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Summary 

Computational Capacity Planning in Medium Voltage Distribution Networks 

Introduction and problem description 

The electric power system is in a transition to become increasingly sustainable. As a result, 

the future electricity demand of (residential) consumers is changing. Recent developments 

show and forecast an increasing amount of distributed generation, e.g. photovoltaic 

panels, and an electrical demand growth due to the electrification of residential heating 

and mobility, resulting in an increasing number of heat pumps and electric vehicles. In 

addition, (electricity) storage developments are ongoing, which stimulate the applications 

of in-home storage systems and large grid-connected storage systems. The resulting 

effects of these developments are highly uncertain and will (especially) have an impact on 

the distribution networks. On the other hand, developments towards smart(er) grids 

enable more efficient operation of distribution networks by shifting electricity demand to 

off-peak (or local generation) hours with the use of Demand Side Management (DSM) 

and/or electricity storage systems. 

Distribution Network Operators (DNOs) need to deal with these challenges and 

opportunities in their long-term network planning process. However, the existing 

planning approaches of DNOs are laborious, with manual generation of alternatives, and 

mainly suitable for traditional (load-growth) scenarios where the future is assumed to be 

like the past – which is not the case considering the energy transition and the potential of 

DSM and electricity storage. 

Therefore, the objective of this thesis is: “To develop computational approaches for the 

capacity planning of existing and future medium voltage distribution networks”. 
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A computational planning approach performs planning functions automatically and 

facilitates the assessment of the technical and economic impact of various future energy 

scenarios. Moreover, it supports decision making and aims at reducing the amount of 

work involved in network planning while improving the quality of the planning solutions. 

The focus of this research is on the capacity planning of Medium Voltage Distribution 

(MV-D) networks. These networks will face the aggregated effect of the transition in 

residential demand as well as the increase of distributed generation. As a result, the 

current planning process for these networks will become more laborious and 

computational planning approaches offer potential for improvement. 

Research approach and methods 

To develop computational capacity planning approaches for MV-D networks, the current 

planning process at DNOs was investigated to identify its limitations and requirements for 

future application. Subsequently, an overview of the proposed planning approaches in 

literature was created to identify suitable methods which can support the planning of MV-

D networks. This resulted in the development of three computational capacity planning 

approaches, which use expert rules and optimization methods to handle various capacity 

planning problems. Short-term and long-term planning approaches were developed, 

which consider both classic expansion options and new planning options, like DSM and 

electricity storage. The developed approaches are based on practically-relevant building 

blocks, derived from established network planning practices, to find realistic and 

applicable network expansion plans. 

Expert system approach for short-term planning with classic expansion options  

An expert system approach was developed which is applicable for supporting the current 

planning process and to find network expansions for (short-term) planning problems. It 

identifies practically-relevant MV-D network expansion options (out of all possible 

options) by using IF-THEN rules based on expert knowledge and design principles of 

DNOs. These expansion options are modelled and evaluated automatically in order to 

propose a (top) list of feasible solutions. This replaces manual and time consuming actions 

(in power system analysis software) and the network planner can focus on the resulting 

(top) list of feasible MV-D network expansions to solve or to prevent network capacity 

problems. 

This type of planning approach does not necessarily find optimal solutions, but can find 

practically-relevant planning solutions by integrating expert knowledge. The expert rules 

are formed by topological, geographical and operational constraints. The results show that 

the applied expert rules reduce the initial number of expansion options significantly for 

various cases and make it possible to tackle short-term planning problems efficiently when 

considering one classic MV-D network expansion at a time.  
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Optimization approach for long-term planning with classic expansion options  

An optimization approach was used to find solutions for more complex planning problems 

with multiple bottlenecks and in which the timing of expansions is of importance. It uses 

a metaheuristic optimization algorithm to find classic MV-D network expansions. The 

approach can be used to determine proactively when necessary network investments are 

upcoming, and which type of expansions are needed, if the loading of the MV-D network 

develops over a (long) period of time. It can thus be used to assess the impact of a certain 

energy scenario on MV-D networks.  

Expert knowledge is also implemented in the planning approach to avoid non-practical 

solutions and to reduce the search space for solving the optimization problem. The results 

show that expert knowledge helps to simplify the problem at hand and significantly 

reduces the required computational effort of the optimization process. 

Optimization approach for long-term planning with classic expansion options 

and ‘smart grid’ options 

Integrating DSM and storage as decision variables in an optimization environment offers 

the opportunity to assess when, where, and how much DSM/storage is needed to prevent 

bottlenecks and to postpone classic expansion options when these are less attractive. The 

developed computational planning approach uses a metaheuristic optimization algorithm 

to explore the trade-offs between classic expansion options and alternatives with 

DSM/storage for an MV-D network and future long-term scenario. 

By including practical considerations and expert knowledge, the problem formulation can 

be simplified, and the number of ‘classic’ and ‘smart grid’ decision variables can be limited. 

This led to the development of a hybrid dynamic planning formulation with multiple 

planning stages of 3 to 5 years. Nevertheless, the search space can still become relatively 

large, especially when there are many substations suited to potentially apply 

DSM/storage. As a result, the used optimization algorithm requires many candidate 

expansion plan evaluations (regarding objectives and technical constraints) to find good 

solutions. Network planning problem optimizations may easily require the evaluation of 

hundreds of thousands of possible expansion plans. This results in millions of power flow 

calculations which makes the evaluation phase, and the total optimization process, 

computationally demanding. 

General conclusions and future research 

The main objective of this research was to develop computational approaches for the 

capacity planning of existing and future medium voltage distribution networks. This was 

done by formulating practically-relevant building blocks for MV-D network planning and 

developing several computational planning approaches for capacity planning problems. 

These planning approaches do not only analyze the impact of future energy scenarios on 

the networks, but they also generate network expansion options for the identified 

bottlenecks. Based on network planning principles of Dutch DNOs, realistic expansion 

options are generated and evaluated. The developed approaches consider classic 
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expansion options as well as new options such as DSM and electricity storage. The 

developed approach facilitates the analysis of technical and economic impact of various 

future energy scenarios on MV-D networks, and aims at reducing the amount of work, 

while improving the quality involved. 

This thesis shows that expert rules improve the performance of computational planning 

approaches and yield applicable and practically-relevant expansion options. Most expert 

rules are based on established planning practices which do not include DSM and storage 

routines since these options are not (yet) common practice. It is therefore recommended 

to develop (over time) expert rules and heuristics for smart grid options to integrate these 

options efficiently in computational planning approaches. Nevertheless, the 

computational effort of capacity planning approaches depends to a large extent on the 

number of required expansion plan evaluations, since the evaluation of technical 

constraints is a computationally demanding phase in the network planning process. It is 

therefore important to develop methods which can efficiently evaluate each stage of the 

expansion plan and to use planning (optimization) approaches which require relatively 

few iterations and solution evaluations to find good solutions. 
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Samenvatting 

Computerondersteunde capaciteitsplanning van middenspanningsnetten 

Introductie en probleemomschrijving 

De elektriciteitsvoorziening bevindt zich in een transitie naar een meer duurzaam 

systeem, waardoor de toekomstige elektriciteitsvraag van (huishoudelijke) consumenten 

verandert. De recente ontwikkelingen leiden tot een toename van decentrale elektriciteits-

opwekking, bijvoorbeeld door zonnepanelen, en een toename van de elektriciteitsvraag als 

gevolg van de elektrificatie van mobiliteit en de warmtevraag. Dit betekent een toename 

van elektrische voertuigen en warmtepompen (in de woningbouw). Daarnaast ontwikkelt 

elektriciteitsopslag zich snel. Dat leidt tot nieuwe toepassingen zoals ‘thuisbatterijen’ en 

‘buurtbatterijen’, die bijvoorbeeld lokaal opgewekte zonne-energie overdag kunnen 

opslaan, om deze energie weer beschikbaar te stellen op een later tijdsstip. 

De effecten en het tempo van deze ontwikkelingen zijn hoogst onzeker, maar zullen 

(voornamelijk) een impact hebben op de netbelasting van elektriciteitsdistributienetten. 

Aan de andere kant zijn er op dit moment ook ontwikkelingen die leiden tot intelligentere 

netten. Deze ‘smart grids’ maken het mogelijk om distributienetten efficiënter te beheren 

door de piekvraag van elektriciteit te verplaatsen naar tijdstippen met voldoende 

netcapaciteit, of de elektriciteitsvraag te verplaatsen naar uren met veel decentrale 

opwekking. Deze vraagverschuiving is te realiseren door consumenten (financieel) te 

stimuleren om hun energieverbruik te verplaatsen in de tijd, ook wel vraagsturing 

genoemd, of door het gebruik van elektriciteitsopslag.  

Regionale NetBeheerders (RNB’s) zijn verantwoordelijk voor betaalbare en betrouwbare 

distributienetten, nu en in de toekomst. RNB’s moeten daarom rekening houden met 

bovengenoemde uitdagingen en mogelijkheden in het lange-termijn netplanningsproces. 

De huidige planningsmethodieken van RNB’s zijn echter nogal bewerkelijk, o.a. doordat 
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alternatieven voor netuitbreidingen handmatig gegeneerd worden. Daarnaast zijn de 

bestaande methodieken met name geschikt voor traditionele scenario’s met gematigde 

belastingsgroei, waarbij de toekomst voornamelijk gebaseerd is op het verleden. Dit is niet 

langer aan de orde wanneer rekening gehouden moet worden met de gevolgen van de 

energietransitie en de (toekomstige) potentie van vraagsturing en elektriciteitsopslag. 

Het doel van dit onderzoek wordt daarom als volgt geformuleerd: “Het ontwikkelen van 

computerondersteunde planningsmethodieken voor de capaciteitsplanning van 

bestaande en toekomstige middenspanningsdistributienetten”. 

Een computerondersteunde planningsmethodiek automatiseert planningsstappen en 

faciliteert het analyseren van de technische en economische impact van toekomstige 

energiescenario’s. Een dergelijke tool biedt ondersteuning voor het nemen van 

investeringsbeslissingen en richt zich op het reduceren van arbeidsintensieve stappen en 

handmatige analyses, waarbij tevens de kwaliteit van de oplossingen wordt verbeterd. De 

focus van dit onderzoek richt zich op de capaciteitsplanning van MiddenSpannings-

Distributienetten (MS-D netten). Deze netten worden beïnvloed door een combinatie van 

ontwikkelingen als gevolg van de energietransitie, nl. een toename in de elektriciteitsvraag 

en in decentrale elektriciteitsopwekking. Hierdoor zal het huidige planningsproces van 

deze netten nog bewerkelijker worden, waardoor computerondersteunde plannings-

methodieken bijzonder interessant zijn. 

Onderzoeksaanpak en methodieken 

Om computerondersteunde capaciteitsplanningsmethodieken te ontwikkelen voor MS-D 

netten, is als eerste het huidige netplanningsproces bij RNB’s onderzocht; dit om te 

bepalen welke beperkingen er zijn en welke eisen gesteld moeten worden voor toekomstige 

toepassingen. Vervolgens is geïnventariseerd welke planningsmethodieken reeds zijn 

voorgesteld in de technisch wetenschappelijke literatuur, om zodoende geschikte 

methodieken te identificeren die de planning van MS-D netten kunnen ondersteunen. Dit 

heeft uiteindelijk geresulteerd in de ontwikkeling van een drietal computerondersteunde 

planningsmethodieken die gebruik maken van kennisregels en optimalisatiemethodieken 

om verschillende planningsproblemen op te lossen. Deze methodieken zijn toepasbaar 

voor korte-termijn en lange-termijn planningsproblemen en overwegen zowel klassieke 

uitbreidingsopties als nieuwe ‘smart grid’ planningsopties, in de vorm van vraagsturing en 

elektriciteitsopslag. De ontwikkelde planningsmethodieken zijn gebaseerd op praktisch 

relevante bouwstenen van ontwerprichtlijnen uit de praktijk om realistische en toepasbare 

uitbreidingsplannen te vinden.  

Kennisgebaseerde methodiek voor de korte-termijn planning van klassieke 

uitbreidingsopties 

Voor het ondersteunen van het bestaande netplanningsproces is een kennisgebaseerd 

systeem ontwikkeld, ook wel expertsysteem genoemd, dat netuitbreidingen genereert voor 

(korte-termijn) planningsproblemen. Deze methodiek identificeert praktisch relevante 

MS-D netuitbreidingen (uit alle mogelijke opties) door gebruik te maken van ALS-DAN 
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regels die gebaseerd zijn op vuistregels, ontwerprichtlijnen en de expertise van 

netontwerpers. De geïdentificeerde uitbreidingsopties worden automatisch gemodelleerd 

en geëvalueerd om een ranking te creëren van haalbare oplossingen. Dit vervangt 

handmatige en tijdrovende handelingen (in bestaande simulatiesoftware), waardoor de 

netontwerper zich direct kan richten op de resulterende (top)lijst van potentiele MS-D 

netuitbreidingen die capaciteitsproblemen kunnen oplossen of voorkomen.  

Deze planningsmethodiek vindt niet per se optimale oplossingen, maar geeft de 

mogelijkheid om praktisch relevante planningsalternatieven te vinden door de integratie 

van kennis en expertise. In de expertregels zijn topologische, geografische en operationele 

factoren verwerkt. De resultaten tonen aan dat voor verschillende cases de toegepaste 

expertregels het oorspronkelijke aantal uitbreidingsopties significant verminderen. 

Hierdoor is het mogelijk om korte-termijn planningsproblemen efficiënt op te lossen 

wanneer één klassieke uitbreidingsoptie per keer wordt overwogen. 

Optimalisatiemethodiek voor de lange-termijn planning van klassieke 

uitbreidingsopties 

Een optimalisatiemethodiek is toegepast voor het vinden van oplossingen voor 

complexere planningsproblemen met meerdere knelpunten, waarbij ook het moment van 

investeren belangrijk is. Deze methodiek maakt gebruik van een meta-heuristisch 

optimalisatiealgoritme om klassieke MS-D netuitbreidingen te vinden. Deze plannings-

methodiek kan gebruikt worden om proactief te bepalen welke netinvesteringen wanneer 

nodig zijn, en welk type netuitbreidingen benodigd zijn, als de belasting van het MS-D net 

zich ontwikkelt over een (langere) periode. De methodiek kan dus gebruikt worden om de 

impact te bepalen van een specifiek energiescenario voor een bestaand MS-D net. 

In deze planningsmethodiek zijn ook kennisregels geïmplementeerd om niet-praktische 

oplossingen te voorkomen, en om zo de ‘zoekruimte’ van het optimalisatieprobleem te 

verkleinen. De resultaten laten zien dat de expertregels het probleem vereenvoudigen en 

de benodigde rekenkracht significant verminderen tijdens het optimalisatieproces.  

Optimalisatiemethodiek voor de lange-termijn planning van klassieke 

uitbreidingsopties en ‘smart grid’ planningsopties 

De integratie van vraagsturing en elektriciteitsopslag als beslissingsvariabelen in een 

optimalisatieomgeving biedt de mogelijkheid om te bepalen wanneer, waar en hoeveel 

vraagsturing/opslag nodig is om knelpunten te voorkomen, en om klassieke 

uitbreidingsopties uit te stellen in het geval deze minder aantrekkelijk zijn. De 

ontwikkelde planningsmethodiek maakt gebruik van een meta-heuristisch optimalisatie-

algoritme om de afwegingen te verkennen tussen klassieke uitbreidingsopties, en ‘smart 

grid’ planningsopties, voor een specifiek MS-D netwerk en een gegeven lange-termijn 

toekomstscenario.  

Door het meenemen van praktische overwegingen en expertkennis, kan de 

probleemformulering vereenvoudigd worden, hetgeen resulteert in gelimiteerde aantallen 

‘klassieke’ en ‘smart grid’ beslissingsvariabelen. Dit heeft geleid tot de ontwikkeling van 
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een hybride-dynamische formulering van het planningsprobleem met meerdere 

planningsstappen van 3 tot 5 jaar. Desalniettemin kan de zoekruimte nog steeds relatief 

groot worden, vooral wanneer er veel geschikte middenspanningsruimtes zijn 

waar(achter) in potentie vraagsturing/opslag kan worden toegepast. Hierdoor evalueert 

het toegepaste optimalisatiealgoritme veel potentiele netuitbreidingsplannen (m.b.t. 

doelfuncties en technische randvoorwaarden) om goede oplossingen te vinden. 

Netplanningsoptimalisaties kunnen resulteren in de evaluatie van honderdduizenden 

mogelijke uitbreidingsplannen. Dit vergt miljoenen load flow berekeningen waardoor veel 

rekenkracht vereist is voor het optimalisatieproces. 

Algemene conclusies en toekomstig onderzoek 

De belangrijkste doelstelling van dit onderzoek was om computerondersteunde 

methodieken te ontwikkelen voor de capaciteitsplanning van bestaande en toekomstige 

MS-D netten. Dit is gerealiseerd door praktisch relevante bouwstenen te creëren voor de 

netplanning van MS-D netten, en het ontwikkelen van verschillende plannings-

methodieken voor diverse planningsproblemen. De ontwikkelde planningsmethodieken 

analyseren niet alleen de impact van toekomstige energiescenario’s, maar genereren ook 

netuitbreidingen voor de geïdentificeerde capaciteitsknelpunten. Op basis van MS-

ontwerprichtlijnen en planningsprincipes van Nederlandse RNB’s worden realistische 

netuitbreidingen gegenereerd en geëvalueerd. De planningsmethodieken wegen zowel 

klassieke uitbreidingsopties als nieuwe ‘smart grid’ planningsopties, zoals vraagsturing en 

elektriciteitsopslag. Dergelijke tools bieden ondersteuning in het nemen van investerings-

beslissingen en reduceren bewerkelijke (handmatige) planningsstappen, waarbij tevens is 

getracht de kwaliteit van de oplossingen te verbeteren m.b.v. expertregels en 

optimalisatiemethodieken. 

De expertregels verbeteren de prestaties van de planningsmethodieken en leveren 

toepasbare en praktisch relevante netuitbreidingen. De meeste expertregels zijn gebaseerd 

op gevestigde en bestaande kennisexpertise en praktijkervaringen, maar bevatten 

daardoor geen routines voor vraagsturing en opslag aangezien deze nieuwe 

planningsopties (nog) niet gangbaar zijn in de praktijk. Daarom wordt aanbevolen om (op 

termijn) expertregels en heuristieken te ontwikkelen voor ‘smart grid’ planningsopties 

zodat deze opties efficiënt geïntegreerd kunnen worden in planningsmethodieken. De 

rekenkracht van netplanningsmethodieken is (in het algemeen) echter grotendeels 

afhankelijk van het aantal benodigde evaluaties van mogelijke uitbreidingsplannen. Dit 

komt doordat de evaluatie van technische randvoorwaarden in elke planningsstap (van 

een aantal jaren) gepaard gaat met veel load flow berekeningen. Daarmee vergt de 

evaluatiefase in het netplanningsproces veel rekenkracht. Het is daarom belangrijk om 

methodieken te ontwikkelen die efficiënt elke stap van een uitbreidingsplan kunnen 

evalueren op technische haalbaarheid. Daarbij is het raadzaam om netplannings-

(optimalisatie)methodieken toe te passen die relatief weinig iteraties en oplossings-

evaluaties nodig hebben om goede oplossingen te vinden.  
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CHAPTER 1 

1. Introduction 

1.1 Background 

The purpose of an electric power system is to transfer electrical energy from producers to 

consumers. This is facilitated by transmission and distribution networks. However, the 

way electricity is produced and consumed is changing due to the transition towards a 

sustainable power supply.  

Instead of a relatively small number of large fossil-fueled power stations that supply to the 

transmission network, there is an ongoing increase in more renewable generation (e.g. 

photovoltaic panels, wind turbines) which is for a large part connected to distribution 

networks. This distributed generation is not controllable (like fossil-fueled generation) 

due to the intermittent nature of renewables. As a result, it becomes harder to 

continuously adjust the production to demand, which is the main working principle of the 

current electric power system. The reason for this is that the demand of electricity is 

mainly inflexible and time critical, and that electricity cannot be stored on a large-scale. 

Furthermore, since the location of generation is partly moving towards distribution 

networks, it causes bi-directional power flows in distribution networks and potential 

(voltage and capacity) bottlenecks.  

On the demand side there is an expected demand growth due to the electrification of 

residential heating and mobility, resulting in an increasing number of Heat Pumps (HPs) 

and Electric Vehicles (EVs). However, these technologies also cause flexibility in the 

demand since they are less time critical. For example, the heating of buildings is a slow 

process with long time constants and vehicles are parked on average 20—22 hours a day 

[1], which makes it possible to delay the charging of EVs.  
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Furthermore, (electricity) storage developments are ongoing and stimulate the 

applications of in-home storage systems and large grid-connected storage systems. These 

systems can store for example local generated energy during the day, and make this energy 

available at other moments in time. 

The resulting effects and speed of the abovementioned developments are highly uncertain 

and will (especially) have an impact on the distribution networks. On the other hand, there 

are also ongoing developments which lead to (more) intelligent distribution networks. 

These ‘smart grids’ are supported by appropriate ICT systems which enable a more 

efficient operation of distribution networks by shifting electricity demand to off-peak (or 

local generation) hours [1]. This shift in demand can be realized by controlling flexible 

loads like EVs and HPs, also known as Demand Side Management (DSM), or this can be 

realized by using electricity storage systems. This makes it possible to reduce the peak 

loadings in distribution networks and increase the utilization of the network capacity. 

Hence, this can postpone or prevent classical network expansions (e.g. additional cables 

and transformers). 

1.2 Problem description 

The electric power system is in a transition to become increasingly sustainable. The 

resulting effects of electrification and decentralized power generation on the residential 

level will (especially) have an impact on the distribution networks. The future impacts of 

these developments are highly uncertain and cannot be based on historical data [2]. On 

the other hand, developments towards smart(er) grids enable a more efficient operation 

of distribution networks by shifting electricity demand to off-peak (or local generation) 

hours with the use of DSM and/or electricity storage systems1. 

Distribution Network Operators (DNOs) are responsible for affordable and reliable 

distribution networks. Therefore, DNOs need to deal with these challenges and 

opportunities in their long-term network planning process. However, the existing 

planning approaches of DNOs are laborious, with manual generation of network 

expansion alternatives, and mainly suitable for traditional (load-growth) scenarios where 

the future is assumed to be like the past – which is not the case considering the energy 

transition and the potential of DSM and electricity storage. 

  

                                                      

1 DSM and electricity storage are commonly referred to in this thesis as ‘smart grid’ options. 
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1.3 Research objective and scope 

DNOs are responsible for reliable and affordable (future) distribution networks. These 

networks need to be prepared for the ongoing transition towards a sustainable electric 

energy supply. However, as discussed in the previous section, the current planning 

approaches of DNOs are laborious, based on historical data and only consider classic 

expansion options. Therefore, the objective of this research is: 

To develop computational approaches for the capacity planning of existing and future 

medium voltage distribution networks. 

A computational planning approach perform planning functions automatically and 

facilitate the assessment of the technical and economic impact of various future energy 

scenarios. Moreover, it supports decision making and aims at reducing the amount of 

work involved in network planning while improving the quality of the outcomes. 

Inside the scope of this thesis: 

The focus of this research is on the capacity planning of Medium Voltage Distribution 

(MV-D) networks. These networks can have complex structures and numerous 

connections. Moreover, these networks will face the aggregated effect of the transition in 

residential demand as well as new distributed generation. As a result, the current planning 

process for these networks will become laborious and computational planning approaches 

offer potential for improvement.  

This thesis focuses on so-called ‘brownfield’ case studies which is in modern societies the 

most common network planning situation. This means that the starting point of the 

planning process is the existing network situation. Question is then how demand as well 

as supply of existing network connections and the resulting power flows in the network 

evolve over time (as a result of the energy transition).  

The network planning analysis in this thesis focuses on steady-state behavior of power 

systems (i.e. power flow analysis), which is the starting point of, and most important topic 

for, (long-term) network planning.  

To find realistic expansion plans, the computational planning approaches are based on 

network planning principles of Dutch DNOs. The developed approaches consider classic 

expansion options as well as new options such as DSM and storage. These new ‘smart grid’ 

planning options are considered from the point of view of a DNO (i.e. aiming at peak load 

reduction) to postpone or prevent classic expansion options. The planning principles and 

computational planning approaches in this thesis are broader applicable and can be easily 

adapted to other network levels and/or other types of assets. 
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Outside the scope of this thesis: 

The following topics and planning aspects are excluded from the scope of this thesis: 

Development of energy scenarios – This thesis does not develop energy scenarios and 

does not provide generic answers regarding the impact of certain developments on 

distribution networks. The focus is on the design of computational planning approaches 

which can assess the technical and economic impact of a certain energy scenario. For this 

reason, example scenarios (from other studies) are used as input in the case studies. The 

developed approaches could, however, very well be used for assessing the impact of a 

certain energy scenario on MV-D networks.  

Uncertainty handling – All planning problems are modelled deterministically and 

uncertainties are not taken into account. The input of the computational planning 

approaches consists of a given future scenario and an existing MV-D network. The focus 

is on scenario-based planning studies and analyses. 

Optimization algorithms – The development and performance of applied optimization 

algorithms is not considered in this thesis. Brief introductions and references are included. 

This topic is treated in depth in the partner project at CWI (see Section 1.5) and results are 

reported in the partner’s PhD thesis and other publications from this project. 

Consumer behavior – The dependence of the availability of flexible demand in future 

distribution networks on preferences and actions of consumers is not considered. It is 

assumed that the DNO can incentivize customers to shift their energy consumption in 

time. The available flexible demand is determined based on expected usage patterns and 

constraints of individual appliances. 

Greenfield case studies – This thesis does not focus on the design of completely new MV-

D networks from scratch. Moreover, the connection of large concentrations of distributed 

generators is out of scope since these are connected to dedicated (new) networks with 

mostly higher voltage levels [3]. 

