverse
market involved interactions between system operators, customers and aggregators provide technical and ﬁnancial beneﬁts, but also have enormous inﬂuence on grid losses and
grid efﬁciency. In order to adequately manage the complexity and uncertainty as well as
further meet the challenges ahead, enhanced data management and technical evaluation
can support grid operators.

5.1 Main contributions
This thesis covers my research work on the topic of evaluation and management of grid
losses in recent years. My research mainly focuses on the question of how grid losses can be
determined accurately and efﬁciently on a large scale. Methodologically, the development
of renewable generators at the distribution level must be emphasized, since this trend
presents the most signiﬁcant change of the power industry from the beginning of this
century. This question can hence well describe the current research gap in the related ﬁeld.
It is also highly relevant for the actual problems of distribution system operators hosting a
large number of distributed generators in their systems.
The main contributions presented in this thesis are two practical solutions: a comprehensive grid loss evaluation approach using an advanced reference grid modeling scheme
and a novel indicator to quantify the impact of distributed generation on energy losses of
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low-voltage grids. The ﬁrst approach provides a practical solution to determine the losses
for a large number of networks individually and with proven accuracy. This approach is
also designed and validated from the statistical point of view covering the system as a
whole. This approach enables grid operators to signiﬁcantly improve the quality of the
assessment of energy losses. It’s application in the power distribution industry can be seen
as innovative. Secondly, the proposed loss indicator has the focus of a particular grid, but
under a large variety of possible scenarios. The main advantage of this novel indicator is
both the speed and the accuracy of the evaluation. It is therefore also possible to apply this
indicator to large-scaled grid data. Accordingly, the prognosis of the distribution systems’
losses for future scenarios can also be realized by the combination of these two solutions
developed in this thesis.
In addition, this efﬁcient evaluation framework also contains improvements regarding
grid modeling, analysis of grid features, fast time series simulations as well as sensitivity
analysis on DG installation parameters. Detailed modeling, simulation and analysis of
large-scale real grid data require furthermore advanced computational techniques and
data-driven analysis methods. Application of machine-learning tools on a large number
of grids, especially the regression analysis methods, is also realized and discussed in the
presented work. Therefore, this thesis provides important insights and relevant experiences
for future energy system studies in related research areas.

5.2 Recommendation for actions regarding management of
grid losses in distribution systems
Since the inﬂuence factors on grid losses, leading by distributed generation, are so diverse,
knowing the total volume of losses in the system is no longer sufﬁcient for modern
distribution system operators. The importance of breaking down the overall losses at
different voltage levels, in individual grids and even at levels of each grid components
and assets will be more and more acknowledged by both power utilities and regulators
in the next years. This improved examination and understanding of grid losses can help
system operators to plan and operate the grids more efﬁciently. Technical evaluations
at this detailed level are only possible, if the grid information and metering data are
digitalized, well managed and consistently maintained with high quality standard. The
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presented new reference grid modeling approach can be applied for determined the
losses of individual grids. The implemented energy ﬂow and the investigated grid assets
must be as realistic as possible. In order to reach a good statistical representation of
a distribution system, detailed calculation of 10-15% of the grids in the supply area is
necessary. The selection of reference grids should be able to cover the regional differences,
the installation of distributed generators and load patterns in the whole service area.
Based on my experience, knowledge and practice experience possessed by technical
experts of utilities are valuable for the selection. The proposed indicator can be further
applied for estimating the development of grid losses regarding distributed generation
at a system scale. Considering the rapid installation rate of distributed generators, it
is recommended to have a comprehensive assessment on losses every 3 to 5 years. As
discussed in Chapter 2, diverse conventional and smart grid measures can be applied for
direct and indirect loss mitigation. Based on the detailed, quantiﬁed technical evaluation,
the relevant measures, which are optimally selected for speciﬁc grids, can result in a more
efﬁcient loss management by system operators.

5.3 Future work
The application of smart meters can bring fundamental change for distribution system operators. Not only the smart meters can largely improve the data quality of measurements
at the households level, but also may push utilities to manage these data at a completely
new scale and volume. As suggested by recent literature, the utilization of smart meter
data to support the assessment of grid losses can be extended in the presented evaluation
framework. Secondly, the reactive power ﬂow may impose additional losses in the grids.
Since the modeling of power factors for both loads and generators are simpliﬁed in this
thesis, the sensitivity of power factors can be investigated in next steps. Finally, the integration of electric vehicles, energy storage and sector coupling technologies (heat, gas and
electricity) in the low voltage grids can also signiﬁcantly change the power ﬂow patterns.
The possible impacts of different units with energy storage capacity on grid losses should
be addressed in the future. Energy losses are not a local but a global issue. This research
work can certainly be extended to other countries beyond Germany. The established tools
and know-how concerning loss evaluation and management can also be considered in
further developments of regulatory schemes in the future.
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Decentralization of energy generation in power distribution
systems is a key strategy to incorporate more small-scale renewable sources, reduce greenhouse gas emissions, and increase energy efficiency. Beside the integration of more decentralized generation, an efficient grid operation is equally
important to achieve an overall sustainable energy system.
Thus, accurate determination of energy losses in distribution
systems is a fundamental task. In this thesis, a novel evaluation
framework for grid losses is developed. First, a loss evaluation
approach based on comprehensive assessment of grid features
and the reference grid modeling scheme is proposed. Second, a
novel analytical indicator is introduced for fast estimation of the
grid losses considering the installed distributed generators. For
grid operators, this new evaluation framework is a practical and
technically validated tool. Applying this evaluation framework
for energy losses can support grid operators to understand the
origin and development trends of losses at very large scales.
The proposed evaluation approaches of energy losses can greatly
contribute to improve energy efficiency and sustainability of
distribution systems.
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