Non-standard power system concepts – The computational planning approaches are 

based on the current network planning principles and standardized assets. Other kind of 

technologies and/or system configurations such as DC networks, higher MV levels and 

other topologies are not considered.  

HV and LV networks – The focus of this thesis is on the expansion of the MV-D networks. 

LV networks are modelled as aggregated MV/LV transformer loads and the HV network 

as an infinitive bus (i.e. voltage source with constant magnitude and phase angle).  
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1.4 Research questions and approach 

In order to achieve the research objective in Section 1.3, a number of research questions 

are formulated and addressed in various chapters of this thesis.  

1. What is the current network planning process at DNOs? [Chapter 2] 

2. What are the consequences of the ongoing developments in 

distribution networks for the current planning process? 

[Chapter 2] 

3. Which computational power system planning approaches are 

proposed in the international technical literature? 

[Chapter 3] 

4. What are essential building blocks and requirements to find 

practically-relevant MV-D network expansions? 

[Chapter 4] 

5. How can MV-D network planning problems be solved 

computationally focusing on classic expansion options? 

[Chapter 5] 

[Chapter 6] 

6. How to integrate smart grid options in MV-D network planning? [Chapter 7] 

To develop practically-relevant computational capacity planning approaches, the current 

planning process at DNOs is investigated to identify its limitations and requirements for 

future application. Subsequently, an overview of the proposed planning approaches in 

literature is needed to identify suitable methods which can support the future planning of 

MV-D networks. 

The development towards a planning approach, which considers both classic expansion 

options and new (smart grid) options, is divided in three stages. Each stage focuses on a 

certain type of planning: 

1. Short-term planning with classic expansion options 

2. Long-term planning with classic expansion options 

3. Long-term planning with classic expansion options and smart grid options 

First of all, a short-term planning approach is developed which treats the planning horizon 

in a static manner. This means that the required network expansions are determined for 

a (near-future) situation of generation and load, and that these network expansions are 

installed all at once (at the beginning of the planning horizon). This is also known as a 

static planning problem and is illustrated by Figure 1.1 (left). This type of planning 

approach is used in the current planning process of MV-D networks at DNOs where the 

focus is mainly on bottlenecks in near-future situations. 

Secondly, a long-term planning approach is developed to support the network planner in 

deciding when to install necessary network investments, and which type of expansions are 

where needed, if the loading of the MV-D network develops over a long period of time (i.e. 

multiple decades in network planning). This type of planning problem is known as a 

dynamic planning problem and is illustrated by Figure 1.1 (right). For more information 

on static and dynamic planning, see Section 3.2.3. 



6 INTRODUCTION 

Finally, a long-term dynamic planning approach is developed which considers both classic 

expansion options as well as new (smart grid) options in the form of DSM and electricity 

storage. This approach can reveal when, where, and how much DSM/storage is needed to 

prevent bottlenecks and postpone classic expansion options.  
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Figure 1.1: Illustration of static planning problems (left) and dynamic planning problems (right). 

The developed computational planning approaches are applied to ring-shaped MV-D 

networks which are radially operated and consist of underground power cables. This 

corresponds to the Dutch network situation as well as to other West-European 

distribution networks [4], [5], [6]. However, the formulated planning principles and 

developed computational planning approaches are more generally applicable. 

1.5 Context of the research project 

The research for this thesis was performed at the Electrical Energy Systems group of the 

Department of Electrical Engineering at Eindhoven University of Technology, The 

Netherlands. It was carried out as part of a joint project with the research group Intelligent 

Systems of the Centrum Wiskunde & Informatica (CWI, the national research institute for 

mathematics and computer science in the Netherlands).  

In particular Chapters 6 and Chapter 7 of this thesis include results of the joint work. The 

research group at CWI (Hoang Luong, Peter Bosman, Han La Poutré) have especially 

designed the computational optimization methods (like GOMEA, customizations of 

GOMEA for network capacity planning, and the decomposition method for dynamic 

planning) and performed experiments with these methods, whereas the research reported 

in this thesis especially focused on the network and scenario modelling, time-horizon 

approaches, and practically-relevant planning criteria and options.  
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1.6 Thesis outline 

The thesis consists of eight chapters in total and is organized as follows. 

Chapter 2 provides background information on power systems in general and focusses 

on MV-D network planning. Moreover, this chapter addresses the first and second 

research question. It presents an overview of the current network planning process at 

DNOs and of the ongoing developments in distribution networks. The consequences of 

these developments are that DNOs require (more advanced and supportive) 

computational planning approaches for the planning of future distribution networks. 

Chapter 3 explores candidate computational planning approaches in literature which can 

support the network planning process at DNOs. This is the focus of the third research 

question. The chapter gives an overview of the planning models and approaches applied 

to power system planning in general. Computational approaches based on expert 

knowledge and metaheuristic optimization algorithms appear to be suitable candidates to 

support the distribution network planning process.  

Chapter 4 addresses the fourth research question and specifies criteria, objectives and 

expansion options for the (computational) capacity planning of MV-D networks. 

Computational capacity planning approaches require a careful formulation of the 

planning problem to find realistic and applicable network expansion plans. Therefore, the 

formulation of the MV-D network planning problem in Chapter 4 is based on established 

network planning practice. The chapter provides building blocks for the computational 

capacity planning approaches in Chapter 5, Chapter 6 and Chapter 7. 

Chapter 5 presents an expert system approach to support the current planning process 

and to find MV-D network expansions for (short-term) planning problems. The developed 

approach identifies practically-relevant expansion options by using IF-THEN rules based 

on expert knowledge and design principles of Chapter 4. These expansion options are 

modelled and evaluated automatically to propose in the end the best found solutions to a 

decision maker.  

Chapter 6 presents a computational planning approach for MV-D network expansions 

using a metaheuristic optimization algorithm. The planning approach in this chapter 

determines when necessary network investments are upcoming, and which type of 

expansions are needed, if the loading of the MV-D network develops over a period of time 

(long-term). Furthermore, this planning approach implements expert knowledge to avoid 

non-practical solutions and to reduce the computational effort. In Chapter 5 and Chapter 

6, the fifth research question is addressed. 

Chapter 7 addresses the sixth research question by integrating smart grid options in the 

computational planning approach of Chapter 6. Electricity storage systems and DSM are 

considered as new planning options and are modelled from the point of view of a DNO 

(i.e. aiming at peak load reduction). Consequently, the developed approach can reveal 
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when, where, and how much DSM/storage is needed to prevent bottlenecks and to 

postpone classic expansion options. Simulations with a range of DSM and storage prices 

offer the opportunity to explore the trade-off between classic expansion options and 

alternatives with DSM/storage for a specific network and future scenario.  

Chapter 8 presents the overall conclusions and contributions of the research and it offers 

recommendations for future research.  

Each chapter starts with a brief introduction of the addressed topics and the structure of 

the chapter, and ends with a summary and conclusions. The chapters which present the 

developed computational planning approaches (i.e. Chapter 5, Chapter 6 and Chapter 7) 

include a section with case studies as well as a reflection on the applied methods and 

models. The abbreviations used in this thesis are listed on page 139. References are 

consecutively numbered throughout the thesis and are presented in the bibliography on 

page 127. 
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CHAPTER 2 

2. Medium voltage distribution 
network planning 

2.1 Introduction 

This chapter provides background information on power systems in general and focusses 

on MV-D network planning. It addresses the first and second research question (see 

Section 1.4).  

Electric power systems are the backbone of our society and economy and are amongst the 

largest systems ever created by mankind. The power system should be operated in an 

efficient and effective manner referring to power system operation. The term power 

system planning refers to actions required to prepare the power system for the future and 

to take measures required it to continue functioning efficiently and effectively. To clarify 

the boundaries between various power system studies, a time-horizon perspective of these 

studies is given in Figure 2.1. The scope of this thesis is (long-term) capacity planning of 

MV-D networks and relates to the steady-state behavior of power systems.  

The goal of power system planning is to meet the future electrical energy needs of 

customers as economically as possible with an acceptable degree of safety, reliability, and 

quality. A solution to a planning problem specifies where, how much, which, and when 

new equipment must be installed in an electric power system, so that it operates 

adequately within a specified planning horizon. The planning process is thoroughly 

challenged by the recent development in the electricity sector related to the energy 

transition. 

This chapter is organized as follows. Section 2.2 and 2.3 briefly present the physical power 

system structure and the structure of MV-D networks. The Netherlands is used as a 

reference. Section 2.4 gives an overview of the network planning process which is currently 
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in use by network operators. Present developments in (the planning of) distribution 

networks are treated in Section 2.5. Section 2.6 describes a scenario-based load modelling 

method which can be used for future (computational) MV-D network planning. Finally, 

this chapter is summarized in Section 2.7. 

 

Figure 2.1: Time-horizon perspective of various power system studies, based on Figure 1.3 in [7]. 

2.2 Power system structure 

Electrical power systems are three-phase AC systems, but their topology is often displayed 

as a single-line diagram [8], [9]. Figure 2.2 depicts a single-line diagram of the general 

power system structure. A relatively small number of large (centralized) power stations 

supply the transmission network. In the Netherlands, the Extra High Voltage (EHV) 

transmission network has voltage levels of 220 kV and 380 kV. Some of the centralized 

generated power is supplied to large industrial customers connected to 110 kV or 150 kV 

transmission networks, but most of the power is transported and distributed to the 

numerous customers connected to the MV (1o kV2) and LV (0.4 kV) distribution networks. 

This is the classical unidirectional power flow from centralized generation to end-users. 

Due to the ongoing increase in distributed generation (e.g. photovoltaic panels, wind 

turbines), this is more and more changing towards bi-directional power flows in MV 

distribution networks. Network operators need to take this Distributed Generation (DG) 

into account in their network planning process, since this can influence the required 

capacity and design of their networks.  

 

                                                      

2 MV networks in The Netherlands are mainly operated on 10 kV, although also other voltage levels 
exist, ranging from 3 kV till 30 kV. See also Table 2.1 in Section 2.3. 

Power System Transients

Power System Dynamics

Power System Operation

Power System Operational Planning

Short-term 
Power System Planning

Transient analysis:
lightning phenomena

switching actions

Long-term
Power System Planning

milliseconds - 
seconds

nanoseconds - 
microseconds

minutes - days

days - months

years

decades

Dynamical analysis:
swinging of machines,

stability, protection

Steady state analysis:
Planning, economics, 

reliablity



2.3  MV DISTRIBUTION NETWORK STRUCTURE 11 

 

 

Figure 2.2: Single-line diagram of a power system, indicating typical voltage levels for the Dutch 

system. Adapted from [9], [10]. 

2.3 MV distribution network structure 

Dutch MV networks may have a distribution function as well as a transmission function 

[5], [11]. This is illustrated in Figure 2.3. MV transmission networks are designed and 

operated in a meshed structure. MV-D networks connect the HV and MV transmission 

networks with industrial, commercial and residential customers (on LV networks). 

Residential customers are connected via LV networks to MV/LV transformer substations 

whereas large industrial/commercial customers have direct connections to the MV 

network (i.e. MV customer substation). 
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Figure 2.3: Typical structure of Dutch MV networks with transmission and distribution 

functionalities. 

MV-D networks have a ring-shaped or meshed topology (see Figure 2.3), but are operated 

radially through Normally Open Points (NOPs) so that the load can be supplied by 

different feeders by means of reconfiguration [4]. This design arrangement is very 

common for MV-D networks in the Netherlands, as well as for other West-European 

countries [4], [5], [6]. It keeps the protection scheme simple and cheap and limits the 

number of consumers that are disconnected in case of a short circuit, compared to meshed 

operation. Compared to radially designed networks, it offers reconfiguration possibilities 

in case of maintenance or an interruption of supply ensuring an acceptable level of 

reliability of supply. 

Dutch MV networks are mainly operated on 10kV and nearly all distribution networks 

consist of underground power cables (see Table 2.1). The typical number of MV 

substations in a feeder (i.e. a network section from circuit breaker till NOP) is about 8-10. 

Multiple feeders belonging together form a so-called feeder group. For example, the top 

right MV-D network in Figure 2.3 consists of one feeder group with three feeders. 
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Table 2.1: Lengths and voltage levels of power carriers in the Dutch power system [12]. 

Voltage level [kV] Aboveground [km] Underground [km] 

LV: 0.4 180 223,242 

MV: 3-5 - 1,451 

MV: 6-12.5 - 101,114 

MV: 20 - 1,709 

MV: 25-30 - 97 

HV: 50 / 110 / 150 5,249 3,784 

EHV: 220 / 380 2,740 20 

2.4 Current network planning process 

Automated decision support tools for network planning are currently rarely used in 

practice [13]. Network operators worldwide apply in general a more manual approach by 

using a structured method to make well-founded and objective network planning 

decisions [13]. Several DNOs in The Netherlands use the decision process in Figure 2.4 to 

perform network planning [14].  

 

Figure 2.4: Schematic overview of current network planning process [14]. 

The network planning process starts when a new development arises (e.g. load growth, 

new network connections inside horticulture or industrial areas). If this development 

leads to a capacity problem / bottleneck in the existing network, all relevant influencing 

factors should be assessed which will result in a problem definition. The next step is to 

classify the uncertainties and to define possible scenarios (e.g. development of load 

growth over time) including their probabilities. Multiple alternatives / solutions should 

be generated for these scenarios. The generation of solutions is manually executed by a 
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network planner. The solutions are manually checked, with the help of power system 

simulation software, whether the (technical) requirements are satisfied. If no solution is 

feasible, either new (unconventional) solutions have to be generated or restrictions have 

to be reviewed or loosened. For the remaining alternatives the desired objectives need to 

be evaluated (e.g. economic feasibility, reliability). Subsequently, a solid and objective 

decision should be made between the various alternatives. Decision methods such as ‘least 

regret’ and the ‘Bayes criterion’ can be used for this purpose [14]. The decision criterion 

per DNO depends on the policy and asset management philosophy of the utility. Finally, 

the expansion plan will be physically implemented and an evaluation after each 

implementation phase is recommended, since uncertainties might change or decrease 

with time; resulting in another optimal solution. 

In theory this decision method supports DNOs to make sound and objective decisions for 

network planning. However, the practical situation seems somewhat different. In practice 

it is still a quite complex and laborious process, especially when network planners need to 

assess long-term planning horizons with various bottlenecks in different time stages. 

Furthermore, if applied, the decision process is used in a reactive manner. For example, 

network planners react mainly when an MV customer requests a new connection or when 

a new neighborhood is to be connected to the network. At this moment, network planners 

hardly look at how the flows originating from existing grid connections can change (on the 

long run) due to on-going developments such as electric vehicles and DG. They are mainly 

focused on near-future situations and new connection requests including the 

accompanying impact on the distribution network. DNOs worldwide face the same 

situation [13]. In addition, smart grid concepts are not taken into account by utilities as 

alternatives in the planning process [13]. One of the reasons for this is that the tools that 

network planners (can) use are limited. As a result, the generation of solutions needs to be 

manually executed, based on design directives and experience, which is a time consuming 

process and open to inconsistency and subjectivity.  

2.5 Developments in distribution networks 

Due to the transition towards a more sustainable energy supply, the future electricity 

demand of (residential) consumers is changing. There is an ongoing increase in local 

generation, e.g. PhotoVoltaic (PV) panels, and a demand growth due to the electrification 

of residential heating and mobility, i.e. Heat Pumps (HPs) and Electric Vehicles (EVs). In 

addition, developments in new technologies for (electricity) storage are ongoing and 

storage devices can handle higher storage densities, while costs decrease [15]. This 

stimulates the applications of in-home storage systems for customers and large storage 

systems (in e.g. neighborhoods [16]) for market parties or DNOs. 

These uncertain developments result in more differentiation in the load profiles of (groups 

of) residential customers. Depending on the development and adoption of these new 

technologies, they can have a severe impact on the loading of future distribution networks, 
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by contributing to new and/or additional peak loadings [17]. This is illustrated by Figure 

2.5 (left) where growing numbers of EVs and HPs result in additional demand during peak 

hours. The worst-case loading conditions determine the required capacity of a network 

(see Section 2.6). 

Although the increasing penetration of new technologies can require additional network 

capacity, new (less time critical) loads also increase the flexibility in the electricity 

demand. This is illustrated in Figure 2.5 (right). Existing non-time critical household 

appliances, like washing machines and dish washers, can already serve as a flexible load 

part at this moment (𝑡0). The flexible load share (during peak hours) will increase due to 

the addition of flexible loads like EVs and HPs. 

When supported by appropriate ICT, generally referred to as ‘smart grids’, flexibility gives 

the opportunity to shift demand in time and apply load control without any discomfort for 

the consumer [2]. The control of flexible loads is often referred to as Demand Side 

Management (DSM) [18], [19] and leads to opportunities for various parties in a 

liberalized electricity market. As a result, flexible loads may operate at moments when 

local generation is available, or when the demand for and price of electricity is low, or 

when sufficient network capacity is available [17]. However, these load control strategies 

result in different impacts on distribution networks [20].  

From a DNO point of view, it is preferred to shift a part of the demand to off-peak (or local 

generation) periods to distribute more energy without increasing the network capacity 

[20]. The same ‘peak shaving’ effect can be realized by controlling appropriately the 

charging and discharging of electricity storage systems. Since the peak load is an 

important design parameter, reducing the peak load by shifting electricity demand with 

DSM/storage, will postpone classic network investments. These ‘smart grid’ options 

should therefore definitely be considered in future network planning. 

 

Figure 2.5: Illustration of peak load growth (left) of the worst-case day in a residential area, and 

corresponding flexibility development (right), for a long-term scenario with normal load growth and 

increasing numbers of electric vehicles and heat pumps.  
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2.6 Load modelling method for future MV-D network 
planning  

This section describes a scenario-based load modelling method to model future 

aggregated load profiles for (computational) MV-D network planning. Firstly, the load 

modelling method is described which is currently applied in practice.  

Current load modelling method 

MV-D networks are mostly dimensioned for the worst-case situation with a deterministic 

peak-load approach [13]. Distribution networks have been designed for decades with this 

approach where the loads in the network model are traditionally specified as single 

maximum values: peak loads. This is due to the fact that digital or real-time measurement 

equipment in MV-D networks is in general quite rare (unlike in transmission networks). 

For example, the loading of Dutch MV/LV transformer substations are only manually 

measured once a year with an analogue current measurement device. This means that load 

profiles and even power factors are normally not measured. Nonetheless, they can be 

properly estimated since the (load) behavior of residential areas can be easily predicted 

based on historical data and sample measurements. However, this will change due to the 

introduction of new technologies like EVs, HPs and PV systems [17]. As these technologies 

effect load profiles, their introduction requires more advanced load modelling methods. 

Scenario-based load modelling method 

For future planning of MV-D networks, it is necessary to model the future aggregated 

(peak) demand and the available flexibility on MV/LV transformer level (in case of 

residential areas). This cannot be based solely on empirical data [2], but requires a 

bottom-up approach that models new appliances and the combined effect of changing load 

profiles. For example, the approaches in [17] and [21] model future residential load 

profiles based on usage patterns and the potential flexibility of individual appliances. 

These approaches model the electricity consumption over time (rather than the peak load 

alone) which is necessary to handle variations in load profiles [2]. By modelling load 

profiles of new technologies individually, they can be superposed on the regular residential 

demand to create aggregated load profiles for different groups of customers or MV/LV 

transformers. This is done in [17] and [21] for various scenarios. 

The scenarios define the types and penetration degrees of (individual) appliances like EVs, 

HPs, and renewables. Moreover, the scenario-based load modelling method in [17] 

distinguishes ten residential areas 3  which are characterized by different penetration 

degrees and usage patterns of appliances. Eventually, the resulting aggregated load 

profiles can be used as input for power flow calculations to identify potential upcoming 

bottlenecks in MV-D networks. As a result, this method can thus be used in 

                                                      

3 Differentiated by population density and age of the residential area. 
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(computational) MV-D network planning (tools) to assess the technical and economic 

impact of various future energy scenarios on real-world MV-D networks. Moreover, this 

method makes it possible to model flexible loads, like EVs, with or without a load control 

strategy (e.g. peak shaving) [2], [22]. This is further described in Chapter 7 where this 

method synthesizes with the computational capacity planning approach which integrates 

smart grid options. 

2.7 Summary and conclusions 

This chapter presented background information on power systems in general with a focus 

towards the subject of this thesis, MV-D network planning. Thus, it addressed the first and 

second research question which is related to the current network planning process and the 

consequences of the ongoing developments on this process (see Section 1.4). 

The current planning process at DNOs is based on a structured method to make sound 

and objective decisions. However, this process becomes quite complex and laborious for 

solving long-term planning problems. It consists of several manual steps and the 

supporting tools that network planners (can) use are limited. As a result, network planners 

are mainly focused on near-future situations and hardly look proactively at how existing 

connections can change (on the long run) due to on-going developments such as electric 

vehicles. However, including new and uncertain developments such as electric vehicles 

requires a different load modelling approach. The existing peak load approach is based on 

historical data where the future is assumed to be like the past, which is not the case 

considering the energy transition. Moreover, the existing planning process and tools can 

/ do not consider the potential of ‘smart grid’ options such as demand side management 

and electricity storage. 

In conclusion, the current planning approaches of DNOs are laborious, based on historical 

data and only consider classic network expansion options. As a result, DNOs require more 

advanced (computational) planning approaches to deal with the challenges of future 

distribution network planning. The next chapter will look for methods in literature to 

support the future planning of MV-D networks. 
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CHAPTER 3 

3. Survey of computational power 
system planning approaches 

3.1 Introduction 

Computational planning tools can support network planners to select among the 

numerous alternatives for the future system configuration and expansion schedule. 

Planning tools, implemented as computer programs, perform planning functions 

automatically which reduces the effort required and improves consistency (i.e. contributes 

in standardizing the planning process) [4]. 

Planning tools support in general the three main steps of the power system planning 

process [4]: identification of planning solutions, evaluation of (technical) constraints and 

objectives, and selection of the best planning solution. The planning goal of finding the 

best solution can be formulated as an optimization problem. As a result, most 

computational planning approaches in literature are predominantly based on 

optimization techniques. Furthermore, there are also knowledge-based systems based on 

artificial intelligence and the use of expert rules. This chapter will give an overview of these 

various computational planning approaches and addresses the third research question 

(see Section 1.4). 

Research in this field developed with the improvement of computational power, new or 

upgraded optimization techniques, and the increased uncertainties in the power sector. 

References about power system planning essentials [4], [7], [23], [24] and applied 

optimization techniques [25], [26] provide a comprehensive overview/review of research 

topics in this important field. Several publications skillfully describe and review different 

parts of the power system planning problem, such as the planning of transmission 

networks [27], [28], [29], [30], [31], [32], [33], distribution networks [34], [35], [36], [37], 

[38], [39], [40], [41] and generation units [7], [42]. However, this chapter provides an 
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overview of the coherent planning approaches and optimization techniques applied to 

power system planning in general. The analysis is qualitative so that various models and 

their (mathematical) formulations are not treated in detail. It provides a starting point for 

one who is interested in the use of optimization techniques to solve power system planning 

problems. Power system engineers will gain insight in the specialized terminology and 

mathematical concepts familiar to optimization experts.  

This chapter is organized as follows. First, Section 3.2 distinguishes power system 

planning models by physical structure and the implication of time. Section 3.3 present an 

overview of optimization techniques used to solve power system problems whereas 

Section 3.4 describes other computational planning approaches based on expert 

knowledge and expert rules. Finally, Section 3.5 provides some concluding remarks and 

reflects on computational planning approaches for the scope of this thesis: medium 

voltage distribution network planning. 

3.2 Focus of power system planning models 

The focus of power system planning models presented in the literature can best be 

understood by considering it from different perspectives, mainly that of time and that of 

physical structure [43]. An overview of the possible scope of existing power system 

planning models is presented in Figure 3.1. This differentiation is elaborated in the 

following sections. Furthermore, the final section describes how power system planning 

models deal with uncertainty. 

 
Figure 3.1: General overview of the possible scope of power system planning models. 
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3.2.1 System level 

Power system planning models can be generally divided into transmission planning 

models [27], [28], [29], [30], [31], [32] and distribution planning models [34], [35], [36], 

[37], [38], [39], [40]. Transmission planning contains specific aspects such as generation 

expansion (e.g. large power plants), cross-border connections, and, for example, special 

non-synchronous links (e.g. HVDC), while distribution planning deals with distributed 

generation, more radial characteristics, and numerous connections (i.e. substations).  

3.2.2 Subsystem differentiation 

The focus of a planning model can be on the total transmission/distribution system or on 

a part of the system: 

- Generation expansion planning (GEP) is necessary to ensure an adequate amount 

of generation power in the future. In classical vertically integrated power systems, 

this is a function of electric utilities, but in unbundled electricity sectors, GEP is 

still important as a means of developing reference plans for system growth. This is 

true even if in liberalized markets the construction of new power plants depends 

on the initiative of private investors [4]. GEP determines what type of generation 

units should be constructed, and especially where and when the power plants 

should become operational [26]. 

- Network Expansion Planning (NEP) is essential to prevent future network 

congestion and to maintain proper reliability levels. NEP is a process in which new 

or existing network branches (lines, cables) are determined, as well as their 

characteristics (number of circuits, conductor size, voltage level, and so on) [25]. 

- Substation Expansion Planning (SEP) has the same objective as NEP but is 

focused on substations (with transformers). SEP determines the required 

expansion capacities of the existing substation as well as the locations and sizes of 

new substations [25]. SEP is mostly considered as NEP [35], [36], [37], [38]. 

- Reactive Power Planning (RPP), or VAR planning, is needed to preclude voltage 

stability issues and to limit energy losses. RPP provides the optimal allocation of 

reactive power sources considering location and size [44]. 

3.2.3 Planning period 

There are different planning approaches regarding the implication of time. A common 

approach is to determine the optimal system situation for at the end of the planning 

horizon. In literature this is also known as the static planning problem and is generally 

formulated for a short-term planning horizon. The planner is not (yet) interested in 

determining when new power system parts should be installed, but in finding the optimal 

system structure for a future situation of generation and load. The static planning specifies 
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where and which type of new assets should be installed in an optimal way that e.g. 

minimizes the installation and operational costs.  

A more desired approach for long-term planning is solving the dynamic planning 

problem. This implies that the load and generation in the network is modelled 

dynamically. Furthermore, various stages are considered and an optimal expansion 

schedule or strategy is outlined over the whole planning period. Operators can thereby 

accommodate the changing demand/generation at minimum cost, using a long-term 

planning horizon. This dynamic planning problem is a larger and much more complex 

optimization problem than the static planning problem because it has to consider not only 

the optimal quantity, placement, and type of expansion investments, but also the most 

suitable times to carry out the investments. Therefore, dynamic planning requires the 

consideration of many variables and constraints and it imposes enormous computational 

effort in order to achieve an optimal solution, especially for large-scale realistic 

distribution networks [30]. 

3.2.4 Uncertainty handling 

Planning of power systems implies decision making under high uncertainty. According to 

[45], the approaches in literature for dealing with uncertainties in planning can be 

classified into three main categories: scenario-based approaches, probabilistic 

approaches and fuzzy-based approaches. 

Scenario-based approaches are currently also often applied in practice [13], [46]. The 

planner defines possible scenarios (e.g. development of demand and generation over time) 

including their probabilities based on experience and knowledge. The strength of 

scenario-based planning is in addressing large uncertainties which have significant 

impacts on the final decision making [45]. By studying the different scenarios and their 

(optimal) solutions, it is eventually possible to find an investment path which considers 

all scenarios by applying a certain decision method (e.g. least regret). The approach to find 

one solution for all scenarios can be applied after the separate optimization processes for 

individual scenarios (external), or inside one coherent optimization process [45]. This 

planning problem of finding an investment path considering multiple scenarios is 

illustrated in Figure 3.2 (right), compared to a static planning problem (left) and dynamic 

planning problem (middle) for a single scenario. 

On the other hand, probabilistic approaches can capture the uncertain behavior of 

demand and generation with stochastic modelling. The (input) uncertainties are modelled 

by suitable probability density functions. Network calculations can be performed by 

specific probabilistic power flow algorithms or a Monte Carlo simulation approach to find 

distributions of output parameters [47]. A risk analysis approach can be used in the 

decision making process [48], [49]. Probabilistic calculations can be a computational 

burden, especially for planning purposes where calculations have to be repeated several 

times within an optimization procedure [13]. 
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Fuzzy set theory also enables the integration of the effects of parameters’ uncertainties 

into the analysis. Furthermore, fuzzy set theory was applied to address uncertainties in 

objectives and constraints [44]. A literature review of fuzzy set theory applied in power 

systems is presented in [50]. 

 

Figure 3.2: Illustration of static planning problems (left), dynamic planning problems (middle), and 

dynamic planning problem under uncertainty (right). 
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limited to take only an integer value. For example, an MV/LV transformer can be of the 

capacity type: 100kVA (type 1), 160kVA (type 2), 250kVA (type 3), etc. If all variables are 

of the type integer, the problem is classified as an Integer Program (IP), or if only a subset 

of variables need to be integer, the program is known as a Mixed Integer Programs (MIP). 

If a problem can be adequately expressed in LP form, very powerful computer methods 

are available to find the solution [51]. The difference between solving a non-linear problem 

and solving a linear problem is analogous to the difference between solving a set of linear 

equations and solving a set of non-linear equations [51]. Moreover, linear programs can 

typically be solved to optimality efficiently, non-linear programs typically cannot. Neither 

can integer or mixed-integer programs, although nowadays efficient solvers also exist for 

these type of programs. LP and NLP have been used in various power system applications 

(besides power system planning), e.g., optimal power flow and unit commitment [51]. On 

the other hand, the problem of multi-stage transmission / distribution expansion is a 

Mixed Integer Non-Linear Programming (MINLP) problem [29]. This type of problem 

includes local optima in the solution space [29]. 

 
Figure 3.3: Examples and classifications of optimization models and algorithms. 
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To solve the optimization problems that are formulated using the optimization models, 

optimization algorithms are used. Optimization algorithms can be exact or not exact, as 

depicted in Figure 3.3. Exact algorithms always find the optimal solution to an 

optimization problem, but typically do not scale well to large problems. The brute-force 

algorithm4 is an example of an exact algorithm. On the other hand, there are non-exact 

algorithms which can either be guaranteed or not guaranteed to reach a certain level of 

solution quality. The former are called approximation algorithms and the latter 

heuristics.  

Heuristic algorithms typically handle large problems much more efficiently, allowing 

more precise modeling of the optimization problem. However, these methods seek good 

solutions, without being able to guarantee either feasibility or optimality, or even how 

close the solutions are to the global optimum [52]. As a result, heuristic algorithms find 

‘good’ solutions in a ‘reasonable’ amount of time. Still, some modified heuristic algorithms 

have been developed and proposed in literature, claiming that the optimal solutions are 

guaranteed [7].  

Heuristics can be further categorized into simple heuristics and metaheuristics. Simple 

heuristics are typically of the type: local search, greedy algorithms, and/or hillclimbers. 

Simple heuristics are very fast and quickly able to improve upon a given solution, but are 

very prone to get stuck in local optima. Metaheuristics can be considered to reside at one 

level higher and attempt to look further than the best solution in a predefined 

neighborhood. In general, metaheuristics are less problem specific and can therefore be 

used as ‘black boxes’. 

Many metaheuristic methods are inspired by nature and based on some biological 

metaphor. Basically, they all start from either a point or a set of points, moving towards a 

better solution through the guidance of logical or empirical rules and/or sensitivities 

(heuristic rules). These rules are used to generate and classify the options during the 

search. The heuristic process is carried out until the algorithm is not able to find a better 

expansion plan (in case of power system planning). Assessment criteria are considered 

during this process and include, for example, investment and operation costs, overloads, 

and, unserved power [30]. Popular heuristic methods are shown in Figure 3.3, and some 

of them are briefly described below with references to power system planning applications. 

- Evolutionary Algorithms: based on genetics and evolution [53]. 

- Simulated Annealing: based on some thermo-dynamics principles [27] 

- Particle Swarm: based on bird and fish movements [54] 

- Tabu Search: based on memory response [28] 

- Ant Colony: based on how ants behave [55] 

- Hybrid Algorithms: combines a metaheuristic with other approaches [56]. 

                                                      

4 The brute force algorithm creates and evaluates every possible solution. 
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An overview has been given on optimization techniques. For different types of 

mathematical models there are different optimization algorithms. Typically, simple 

mathematical models are solved to optimality with exact algorithms. For more 

complicated mathematical programs heuristics as well as exact algorithms are 

encountered in literature. For simulation models, which are typically even more involved 

and sometimes less mathematically exactly defined, often only heuristics are encountered. 

It is difficult to conclude which algorithm (in combination with an optimization model) 

presents the best approach to power system planning, as these algorithms are not 

deterministic, and, in many cases, the efficiency depends on several issues (e.g., the tuning 

of control parameters, the problem formulation, and mainly, the way that the problem can 

be tailored in the selected approach) [25]. Nevertheless, many proposed models in the 

literature confirm the superiority of the heuristic approach in dealing with large size, 

complex, nonlinear, and combinatorial problems whose alternatives, exact methods, 

increase significantly in required computational effort with network dimension. Exact 

algorithms suffer from the ‘curse of dimensionality’ (i.e. time-complexity for large 

problems) and oppose application to large-scale power system problems, unless 

(significant) simplifications are assumed [25]. In conclusion, exact optimization methods 

achieve mathematical optimality but have to sacrifice modeling accuracy in some cases 

related to power systems, providing sub-optimal solutions from a practical perspective 

[25]. On the other hand, metaheuristic methods handle large problems much more 

efficiently, allowing more precise modeling of the optimization problem. This makes 

metaheuristic methods a good candidate to obtain feasible solutions for large-scale multi-

objective power system problems [30]. 

3.3.2 Single-objective and multi-objective optimization 

An optimization problem is considered to be single-objective if just one objective function 

need to be optimized. In contrast, multi-objective optimization problems require the 

simultaneous optimization of several objective functions. When an optimization problem 

has a single objective, there is a unique optimal solution. In contrast, a multi-objective 

problem with conflicting objectives has a set of optimal solutions that correspond to trade-

offs between objectives. The goal of multi-objective optimization algorithms is to generate 

these trade-offs. Exploring these trade-offs is important because it provides the system 

designer/operator with the ability to understand and weigh the different choices available 

to them [25]. 

Power system planning in its totality is an inherent multi-objective optimization problem 

involving perspectives of different stakeholders, such as regulators, investors, network 

operators, and users. A single stakeholder can also have various objectives that need to be 

optimized at the same time. However, goals often conflict with each other, and an ideal 

solution that optimizes all objectives simultaneously does not exist. In this case there 

exists a set of so-called Pareto-optimal solutions [57], [58] which are optimal in the sense 

that no solution can be improved on some objective without a sacrifice in any other 
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objective. This set of non-dominated solutions forms the ‘Pareto front’. In this set of 

solutions, a solution X can be better than solution Y in some objectives, but worse in 

others. These concepts are illustrated in Figure 3.4 for a two-objective problem.  

Finding a single solution for a multi-objective problem involves two stages: optimization 

and decision-making [58]. Depending on the order in which these tasks are performed, 

there are different approaches to obtain a single solution for a multi-objective problem. In 

the example of a Pareto-based optimization a decision maker can choose one preferred 

solution from the set of non-dominated solutions (with e.g. the help of Pareto front 

visualizations or appointing weights to objectives). On the other hand, a commonly 

applied approach (in power system planning) to evaluate multiple objectives is to 

aggregate in advance all (non-financial) criteria into a single cost function by means of 

monetarization and to apply single-objective optimization [59].  

In general, popular approaches for solving multi-objective power system planning 

problems can be categorized into 3 groups: the weighted-sum approaches, ε-constrained 

methods, and Pareto-based multi-objective algorithms. See [60] for a description of these 

approaches and [58] for a thorough literature review on multi-objective planning models. 

 

Figure 3.4: Example of a stylistic Pareto front for a two-objective problem. Adapted from [58]. 
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3.4 Knowledge-based systems 

A computational planning tool can also be based on a Knowledge-Based System (KBS). 

KBS is one of the branches of artificial intelligence5 and “emulates the decision-making 

ability of a human expert” [61]. Such a system understands the information under process 

and can take decisions based on the knowledge and information stored in the system [62]. 

There are several types of KBSs (see [62], [63]). The most commonly known is the Expert 

System6 which is also familiar in the field of power system applications [64], [65], [66]. 

An expert system makes decisions or solves problems in a particular field by using 

knowledge and analytical rules defined by experts in that field.  

An expert system consists of two main subsystems: the knowledge base and the inference 

engine. The knowledge base contains the information (i.e. knowledge of experts) and the 

inference engine uses this information to draw conclusions. The knowledge base stores 

expert knowledge and ‘rules of thumb’, typically in the form of IF-THEN rules. The 

inference engine is the system that reasons to provide answers to problems placed into the 

expert system [63]. It uses the rules in the knowledge base to arrive at a decision.  

Expert systems have been applied to various power system planning problems to perform 

tasks more efficiently and in a cost-effective manner [67]. Moreover, an expert system can 

produce consistent and reproducible results [67]. Expert systems have been successfully 

applied to the problem of generation expansion planning [68], transmission expansion 

planning [69], [70], and distribution expansion planning [71]. Reference [70] presented 

an approach for multi-year short-term expansion planning including reactive power 

management. It was shown that the solutions found by the proposed expert system has 

the capability to arrive at a solution which is close to the optimal, but much faster than a 

mathematical optimization framework [70]. More information on expert systems in 

transmission planning can be found in the review of [72]. Regarding distribution 

networks, [71] designed an expert system for determining substation locations and feeder 

configurations of a distribution system by incorporating heuristic rules from network 

planners (in the knowledge base).  

An expert system can evolve into an ‘intelligent’ decision support system, also known as 

expert support system [73]. These systems are interactive computer-based system that 

help decision makers to identify and solve problems. Moreover, it offers insight into the 

consequences of certain design decisions, instead of only generating the best solution to a 

given problem (for the less expert user). As a result, these systems aim to aid human 

decision makers, rather than replacing them [73].  

                                                      

5 Other branches of artificial intelligence are e.g. artificial neural networks, fuzzy logic, and some me-
taheuristics. See also a list of artificial intelligence applications to power systems in [65]. 
6 Expert systems and knowledge-based systems are often used synonymously, however, expert systems 
are actually a category of knowledge-based systems. 
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3.5 Summary and conclusions 

This chapter addressed the third research question (see Section 1.4) by presenting an 

overview of various computational power system planning approaches as well as a list of 

major publications. It provides essential fundamentals and is helpful for anyone entering 

this research field. 

The focus of the planning approaches can best be distinguished by physical structure and 

the implication of time. Furthermore, many solution methods are based on optimization 

techniques. It is shown that for different types of mathematical models there are different 

optimization algorithms. Guided by computer science innovations and new optimization 

techniques, many planning optimization approaches have been developed from the 

scientific point of view [7]. These studies show that power system planning optimization 

problems are in general multi-stage, non-linear and multi-objective.  

This also holds for the scope of this thesis, MV-D network planning, which is 

computationally challenging ‘to solve’ for real-world networks in a dynamic way (i.e. 

considering optimal investment paths) with a long-term planning horizon. Moreover, 

future MV-D network planning needs to deal with increasing uncertainties and new (smart 

grid) planning options, which substantially increase the number of possible network 

expansion alternatives. It is, therefore, necessary to employ an efficient optimization 

technique. Metaheuristic methods are promising candidates for this purpose [30] since 

they can handle large problems much more efficiently, allowing precise modeling of the 

optimization problem, whereas exact optimization methods achieve mathematical 

optimality but may need to sacrifice modeling accuracy, providing sub-optimal solutions 

from a practical perspective [25]. 

On the other hand, there are also knowledge-based planning approaches based on 

knowledge and analytical rules defined by experts. An expert system, for example, is a 

useful approach to translate expert knowledge into a computational planning tool. This 

approach does not necessarily find optimal solutions, but can guarantee practically-

relevant planning solutions by properly integrating expert knowledge and rules. This 

approach coincides with the current network planning process, which is also quite 

standardized and rule-based.  

The remainder of this thesis will work out an expert system approach and a metaheuristics 

approach for the computational capacity planning of MV-D networks. The expert system 

approach is applied to support the current planning process and to find network 

expansions for current planning problems (Chapter 5). A metaheuristic approach is used 

to find optimal expansion plans for long-term planning horizons (Chapter 6) and to 

integrate ‘smart grid’ options in a computational planning approach (Chapter 7). First of 

all, Chapter 4 specifies the fundamental building blocks needed for computational MV-D 

network planning.  
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CHAPTER 4 

4. Fundamentals of MV-D network 
planning problem formulation 

4.1 Introduction 

The process of network planning involves decision making about where, when, and which 

type of assets should be installed to ensure a sustainable, reliable and affordable electric 

energy supply. Computational capacity planning approaches require a careful formulation 

of this planning problem to find realistic and applicable network expansion plans. 

Therefore, this chapter addresses the fourth research question (see Section 1.4) and 

specifies essential building blocks for the computational planning approaches in the 

following chapters. The focus is on the planning of ring-shaped Medium Voltage 

Distribution (MV-D) networks which are radially operated and consist mainly of 

underground power cables. This corresponds to the Dutch network situation as well as to 

other West-European distribution networks [4], [5], [6]. Besides, the formulated planning 

principles and proposed evaluation methods are more generally applicable.  

Section 4.2 defines the expansion strategies to solve or to prevent capacity and voltage 

bottlenecks in MV-D networks, based on practically relevant requirements and practices. 

The design criteria for MV-D networks are specified in Section 4.3 while Section 4.4 

presents methods to evaluate them. Section 4.5 formulates multiple planning objectives 

and evaluation criteria in order to rank and select candidate network expansions. Finally, 

an overview of the network planning problem formulation is given in the concluding 

summary section.  
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4.2 Practical expansion options of MV-D networks 

To find practical applicable expansion plans, it is important to identify realistic expansion 

options. Therefore, this section presents expansion options for reconfigurable MV-D 

networks which originate from network planning practice. The expansion of two network 

levels is considered: MV/LV transformer level and MV-D network level (see Figure 4.1 in 

next section). The traditional expansion strategy is to increase the capacity of the grid by 

adding or replacing assets (e.g. cables and transformers). The increase of capacity comes 

in discrete steps whose size depends on the type of assets. The available assets types are 

in general standardized and the ones in Table 4.1 and Table 4.2 are typical for Dutch 

DNOs.  

4.2.1 Expansion options at MV/LV transformer level7 

The LV networks are connected to the MV-D networks by means of MV/LV transformer 

substations. These substations are in general (compact or accessible) cabinets consisting 

of:  

- A compact switchgear unit, also known as Ring Main Unit (RMU), with 2 or more 

MV cable connections and 1 transformer connection protected with an MV fuse. 

- An MV/LV transformer with a maximum capacity of 630 kVA. 

- An LV busbar with 6-12 outgoing LV cable bays. 

The capacity of such substations is determined by the rated capacity of the MV/LV 

transformer. Therefore, the expansion of MV/LV transformers substations is in practice a 

straightforward process: existing transformers (< 630 kVA) that become overloaded are 

replaced by a transformer with a higher capacity (option A in Figure 4.1). Transformers 

that are replaced and that not have reached the end of their lifetime can be reused 

elsewhere in the service area of the DNO. An additional MV/LV transformer substation is 

installed, when the required capacity is higher than 630 kVA. Table 4.1 presents the newly 

available MV/LV transformers which are nationally standardized [5]. 

Table 4.1: Parameters of standardized MV/LV transformers†. 

Nominal Capacity 

𝑆𝑛𝑜𝑚   [kVA] 

Nominal load losses 

𝑃𝑙𝑜𝑎𝑑 𝑙𝑜𝑠𝑠   [kW] 

Nominal no load losses 

𝑃𝑛𝑜 𝑙𝑜𝑎𝑑 𝑙𝑜𝑠𝑠  [kW] 

100 1.350 0.190 

160 1.905 0.260 

250 2.640 0.365 

400 3.750 0.515 

630 5.200 0.745 

† 10 kV/0.4 kV transformers, oil-filled and of the passive cooling type ONAN (Oil Natural Air Natural) 

                                                      

7 Conform the guidelines of Dutch DNO Enexis; comparable to other national DNOs. 
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Figure 4.1: Typical topology of reconfigurable MV-D networks, including expansion options. 

4.2.2 Expansion options at MV-D network level 

Solving bottlenecks in MV-D networks mainly result in the addition or replacement of 

cables to increase the capacity of the network. However, this is much less straightforward 

than the expansion of MV/LV transformer substations. 

Figure 4.1 illustrates the possible expansion options in a typical MV-D ring (radially 

operated). Practical solutions to solve bottlenecks in MV-D networks are: 

- Replace a cable one-by-one with a cable of higher capacity (option 1 in Figure 4.1) 

- Add a new cable to the ring, e.g. half-way the upper feeder (options 2), or half-way 

the ring (options 3). This results in a significant increase in capacity.  

- Connect the ring by a new cable with neighboring MV-D networks or a (new) MV-

T substation (option 4). 

- Network reconfiguration, i.e. moving Normally Open Points (NOP) to redistribute 

the loading of feeders. This might be an option in highly meshed MV-D networks, 

although it is mainly a temporarily solution from long-term planning point of view. 
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- Transferring MV/LV transformer substations or MV customer substations to 

nearby feeders. Substations with high demand or significant DG are in some cases 

‘cut out’ from highly loaded feeders and connected to (new) feeders belonging to a 

different feeder group8. This option is applied less frequently and only in very 

specific cases. 

Therefore, the replacement and addition of cables are primarily considered as expansion 

options on MV-D network level. Some additional practical considerations of these 

expansion options are described in Table 4.3. The characteristics of the available MV 

cables are listed in Table 4.2. This list of cables corresponds to the standardized and 

commonly applied MV cable types.  

Table 4.2: Parameters of standardized MV cables†. 

Cable type 

 

𝑹  

[Ω/km] 

𝑿  

[Ω/km] 

𝑪  

[µF/km] 

150 mm2 , three core 0.20858 0.09592 0.38330 

240 mm2 , three core 0,13079 0.09066 0.45184 

240 mm2 , single core 0.13517 0.10823 0.43553 

400 mm2 , single core 0.08077 0.09972 0.53440 

630 mm2 , single core 0.05110 0.09272 0.64103 

† 10kV aluminum cables, cross-linked polyethylene (XLPE). Same types are generally used for other MVs. 

Table 4.3: Practical considerations of MV-D network expansion options. 

Expansion option: Practical considerations: 

Replacing an MV-D cable Cables have a long lifetime and therefore it is in most cases 
inefficient to remove cables (i.e. capacity) from the network. 
However, many historically grown feeder groups consists of cables 
with various diameters. As a result, old cable connections / segments 
with small cross-sectional areas (≤ 35 mm2) are replaced in practice 
with cables in Table 4.2. 

Adding an MV-D cable Adding new cable connections change the topology of MV-D 
networks. Consequently, new NOPs should be placed to guarantee 
radial operation. Furthermore, existing switchgear units need to be 
expanded to connect new cables. Moreover, due to protection 
reasons, it is not allowed to create parallel connections or subrings 
(i.e. connecting 2 substations within an existing feeder group). 

4.2.3 Automated estimation of cable lengths9 

It is important to estimate the length of new cables for the cost evaluation of an expansion 

option and to establish the impedances of new cable branches. The expansion options in 

Section 4.2.2 determine the (allowed) topological connection of substations with cable 

                                                      

8 See Section 2.3 for a definition and example of a feeder group. 
9 This section is partly based on the work in [74]. 
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branches. However, the actual length of the cable is dependent on the geographical cable 

route.  

Ideally, the cable route between two substations should be chosen as short as possible 

since this results in less losses, decreased probability of failures, and presumably lower 

total installation costs. On the other hand, routing options are limited by practical 

considerations. Cables are generally placed in the public domain along roads and viaducts 

to make them easily accessible in case of failures. This means that the Euclidean distance 

(i.e. straight line distance) between two substations is seldom a good estimate for the cable 

length (Chapter 13, [4]). 

Nowadays, network planners estimate new cable routes manually by means of 

geographical information systems and mapping software. Cable routes are drawn virtually 

next to roads to determine the cable length. This gives network planners the opportunity 

to identify possible obstacles (e.g. dikes, waterways and railways) and assess quickly if a 

shortcut via soil drilling is a viable alternative compared to a (long) detoured cable route. 

However, this cable length estimation process is quite cumbersome as it should be 

repeated for every candidate cable connection. Furthermore, it may lead to inconsistent 

estimations as it depends on the skills and experience of the network planner. This pleads 

for an automated estimation of branch lengths which is also inherently required in 

computational planning tools. 

The planning approaches in this thesis automatically estimate the length of new cable 

connections based on the combination of two methods: the ‘taxicab travel distance 

measure’ and a ‘route planner estimation’ [74]. The cable length between two substations 

is estimated with the shortest-path mode of a route planner and limited by twice the 

taxicab travel distance. In case of replacing a cable, it is assumed that the length of the new 

cable is the same as the length of the replaced cable, which is a reasonable assumption, as 

the replacement cable is often installed in the same ditch as the old one.  

4.3 MV-D network design criteria 

The (expanded) MV-D network needs to be evaluated for technical requirements to ensure 

a safe and reliable electricity supply while excessive ageing of assets is prevented. This 

section defines the maximum allowable loadings of MV assets and voltage limits conform 

the guidelines of Enexis. The criteria are mainly based on (inter)national standards and 

are comparable to other Dutch as well as foreign DNOs.  

A difference in limits is made between normal operation and contingency situations (i.e. 

reconfigured operation). Furthermore, additional requirements are specified for MV-D 

networks with distributed generation. 
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4.3.1 Maximum allowable loading of MV cables and MV/LV 

transformers 

The maximum allowable loading of electric components is linked to their lifetime [4], 

where the component temperature forms the connection between the two. The transport 

of electric power through a component coincides with some energy dissipation which 

increases the temperature of the component. The resulting heat induces and accelerates 

chemical processes, and when these are prolonged, they cause deterioration of insulation 

strength and eventually a short circuit resulting in the (permanent) failure of a component 

[4]. Higher loadings, and thus temperatures, result in accelerated ageing and therefore 

earlier failure of electrical components. Consequently, the temperature of MV assets 

should be kept below a certain maximum value by avoiding prolonged high component 

loadings. 

Temperature limits of MV/LV transformers: 

There are in general two types of distribution transformers (≤ 2500 kVA): oil-filled and 

dry-type transformers. Due to economic reasons, all transformers at MV/LV transformer 

substations are oil filled and of the passive cooling type ONAN (Oil Natural Air Natural).  

Transformer windings are isolated by paper and the surrounded oil transfers the heat 

towards the outside of the transformer. Increased temperatures in transformers can 

change the moisture and gas content in the insulation and in the oil. This leads to gas 

bubbles with the risk of dielectric strength reduction and accelerated ageing of insulation 

materials [75]. These bubbles are likely to occur when the hottest part of the windings in 

a transformer, the hot-spot temperature, exceeds 140 °C [75]. This should be avoided and 

thus the hot-spot temperature represents the most important limiting factor for the 

transformer loading. Reference [75] provides a model to calculate the hot-spot 

temperature of a transformer under dynamic loading and relates this temperature to a 

relative value for the rate of thermal ageing.  

MV/LV transformers generally have a cyclic loading and can cool down during the low 

load periods. As a results, the peak power 𝑆𝑝𝑒𝑎𝑘 of a specific load profile can become higher 

than the nominal capacity of the transformer 𝑆𝑛𝑜𝑚 without exceeding the maximum hot 

spot temperature. This can be expressed as: 

𝑆𝑝𝑒𝑎𝑘 =  𝐷 ⋅ 𝑆𝑛𝑜𝑚 (4.1) 

where 𝐷  is the allowed (over)loading factor. Enexis allows a 𝐷  of 1.2 for their MV/LV 

transformers (see also Table 4.4). This is based on a conservative residential day profile 

and a maximum allowed hot-spot temperature which relates to nominal ageing. 

Furthermore, since all transformers are located inside cabinets, higher ambient 

temperatures representing summer conditions are taken into account.  
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Temperature limits of underground MV cables: 

The maximum allowable temperature of underground cables depends on the type of cable 

and the surrounding environment (i.e. soil properties). There are mainly two types of 

cables present in Dutch MV networks: Paper Insulated Lead Covered (PILC) cable and the 

currently standard applied cross-linked polyethylene (XLPE) cable. A PILC type is allowed 

to have a maximum conductor temperature of 50°C [76], whereas XLPE cables can 

withstand 90°C [77]. However, the maximum allowable cable loading is limited by the 

occurrence of soil dehydration [78]. If the soil around a buried cable gets dehydrated, it 

can lead to a permanent change of soil properties that increases its thermal resistance and 

thus reduces the heat conduction. This should be prevented. For the types of soil present 

in The Netherlands, dehydration is assumed to occur at an outer cable sheath temperature 

of 45ºC [76], [78]. Consequently, maximum cable ratings for both PILC and XLPE cables 

need to be chosen in such a way that the outer cable sheath temperature does not exceed 

this value.  

In this thesis, the present maximum allowable cable loadings of Enexis are adopted (see 

Table 4.4). There is a difference in limits between normal operation and emergency 

situations. The limits are based on the (inter)national standards [76], [77], [79], [80] and 

the method in [78]. Besides the soil properties, the method in [78] also includes the cyclic 

loading of MV cables and the resulting thermal dynamic behavior. Due to the cyclic 

loading and long thermal time constants [78], a higher loading is allowed during 

emergency situations (for a maximal duration of 72 hours) without dehydrating the soil. 

Table 4.4: Maximum allowable loadings of MV assets and voltage limits for normal operation and 

contingency situations. 

Design criteria Limits 

Loading of MV-D cable under normal operation |𝐼| ≤ 𝐼𝑛𝑜𝑚 

Loading of MV-D cable under contingency situations* |𝐼| ≤ 1.3 ∙ 𝐼𝑛𝑜𝑚 

Voltage magnitude |𝑉| in p.u. at substations/buses under normal operation 0.9 ≤ |𝑉| ≤ 1.1 

Loading of MV/LV transformer 𝑆 ≤ 1.2 ∙ 𝑆𝑛𝑜𝑚 

4.3.2 Constraint evaluation for normal operation and 

contingency situations 

In a normal network configuration, see e.g. Figure 4.1, the MV-D network is split into 

radial parts by NOPs in such way that the load is distributed over different feeders and the 

energy losses are minimized. Power Flow Calculations (PFCs) are used to check if the 

voltage at each bus, and the current through each branch, stay within the specified normal 

operation limits of Table 4.4. The applied power flow methods in this thesis are presented 

in Section 4.4. 
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An MV-D network will be reconfigured (i.e. moving NOPs) in situations of emergency, or 

to allow maintenance, by isolating certain branches or network parts. Consequently, loads 

are differently distributed over the feeders in a reconfigured state. This requires a 

reconfigurability check to evaluate different reconfiguration states and verify if the MV-D 

network branches have sufficient capacity to carry the additional loads. In the stylistic MV-

D network of Figure 4.1, there are in general two worst case reconfiguration states. This is 

when the first branch of the upper or the lower feeder is out of operation. The total load of 

the ring needs then to be carried by a single feeder. However, this not so trivial in more 

meshed network structures with multiple reconfiguration possibilities and various cable 

capacities. Therefore, DNOs apply a brute-force approach which evaluate all possible 

outages of MV-D branches.  

It should be noted that for most networks there are multiple reconfiguration options for a 

single outage. However, DNOs prescribe different criteria for the number of allowed 

switching actions required to restore supply10. The most conservative criterion is one 

switching action. This requires branches to have the highest spare capacity for contingency 

situations. However, most DNOs allow multiple switching actions (e.g. 2, 3 or 4) in the 

design of reconfigurable MV-D networks. This complicates the procedure of the 

reconfigurability check and requires multiple PFCs for the evaluation of a single outage. It 

becomes computationally demanding to evaluate all possible outages and multiple 

switching options per outage, especially if the network size increases. Therefore, the brute-

force reconfigurability check in this thesis is modelled by first closing all NOPs to resemble 

multiple switching actions. Then a failure for each (cable) branch is simulated, a PFC is 

performed, and the allowable loading of all cables (see Table 4.4) is checked. The number 

of PFCs for a reconfigurability check equals then the number of MV-D branches in a 

network, whereas the normal operation check only requires one PFC for a certain (peak) 

moment in time. 

4.3.3 Networks with distributed generation 

MV-D networks with Distributed Generation (DG) require an additional check due to the 

peak-load approach used in practice [13], [81] (see Section 4.3.3). The DNO’s goal is to 

find the highest (worst-case) possible loadings of MV-D branches and the upper and lower 

level of the voltage band. It requires the evaluation of two network states: 

 Dominance of load (load: 100%, generation 0%) 

 Dominance of DG (load: 25%11, generation 100%) 

These percentages imply that all present load/generators in the MV-D network are 

changed accordingly. Furthermore, both states should be checked for normal operation 

                                                      

10 One switching action is the closing of a NOP after the isolation of a failed branch. 
11 This criterion is used since there is always a (minimal) load situation in MV-D networks. It is based 
on empirical data. 
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and contingency situations. Although these situations are extremes, measurements have 

shown that they do occur in cases where DG is connected to the MV-D network 12 . 

Consequently, these extremes determine the required capacity of MV-D networks. 

4.4 Power flow methods 

Power Flow Calculations (PFCs) are used to check the power flows and voltages of the 

(expanded) MV-D network for normal operation and emergency situations. Power flow 

theory is abundantly described in literature, e.g. in [82], [83]. Therefore, this section only 

briefly describes the fundamentals of the AC power flow problem and the well-known 

Newton Raphson solution method. Furthermore, an approximation method is presented 

which is applied for the first time in MV-D networks to rapidly evaluate the 

reconfigurability capacity of an MV-D network. 

4.4.1 Newton-Raphson AC power flow 

Steady-state power flow analysis for the type of MV-D networks in this thesis is based on 

a single-line diagram representation [4], [5]. This is due to a three-phase symmetrical 

network construction and it can be assumed that the loads are sufficiently balanced at this 

network level [5]. As a result, single-phase power flow methods can be applied.  

The power flow (or load flow, as commonly named in Europe) problem is the computation 

of the voltage magnitude and angle at each bus for given operating conditions. The power 

flow problem is described as a set of non-linear equations [83]: 

𝑃𝑖 =∑|𝑉𝑖||𝑉𝑗|[𝐺𝑖𝑗 𝑐𝑜𝑠(𝛿𝑖 − 𝛿𝑗) + 𝐵𝑖𝑗𝑠𝑖𝑛(𝛿𝑖 − 𝛿𝑗)]

𝑁

𝑗=1

 

𝑄𝑖 =∑|𝑉𝑖||𝑉𝑗|[𝐺𝑖𝑗 𝑠𝑖𝑛(𝛿𝑖 − 𝛿𝑗) − 𝐵𝑖𝑗𝑐𝑜𝑠(𝛿𝑖 − 𝛿𝑗)]

𝑁

𝑗=1

 

(4.2) 

where,  𝑃𝑖 = injected active power at bus 𝑖 

 𝑄𝑖 = injected reactive power at bus 𝑖 

 𝐺𝑖𝑗 = real part of the admittance matrix element 𝑌𝑖𝑗 (i.e. 𝑌𝑖𝑗 = 𝐺𝑖𝑗 + 𝑗𝐵𝑖𝑗) 

 𝐵𝑖𝑗 = imaginary part of the admittance matrix element 𝑌𝑖𝑗 

 |𝑉𝑖|, |𝑉𝑗| = voltage magnitude at buses 𝑖 and 𝑗, respectively 

 𝛿𝑖, δj  = voltage phase angle at buses 𝑖 and 𝑗, respectively 

 𝑁 = number of buses 

                                                      

12 For example, several wind turbines or combined heat and power systems at horticulture areas can be 
present in MV-D rings; up to generation capacities of 2 MVA. Even larger concentrations of DG are 
connected to dedicated networks, mostly with a higher voltage levels [3]. 
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The injected power at each bus 𝑖 is a function of the voltage magnitude and angle at all 

buses connected with bus 𝑖  in the network. The computation of the bus voltages is 

therefore characteristic for the power flow problem. The power flow problem is solved if 

the computed voltages are inserted in Equation (4.2) such that the injected power is equal 

to the specified power. The AC power flow problem can be solved with iterative techniques 

like the commonly used Newton-Raphson method. The Newton-Raphson method relies 

on repeatedly linearizing the non-linear power flow equations with the Jacobian matrix 

for small changes in voltage angles and magnitudes [82]. This method has quadratic 

convergence when the initial condition is close enough to the solution and the computing 

time increases linearly with system size [84]. Although this method is widely accepted as 

most accurate, there are three properties which must be taken into account: 1.) 

convergence is not guaranteed, 2.) solutions can be difficult to find for ill-conditioned 

cases and 3.) computation of the Jacobian matrix at each iteration is computationally 

expensive [82], [83]. 

The Newton-Raphson AC power flow is applicable in radial and meshed MV-D networks. 

In terms of speed, it is relatively slow. Alternative and faster iterative PFMs exists such as 

fast decoupled power flow methods [85], [86], and backward/forward sweep methods 

[87], [88]. However, specific variants of these methods would be required to deal with 

meshed distribution networks. These methods are considered beyond the scope of this 

thesis. The Newton-Raphson AC power flow is abundantly available in commercial power 

simulation software or in academic simulation tools like MATPOWER [89], which is a 

power system simulation package for MATLAB [90]. 

4.4.2 Line Outage Distribution Factors 

The technical evaluation of a single expansion plan already involves numerous PFCs, 

especially due to the reconfigurability check (see Section 4.3.2). An iterative power flow 

method, like the Newton-Raphson AC power flow, is relatively computationally expensive 

when many expansion plans need to be evaluated. This is for example the case with 

automated network planning optimization processes which may easily require the 

evaluation of hundreds of thousands of candidate expansion plans (see Chapter 6). 

In situations where many PFCs have to be made for reconfigurable MV-D networks, it is 

an option to apply the Line Outage Distribution Factor (LODF) method [91], [92]. It is 

found in [91] and [92] that LODFs can be used for reconfigurability checks in MV-D 

networks (with an acceptable accuracy) to significantly speed up the total evaluation time 

in the planning process.  

LODFs are linear approximations of the sensitivity of power flows with respect to branch 

outages and can provide very fast contingency screening. LODFs are normally applied in 

reliability applications at transmission networks for the rapid assessment of line outage 

impacts [93]. LODFs are derived from Power Transfer Distribution Factors (PTDFs). 

PTDFs correspond to the sensitivity of power flows on branches caused by a change in 
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active power at an arbitrary bus. Computation of LODFs and PTDFs is described in [93], 

[94], [95], [96]. These factors are derived from the linear DC power flow model13 [97] and 

are computed based on the network parameters and topology.  

The extent to which branch 𝑘 is sensitive for branch 𝑙 is indicated with a LODF, noted as 

𝑑𝑘𝑙  [94]. When LODFs are once computed, the post-contingency power flows can be 

calculated with just one base-point power flow. Assume branch 𝑙 fails while 𝑓𝑘
0 and 𝑓𝑙

0 are 

respectively the pre-contingency power flow through branch 𝑘  and 𝑙 . The post-

contingency power flow 𝑓𝑘
𝑐 through branch 𝑘 can then be computed directly with [83]:  

𝑓𝑘
𝑐 = 𝑓𝑘

0 + 𝑑𝑘𝑙𝑓𝑙
0 (4.3) 

As long as the topology does not change, the LODFs remain the same and they can be used 

repeatedly and rapidly to assess all possible outages (without performing new PFCs). This 

LODF method has therefore a high potential to speed up the reconfigurability check since 

it is not necessary to perform a PFC for each branch outage. The LODF method requires 

one pre-contingency power flow, the computation of a matrix with all LODFs, and the 

calculation of power flows in different contingency situations with (4.3). Figure 4.2 shows 

a block diagram of this procedure in MATPOWER [89]. Several MATPOWER functions 

are available to calculate the LODF matrix and the pre-contingency power flows.  

One should realize that the LODF method is an approximation method and thus a certain 

error is introduced. The accuracy of 𝑓𝑘
𝑐 in MV-D networks depends strongly on the base-

point power flow solution [91]. An AC power flow as base-point (to approximate apparent 

power flow 𝑆) results in the most accurate branch loading calculations [91]. An extensive 

speed and accuracy analysis of LODFs applied to MV-D networks can be found in [92]. It 

was concluded that the LODF method is applicable to evaluate the reconfiguration 

capacity of MV-D networks with apparent power flow errors of maximally ±6% for high 

loaded branches14. Depending on the network size, a reconfigurability check with LODFs 

can be tens of times faster than Newton-Raphson AC power flows for each branch outage.  

                                                      

13 The DC power flow model is a simplification and linearization of the AC power flow model. The model 
can be solved efficiently and requires no iterations However, its solutions are inherently approximate 
and are case-dependent [84], [91], [92], [97], [121]. 
14 The LODF method can be used satisfactorily in MV-D network planning since other sources of inac-
curacies are bigger than the error caused by the power flow simplifications [92]. These other sources of 
inaccuracies are a result of input uncertainties (e.g. measurement errors) which affect the output of a 
PFC, independent of the applied power flow method. 
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Figure 4.2: Block diagram of the LODF procedure to calculate post-contingency power flows with 

the available MATPOWER functions. 

4.5 Network planning objectives 

DNOs would like to consider one or more desired objectives to select the best feasible 

expansion plan. This section describes three main criteria which DNOs (can) use to 

evaluate and compare the performance of different expansion plans. There are different 

methods to handle multiple objectives (see also Section 3.3.2). A commonly applied 

approach to evaluate multiple objectives is aggregation of all (non-financial) criteria into 

a single cost function by means of monetization. Therefore, cost methodologies to apply 

this aggregation approach are also included in this section. 

4.5.1 Technical energy losses 

Minimizing the energy losses in networks is important from a sustainable and financial 

point of view. Technical energy losses 15  depend in general on the network structure, 

network loading, and type of asset. They are typically divided into load dependent losses 

(load losses) and load independent losses (no-load losses). The load losses represent in 

general the resistive losses in cable conductors and transformer windings. No-load losses 

are mainly present in transformers and are a results of hysteresis and eddy current effects 

                                                      

15 Administrative energy losses (e.g. metering errors, fraud) are not relevant in network planning. 
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in the magnetic circuit (iron core) of the transformer. Dielectric losses in the insulation of 

cables, and corona losses in overhead lines, are technically and economically negligible for 

the planning of distribution networks [98].  

The annual load losses are usually estimated by DNOs using the peak loading of assets and 

an assumed annual load profile [2], [5], [99]. The peak loading of assets follows from the 

PFCs, and depending on the asset’s property, the accompanying peak loss 𝑃𝑝𝑒𝑎𝑘 𝑙𝑜𝑠𝑠 can be 

determined. For transformers and cable connections this is usually calculated with: 

𝑃𝑝𝑒𝑎𝑘 𝑙𝑜𝑠𝑠 = {
 (
𝑆𝑝𝑒𝑎𝑘
𝑆𝑛𝑜𝑚

)
2

∙ 𝑃𝑙𝑜𝑎𝑑 𝑙𝑜𝑠𝑠 𝑓𝑜𝑟 𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟𝑠

 3 ∙ 𝐼𝑝𝑒𝑎𝑘
2 ∙ 𝑅 𝑓𝑜𝑟 𝑐𝑎𝑏𝑙𝑒 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠

 (4.4) 

where 𝑆𝑝𝑒𝑎𝑘  is the peak loading of the transformer and 𝑃𝑙𝑜𝑎𝑑 𝑙𝑜𝑠𝑠  are the nominal losses 

when the transformer is loaded with 𝑆𝑛𝑜𝑚 (see Table 4.1). 𝑆𝑝𝑒𝑎𝑘 𝑆𝑛𝑜𝑚⁄  is also known as the 

utilization factor of the transformer [5]. Furthermore, 𝐼𝑝𝑒𝑎𝑘 is the peak loading of the cable 

and 𝑅 its total resistance (Table 4.2). The loss duration of 𝑃𝑝𝑒𝑎𝑘 𝑙𝑜𝑠𝑠 for a year, the so-called 

service time of the peak loss, 𝑇𝑝𝑒𝑎𝑘 𝑙𝑜𝑠𝑠, is defined by the area of the annual energy loss 

profile. This energy loss profile is quadratic related to the annual load profile of the asset 

[5], [100]. No-load losses occur during operation of the asset. Therefore, the service time 

of the no-load losses equals the operational hours of the asset, 𝑇𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛 , which is in 

general 8760 hours per year. The no-load losses 𝑃𝑛𝑜 𝑙𝑜𝑎𝑑 𝑙𝑜𝑠𝑠 of transformers can be found 

in Table 4.2 and it is usually assumed that they are constant (i.e. independent of voltage 

and/or frequency variations). In conclusion, the energy losses for asset 𝑎 in year 𝑡 can be 

estimated with:  

𝐸𝑙𝑜𝑠𝑠(𝑎, 𝑡)= 

{
 𝑃𝑝𝑒𝑎𝑘 𝑙𝑜𝑠𝑠(𝑎, 𝑡) ∙ 𝑇𝑝𝑒𝑎𝑘 𝑙𝑜𝑠𝑠(𝑎, 𝑡) + 𝑃𝑛𝑜 𝑙𝑜𝑎𝑑 𝑙𝑜𝑠𝑠(𝑎) ∙ 𝑇𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛 𝑖𝑓 𝑎 =  𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟

 𝑃𝑝𝑒𝑎𝑘 𝑙𝑜𝑠𝑠(𝑎, 𝑡) ∙ 𝑇𝑝𝑒𝑎𝑘 𝑙𝑜𝑠𝑠(𝑎, 𝑡) 𝑖𝑓 𝑎 =  𝑐𝑎𝑏𝑙𝑒
 

(4.5) 

Energy losses need to be compensated and purchased by DNOs and thus represent 

indirectly annual costs (for society). Consequently, capitalization of energy losses is 

applied for financial network planning analyses and function as operational expenditure 

(OPEX). The cost of energy losses for asset 𝑎 in year 𝑡 is then given by: 

𝐶𝑜𝑠𝑡𝑙𝑜𝑠𝑠(𝑎, 𝑡) = 𝐸𝑙𝑜𝑠𝑠(𝑎, 𝑡)  ∙ 𝑃𝑟𝑖𝑐𝑒𝑒𝑙𝑒𝑐(𝑡) (4.6) 

where 𝑃𝑟𝑖𝑐𝑒𝑒𝑙𝑒𝑐(𝑡) is the price of electricity to be purchased by the DNO in year 𝑡. 
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4.5.2 Reliability (customer minutes lost)16 

Current design principles like the applied network topology and loading criteria already 

insure a certain (average) level of reliability. Nevertheless, the reliability of a network can 

be quantified to compare the impact of different network expansions. There are several 

indicators for measuring the reliability of supply [101]. In this thesis the total number of 

Customer Minutes Lost (CML) per year is used to quantify the reliability of an MV-D 

network. Dividing the total CML per year by the number of customers in the network 

results in the System Average Interruption Duration Index (SAIDI). SAIDI is often used 

by regulatory bodies to compare the performance of DNOs17. 

The reliability of an MV-D network is determined by the failure of a component and the 

restoration of a disconnected network section. The focus in MV-D network planning is on 

the failure of cable connections as this is the main expansion option which determines 

reliability differences between possible expansion plans. The length of cables and their 

topological position influences mainly the reliability of an MV-D network. Besides, failures 

occur rarely at RMUs and MV/LV transformers and they are needed any way. 

When a failure occurs on an MV-D cable, the circuit breaker of the feeder containing the 

failed cable would be triggered and the feeder (the part from MV-substation with circuit 

breaker to NOP) disconnects. Customers associated with buses connected by this feeder 

are temporarily out of service. The faulted section needs to be localized and isolated. After 

isolating the failed section, the circuit breaker of the feeder and NOPs can be closed to 

bring the network back to operation. Subsequently, the failed component in the isolated 

section can be repaired and eventually the network configuration is restored to its normal 

state.  

The number of failures in cable connection 𝑘 per year can be estimated as: 

𝑁𝑓𝑎𝑖𝑙𝑢𝑟𝑒𝑠(𝑘) = 𝜆𝑐𝑎𝑏𝑙𝑒(𝑘) ∙ 𝑙𝑐𝑎𝑏𝑙𝑒(𝑘) (4.7) 

where 𝜆𝑐𝑎𝑏𝑙𝑒(𝑘) is the annual failure rate of cable 𝑘  per kilometer, and ∙ 𝑙𝑐𝑎𝑏𝑙𝑒(𝑘)  is the 

length of cable 𝑘. The CML for cable 𝑘 per year is: 

𝐶𝑀𝐿𝑐𝑎𝑏𝑙𝑒(𝑘) = 𝑁𝑓𝑎𝑖𝑙𝑢𝑟𝑒𝑠(𝑘) ∙ 𝑁𝑐𝑢𝑠𝑡𝑜𝑚𝑒𝑟𝑠(𝑓𝑒𝑒𝑑𝑒𝑟(𝑘)) ∙ 𝑇𝑟𝑒𝑠𝑡𝑜𝑟𝑎𝑡𝑖𝑜𝑛(𝑓𝑒𝑒𝑑𝑒𝑟(𝑘)) (4.8) 

where 𝑓𝑒𝑒𝑑𝑒𝑟(𝑘) denotes the feeder containing the cable 𝑘, 𝑁𝑐𝑢𝑠𝑡𝑜𝑚𝑒𝑟𝑠(𝑓𝑒𝑒𝑑𝑒𝑟(𝑘)) is the 

number of customers connected to feeder 𝑓𝑒𝑒𝑑𝑒𝑟(𝑘) , and 𝑇𝑟𝑒𝑠𝑡𝑜𝑟𝑎𝑡𝑖𝑜𝑛(𝑓𝑒𝑒𝑑𝑒𝑟(𝑘)) is the 

average restoration time (in minutes) when cable 𝑘  fails in feeder 𝑓𝑒𝑒𝑑𝑒𝑟(𝑘) . This 

restoration time can be decomposed and estimated with: 

                                                      

16 This section is partly based on Section II.C.4 of [59]. 
17 The Energy Not Supplied (ENS) is sometimes also used as a performance indicator. ENS takes into 
account the (expected) load of customers and thus differentiate between ‘small’ and ‘large’ customers. 
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𝑇𝑟𝑒𝑠𝑡𝑜𝑟𝑎𝑡𝑖𝑜𝑛 = 𝑇𝑛𝑜𝑡𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 + 𝑇𝑟𝑒𝑝𝑎𝑖𝑟 𝑐𝑟𝑒𝑤 + 𝑇𝑙𝑜𝑐𝑎𝑙𝑖𝑧𝑒 + 𝑇𝑖𝑠𝑜𝑙𝑎𝑡𝑒 + 𝑇𝑝𝑜𝑤𝑒𝑟 𝑟𝑒𝑠𝑡𝑜𝑟𝑒 (4.9) 

where the restoration components are described in Table 4.5 including some example 

timings [5], [102], [103]. These durations are case and company specific, but they also 

depend on the level of remote sensing and controlling in the network [103]. In non-

automated cases, the localization of the fault is done manually by a repair crew who visit 

the substations of a faulted feeder according to a certain fault-search method [5]. As a 

result, 𝑇𝑙𝑜𝑐𝑎𝑙𝑖𝑧𝑒  has a relation with the number of substations connected to the feeder. 

Reference [102] include this dependency with some key figures to estimate the average 

restoration time in case of manual switching for an Enexis situation18: 

𝑇𝑟𝑒𝑠𝑡𝑜𝑟𝑎𝑡𝑖𝑜𝑛(𝑓𝑒𝑒𝑑𝑒𝑟(𝑘)) = 75 +
𝑁𝑠𝑢𝑏𝑠𝑡𝑎𝑡𝑖𝑜𝑛𝑠(𝑓𝑒𝑒𝑑𝑒𝑟(𝑘))

2
∙ 10 (4.10) 

where 𝑁𝑠𝑢𝑏𝑠𝑡𝑎𝑡𝑖𝑜𝑛𝑠(𝑓𝑒𝑒𝑑𝑒𝑟(𝑘))  is the number of substations (MV/LV transformer 

substations and MV customer substations) connected to the feeder 𝑓𝑒𝑒𝑑𝑒𝑟(𝑘). Finally, the 

total CML for an MV-D network in year 𝑡 can be estimated by calculating the effect of a 

failure for each cable:  

𝐶𝑀𝐿(𝑡) = ∑ 𝐶𝑀𝐿𝑐𝑎𝑏𝑙𝑒(𝑘, 𝑡)

𝑁𝑐𝑎𝑏𝑙𝑒𝑠

𝑘=1

 (4.11) 

where 𝑁𝑐𝑎𝑏𝑙𝑒𝑠 is the total number of cable connections. 

Each outage represents costs for the DNO. For instance, an interruption results in repair 

costs and other associated costs. In the Dutch case, customers also need to be financially 

compensated for the occurred CML (after a certain outage duration). Furthermore, the 

average CML per customer per year (SAIDI) is a key performance indicator for DNOs and 

may influence the DNO’s income19. On the other hand, interruptions also result in social 

economic costs like lost production, spoilage of food or raw materials, lost revenues, etc. 

[101]. In either way, CML represent an economic value which can be capitalized (see also 

[102], [104]) to determine the costs for CML in year 𝑡: 

𝐶𝑜𝑠𝑡𝐶𝑀𝐿(𝑡) =  𝐶𝑀𝐿(𝑡) ∙  𝑃𝑟𝑖𝑐𝑒𝐶𝑀𝐿(𝑡) (4.12) 

where 𝑃𝑟𝑖𝑐𝑒𝐶𝑀𝐿(𝑡) is the average price per CML in year 𝑡 which resemble (part of) the costs 

mentioned above. 

 

                                                      

18 These key figures change in case of automated fault detection and distance-controlled switching [102]. 
19 That means the network tariffs that a DNO is allowed to charge to its customers. A lower income might 
be the case if the DNO has a structural higher SAIDI compared to the average SAIDI of all national 
DNOs. The tariffs are determined by the Dutch regulator, Autoriteit Consument & Markt: www.acm.nl. 
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Table 4.5: Restoration actions with example timings for restoring (manually) MV-D network faults. 

Restoration action Example timings 

𝑇𝑛𝑜𝑡𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 Notification of service interruption by control room 2 minutes 

𝑇𝑟𝑒𝑝𝑎𝑖𝑟 𝑐𝑟𝑒𝑤 Activation and transportation of repair crew 38 minutes 

𝑇𝑙𝑜𝑐𝑎𝑙𝑖𝑧𝑒 Localization of faulted section or component 10 minutes per substation 

𝑇𝑖𝑠𝑜𝑙𝑎𝑡𝑒 Isolation of faulted section or component 15 minutes 

𝑇𝑝𝑜𝑤𝑒𝑟 𝑟𝑒𝑠𝑡𝑜𝑟𝑒 Restore power by switching of circuit breaker, closing of NOPs 
and/or connecting emergency generators  

20 minutes 

4.5.3 Asset costs and cost methodology 

Economic aspects must be considered in network planning to compare different 

alternatives and scenarios. The methods of Net Present Value (NPV) and annuities are 

used in this thesis to include the time value of money and to compare future investments.  

Replacement or addition of assets results in capital expenditure (CAPEX) costs which 

include all the associated costs till operation (e.g. installation and replacement costs). 

Assets like MV cables and MV/LV transformers have long lifetimes and need to be 

capitalized (i.e. spread the cost over the life of the asset) instead of treating it is as a single 

expense in year 𝑡. The annuities method is used to convert the CAPEX of an asset into a 

series of uniform annual payments [22], [81], [105]. The length of this series equals the 

economic lifetime of the asset 𝑇𝑙𝑖𝑓𝑒. The annuity (i.e. annual payment) of asset 𝑎 can be 

determined with: 

𝐴𝑁𝑎𝑠𝑠𝑒𝑡(𝑎) = 𝐶𝐴𝑃𝐸𝑋𝑎𝑠𝑠𝑒𝑡(𝑎) ∙
𝑖

1 − (1 + 𝑖)−𝑇𝑙𝑖𝑓𝑒(𝑎)
 (4.13) 

where 𝑖 is the assumed discount rate in the scenario’s time horizon and 𝐶𝐴𝑃𝐸𝑋𝑎𝑠𝑠𝑒𝑡(𝑎) is 

the CAPEX of asset 𝑎. Notice that the NPV of the series of payments is exactly equal to the 

asset’s initial CAPEX: 

𝐶𝐴𝑃𝐸𝑋𝑎𝑠𝑠𝑒𝑡(𝑎) = ∑
𝐴𝑁𝑎𝑠𝑠𝑒𝑡(𝑎)

(1 + 𝑖)𝑡

𝑇𝑙𝑖𝑓𝑒(𝑎)

𝑡=1

 (4.14) 

The cost of asset 𝑎 in year 𝑡 becomes: 

𝐶𝑜𝑠𝑡𝑎𝑠𝑠𝑒𝑡(𝑎, 𝑡) = {
𝐴𝑁𝑎𝑠𝑠𝑒𝑡(𝑎) 𝑖𝑓  𝑡𝑖𝑛𝑠𝑡. ≤ 𝑡 < 𝑡𝑖𝑛𝑠𝑡. + 𝑇𝑙𝑖𝑓𝑒(𝑎)

0 𝑒𝑙𝑠𝑒
 (4.15) 

where 𝑡𝑖𝑛𝑠𝑡. is the year where asset 𝑎 is installed. The annuity series will be prematurely 

stopped if an asset is installed within the planning horizon, but is removed from the 

network before 𝑡𝑖𝑛𝑠𝑡. + 𝑇𝑙𝑖𝑓𝑒(𝑎). This can be the case for MV/LV transformer expansions 

where installed transformers can be replaced multiple times one-by-one within the 
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planning horizon. In practice, the replaced transformers with remaining lifetime are used 

elsewhere in a distribution network. As a result, the canceled annuities for a replaced asset 

with remaining life can also be seen as a residual value.  

The economic lifetime of MV cables and MV/LV transformers is assumed to be 30 years20. 

Due to these long lifetimes, a part of the investment costs may fall behind the planning 

horizon of a scenario. Nevertheless, compared to a single (lump-sum) expense in year 

𝑡𝑖𝑛𝑠𝑡., the annuities method is more reliable for comparing various investment options as 

well as comparing total costs between different scenarios. This makes the annuities 

method appropriate for scenario-based planning studies [105]. 

Eventually, the total costs of all years in the planning horizon is converted to a net present 

value with: 

𝑁𝑃𝑉 = ∑
𝐶𝑜𝑠𝑡𝑡𝑜𝑡𝑎𝑙(𝑡)

(1 + 𝑖)𝑡−𝑡0

𝑡ℎ𝑜𝑟𝑖𝑧𝑜𝑛

𝑡=𝑡0

 (4.16) 

where 𝐶𝑜𝑠𝑡𝑡𝑜𝑡𝑎𝑙(𝑡)  can be the summed annuities of all assets in year 𝑡  and/or the 

aggregated costs related to the capitalization of other criteria (e.g. losses and reliability). 

The NPV is used to compare feasible expansion plans. 

  

                                                      

20 The technical lifetime of these assets can be even higher, but the depreciation period is usually set to 
30 years for economic reasons.  
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4.6 Summary and conclusions 

This chapter addressed the fourth research question (see Section 1.4) by presenting 

essential building blocks and requirements for the (computational) capacity planning of 

MV-D networks. The problem formulation is summarized in Table 4.6. 

Expansion options are defined which originate from network planning practice in order 

to synthesize realistic and practically applicable planning solutions. These expansion 

options are considered to be the replacement or addition of MV cables and MV/LV 

transformers to increase the capacity of the network with discrete steps. The possible 

reinforcement options are limited by practical considerations, topological criteria and 

standardization of assets. Moreover, new cable connections require geographical 

information to determine the length of new cables. Using XY coordinates of substations, a 

route planner method is applied to estimate automatically the cable length between two 

substations. 

The (expanded) MV-D network needs to be evaluated for normal operation and 

contingency situations (i.e. reconfigured operation). Voltage limits are defined for these 

situations as well as maximum allowable loadings by taking into account the thermal 

dynamics and cyclic loading of assets. The design criteria are checked with PFCs. A normal 

operation check only requires one PFC to evaluate a certain (peak) moment in time, 

whereas a reconfigurability check requires a PFC for each MV-D branch since all 

reconfiguration states must be evaluated. The LODF method is applied for the first time 

in MV-D networks to speed up this computationally demanding reconfigurability check, 

with an acceptable accuracy. Depending on the network size, a reconfigurability check 

with LODFs can be tens of times faster. 

Furthermore, three main criteria are defined which DNOs (can) use to evaluate and 

compare the performance of different expansion plans. These criteria can be treated 

separately, or they can be aggregated into a single cost function. Capitalization, and a cost 

methodology based on NPV and annuities, are used for this. 

Table 4.6: Summary of MV-D network planning problem. 

Decision variables Adding or replacing of MV cables  

Adding or replacing of MV/LV transformers  

Constraints Topological constraints 

Normal operation constraints 

Reconfigurability constraint 

Distributed generation constraint  

Objectives Energy losses:  minimization of no-load and load losses 

Reliability:  minimization of customer minutes lost 

Costs:  minimization of asset investments 
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CHAPTER 5 

5. Computational capacity planning 
using expert systems 

5.1 Introduction 

This chapter presents a computational capacity planning approach to support the current 

(short-term) planning process and to find classic MV-D network expansions. This relates 

to the fifth research question of this thesis (see Section 1.4).  

Requirements originating from network planning practice are integrated in an expert 

system based on IF-THEN rules. This type of system is particularly useful for translating 

expert knowledge into a computer system (see Section 3.4). Moreover, an expert system 

increases the reliability of decisions, and offers an explicit explanation of how a decision 

is reached [61]. The system searches for solutions to a problem using heuristics or ‘rules 

of thumb’. This kind of approach coincides with the current network planning process, 

which is also quite standardized and rule-based, but mainly manually with more risk of 

subjectivity. 

The proposed computational planning approach focusses on finding the MV-D network 

expansions which satisfy topological, geographical, and operational constraints. The main 

principle of the approach is to start with all possible cable expansion options and then to 

reduce the number of these expansion options significantly by using expert rules based on 

established network planning practice. Subsequently, practically-relevant expansion 

options are modelled automatically to evaluate whether they offer a solution to 

bottlenecks.  

This chapter is organized as follows. First, Section 5.2 gives an overview and schematic 

structure of the proposed planning approach for MV-D network expansions. Section 5.3 

explains the computational planning process which is based on expert knowledge and 
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expert rules. Subsequently, Section 5.4 demonstrates the planning approach by using real-

world MV-D network cases. Advantages and limitations of the proposed planning 

approach are discussed in Section 5.5. Finally, this chapter is summarized in Section 5.6. 

5.2 Overview of planning approach 

An expert system approach is used to support the current planning process and to find 

MV-D network expansions for current planning problems. Presently, the planning process 

of MV-D networks at DNOs has a short-term and reactive nature (see Section 2.4). 

Network planners react mainly when an MV customer requests a new connection or when 

a new neighborhood is to be connected to the grid. They are focused on bottlenecks in 

near-future situations since it is too labor-intensive to manually assess long-term planning 

horizons and to solve various bottlenecks in different time stages. This causes network 

planning problems in practice to be viewed as one-step (static) planning problems. The 

proposed planning approach will provide solutions for these kind of planning problems. 

The focus is on expansions at the MV-D network level. The replacement and addition of 

MV cable branches are here considered as main expansion options (see Section 4.2.2). 

The proposed computational capacity planning approach is schematically depicted in 

Figure 5.1 and features the three main phases of a computational planning tool [4]: 

identification, evaluation, and selection. An MV-D network case with a (projected) 

bottleneck serves as input. At the start, all possible expansion options for this case are 

identified. Identification of practically-relevant expansion options is done by using expert 

rules to discard as many non-practical expansion options as possible, based on established 

network planning principles. These expert rules are grouped by category: topological 

constraints, geographical constraints, and bottleneck-focused constraints. Subsequently, 

the remaining expansion options are evaluated using technical and economic criteria. 

Finally, the selection process compares the performance of the candidate MV-D network 

expansions and proposes the best solutions found to the decision maker. The ranking is 

based on several criteria and their relative weights. 

This planning approach does not necessarily find optimal solutions, but can find 

practically-relevant planning solutions based on the integrated expert knowledge / ‘rules 

of thumb’. Furthermore, the approach is implemented in a demonstration version of 

Vision Network Analysis21 and uses several evaluation routines available in this software. 

For example, AC power flow calculations and reconfigurability checks (see Section 4.4).  

The consecutive steps of Figure 5.1 are explained further in the upcoming sections. 

                                                      

21 Vision Network Analysis is commercial software to design and analyze power systems [107]. 
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Figure 5.1: Overview of a computational MV-D network planning approach using expert rules. 

5.3 Expert system approach for MV-D network 
expansions 

This section describes the identification, evaluation, and selection phase of the proposed 

expert systems approach for the expansion of MV-D networks. These phases form the logic 

and reasoning of the system which is also known as the inference engine (see Section 3.4). 

The result of these phases is that many expansion options are discarded due to expert 

knowledge in the form of IF-THEN rules. The IF-THEN rules form the knowledge base of 

the system (see Section 3.4) together with the properties of MV-D networks and assets 

that are related to these rules. The inference engine invokes the rules in the knowledge 

base to supply in the end a top-rated list of MV-D network expansions to the decision 

maker. This section will explain the intermediate steps and starts with a codification of 

expansion options to register discarded and candidate MV-D network expansions in the 

various phases. 

5.3.1 Codification of MV-D network expansion options 

The fundamentals of practical expansion options, which are described in Section 4.2, are 

used in this planning approach to solve bottlenecks in MV-D networks. It was shown that 

the replacement and addition of MV cable branches are primarily considered as expansion 

options on MV-D network level. Furthermore, MV-D networks are radially operated and 

there are no parallel connections allowed (see Section 4.2.2). Therefore, the MV-D 

network model under consideration can be represented as a two-dimensional Branch 

Matrix (𝑩𝑴) with branch 𝑘: 
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𝑩𝑴 =

[
 
 
 
 

  

⬚ ⬚ ⬚ ⬚
𝑘21 ⬚ ⬚ ⬚

𝑘31 𝑘32 ⬚ ⬚

⋮ ⋮ ⋱ ⬚
𝑘𝑁1 𝑘𝑁2 ⋯ 𝑘𝑁𝑁−1

  

]
 
 
 
 

 (5.1) 

where 𝑁 is the number of buses. Only half of the matrix is used since branch 𝑘𝑖𝑗 is identical 

to branch 𝑘𝑗𝑖. Furthermore, the top-left-to-bottom-right diagonal of the matrix is empty 

because in electricity networks there are no branches that begin and end at the same bus. 

The remaining matrix elements of the 𝑩𝑴 cover all possible MV-D network expansions 

and is the starting point of the planning approach. These matrix elements are initially set 

to zero and are changed at stages in the planning process to register discarded and 

candidate network expansions. 

5.3.2 Identification of (relevant) expansion options 

Identification of viable expansion options is done by starting with all possible MV-D 

network expansions in the 𝑩𝑴 and discarding as many as possible based on expert rules 

derived from established planning practices. Reducing the number of options saves 

substantial computational effort in the evaluation process.  

The identification process is divided into three consecutive steps which are based on 

topological constraints, geographical constraints and bottleneck-focused constraints (see 

the blue blocks in Figure 5.1). In each step the number of expansion options is reduced. 

Grouping the expert rules in constraint categories makes the identification process less 

computationally demanding since some expert rules require a certain calculation in 

advance (e.g. a cable length estimation or power flow calculation). As a result, not every 

expert rule has to be applied on the full set of expansion options in the 𝑩𝑴. 

Topological constraints 

The first identification step checks the topology of the existing network and identifies 

which expansion options are restricted from a topology point of view. These options are 

removed from the set of possible network expansion (i.e. the 𝑩𝑴). The applied topological 

constraints are based on the design criteria of MV-D networks and expert knowledge of 

Section 4.2.2. Subsequently, the topological constraints are translated and implemented 

as the following IF-THEN rules: 

1. If bus 𝑖  and bus 𝑗 of branch 𝑘𝑖𝑗  are part of the same existing feeder group22, then 

discard this expansion option (i.e. branch 𝑘𝑖𝑗). 

2. If there is already a cable installed at branch 𝑘𝑖𝑗, then discard this expansion option, 

unless the existing cable has a small cross-sectional area (≤ 35 mm2). 

                                                      

22 Multiple feeders belonging together form a so-called feeder group. See Section 2.3 for an example. 
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3. If bus 𝑖  or bus 𝑗  of branch 𝑘𝑖𝑗  already has the maximum allowed number of 

connections (4 MV cable connections), then discard this expansion option. 

4. If bus 𝑖  of branch 𝑘𝑖𝑗  is an MV-T or HV/MV substation, and bus 𝑗  is an MV-T or 

HV/MV substation, then discard this expansion option. 

These rules result in computationally-inexpensive topology checks. The remaining 

expansion options are stored as the Candidate Branch Matrix (𝑪𝑩𝑴). In other words, the 

𝑪𝑩𝑴 is similar to the 𝑩𝑴, but without the expansion options that are discarded by the 

topological constraints.  

Geographical constraints 

The second identification step identifies which of the remaining expansion options in the 

𝑪𝑩𝑴 are restricted from a geographical point of view. The geographical constraints make 

use of the length of a candidate cable connection. For this purpose, the cable length is 

automatically estimated for each remaining expansion option in the 𝑪𝑩𝑴 by using the 

route planner approach in Section 4.1.3, by making use of the geographical location of 

substations. Subsequently, the following IF-THEN rules are applied to reduce the number 

of possible expansion options even further:  

5. If the buses of branch 𝑘𝑖𝑗  are an MV/LV transformer substation and an MV-T 

substation, and a shorter cable connection exists between this MV/LV transformer 

substation and another MV-T substation, then discard this expansion option. 

6. If the buses of branch 𝑘𝑖𝑗 are both MV/LV transformer substations and both buses 

have a possible connection to an MV-T substation that is shorter than the cable length 

of branch 𝑘𝑖𝑗, then discard this expansion option.  

7. If the estimated cable route of branch 𝑘𝑖𝑗 is longer than a maximum distance23, then 

discard this expansion option.  

The remaining expansion options are stored as the Candidate Branch Distance Matrix 

(𝑪𝑩𝑫𝑴 ). The matrix elements that represent the remaining expansion options are 

replaced by the corresponding estimated cable lengths.  

Bottleneck-focused constraints 

The third identification step analyses the bottleneck(s) in the MV-D network case and 

discards expansion options which are practically not related to the network section(s) with 

the bottleneck(s).  

First of all, power flow calculations are performed to determine cable loadings and bus 

voltage levels. This is done for both normal operation and contingency situations 

according to the design criteria of Table 4.4 (see Section 4.3.2). A reconfigurability check 

                                                      

23 This maximum distance is case dependent and depends on the maximum existing MV-D cable length 
of the case including some safety margin.  
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is performed to evaluate all possible contingency situations (see Section 4.3.2). 

Furthermore, cases with DG require an additional check (see Section 4.3.3). These 

evaluations are performed to find the feeder group with (the greatest) constraint 

violations. Subsequently, the following IF-THEN rule is applied to reduce the number of 

possible expansion options even further:  

8. If bus 𝑖  and bus 𝑗  of branch 𝑘𝑖𝑗  are not part of the feeder group with the greatest 

bottleneck, then discard this expansion option. 

The remaining expansion options are indicated as the Reduced Candidate Branch 

Distance Matrix (𝑹𝑪𝑩𝑫𝑴). The matrix elements of these options are resembled by the 

corresponding estimated cable lengths. All matrix elements of the discarded expansion 

options (in the previous steps) are replaced by a negative integer number which 

corresponds to a certain IF-THEN rule. This makes a discarded expansion option 

traceable. Moreover, the reasoning of the program can be easily checked by an expert to 

see if the reasoning is acceptable. Section 5.4 presents an example of the 𝑹𝑪𝑩𝑫𝑴 for an 

MV-D network case.  

In conclusion, all abovementioned expert rules to identify practical relevant expansion 

options are presented in Table 5.1, including the reasoning behind these rules.  

Table 5.1: Overview of expert rules including the reasoning behind these rules. 

Expert rules Explanation 

1.) If bus 𝑖  and bus 𝑗  of branch 𝑘𝑖𝑗  are part of the same 

existing feeder group, then discard this expansion 
option (i.e. branch 𝑘𝑖𝑗). 

It is not allowed to create subrings (due to 
protection reasons). See also Table 4.3. 

2.) If there is already a cable installed at branch 𝑘𝑖𝑗, then 

discard this expansion option, unless the existing cable 
has a small cross-sectional area (≤ 35 mm2). 

Cables have a long lifetime and therefore it is in 
most cases inefficient to remove cables (i.e. 
capacity) from the network. See also Table 4.3. 

3.) If bus 𝑖 or bus 𝑗 of branch 𝑘𝑖𝑗 already has the maximum 
allowed number of connections (4 MV cable 
connections), then discard this expansion option. 

Ring main units (see Section 4.2.1) and switch gear 
have a physical limit for the number of cable 
connections 

4.) If bus 𝑖 of branch 𝑘𝑖𝑗  is an MV-T or HV/MV substation, 

and bus 𝑗  is an MV-T or HV/MV substation, then 
discard this expansion option. 

This would resemble a cable expansion in the MV 
transmission network which does not directly solve 
bottlenecks in the MV-D network.  

5.) If the buses of branch 𝑘𝑖𝑗  are an MV/LV transformer 
substation and an MV-T substation, and a shorter cable 
connection exists between this MV/LV transformer 
substation and another MV-T substation, then discard 
this expansion option. 

In most cases a connection to the nearest MV-T 
substation is the cheapest option and connections 
to distant MV-T substations can be discarded.  

6.) If the buses of branch 𝑘𝑖𝑗 are both MV/LV transformer 
substations and both buses have a possible connection 
to an MV-T substation that is shorter than the cable 
length of branch 𝑘𝑖𝑗, then discard this expansion option. 

A shorter connection to a MV-T substation is 
preferred as this option has generally lower cable 
costs and increases the capacity of the network 
substantial. 

7.) If the estimated cable route of branch 𝑘𝑖𝑗 is longer than 

a maximum distance, then discard this expansion 
option.  

To discard unrealistic long cable connections in 
MV-D networks, which are topologically possible, 
but economically irrelevant.  

8.) If bus 𝑖 and bus 𝑗 of branch 𝑘𝑖𝑗 are not part of the feeder 
group with the (greatest) bottleneck, then discard this 
expansion option. 

Expansions in other feeder groups, which are not 
related to the feeder group with the bottleneck, will 
not affect or solve the (greatest) bottleneck. 
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5.3.3 Evaluation of (remaining) expansion options 

The evaluation phase models and evaluates a cable addition for each of the remaining 

expansion options in the 𝑹𝑪𝑩𝑫𝑴 . The MV-D network expansions are generated and 

evaluated one-by-one (see the green blocks in Figure 5.1). 

Generation of MV-D network expansions 

A network expansion is generated by adding an MV cable on a remaining branch in the 

𝑹𝑪𝑩𝑫𝑴. The required cable length of the connection is already available in the 𝑹𝑪𝑩𝑫𝑴. 

The addition of a cable includes the placement of circuit breakers and NOPs in the MV-D 

network model. The cable type is selected from a standardized set of cables (like Table 4.2) 

based on the required capacity of the connection. Circuit breakers are placed if a new cable 

is connected to an MV-T or HV/MV substation. This indicates the beginning of a feeder 

which is important for the contingency analysis (see Section 4.3.2). The NOPs are placed 

to ensure radial operation and in such way that they minimize the peak losses in normal 

operation24.  

Evaluation of criteria 

The generated MV-D network expansion is firstly technically evaluated with power flow 

calculations to assess if the design criteria of Table 4.4 are satisfied. In other words, to 

check if the network expansion solves the bottleneck(s). Furthermore, to calculate a 

performance indicator in the selection phase (see Section 5.3.4), the following information 

is obtained from the power flow calculations results: 

- Maximum cable loading in normal operation 

- Maximum cable loading of all contingency situations (i.e. all reconfigured states) 

- Maximum voltage deviation in normal operation 

- Maximum voltage deviation of all contingency situation  

- Total peak loss of MV-D network 

Subsequently, the investment costs of the MV-D network expansion are determined. 

These costs include all the associated costs of the expansion till operation (e.g. asset costs, 

digging costs, installation costs, etc.). When all evaluation values are determined, the 

added components are removed from the MV-D network, and the next candidate 

expansion of the 𝑹𝑪𝑩𝑫𝑴 is evaluated. This continues till all expansion options in the 

𝑹𝑪𝑩𝑫𝑴 are evaluated. The evaluation results are used in the selection phase. 

  

                                                      

24 An automated routine “NOP optimization” in Vision Network Analysis [107] is used for this. 
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5.3.4 Selection of (top-rated) expansion options 

The selection phase compares the performance of the candidate MV-D network 

expansions and proposes the best found solutions to the decision maker (see Figure 5.1).  

Firstly, all expansion options are sorted by feasibility. This means that expansion options 

that still have bottlenecks25 are indicated as such and receive always a lower ranking than 

expansion options without remaining bottlenecks. As a result, the approach always 

produces an output to the decision maker in case there are no (or few) feasible solutions 

found in one run. In this way, the decision maker receives additional information about 

the number of feasible solutions and which solutions are definitely not feasible. 

Secondly, a performance indicator is used to compare and rank expansion options not only 

from an economical point of view, but also to include the technical performance in the 

ranking of an expansion option. The performance indicator is based on the various criteria 

in Table 5.2 and is calculated with the weighted product model in Equation (5.2). This is a 

commonly applied method for multi-criteria decision making [106] with the property that 

a ‘bad’ performance value in one category is generally not directly compensated by a ‘good’ 

performance value in another category.  

In the weighted product model each value of a criterion (𝑎𝑞,r) is first divided by the worst-

case value of that criterion in the set of (feasible) expansion options (𝑎𝑤𝑜𝑟𝑠𝑡,𝑟). This makes 

the resulting value dimensionless which enables the comparison of criteria with different 

dimensions. Furthermore, the criteria in Table 5.2 are assigned with different weights. 

These weights can be altered depending on their importance or on a case by case basis.  

The resulting performance value of an expansion option, 𝑃(𝐴𝑞), is a dimensionless value 

between 0 and 1. The lower the value of 𝑃(𝐴𝑞), the better the performance of the expansion 

options, since low values for all criteria of Table 5.2 are preferable.  

 𝑃(𝐴𝑞) =∏(
𝑎𝑞,r

𝑎𝑤𝑜𝑟𝑠𝑡,𝑟
)

𝑤𝑟𝑛

𝑟=1

 (5.2) 

where,  𝑃(𝐴𝑞) = the performance of expansion option 𝑞 

 𝑎𝑞,r = the performance value of criterion 𝑟 for expansion option 𝑞 

 𝑎𝑤𝑜𝑟𝑠𝑡,𝑟 = the worst-case value in the set of expansion options for criterion 𝑟 

 𝑤𝑟 = the assigned weight for criterion 𝑟 

 

                                                      

25 In case the expansion option does not solve the bottleneck(s), or if there are multiple (independent) 
bottlenecks in different network sections which cannot be solved with a single cable expansion. 
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Table 5.2: Performance criteria and default weights used for the performance indicator to rank 

candidate MV-D network expansions. 

Dimensionless performance criterion (
𝑎𝑞,r

𝑎𝑤𝑜𝑟𝑠𝑡,𝑟
): Default weight: 

Relative investment costs of MV-D network expansion 8 16⁄  

Relative maximum cable loading in normal situation 2 16⁄  

Relative maximum cable loading of all contingency situations 1 16⁄  

Relative maximum voltage deviation in normal operation 2 16⁄  

Relative maximum voltage deviation of all contingency situation  1 16⁄  

Relative total peak loss of MV-D network 2 16⁄  

5.4 MV-D network case studies and results 

An MV-D network case study is used to demonstrate the proposed computational MV-D 

network planning approach. The network is based on real-world data and includes some 

(near future) bottlenecks. The results of the various planning steps are described and the 

planning approach is also applied to larger real-world networks. 

5.4.1 MV-D test network 

The MV-D network is based on a part of an existing 10kV cable network of DNO Enexis 

(see Figure 5.2). The network contains 31 buses with the original topology and 

geographical data. Bus 1 is an MV-T substation with three feeders which form one feeder 

group. Realistic (but fictive) loads and DGs are used for demonstration reasons. In this 

MV-D network case there are capacity and voltage bottlenecks. The greatest bottleneck in 

this network is an overloaded cable between bus 1 and 16 (cable 1-16) in the contingency 

situation where a fault would occur in cable 1-31. In this reconfiguration state, cable 1-31 

is isolated and additional load/generation from the right feeder is connected to the middle 

feeder (by closing the NOP at bus 20). In addition, several bus voltage problems are 

present. This situation could occur, for example, if MV customers install additional 

distributed generators (e.g. combined heat and power units).  
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Figure 5.2: Topological and geographical visualization of 31-bus MV-D network (10 kV). 

5.4.2 Results 

This section demonstrates the proposed planning approach with the 31-bus MV-D 

network case. Furthermore, a comparison is made with larger real-world network cases. 

Demonstration of planning process with 31-bus MV-D network case: 

The computational planning process starts by generating a half-filled 31x31 𝑩𝑴 which 

covers all possible MV-D network expansions (see Section 5.3.1). All relevant matrix 

elements are initially set to zero. During the various stages these elements change from 

value to register discarded and candidate expansion options. The identification phase 

discards many expansion options and the result of the 𝑹𝑪𝑩𝑫𝑴 is depicted in Table 5.3. 

The negative integer values represent discarded expansion options. The value corresponds 

to the numbering of the IF-THEN rules in Section 5.3. The matrix elements with the 

remaining expansion options are represented by the estimated cable lengths. 

Most expansion options are discarded by topological rule number 1 (see Section 5.3.2). 

The reason for this is that this case has just one feeder group. As a result, new cable 

connections are only allowed between the MV-T substation at bus 1 and a substation of 

the feeder group. The other expansion possibility is to replace existing cables. However, 

these options are blocked by rule number 2 (see Section 5.3.2) because the existing cables 

are not small enough (i.e. in general not old enough) to justify a replacement. Since most 

expansion options are already discarded by the topological constraints, there are no 
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additional options discarded by the geographical and bottleneck-focused constraints. This 

differs per case as will be explained at the end of this section.  

Table 5.3: Example of the 𝑹𝑪𝑩𝑫𝑴  for the 31-bus MV-D network case. Negative values represent 

discarded expansion options as a result of the corresponding IF-THEN rule. Positive values represent 

the estimated cable lengths candidate [m] of candidate expansion options. 

Bus 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 

1 -                               

2 -2 -                              

3 526 -2 -                             

4 469 -1 -2 -                            

5 989 -1 -1 -2 -                           

6 2062 -1 -1 -1 -2 -                          

7 738 -1 -1 -1 -1 -2 -                         

8 2227 -1 -1 -1 -1 -1 -2 -                        

9 2307 -1 -1 -1 -1 -1 -1 -2 -                       

10 2633 -1 -1 -1 -1 -1 -1 -1 -2 -                      

11 3041 -1 -1 -1 -1 -1 -1 -1 -1 -2 -                     

12 3041 -1 -1 -1 -1 -1 -1 -1 -1 -1 -2 -                    

13 1395 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -2 -                   

14 1194 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -2 -                  

15 923 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -2 -                 

16 -2 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -2 -                

17 2808 -1 -1 -1 -1 -1 -1 -1 -1 -2 -1 -1 -1 -1 -1 -1 -               

18 2760 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -2 -              

19 2653 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -2 -             

20 1275 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -2 -            

21 1205 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -2 -           

22 1136 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -2 -          

23 1131 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -2 -         

24 1041 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -2 -        

25 950 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -2 -       

26 966 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -2 -      

27 900 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -2 -     

28 804 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -2 -    

29 677 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -2 -   

30 801 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -2 -  

31 -2 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -2 - 

 

In the evaluation phase, MV-D network expansions are modelled and evaluated based on 

the remaining expansion options in the RCBDM. The performance of these candidate MV-

D network expansions is determined and ranked in the selection phase. This is 

demonstrated by Table 5.4 which shows the top 3 feasible network expansions for this 

case. The ranking is based on the dimensionless performance indicator which is 

determined with Equation (5.2) and the criteria weights of Table 5.2 (see Section 5.3.4). 

All three solutions solve the capacity problems in contingency situations and the voltage 

problems near the substations with DG in the original right feeder. The solution with the 

lowest investment costs has also the highest ranking. One of the reasons for this is that 

investment costs are set as a dominant and important factor in the performance value (see 
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Table 5.2). Furthermore, the performance of the other criteria is comparable since these 

solutions are topologically quite similar. These cable expansions are connected to the right 

feeder and have no different impact on the (new) maximum loaded cable which is located 

in the left feeder. As a result, the performance is the same for the maximum loaded cable 

in normal operation and for all contingency situations. 

Table 5.4: Top 3 best found feasible network expansions for the 31-bus MV-D network case. 

Performance and properties: 
Ranked MV-D network expansions 

Nr. 1 Nr. 2. Nr. 3. 

Cable between buses [from-to] 1-29 1-28 1-27 

Cable type [mm2] 240 240 240 

Feasible solution? √ √ √ 

Investment costs of MV-D network expansion [€] 41,974.00 49,848.00 55,800.00 

Maximum loaded cable in normal situation [%] 93.27 93.27 93.27 

Maximum loaded cable of all contingency situations [%] 111.83 111.83 111.83 

Maximum voltage deviation in normal operation [p.u] 0.04 0.04 0.04 

Maximum voltage deviation of all contingency situations [p.u] 0.1 0.1 0.09 

Total peak loss of MV-D network [kW] 10.67 10.5 9.89 

Performance indicator, 𝑃(𝐴𝑞) [x] 0.56 0.61 0.64 

Comparison with larger MV-D network cases: 

Many options are discarded in the search for feasible and practically-relevant expansion 

options. Figure 5.3 shows on a logarithmic scale the (remaining) number of expansion 

options at different stages for the 31-bus MV-D network case. In addition, the results are 

included for a 241-bus and 119-bus real-world MV-D network cases26. These two cases 

have a similar kind of bottleneck as in the 31-bus network case [74]. 

As discussed in the previous section and shown in Figure 5.3 by the blue line, most 

expansion options for the 31-bus network case are already discarded by the topological 

constraints. However, the other two cases show a different behavior and great reduction 

steps take place in other stages. These large MV-D networks (with multiple feeder groups) 

show a significant reduction in expansion options due to the geographical and operational 

constraints. The reason for this is that the corresponding IF-THEN rules focus on the 

feeder group with bottlenecks, and therefore, discard a lot of irrelevant expansions which 

are related to ‘healthy’ network sections. In addition, there is also a significant decrease in 

expansion options during the evaluation phase to filter feasible options from the set (see 

the final stage in Figure 5.3). 

                                                      

26 Based on Vision Network Files of real distribution networks of DNO Enexis.  
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In conclusion, the disposal of expansion options per stage can be different per case. 

However, in all three cases it is shown that the starting set of expansion options is 

significantly reduced to a manageable number of options. This means that the planning 

approach can be effective for small and large cases. More information about the 

performance of the planning approach can be found in [74]. 

 
Figure 5.3: Number of (remaining) expansion options at different stages of the planning process 

(related to the branch matrices) for three real-world MV-D network cases. 

5.5 Reflection on the developed computational 
planning approach 

This section discusses the possibilities and limitations of the developed computational 

planning approach based on expert rules. 

The approach reduces the number of expansion options significantly for various cases and 

makes it possible to tackle one-step planning problems efficiently and support the current 

planning process. The low numbers of remaining expansion options are caused by the 

applied expert rules which focus on the feeder group with the severest bottleneck and by 

applying one cable expansion. As a result, there is a possibility that not all bottlenecks in 

the network can be solved in one run. Moreover, options with two or more cable 

expansions are not included in the evaluation phase. On the other hand, bottlenecks in 

practice pop up one at the time. If there are multiple constraint violations, they are often 

related to the same (weak) feeder group and these are commonly solved by one cable 

expansion with NOP reconfigurations (as this influences the capacity and voltage of the 

whole feeder group). Nevertheless, automated planning approaches supporting the 

solutions of long-term planning problems should be able to solve large(r) and multiple 

bottlenecks over time. This implies that the planning approach developed in this chapter 

should be further developed, leading to a more sequential and iterative process to produce 

an expansion plan with multiple expansions.  
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The most computationally demanding phase of this planning process is the evaluation 

phase (green part in Figure 5.1). In this phase numerous power flow calculations are 

performed for each generated expansion option. Power flow calculations are required to 

evaluate criteria under normal operation and contingency situations and to place NOPs. 

As a result, from a computational point of view, it is desirable to have a low number of 

expansion options on the start of the evaluation phase (to control/reduce the number of 

evaluations and hence computation time). This can be realized with effective expert rules 

in the identification and evaluation phase. The list of expert rules in this chapter provides 

a useful starting point, but is not necessarily complete. More expert knowledge can be 

included as IF-THEN rules to deal with specific cases and/or more complex planning 

problems. However, one should always take into account on the one hand the 

consequences of disposing additional expansion options and on the other hand the risk of 

not discarding inapplicable or inefficient solutions. By keeping track of which rules were 

used to reach or discard a specific expansion option, the reasoning of the program can be 

easily checked by an expert to see if the reasoning is acceptable. 

The proposed planning approach is in this chapter applied to cable expansions in MV-D 

networks. However, this framework can be adapted for supporting (routine) network 

expansions for other network levels and/or other types of assets. The codification of 

expansion options might require some slight changes since the current codification only 

considers one possible branch between buses (see Section 5.3.1). Network levels where 

parallel branch connections are common, such as MV-T and HV networks, could use 

multi-dimensional branch matrices to codify the additional expansion options between 

buses. However, the number of expansion options might not increase substantially, since 

these networks have in general far less buses than MV-D networks. Moreover, MV/LV 

transformer expansions can also be included as this is an isolated problem in current 

planning practice with straightforward and rule-based expansion solutions (see Section 

4.2.1). The element values of the diagonal of the branch matrix can function as codified 

MV/LV transformer substation configurations. 

An advantage of this approach for the network planner is that many planning steps are 

automated. Modelling and evaluating expansion options manually can be time consuming 

because this requires a lot of consecutive actions to implement or program the various 

options in power system analysis software and to evaluate the results. As a result, network 

planners currently only model and evaluate a few expansion options based on expertise 

and experience. The proposed planning approach evaluates a lot more practically-relevant 

expansion options and reduces the risk of overlooking efficient expansion options.  
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5.6 Summary and conclusions 

This chapter presented a computational planning approach for MV-D network expansions 

using expert rules which was implemented in a demonstration version of Vision Network 

Analysis [107]. The developed planning approach features three main phases 

(identification, evaluation, and selection of expansion options) and an MV-D network case 

with (near-future) bottlenecks serves as input. Identification of practically-relevant 

expansion options is done by using IF-THEN rules to discard as many non-practical 

expansion options as possible, based on design principles of DNOs and expert knowledge. 

In addition, expansion options are modelled automatically to evaluate if they offer a 

solution to bottlenecks. Finally, the performance of the candidate MV-D network 

expansions is calculated with the weighted product model and the best found solutions are 

proposed to the decision maker. 

In this planning process, the applied codification of expansion options makes it possible 

to keep track which rule was used to select or discard specific expansion options. In this 

way the reasoning of the planning approach can be easily checked by an expert. The 

applied expert rules reduce the number of expansion options significantly for various 

cases and makes it possible to tackle one-step (static) planning problems efficiently and 

support the current planning process. Zooming in on feeder groups with bottlenecks in 

the various planning phases can reduce the computational effort significantly.  

Furthermore, this planning approach does not necessarily find optimal solutions, but can 

find practically-relevant planning solutions based on the integrated expert knowledge. It 

can support network planners by performing many planning functions automatically 

which replaces many manual and time consuming actions (in power system analysis 

software). Automatic evaluation of generated expansion options, and a multi-criteria 

analysis, produce a (top) list of feasible solutions for the decision maker. These properties 

improve consistency and classify this approach as a decision support system. 

Future research should consider a rule-based planning approach with a more sequential 

and iterative process to find expansion plans with multiple expansions for long-term 

planning problems. The presented approach is applicable for routine network planning 

problems in MV-D networks but can be easily adapted to other network levels and/or 

other types of assets. It only might require some slight changes in the codification of 

expansion options. 

The fifth research question of this thesis (see Section 1.4) is further addressed in Chapter 

6 by proposing a computational planning approach for long-term planning problems with 

classic expansion options. 
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CHAPTER 6 

6. Computational capacity planning 
using a metaheuristic algorithm 

6.1 Introduction 

This chapter presents a computational capacity planning approach to determine when 

necessary network investments are upcoming, and which type of classic MV-D network 

expansions are optimal, if the loading of the network develops over a (long) period of time. 

This relates in addition to Chapter 5 to the fifth research question of this thesis (see Section 

1.4). 

The computational planning approach in this chapter uses a metaheuristic optimization 

algorithm to find solutions for more complex planning problems with multiple bottlenecks 

in which the timing of expansions is of importance. Moreover, this chapter serves as a step 

towards the long-term planning approach in Chapter 7 which also considers new (smart 

grid) options. More advanced methods than the expert system approach presented in 

Chapter 5 are required to capture these additional planning options, in combination with 

long-term planning. Therefore, this chapter proposes a more formalized computational 

capacity planning approach based on numerical optimization. However, to a certain extent 

expert knowledge is still used in the optimization process.  

This chapter is organized as follows. First, Section 6.2 gives an overview and schematic 

structure of the developed planning approach for MV-D network expansions. Section 6.3 

describes the treatment of the planning horizon and proposes an extension of the static 

planning approach to find upcoming investments and to include asset investments and 

capitalized energy losses in an NPV cost function. This approach requires that the load 

development is specified for each year within the considered planning horizon. Section 6.4 

presents the applied scenario-based load modelling method used to this end. 

Subsequently, Section 6.5 explains the proposed optimization approach for the expansion 



66 COMPUTATIONAL CAPACITY PLANNING USING A METAHEURISTIC ALGORITHM 

of MV-D networks using an evolutionary algorithm supported by expert knowledge. 

Section 6.6 presents a routine to determine the required expansions at MV/LV 

transformer substations. Then, Section 6.7 demonstrates the application of the planning 

approach by using a real-world case to evaluate different sets of expert rules. Advantages 

and limitations of the proposed planning approach are discussed in Section 6.8. Finally, 

this chapter is summarized in Section 6.9. 

6.2 Overview of planning approach 

The proposed computational capacity planning approach is schematically shown in Figure 

6.1. The objective is to find practically-relevant expansions, based on minimizing capital 

investments and operational costs, for an MV-D network which is subjected to a long-term 

future scenario. The typical expansion options in MV-D networks are the replacement or 

addition of MV cables and MV/LV transformers (see Section 4.2). An optimization process 

is proposed to find the optimal locations and types of new MV cables. In contrary to cable 

expansions, MV/LV transformer expansions are straightforward in practice (see Section 

4.2.1) and the list of newly available transformers is limited (see Table 4.1). Consequently, 

the expansion process of MV/LV transformers can be seen as an isolated problem and is 

thus excluded from the optimization process. A separate routine determines the required 

expansions at MV/LV transformer substations. 

The starting point for the proposed planning approach is a given future scenario and a 

case network. The future scenario specifies the load and generation developments during 

the planning horizon. The impact of this scenario is analyzed to see when bottlenecks (i.e. 

capacity/voltage problems) arise within the planning horizon. Subsequently, the 

computational planning approach searches for planning solutions with minimal 

investment costs (CAPEX) and operational costs (OPEX). Furthermore, design criteria 

and expert knowledge are integrated to avoid practically infeasible solutions. 

 

Figure 6.1: Overview of the proposed computational MV-D network planning approach, including 

section references. 
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6.3 Introducing the time factor in static planning 

There are different ways to study a planning period. In general, there are static and 

dynamic approaches (see Section 3.2.3). This chapter aims at a practice-oriented planning 

approach to determine when investments are upcoming, and which expansions are 

necessary, when the loading of the MV-D network develops over a (long) period of time. 

Network planners commonly use the Net Present Value (NPV) of asset investments and 

capitalized energy losses as main criterion in the search for proper expansions [5]. 

However, incorporating these energy losses as OPEX costs requires the factor time to 

estimate the losses in each year of the planning horizon (see Section 4.5.1 and 6.5.3). 

Furthermore, the year of asset installations determines the present value of CAPEX costs. 

This makes a classic static planning approach inapplicable since it excludes the time factor 

and only considers a certain MV-D network with its load situation in one specific year. 

This is schematically visualized in Figure 6.2 (left) for the final year of the planning 

horizon: 𝑡ℎ𝑜𝑟𝑖𝑧𝑜𝑛. Such an approach is applicable if the planner is not interested in when 

new assets should be installed, but only in finding the optimal type and quantity of assets 

for a single future network loading situation. Note that minimization of investments or 

total (non-capitalized) network losses is still possible for this single future situation. 

However, capitalization of losses and NPV calculations require the implication of time.  

Therefore, this section proposes an extension of the static planning approach to find the 

first year in which expansions are needed, and to include asset investments and capitalized 

energy losses in a NPV cost function. The planning horizon handling of this approach is 

depicted in Figure 6.2 (right) and explained below. 

First, the year is detected with the first bottleneck in the MV-D network: 𝑡𝑜𝑣𝑒𝑟𝑙𝑜𝑎𝑑; i.e. the 

year where the constraints of the existing MV-D network configuration are violated due to 

load growth and/or additional generation (see for the constraints in Section 6.5.4). Then, 

it is assumed that the MV-D network is expanded in the year 𝑡𝑜𝑣𝑒𝑟𝑙𝑜𝑎𝑑. This corresponds to 

the current network planning practice where the timing of new investments or expansions 

is also based on the moments when (capacity) bottlenecks are expected27. Subsequently, it 

is assumed that sufficient capacity is installed at 𝑡𝑜𝑣𝑒𝑟𝑙𝑜𝑎𝑑 to meet the loading situations 

for the remainder of the planning horizon (in the case of Figure 6.2 the highest capacity is 

required at 𝑡ℎ𝑜𝑟𝑖𝑧𝑜𝑛). This results in the existing network topology 𝑁1 which is present from 

𝑡0  till 𝑡𝑜𝑣𝑒𝑟𝑙𝑜𝑎𝑑 , and the new expanded network topology 𝑁2  from 𝑡𝑜𝑣𝑒𝑟𝑙𝑜𝑎𝑑  till 𝑡ℎ𝑜𝑟𝑖𝑧𝑜𝑛 . 

Consequently, the losses can be estimated for each year 𝑡  by taking into account the 

corresponding network topology and the expected loading situation for year 𝑡. All asset 

investments of 𝑁2 are appointed to 𝑡𝑜𝑣𝑒𝑟𝑙𝑜𝑎𝑑. 

                                                      

27 In general, DNOs obtain the strategy ‘wait and see’ on how the loading of assets develop over time. 
The network will then be expanded when there is a (near-)bottleneck situation. Exceptions arise when 
expansions can coincide with planned maintenance or replacement cycles. 
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This extended static planning approach is applied in the optimization model for MV-D 

network expansions in Section 6.5 and its advantages and limitations are treated in 

Section 6.8. 

 

Figure 6.2: Schematic representation of planning horizon handling with a classic static planning 

approach (left) and the proposed extended static planning approach (right).  

6.4 Applied load modelling method 

The extended static planning approach requires that the expected load development is 

specified for each year. In MV-D networks, the aggregated load at MV/LV transformer 

substations and MV customer substations are used as input. The future load depends on 

the scenario under analysis and can be modelled with classic (peak) load growth 

techniques28. However, more advanced methods are needed to include new technologies 

such as electric vehicles, photovoltaic panels, and heat pumps (as discussed in Section 

2.6).  

For example, [2] models future residential loads and generators for various scenarios. By 

modelling the load of new technologies separately, they can be superposed on the regular 

residential load to create aggregated (residential) load profiles for different groups of 

customers or MV/LV transformers. Furthermore, this method makes it possible to model 

flexible loads, like electric vehicles, with or without a load control strategy [2], [22]. This 

results in two different sets of load profiles for a given scenario: uncontrolled and 

controlled. The load control strategy in the controlled case can differ depending on the 

applied smart grid concept29 [1], [2], [20]. This load modelling method is described in 

more detail in Section 2.6 and Section 7.2.  

A scenario-based load modelling method is also applied in this chapter, but for 

demonstration purposes, a classic load growth technique is used to specify the varying 

                                                      

28 For instance, linear or exponential (negative) growth factors. 
29 In this thesis the strategy ‘peak shaving’ is applied, which is a load control strategy from a DNO per-
spective (see also Section 7.3.1). This means that (part of the) flexible demand is shifted to off-peak (or 
local generation) periods to reduce peak loadings and to postpone classic network investments. This 
control strategy prevents that load shifting results in new or higher peak loadings. 
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peak load over time in the controlled and uncontrolled case. A deterministic peak-load 

approach serves as load model since this is supported by the available measurement data 

and geographic information systems. The (peak) load measurements at MV/LV 

transformer substations and MV customer substations are available as one aggregated 

load value per substation per year.  

6.5 Optimization approach for MV-D network 
expansions 

This section describes an optimization approach for the expansion of MV-D networks 

using an evolutionary algorithm. The objective is to find the locations and type of new MV 

cables based on minimizing the NPV of investment and operational costs. Expert 

knowledge and MV-D design criteria are taken into account to discard impractical network 

expansions. Two sets of expert rules are defined to evaluate (in Section 6.7) the effect of 

these rules on the performance of the optimization process. Furthermore, this section 

presents a codification30 of MV-D network expansions and the objective function with 

several constraints. This section ends with a flowchart (Figure 6.5) that summarizes the 

optimization process and with the introduction of a recently developed evolutionary 

algorithm31 that is used for the optimization of the MV-D network expansions. 

6.5.1 Expansion options and expert knowledge 

The fundamentals of practical expansion options, which are described in Section 4.2, are 

used in this planning approach to solve bottlenecks in MV-D networks under future (load) 

conditions. It was shown in Section 4.2 that the replacement and addition of cable 

branches are primarily considered as expansion options on MV-D network level. A 

network has theoretically numerous (combinations) of candidate cable connections 

between buses. In addition, for each cable connection there are multiple candidate cable 

types to select from. However, many connections are practically irrelevant and also the list 

of available cable types is generally standardized and limited. Therefore, expert knowledge 

is implemented in the proposed optimization approach to avoid inapplicable solutions and 

to reduce the search space of the optimization problem. 

The possible new cable connections and upgrades will be limited by expert rules, which 

are based on the practical expansion considerations of Table 4.3 in Section 4.2.2. In this 

chapter two sets of expert rules are defined (see Table 6.1) to evaluate the effect of these 

rules on the performance of the optimization process. Set A includes the main topological 

expansion constraints32 (rules 2, 3, 4) and gives the possibility to select from a list of five 

MV cable types (rule 1). Set B includes additional expert rules (rules 6, 7, 8), based on 

                                                      

30 The codified form suits the applied evolutionary algorithm. 
31 Developed by the project partners at CWI (see Section 1.5). 
32 Follows from the principles of Figure 4.1. 
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network planning practice, and a shortlist of cable types which are currently applied as 

standard in MV-D networks by Enexis (rule 5). 

In general, rules 2-4 mainly determine the allowed cable connections and these rules are 

schematically clarified by Figure 6.3. On the other hand, rules 1, 5, 6, and 7 are used to 

restrict the options for each (candidate) cable connection. Furthermore, rule 8 limits the 

combinations of new cable connections and resembles physical constraints to connect new 

feeders. The maximum number of new outgoing cables per MV-T or HV/MV substation is 

normally set to 3 and this expert rule is modeled as a constraint in the optimization model 

(see Section 6.5.4). 

Table 6.1: Two sets of expert rules for expansions on MV-D network level: cable expansion constraints 

from a practical point of view. 

Expert rule description  Set A Set B 

1.) 5 types of available MV cables: 120 mm2, 150 mm2, 240 mm2, 400 mm2, 630 mm2. √ - 

2.) Only new outgoing cable connections are allowed (i.e. no subrings): from an MV-T 
substation or HV/MV substation towards an MV substation in the ring.  

√ √ 

3.) Not possible to install a new cable between an MV-T substation or HV/MV substation 
and the first MV substation of an existing feeder. 

√ √ 

4.) Not possible to install multiple new cable connections to a single MV substation (i.e. 
parallel connections are not allowed). 

√ √ 

5.) Only specific cable diameters are applied in MV-D networks: 150mm2, 240mm2 

(planning guideline of DNO Enexis). 
- √ 

6.) Existing cables cannot be removed, although replacement with a higher capacity is 
possible. See also Table 4.3. 

- √ 

7.) Not possible to place a NOP on cables going out from an MV-T substation or HV/MV 
substation (inefficient normal operation state regarding losses and reliability). 

- √ 

8.) Maximum number (3) of new outgoing cable connections from an MV-T substation or 
HV/MV substation (due to limited physical space and switchgear expansion 
possibilities).  

- √ 

 

 

Figure 6.3: Cable connections which are restricted by expert rules 2-4 and a list of available cable 

types. The identification (ID) numbers are used for the network codification in Section 6.5.2.  
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6.5.2 Codification of decision variables: MV branches 

To solve the MV-D network planning problem, all decision variables need to be specified 

and codified in a suitable representation for the applied metaheuristic algorithm. The MV-

D network can be seen as a graph with a set of nodes/buses (vertices) and a set of branches 

(edges). In the scope of this thesis the branches represent MV cable connections and buses 

can be different types of substations, as depicted in Figure 6.3.  

First of all, the existing branches that can be upgraded and the potential new branches 

need to be specified. The list of candidate cable connections is limited by expert rules 2-4 

to discard impractical network expansions. This is similar to the topological identification 

step in Section 5.3.2. Instead of forming a Candidate Branch Matrix33, the MV-D network 

is here represented as a vector with existing and candidate branches [81], [108]: 

𝒙 = (𝑥1, 𝑥2,⋯ , 𝑥𝑙), 𝑥𝑘 ∈ Ω(𝑥𝑘),         𝑘 ∈ {1,2,⋯ 𝑙} (6.1) 

where 𝑙 is the length of the vector (total number of both existing and candidate branches), 

𝑥𝑘 relates to the 𝑘𝑡ℎ branch of the network, and Ω(𝑥𝑘) is the set of possible branch types 

that can be installed at 𝑥𝑘 . Figure 6.3 includes a set of possible MV cable types. The 

IDentification number (ID) indicates which cable type is installed at a branch. The status 

of 𝑥𝑘 is defined as follows: 

𝑥𝑘 = 𝐼𝐷 > 0: A cable with identification number, 𝐼𝐷 ∈ Ω(𝑥𝑘), is installed at the 𝑘𝑡ℎ branch. 

𝑥𝑘 = 0: There is no cable at the 𝑘𝑡ℎ branch installed. 

𝑥𝑘 = −𝐼𝐷 < 0: A cable with identification number, 𝐼𝐷 ∈ Ω(𝑥𝑘), is installed at the 𝑘𝑡ℎbranch but 

out of operation. This represents a NOP. 

As a result, the original MV-D network is represented as a vector with zero and non-zero 

(integer) elements. The zero elements serve as the remaining candidate cable connections 

as a result of expert rules (2-4), and the non-zero elements represent the already existing 

cables with a NOP (negative value) or without a NOP (positive value). An example of this 

codification is given in Figure 6.4 for a part of the test network in Section 6.7.1. 

3 0 0 ... 2 2 -2 ... 2 2 3

1-2 1-3 1-4 7-8 8-9 9-10 28-29 29-30 30-31

l = 59

x =

 

Figure 6.4: Example of an encoded network with existing and candidate branches and length 𝑙. Each 

integer position indicates the identification number of the installed cable and its status. The numbers 

above each integer position represent the corresponding branch (bus-bus). 

                                                      

33 The Candidate Branch Matrix stores the (remaining) expansion options that satisfies topological con-
straints. All other relevant matrix elements represent (traceable) discarded expansion options. 
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6.5.3 Objective function: NPV cost minimization 

Network planners aim for expansion plans with minimal investment costs (CAPEX) and 

operational costs (OPEX), while satisfying all topological and operational constraints. 

Different cost categories and multiple criteria are commonly integrated into a single cost 

function by means of monetization (see Section 4.5). Therefore, the planning problem is 

formulated as a constrained single-objective optimization problem with the objective to 

minimize the net present value (NPV) of the total costs within the planning horizon 

𝑡ℎ𝑜𝑟𝑖𝑧𝑜𝑛: 

𝐦𝐢𝐧  𝑁𝑃𝑉 = ∑
𝐶𝑜𝑠𝑡𝑡𝑜𝑡𝑎𝑙(𝑡)

(1 + 𝑖)𝑡−𝑡0

𝑡ℎ𝑜𝑟𝑖𝑧𝑜𝑛

𝑡=𝑡0

 (6.2) 

which is based on Equation (4.16) in Section 4.5.3. The costs in year 𝑡 , 𝐶𝑜𝑠𝑡𝑡𝑜𝑡𝑎𝑙(𝑡) , 

represent the aggregated CAPEX and OPEX costs in year 𝑡. The main CAPEX and OPEX 

costs in the scope of MV-D network expansions are, respectively, MV cable investments 

and capitalized energy losses. Consequently, 𝐶𝑜𝑠𝑡𝑡𝑜𝑡𝑎𝑙(𝑡) is represented by the cumulative 

cable investments and the capitalized losses in each MV-D branch, using Equations (4.6) 

and (4.16): 

𝐶𝑜𝑠𝑡𝑡𝑜𝑡𝑎𝑙(𝑡) =∑𝐶𝑜𝑠𝑡𝑐𝑎𝑏𝑙𝑒(𝑐, 𝑡)

𝐶

𝑐=1

+∑𝐸𝑙𝑜𝑠𝑠 𝑏𝑟𝑎𝑛𝑐ℎ(𝑏, 𝑡)

𝐵

𝑏=1

∙ 𝑃𝑟𝑖𝑐𝑒𝑒𝑙𝑒𝑐(𝑡) (6.3) 

where 𝐶 is the total number of new cables 𝑐 and 𝐵 is the total number of branches 𝑏. The 

cost of a new cable 𝑐 in year 𝑡 is computed with the annuities method and depends on the 

year of installation and an economic lifetime of 30 years (see Section 4.5.3): 

𝐶𝑜𝑠𝑡𝑐𝑎𝑏𝑙𝑒(𝑐, 𝑡) = {
𝐴𝑁𝑐𝑎𝑏𝑙𝑒(𝑐) 𝑖𝑓  𝑡𝑖𝑛𝑠𝑡. ≤ 𝑡 < 𝑡𝑖𝑛𝑠𝑡. + 𝑇𝑙𝑖𝑓𝑒(𝑐)

0 𝑒𝑙𝑠𝑒
 (6.4) 

On the other hand, the energy losses of branch 𝑏 in year 𝑡 is estimated with the method 

that uses the peak loss and service time of the peak loss (see Section 4.5.1): 

𝐸𝑙𝑜𝑠𝑠 𝑏𝑟𝑎𝑛𝑐ℎ(𝑏, 𝑡) = 𝑃𝑝𝑒𝑎𝑘 𝑙𝑜𝑠𝑠(𝑏, 𝑡) ∙ 𝑇𝑝𝑒𝑎𝑘 𝑙𝑜𝑠𝑠(𝑏, 𝑡) (6.5) 

Summarizing, the MV-D network planning optimization approach minimizes the NPV of 

total capitalized cable losses and cumulative cable annuities. If desired, other (capitalized) 

criteria can be easily added to this objective function.  

6.5.4 Constraints: design criteria of MV-D networks 

An expanded network should satisfy the design criteria of MV-D network under certain 

future load conditions (see Section 4.3). Therefore, the objective function of the planning 

problem is subjected to the following constraints:  
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i. Connectivity constraint: All buses should be connected. 

ii. Radial operation constraint: NOPs should be placed in such a way that the 

meshed network is operated radially. 

iii. Normal operation constraints: In a normal network configuration, the voltage 

at each bus, and the power flow through each cable, should stay within limits (see 

Table 4.4). 

iv. Reconfigurability constraint: The branches in an MV-D network should have 

sufficient capacity to carry the additional load that occurs in a reconfigured state. 

v. Substation expansion constraint: The number of new outgoing branches for an 

MV-T substation or HV/MV substation is limited (see Section 6.5.1). 

A feasible solution (i.e. an expanded MV-D network) is one that satisfies all constraints for 

future load conditions. Solutions are compared based on the concept of constraint 

domination. This means that a feasible solution is always better than a solution violating 

one or some constraints. In case of multiple feasible solutions, the cheaper one is 

preferred. If both solutions are infeasible, the solution with the least constraint violations 

is the better solution. 

Constraints i, ii, and v can be evaluated with computationally-inexpensive topology check 

routines. On the other hand, evaluation of constraints iii and iv requires multiple power 

flow calculations (see Section 4.3.2). The power flow calculations are performed by a C-

coded programmed procedure which is based on the open-source package MATPOWER 

[89]. The Newton-Raphson AC power flows are applied to check iii and iv. Furthermore, 

MV-D networks with DG are evaluated for the ‘dominance-of-load’ state and the 

‘dominance-of-generation’ state (see Section 4.3.3). 

6.5.5 Optimization algorithm: GOMEA 

A single-objective Gene-pool Optimal Mixing Evolutionary Algorithm (GOMEA) [109], 

[110] is used in this chapter (as in [81], [108]) to solve the MV-D network planning 

problem34. GOMEA is a recently proposed metaheuristic algorithm and belongs to the 

larger class of Evolutionary Algorithms (EAs), just like the well-known and widely used 

Genetic Algorithms (GAs). However, compared to a classical GA, GOMEA is a linkage-

learning EA. Linkage learning figures out the dependency between decision variables to 

perform better genetic recombination and the forming of new solutions (i.e. MV-D 

network structures). Successful linkage learning can make the algorithm more efficient 

and favors the scale-up behavior [109]. 

To exploit variable dependencies, GOMEA uses a linkage model to explicitly describe 

groups of variables that are to some degree interdependent, and that should thus be copied 

                                                      

34 GOMEA is applied based on the knowledge and experience of the project partners at CWI (see Section 
1.5). For background information about GOMEA, see [109], [110]. The planning approach proposed in 
this chapter can also function with other type of optimization algorithms.  
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together when performing recombination. The GOMEA variant in this chapter applies the 

linkage model that is most often used in GOMEA: the linkage tree [109]. The variation 

operator35 of GOMEA helps to efficiently exploit the linkage relations provided by the 

linkage tree.  

GOMEA procedure: 

Similar to a classical GA, the population of GOMEA is firstly initialized randomly with 𝑛 

candidate solutions and is then entirely evaluated. In each generation of GOMEA, a set of 

solutions is selected out of the population by a tournament selection mechanism [109]. A 

linkage tree is learned from this selection set by a hierarchical clustering procedure [109]. 

Every existing solution in the population, now termed as a parent solution, goes through 

the Gene-pool Optimal Mixing (GOM) procedure to create a new offspring solution. 

Whereas the recombination operator of GA generates one (or two) whole offspring 

solution(s) at a time, GOM constructs a single offspring solution in a step-wise manner by 

iteratively improving a given solution. First, the parent solution is backed up. Then, every 

linkage group is traversed in the linkage tree. For each linkage group, a donor solution is 

chosen randomly from the population. The values of the decision variables whose indices 

are indicated in the linkage group are copied from the donor solution to the parent 

solution. Subsequently, the objective value and constraint values (of this partially-altered 

solution) are evaluated and compared with the parent solution by the constraint 

domination mechanism (see Section 6.5.4). If such mixing can improve the parent 

solution, the changes are accepted and recorded as the new backup, otherwise the parent 

solution is reverted to the last backup state. When all the linkage groups in the linkage tree 

are traversed, an offspring solution is fully constructed. The GOM procedure is applied on 

𝑛 existing solutions in the population, one at a time, to create 𝑛 new offspring solutions, 

which form the population for the next iteration of GOMEA. The termination condition is 

when every solution in the population has the same objective value. More background 

information about GOMEA can be found in [109], [110]. 

Flowchart of optimization process: 

An overview of the optimization process, with the addressed topics of Section 6.4, is given 

by the flowchart in Figure 6.5. 

                                                      

35 The way new solutions are generated. 
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Figure 6.5: Flowchart of optimization process for the planning of MV-D network expansions. 

6.6 MV/LV transformer expansion routine 

In contrary to cable expansions, MV/LV transformer substations expansions are 

straightforward in practice (see Section 4.2.1). Therefore, a separate routine determines 

the required expansions and associated costs at these substations for a given scenario. The 

MV/LV transformer expansion routine is modelled as a multi-step approach where a 

transformer, that becomes overloaded, will be continuously replaced by a new transformer 

with a higher capacity, according to the order of Table 4.1. It is assumed that an additional 

MV/LV substation with 630 kVA transformer is installed when the required capacity is 

higher than 630 kVA.  

The expansion routine determines for a certain scenario when and which new 

transformers should be installed, and calculates the impact of (capitalized) transformer 
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losses and investments for each year. The flowchart of this process is depicted in Figure 

6.6 and will now be clarified. 

The transformer load developments for future years depends on the scenario under 

analysis. The transformer loading in year 𝑡  is compared with the maximum allowable 

loading to decide if a transformer is overloaded. The maximum allowable loading is based 

on the thermal dynamics and cyclic load behavior of transformers (see Section 4.3.1).  

The CAPEX cost of transformer 𝑑 in year 𝑡 is computed with the annuities method and 

depends on the year of installation and an economic lifetime of the transformer (see 

Section 4.5.3): 

𝐶𝑜𝑠𝑡𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟(𝑑, 𝑡) = {
𝐴𝑁𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟(𝑑) 𝑖𝑓  𝑡𝑖𝑛𝑠𝑡. ≤ 𝑡 < 𝑡𝑖𝑛𝑠𝑡. + 𝑇𝑙𝑖𝑓𝑒(𝑑)

0 𝑒𝑙𝑠𝑒
 (6.6) 

The annuities are only accounted for newly installed transformers and not for existing 

ones at year 𝑡0. It is possible that an already upgraded MV/LV substation requires another 

transformer replacement within the planning horizon. In this case a new annuity series 

for the latest transformer upgrade starts at the year of installation and a potentially 

ongoing annuity series of the previously installed transformer is then prematurely ended 

(see also Section 4.5.3). It is assumed that all newly installed transformers are new with 

an economic lifetime of 30 years. 

The OPEX cost of a transformer are based on the capitalization of losses. Depending on 

the installed transformer type, and the future load profile, the total losses of transformer 

𝑑 in year 𝑡 is determined as follows (see Section 4.5.1):  

𝐸𝑙𝑜𝑠𝑠 𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟(𝑑, 𝑡) =  𝑃𝑝𝑒𝑎𝑘 𝑙𝑜𝑠𝑠(𝑑, 𝑡) ∙ 𝑇𝑝𝑒𝑎𝑘 𝑙𝑜𝑠𝑠(𝑑, 𝑡) + 𝑃𝑛𝑜 𝑙𝑜𝑎𝑑 𝑙𝑜𝑠𝑠(𝑑) ∙ 𝑇𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛 (6.7) 

These losses can be capitalized, as defined in Equation (4.6), and added to the annuity 

costs to determine the total costs per year. Subsequently, a NPV is calculated when all 

years are evaluated. This expansion routine is executed for each MV/LV transformer 

substation in the network. The total NPV can be used to compare the economic impact of 

different scenarios on MV/LV transformer level. 
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Figure 6.6: Flowchart of MV/LV transformer expansion routine. 

6.7 MV-D network case studies and results 

An MV-D network case study is used to demonstrate the proposed computational MV-D 

network planning approach. The network is based on real-world data and subjected to a 

load-growth scenario of 30 years with the presence of Electric Vehicles (EVs). The flexible 

EV demand is modelled with and without a control strategy to reduce the network load, 

resulting in an uncontrolled case and a controlled case for the given scenario. The results 

of these cases are compared, as well as the performance of the optimization algorithm 

regarding the two sets of expert rules.  

6.7.1 MV-D test network 

The MV-D network is based on a part of an existing 10kV cable network of DNO Enexis 

(see Figure 6.7 (left) in Section 6.7.4). The network contains 31 buses with the original 

topology and geographical data. Realistic (but fictive) loads and Distributed Generators 

(DGs) are used for demonstration reasons. In Figure 6.7 (left), the existing cables are 

represented by continuous lines and all (remaining) candidate cable connections by blue 

dashed lines. These candidate connections are the result of expert rules 2-4. The proposed 
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route planner approach in Section 4.2.3 is applied to estimate the cable length of candidate 

connections by making use of the geographical location of substations.  

6.7.2 Applied energy scenario 

To demonstrate the planning approach, an energy scenario with a planning horizon of 30 

years is defined and applied to the test network. The scenario describes an expected load 

growth which is caused by the charging of EVs at households, like in [22], and standard 

(residential and commercial) exponential load growth. In the uncontrolled case of this 

scenario there is no control of the flexible loads. The EVs are instantly charged once 

arrived at home using the maximum fixed charging rate, like in [22]. For demonstration 

reasons (see Section 6.4), the result of this is modelled as a 2% exponential load growth 

per year for all the loads in the network. Furthermore, it is assumed in this scenario that 

the installed DGs remain the same over the planning horizon.  

In the controlled case it is presumed that a future smart grid enables control of flexible, 

less time-critical, loads at households and industries [17]. In this case a load control 

strategy is employed from a DNO perspective (i.e. peak shaving). This can be modelled 

with the load modelling methods in [17] and [22] (see Section 6.4). For now, a classic load 

growth technique is used to specify the varying load over time in the controlled case. A 

10% peak reduction is assumed at MV customer substations due to the time shifting of e.g. 

industrial processes. In this example, the peak load growth at MV/LV transformer 

substations is reduced with 50% by charging EVs mainly during off-peak hours [22]. 

Furthermore, the normal residential peak load is reduced by 10% due to Demand Side 

Management (DSM) of household appliances (e.g. washing machines and tumble dryers) 

[17]. In general, it is possible to include different type of load control strategies and 

discount this, in line with [17] and [22], in the input of the model: the aggregated load 

(growth) at MV substations (see Section 6.4). 

6.7.3 Simulation conditions 

Simulations are performed on the 31-bus MV-D network for each set of expert rules (see 

Table 6.1) and the two scenarios. GOMEA is used as optimizer to solve the expansion of 

the MV-D network. Moreover, GOMEA is applied with 10 different population sizes 

(exponential steps from 2 to 1024). For each population size, GOMEA is run 30 times and 

the averages are presented as results in the upcoming results section. The termination 

condition for each run is when every solution in the population is converged to the same 

solution. Furthermore, the MV/LV transformer expansion routine determines the 

necessary transformer expansions and associated CAPEX and OPEX costs over the 

planning horizon for the given scenario. 

The values which are used for various input parameters are listed in Table 6.2. The cost 

per type of cable or transformer differs in the model, but only typical values are presented 

in the table. The asset costs include all associated costs of getting the asset in place and 

ready for operation. These costs are based on the current investment costs and are kept 
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constant over the considered planning horizon. The price of electricity (without energy 

taxes) to be purchased by the DNO to compensate for the energy losses is also kept 

constant in the simulations.  

Table 6.2: Typical values for various input parameters which are used in the simulations. 

Simulation input parameter Value 

Discount rate, 𝑖 4.5 % 

Cost of an MV/LV transformer substation expansion 15,000 € 

Cost of an MV cable connection 65 € /m  

Price of electricity for energy loss calculation, 𝑃𝑟𝑖𝑐𝑒𝑒𝑙𝑒𝑐 0.07 € / kWh 

Economic lifetime of MV/LV transformers and MV cables, 𝑇𝑙𝑖𝑓𝑒 30 years 

6.7.4 Results 

This section presents the results of the simulations on the 31-bus MV-D network. The 

performance of the optimization algorithm is compared regarding the two sets of expert 

rules for the defined scenario. Furthermore, the difference in performance and results for 

the uncontrolled case and controlled case is also treated.  

Uncontrolled scenario case: 

Figure 6.7 (right) shows the best found solution for the uncontrolled scenario case using 

expert rule set A in the optimization procedure. This solution consists of a new cable 

connection, a placement of one new NOP, relocation of 2 existing NOPs, and an upgrade 

of one existing cable connection. These expansions are installed in the year in which the 

first bottleneck is detected (i.e. 𝑡𝑜𝑣𝑒𝑟𝑙𝑜𝑎𝑑) as a result of the load growth (see also Section 

6.3). In the uncontrolled scenario case, 𝑡𝑜𝑣𝑒𝑟𝑙𝑜𝑎𝑑 equals year 13. Furthermore, 15 MV/LV 

transformer substations require reinforcements whereas the year of the first upgrade is 

noted near each substation in Figure 6.7. The associated cash flows36 over time are shown 

in Figure 6.8.  

Figure 6.9 shows the performance of GOMEA by visualizing the obtained NPV per best 

found solution for a varying the population size. The left figure shows the NPV of the 

obtained solution for different population sizes of GOMEA whereas the right figure shows 

the associated number of (candidate) solution evaluations per population size. The 

evaluation of a solution consists of evaluating the objective value (NPV) and the 

constraints of Section 6.5.4, which requires multiple computationally demanding power 

flow calculations. Therefore, the number of solution evaluations that is required to find a 

good solution is regarded as an indicator of computing time, since these solution 

evaluations dominate other algorithm operations in the runtime [111].  

                                                      

36 That are annual costs which are not yet converted to present values with the discount rate. 
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Figure 6.7: Original topology of 31-bus MV-D network with candidate cable connections on the left. 

The right network topology depicts the best found solution by GOMEA with expert rule set A and for 

the uncontrolled scenario case. The reinforcements are shown in orange including the year of 

installation. 

 

Figure 6.8: Annual CAPEX and OPEX cash flows for the best found solution by GOMEA with expert 

rule set A and for the uncontrolled scenario case. Cash flows resulting from the transformer expansion 

routine are included. 
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The performance graphs of GOMEA in Figure 6.9 are further analyzed and compared with 

other algorithms in [81] and [111]. This section focuses on the effect of different expert rule 

sets. Available expert knowledge can be used to reduce the search space by disregarding 

unnecessary values of decision variables. The left graph of Figure 6.10 shows the 

performance of GOMEA when considering expert rule set B (see Table 6.1) to solve the 

same planning problem. Compared to the right graph of Figure 6.9, it can be concluded 

that GOMEA requires less solution evaluations and smaller population sizes to converge 

to the optimal solution. The optimal solution is depicted in Figure 6.11 (left) and consists 

of a new cable connection, a placement of one new NOP, relocation of 2 existing NOPs, 

and an upgrade on one existing cable connection. The topology is similar to the results 

based on expert rule set A, but different type of cables are proposed since the set of 

available cables is limited in expert rule set B (see Table 6.1).  

Clearly, the additional expert rules of set B helps to simplify the problem at hand, 

especially when considering fewer asset type options (rule 5) and setting a maximal 

number for new connections going out of a substation (rule 8). This reduces the number 

of potential expansion combinations, and thus the search space. In general, it is beneficial 

to reduce the search space to prevent optimization algorithms from considering 

unnecessary solutions, so that bigger problems can be solved efficiently. 

 

Figure 6.9: Performance of GOMEA for different population sizes (left) and associated number of 

solution evaluations (right) for expert rule set A. Average best found solution over 30 independent runs 

is represented as NPV costs. 
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Figure 6.10: Performance of GOMEA with expert rule set B, indicated by number of solution 

evaluations which corresponds to 10 different population sizes (2 to 1024). Average best found solution 

over 30 independent runs is represented as NPV costs. Left graph shows the experiment results for the 

uncontrolled scenario case and right graph for controlled scenario case. 

 

Figure 6.11: The left network topology depicts the best found solution by GOMEA with expert rule set 

B and for the uncontrolled scenario case. The right network topology is the best found solution with 

expert rule set B for the controlled scenario case. The reinforcements are shown in orange including the 

year of installation. 
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Controlled scenario case: 

In the controlled scenario case, peak shaving effects of DSM and controlled charging of 

EVs are discounted in the input (i.e. the loads at substations). The right graph of Figure 

6.10 shows the simulation result and performance of GOMEA (with expert rule set B) 

when solving the planning problem for the controlled case. This experiment shows that 

the performance and convergence of GOMEA is comparable with the previous case (i.e. 

the left graph of Figure 6.10). However, the algorithm finds solutions with a lower NPV 

since the amount of required expansions is reduced due to the peak shaving effect. The 

optimal solution is depicted in Figure 6.11 (right). It consists only of a single cable upgrade 

between bus 2 and 3. The new cable connection (from bus 1 to 22) in the uncontrolled case 

is no longer needed. Furthermore, less transformer replacements are required and 

expansions are postponed. This is visualized in Figure 6.12. The graph shows the 

difference in the amount and timing of asset investments (CAPEX) between the 

uncontrolled and controlled case37. It can be seen that in the controlled case only a part of 

the investments are needed with a 𝑡𝑜𝑣𝑒𝑟𝑙𝑜𝑎𝑑 at year 24.  

In general, the proposed planning approach uses currently applied expansion options (as 

decision variables) to solve bottlenecks for a certain scenario (with or without a load 

control strategy, that is discounted in the aggregated load at MV substations). 

 

Figure 6.12: Annual CAPEX cash flows over time for uncontrolled scenario case vs. controlled scenario 

case. Cash flows resulting from the transformer expansion routine are included. 

  

                                                      

37 In this demonstration case no costs are taken into account to enable the control of flexible loads. 
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6.8 Reflection on methods and models 

This section discusses the possibilities and limitations of the developed methods and 

models.  

6.8.1 Extended static planning approach 

The proposed extension of the static planning approach includes the factor time in 

contrary to classic static planning. This has the advantage of identifying the (first) year in 

which expansions are needed. Moreover, the extended approach enables the optimization 

of (cable) expansions based on the costs related to asset investments and energy losses. 

Including the losses in the optimization process lead to more sustainable and economically 

efficient expansions.  

The network is assumed to be expanded in the year 𝑡𝑜𝑣𝑒𝑟𝑙𝑜𝑎𝑑  (see Section 6.3) and 

sufficient capacity is installed to meet the loading situations for the remainder of the 

considered planning horizon. Nevertheless, a single expansion step is common in most 

practical cases regarding cable expansions in MV-D networks. This is because the MV-D 

network is mostly expanded with new cable connections (instead of replacing cables) and 

MV cables have a long technical lifetime. As a result, once a cable is installed, it is highly 

likely that this cable will be present at the end of the planning horizon. Furthermore, a 

new cable connection with the currently standardized cable types results in a relative large 

increase in capacity for existing MV-D networks. Hence, most bottlenecks and long-term 

capacity problems can be solved with a limited number of cable expansions. 

6.8.2 Optimization model and expert rules 

MV cable branches serve as decision variables in the optimization model and a solution is 

codified as a vector with integer elements, representing a network of (candidate) cable 

connections. As a result, the search space can become relatively large when there are many 

candidate cable connections. Therefore, irrelevant and unnecessary cable options / 

connections should be prevented to save computational resources and time. It is shown in 

this chapter that implementing expert rules contributes to this intention. It is thus 

recommended to include available practical limitations and expert knowledge to avoid 

inapplicable solutions and to reduce the search space. Network planners, with specific 

local-network knowledge, could specify in advance which substation is expandable with a 

new cable connection to further reduce the search space. 

The original codified network is not substantially different from the optimal codified 

network solution, since only a limited number of cable expansions with NOP additions / 

displacements can solve most bottlenecks38. This characteristic can be exploited in the 

optimization process to improve the performance of the algorithm. This is shown in [111]. 

                                                      

38 Many cable removals, replacements, or network restructurings are often economically unfavorable. 
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The optimization approach in this chapter is applied to MV-D network expansions with 

the current design criteria and standardized cable options. Nevertheless, this framework 

can be easily used to analyze solutions with different design criteria and to evaluate non-

standard applied asset types, or overhead lines instead of cables. Moreover, changing the 

scope to LV networks can be realized without significant changes. Applications with HV 

or MV transmission networks require a slightly different codification which include 

parallel branch connections between buses. Transformer expansions can also be included 

in the optimization approach by representing transformers as branches in the codification 

and network modelling. This was applied in [108]. However, as MV/LV transformer 

expansions are straightforward in practice, this can also be excluded from the optimization 

approach (see Section 4.2.1 and 6.6). 

6.8.3 Optimization algorithm 

Multiple criteria are converted into a total cost objective function and the MV-D network 

planning problem is solved by employing a single-objective GOMEA variant 39  as 

presented in [81]. The solutions in this chapter are based on a trade-off between asset costs 

and energy losses. Additional (capitalized) criteria could be easily added to the total costs. 

For example, reliability indicators could be included in the objective function (see Section 

4.5.2). On the other hand, applying multi-objective optimization can provide a richer set 

of results and alternatives in the form of trade-offs between criteria. This was done using 

a multi-objective GOMEA variant on MV-D network planning in [59]. Furthermore, the 

scalability of GOMEA and experiments on a larger MV-D network can also be found in 

[59]. 

6.9 Summary and conclusions 

This chapter proposed a computational planning approach for classic MV-D network 

expansions using a gene-pool optimal mixing evolutionary algorithm. The approach can 

be used to determine proactively when necessary network investments are upcoming, and 

which type of expansions are needed, if the loading of the MV-D network develops over a 

(long) period of time. This makes the planning approach suitable for scenario-based 

planning studies.  

The approach is based on the planning building blocks presented in Chapter 4 to take into 

account requirements originating from network planning practice in order to find realistic 

planning solutions. A separate routine determines the required expansions and annual 

costs at MV/LV transformer level, and an optimization process with the GOMEA 

optimizer searches for the (optimal) locations and types of new MV cables. An extension 

                                                      

39 Efficiency improvements and benchmarking of this single-objective GOMEA variant in the applica-
tion of MV-D network planning can be found in [111]. Furthermore, see also [81] and [111] for a perfor-
mance comparison between GOMEA and a classical GA. 
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of the static planning approach is proposed to find the moment of necessary expansions, 

and to include asset investments and capitalized energy losses in a single-objective NPV 

function. As a result, MV cable expansions are found based on a trade-off between asset 

costs and losses. Furthermore, this planning approach implements expert knowledge to 

avoid inapplicable solutions and to reduce the search space (and hence computation time). 

As a result of the expert knowledge, the applied optimization algorithm requires much 

fewer (candidate) solution evaluations and smaller population sizes to converge to an 

appropriate solution. 

With the developed computational planning approaches for classic expansion options in 

Chapter 5 and Chapter 6, the fifth research question is addressed (see Section 1.4). It was 

shown that an expert system approach is applicable to solve short-term planning problems 

with classic expansion options, and an optimization approach can be used to solve long-

term planning problems (as a prelude to the integration of smart grid options).  
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CHAPTER 7 

7. Computational capacity planning 
considering ‘smart grid’ options 

7.1 Introduction 

This chapter presents a computational capacity planning approach which integrates 

‘smart grid’ options in the optimization-based approach presented in Chapter 6. This 

results in a long-term planning approach for MV-D networks which considers both classic 

expansion options as well as smart grid options. This chapter relates to the sixth research 

question of this thesis (see Section 1.4). 

Electricity storage systems and Demand Side Management (DSM) are considered as new 

planning options and are applied in MV-D networks from the point of view of a DNO. This 

means aiming at peak load reduction by shifting electricity demand over time. This is 

fundamentally different from classic network planning where expansion options only 

influence the capacity of the network and not its loading. Reducing the peak load, denoted 

in this chapter as peak shaving, will postpone or prevent classic network investments. In 

this chapter where the scope is MV-D network planning, peak shaving is applied to reduce 

the residential peak loads at MV/LV transformer substations. This is realized with either 

DSM or storage. These options are considered separately since they are a substitute of each 

other. 

The structure of this chapter is as follows. Section 7.2 describes approaches to integrate 

smart grid options into MV-D network planning in general. Section 7.3 describes an 

approach to model DSM and storage as planning option by applying peak shaving in more 

detail. Subsequently, Section 7.4 proposes a computational planning approach which 

integrates these smart grid options. This planning approach uses an evolutionary 

optimization algorithm and a hybrid dynamic planning problem formulation to find 

expansion plans with smart grid options and/or classic expansion options. Section 7.5 
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demonstrates the application of the planning approach by using a real-world case and a 

long-term scenario with increasing penetrations of electric vehicles in residential areas. 

Results of multiple simulations are presented with demand side management or storage 

as planning options. Advantages and limitations of the proposed planning approach are 

discussed in Section 7.6. Finally, this chapter is summarized in Section 7.7. 

7.2 Integration of smart grid options in network 
planning 

Developments toward smart grids, by increasing the intelligence and automation of 

networks, give the possibility to manage the distribution networks more efficiently, as 

network investments could be postponed by shifting electricity demand to off-peak (or 

local generation) hours by controlling flexible loads and/or electricity storage systems 

appropriately [112]. To prepare the distribution networks for future developments (related 

to the energy transition), network planning (tools) should be expanded to consider classic 

expansion strategies as well as smart grid options.  

So far, smart grid options are considered in MV-D network planning by using a scenario-

based methodology, like in [17] and [21], to model future (residential) demands. For 

example, the method in [17] models future residential loads and generators for various 

scenarios. By modelling load profiles of new technologies separately, they can be 

superposed on the regular residential demand to create aggregated (residential) load 

profiles for different groups of customers or MV/LV transformers. Moreover, this method 

makes it possible to model flexible loads with or without a control strategy (e.g. peak 

shaving). This results in two different sets of load profiles for a given scenario: 

uncontrolled and controlled. These load profiles (at MV/LV transformers) serve as input 

to power flow calculations to evaluate the impact on MV-D networks. The uncontrolled 

and controlled case are evaluated separately to explore the differences between the two 

cases. 

To determine the required network investments for both the uncontrolled and controlled 

case, only classic expansion options need to be considered (as decision variables in an 

optimization model [81]), since the load-control element is already discounted in the input 

(i.e. the profiles at MV/LV transformers). This type of approach is depicted in Figure 7.1 

and is useful to study the general impact on large collections of distribution networks [17], 

[20], [22], or to find case-specific (optimal) expansion plans with computational planning 

tools [81]. 

However, the planning approach in Figure 7.1 has some limitations. It does include smart 

grid options, however, the aggregated profiles at MV/LV transformer substations are 

controlled in advance, and there is no correlation with the loadings at the other substations 

in the MV-D network [113]. In case of DSM, a fixed percentage of the available local flexible 

demand is assumed to be used for load shifting at every MV/LV transformer substation, 
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for the whole (long-term) planning horizon. For instance, 100% of the available flexibility 

is used for peak shaving each moment in time. However, this leaves no flexibility for other 

market parties, and moreover, it is not always necessary to apply peak shaving every day 

of the year to prevent bottlenecks in MV-D networks. The same is true when the effect of 

storage is discounted as scenario input. In addition, storage units can only be modelled as 

if they would be present at each substation. It is not possible to determine in advance and 

the appropriate capacity, location and exact timing of storage installations.  

As a result, the planning approach in [17] and [21] makes it impossible to assess where in 

the network, and when in time, smart grid planning options show (economic) benefits over 

classic expansion options. Therefore, this chapter integrates smart grid options more 

effectively by proposing an optimization environment where the input (i.e. profiles with a 

share of load control) become a decision variable, instead of modelling a fixed load control 

strategy for the whole planning horizon as an additional scenario case. 

 

Figure 7.1: Block diagram of the scenario-based load modelling procedure for various scenarios and 

smart grid strategies, based on Figure 6.2 in [2]. 

7.3 Modelling of demand side management and 
storage as planning option 

The possibility of (load) control offers the opportunity to reduce the peak load and 

postpone classic network investments. In the scope of MV-D network planning, this peak 

shaving effect is modelled in this section as the ‘presence’ of DSM and electricity storage 

at MV/LV transformer level. The principle and effect of peak shaving on (future) 

aggregated load profiles is described as well as the modeling of DSM and electricity storage 

as planning option. 

7.3.1 Theoretical approach of peak shaving 

This section describes the theoretical effect and potential of peak shaving load profiles 

guided by some practically-relevant examples. The effect of peak shaving with DSM is 

similar to the effect of peak shaving with electricity storage systems, despite that there are 

some operation constraint differences. Peak shaving with the use of DSM can be realized 

by shifting (part of the) available flexible demand to off-peak hours. For electricity storage, 

peak shaving can be accomplished by discharging at peak hours and charging during off-

Control strategy:
- Uncontrolled (i.e. no smart grid)

- Controlled (e.g. peak-shaving strategy)

Input:
- Network topology and asset parameters

- Number of houses supplied by transformer
- XY coordinates and postal codes of MV-substations

- Annual peak load measurements and coincidence factors

- Normalized aggregated future load profiles

Energy scenario

Future aggregated load 
profiles

MV-D network model
Power flow 
calculations

Bottlenecks / 
asset loadings
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peak hours or hours with surplus of distributed generation. This is illustrated in Figure 7.2 

for a standard residential day profile. 

 

Figure 7.2: Illustration of a residential day load profile where peak shaving with DSM is possible by 

shifting non-time critical loads to off-peak hours (left). Peak shaving with electricity storage devices is 

possible by discharging during peak hours and charging during 0ff-peak hours (right). 

In this chapter peak shaving40 is applied on aggregated (residential) load profiles. Yearly 

load profiles published by NEDU 41  are used to represent residential load profiles. 

Traditionally, the peak of the residential load profile is at the beginning of the evening and 

appears in winter. In 2014, the residential NEDU profile (labeled as E142) peaked on 

December 28th. The normalized load profile of this ‘worst-case day’ is depicted in Figure 

7.3 (left).  

There is a theoretical limit for the potential peak reduction of a load profile when applying 

unlimited peak shaving. If it is assumed that the energy distributed over a day should 

remain the same, peak shaving can be utmost applied till the day profile is flat. However, 

the maximum possible peak reduction percentage (to flatten the load profile) is dependent 

on the shape of the profile. Furthermore, the shape of the profile results in a certain non-

linear relation between the peak reduction percentage, and the required energy that needs 

to be shifted from the peak to accomplish this peak reduction. Figure 7.3 (right) depicts 

this effect for the NEDU E1 profile as well as for two other load profiles:  

 NEDU E3D represents an average industrial customer with a high base load [114]. 

 NEDU E1 with 75% EVs is an aggregated load profile of a residential area in 2040 where 75% of 

the households possess an EV which are charged without a control strategy (i.e. uncontrolled 

charging) [22]. See also Section 7.5.1. 

                                                      

40 This load control strategy prevents that load shifting results in new or higher peak loadings. 
41 Nederlandse EnergieDataUitwisseling (NEDU) [114] provides average year profiles with 15 min time 
stamp for different type of customers. These profiles are abundantly used in the Dutch electricity sector 
(e.g. for planning, allocation, and reconciliation processes). 
42 Average of datasets E1A, E1B, and E1C which are average profiles for common household connections 
(with capacity ≤ 3 x 25 Ampere). 

Peak shaving with Demand Side Management

Load shifting

Peak shaving with Electricity Storage

Discharging

Charging
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Figure 7.3: Three normalized aggregated worst-case day profiles (left) at MV/LV transformer level. 

The corresponding peak load reduction potential versus the required energy to be shifted (right) when 

the normalized profiles are coupled to an example peak of 600 kW. 

The three normalized profiles are visualized in Figure 7.3 (left), and as an example coupled 

to a peak of 600 kW in Figure 7.3 (right). The right figure shows that the shape of the 

profile has a high influence on the peak shaving potential and the required energy to be 

shifted. For the residential E1 profile a maximum peak load reduction percentage of 39.5% 

can be realized. However, for the industrial E3D profile, only a peak reduction percentage 

of 9% can be achieved, and it requires relative more energy to be shifted. This is due to a 

relative high base load and calls for large flexible loads or storage devices with high 

capacity to reduce the peak load. On the other hand, in a future scenario with EVs, there 

is a higher potential to reduce the peak and it requires relatively less energy shifting. This 

is due to the fact that uncontrolled charging of EVs results in an aggregated residential 

load profile with a relative high peak [115].  

For an MV/LV transformer, it is not necessary to apply peak shaving every day of the year. 

This is visualized with the yellow curve in Figure 7.4 based on the load duration curves43 

of the normalized NEDU E1 year profile. The yellow curve is the result of applying each 

day of the year the theoretically maximum peak reduction (i.e. flatten each day profile). 

This strategy was also applied in [2]. However, from a peak capacity point of view, this 

results in unnecessary hours or days where peak shaving is applied since the maximum 

                                                      

43 Load duration curves order the load profile data of the year in descending order instead of chrono-
logically. 
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peak load reduction is in general bounded to the worst-case day profile. Therefore, the 

proposed strategy is to only apply peak shaving on moments when it is necessary to stay 

below the reduced peak of the worst-case day. The result of this strategy for the E1 year 

profile is shown by the orange curve. 

 

Figure 7.4: Load duration curves of normalized NEDU E1 year profile with and without peak shaving. 

Theoretical maximum peak shaving applied on each day, or only at the worst-case day and other days 

of the year no more than necessary. 

To minimize load-dependent energy losses (see Section 4.5.1), it would be more beneficial 

to apply peak shaving every day (yellow curve). However, most of the potential energy loss 

reduction is already realized by peak shaving on the days with the highest loads due to the 

quadratic relation between current flowing through an asset and its resulting losses. 

Hence, applying peak shaving with DSM on moments with relative low demand has a 

limited effect on losses. In case of storage, it will be even less effective due to additional 

storage conversion losses. Therefore, the proposed strategy is to apply peak shaving only 

when it is necessary to prevent bottlenecks. The remaining flexibility will then be available 

for other market parties, although congestion-constrained by the new worst-day peak.  

Besides this theoretical peak shaving approach, one should keep in mind that there are of 

course (practical) limitations and constraints to this load control. The profiles cannot be 

molded in every shape. Only the flexible part of the load can be controlled [113], and due 

to e.g. forecast errors, it is practically almost impossible to flatten a load profile 

completely. 

7.3.2 DSM of residential demand as decision variable 

The goal of modelling DSM as decision variable is to explore if DSM is (economically) 

beneficial as planning option for a given DSM price. If so, a DNO would like to know how 

much, when, and where DSM is needed (e.g. at which substations first). When considering 

DSM from the point of view of the DNO, it is assumed that there is some form of incentive 

regulation present which incentivizes electricity consumption in off-peak hours [20]. In 
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this section the peak shaving approach of Section 7.3.1 is used, although the peak shaving 

potential with DSM is limited and dependent on the available flexible demand. 

DSM can be seen as a planning option / decision variable per substation (see Section 

7.4.1), representing a certain percentage of the available peak shaving potential. For 

example, 100% DSM would mean that all the available flexible demand is used to lower 

the peak at a substation. On the other hand, 50% DSM is defined as if the peak is reduced 

with 50% of the potential peak reduction in case of 100% DSM. See also the evenly 

distributed peak reductions for various percentages of DSM in the example of Figure 7.5. 

It is assumed that the DNO can decide how much of the available flexibility is used to 

reduce peak loads.  

The proposed method synthesizes with the scenario-based load modeling methods in [17], 

[20], [22] to determine the future residential load profiles on MV/LV transformer level 

and their available flexibility for a given scenario. Future MV/LV transformer profiles are 

built up based on the usage patterns and potential flexibility (and constraints) of 

individual appliances. Furthermore, they depend on the urbanization level and number of 

households, while the scenario data specifies the penetration degrees of new technologies 

and appliance specific parameters. Based on this load modelling method, it is estimated 

how the (uncontrolled) load of each MV/LV transformer substation will develop during a 

specified planning horizon. Moreover, it is possible to determine the available flexibility 

per substation, which might also change over time (see example in Figure 2.5). 

Subsequently, peak shaving is applied to the uncontrolled load profiles by shifting (part of 

the) available flexible demand.  

Figure 7.5 shows an example of the peak load development at an MV/LV transformer 

substation in the uncontrolled situation (blue line), and for various percentages of DSM 

with steps of 25%. This is a substation of an example network with an EV scenario (see 

Section 7.5.1). Due to increasing (flexible) EV load, there is an increasing potential over 

time to reduce the peak with DSM. Note that Figure 7.5 only depicts one load data point 

per year: the peak load. The third dimension in the modelled data contains the complete 

load profile per year.  

These (pre-modelled) MV/LV transformer load profiles are stored in a database. When 

the planning (optimization) model decides to utilize DSM in a certain year at a specific 

substation, the accompanying load data will function as input for the power flow 

calculation. Subsequently, the achieved peak reduction with DSM can be computed and is 

used for the cost function of DSM (see Section 7.4.3). 
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Figure 7.5: Example of the peak load growth at an MV/LV transformer substation for various 

percentages of DSM. This is a substation of an example network with an EV scenario (see Section 7.5.1). 

7.3.3 Electricity storage as Decision Variable  

Peak shaving with electricity storage offers more flexibility than DSM since also the energy 

consumption of time-critical loads can be shifted. Furthermore, storage can store 

abundantly produced energy by DGs at times of low demand to shift the energy towards 

peak demand periods. Developments in higher storage densities and lower costs provide 

in the future an opportunity for DNOs to use storage as planning option. However, some 

DNOs already experiment with storage in distribution networks. For example, DNO 

Enexis installed an advanced lithium-ion Battery Energy Storage System (BESS) as pilot 

project in a residential area [16]. This BESS is connected to the LV side of the MV/LV 

transformer and is capable of storing approximately 230 kWh. In this chapter it is 

assumed that potential storage systems are also located behind MV/LV transformers and 

that future standardization make them easily (re)movable. Peak shaving with a BESS is 

accomplished by charging at off-peak hours or surplus of distributed generation, and 

discharging during peak hours (with maximally one full charge-discharge cycle a day). The 

goal with storage as planning option is to find out which substations should be expanded 

with a BESS, with which type of capacity, and in which year.  

In the demonstration simulations of Section 7.5 it is assumed that behind each MV/LV 

transformer a BESS can be installed with a capacity of 500 kWh, 1000 kWh, or 1500 kWh. 

This are useful storage capacities in residential areas (see the curves in Figure 7.3, right) 

since the maximum applied MV/LV transformer capacity is 630 kVA (see Section 4.2.1). 

A too large storage capacity can (theoretically) flatten the load profile with only part of the 

available storage capacity. It is thus ineffective to apply BESSs with capacities of several 

MWh in residential areas. 

These BESSs are applied to reduce the peak of the load profiles in the uncontrolled 

scenario. The proposed approach is to model for each year, and for each appropriate 
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substation to install a BESS, a new year profile where the peak is reduced with a certain 

storage capacity. This results in similar kind of data as in Figure 7.5, but then for the 

various available storage capacities. This data is visualized in Figure 7.6 for the same 

substation and load growth scenario. Just like with DSM, the peaks are reduced no more 

than necessary over a year (see Section 7.3.1). Since the focus of this work is not on the 

exact modelling of the BESS’ power conversion, a basic approach is used with a static 

round-trip conversion efficiency of 85% [15] and it is assumed that (dis)charging power 

capabilities [kW] are no limiting factor for peak shaving (i.e. only capacity [kWh] limits). 

The lifetime and cost function of storage is treated in Section 7.4.3. 

 

Figure 7.6: Example of the peak load growth at an MV/LV transformer substation for various storage 

capacities. This is a substation of an example network with an EV scenario (see Section 7.5.1). 

7.4 Computational planning approach 

This section proposes an MV-D network planning approach using a metaheuristic 

optimization algorithm: GOMEA44 . Synthesis with the scenario-based load modelling 

methods in [17], [20], [22] makes this planning approach suitable for long-term scenario 

studies. The planning options are modelled as a combination of classic expansion decision 

variables (MV cables) and smart grid decision variables (either DSM or storage). This 

requires a dynamic planning approach to find the optimal expansion plan for a given 

scenario. Single-objective optimization (cost minimization) is applied by formulating cost 

functions for all planning options. The price of DSM and storage serve as an input to vary 

over multiple optimization runs and to discover when and where, smart grid options 

become a viable alternative to classic expansion options. This section starts with the 

codification of an expansion plan which form suits the applied evolutionary algorithm in 

Section 7.4.5. 

                                                      

44 Introduced in Section 6.5.5 and developed by the project partners at CWI (see Section 1.5). 
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7.4.1 Codification of (smart grid) decision variables 

The proposed planning approach includes classic expansion options and smart grid 

planning options. These decision variables need to be specified and codified in a suitable 

representation for the applied evolutionary algorithm. 

The replacement and addition of MV cable branches is considered as main classic 

expansion option. Similar to the approach in Section 6.5, this results in a specification of 

all existing and candidate branches. Based on Equation (6.1), the MV-D network 

configuration in year 𝑡 is represented as a vector: 

𝒙𝒕 = (𝑥𝑡1, 𝑥𝑡2,⋯ , 𝑥𝑡𝑙), 𝑥𝑡𝑘 ∈ Ω(𝑥𝑡𝑘),         𝑘 ∈ {1,2,⋯ 𝑙} (7.1) 

where 𝑙 is the length of the vector (total number of both existing and candidate branches), 

𝑥𝑡𝑘 relates to the 𝑘𝑡ℎ branch of the network, and Ω(𝑥𝑡𝑘) is the set of possible branch types 

that can be installed at 𝑥𝑡𝑘. The candidate branch connections are here limited by expert 

rule set B of Table 6.1 to discard impractical network expansions. As a result of applying 

expert rule set B, the status of 𝑥𝑡𝑘 in this chapter can be: 

𝑥𝑡𝑘 =

{
  
 

  
 
−3
−2
−1
0
1
2
3

    =    

240 𝑚𝑚2 𝑐𝑎𝑏𝑙𝑒 𝑤𝑖𝑡ℎ 𝑁𝑂𝑃
150 𝑚𝑚2 𝑐𝑎𝑏𝑙𝑒 𝑤𝑖𝑡ℎ 𝑁𝑂𝑃
𝑜𝑙𝑑 𝑐𝑎𝑏𝑙𝑒 𝑤𝑖𝑡ℎ 𝑁𝑂𝑃
𝑛𝑜 𝑐𝑎𝑏𝑙𝑒
𝑜𝑙𝑑 𝑐𝑎𝑏𝑙𝑒
150 𝑚𝑚2 𝑐𝑎𝑏𝑙𝑒
240 𝑚𝑚2 𝑐𝑎𝑏𝑙𝑒

 (7.2) 

DSM and storage are related to buses instead of branches, as they influence the loads of 

the network. Therefore, buses can be specified with potential ‘presence’ of DSM or storage 

to apply load control. Analogous to Equation (7.1), the smart grid decision variables in 

year 𝑡 are considered as a vector with integer-value elements: 

𝒚𝒕 = (𝑦𝑡1, 𝑦𝑡2, ⋯ , 𝑦𝑡ℎ), 𝑦𝑡𝑚 ∈ Ω(𝑦𝑡𝑚),         𝑚 ∈ {1,2,⋯ℎ} (7.3) 

where ℎ equals the number of buses with load control, 𝑦𝑡𝑚 relates to the 𝑚𝑡ℎ bus of the 

network, and Ω(𝑦𝑡𝑚) is the set of possible smart grid situations that can be present at 𝑦𝑡𝑚. 

In this chapter either DSM or storage is applied to reduce the residential peak loads at 

MV/LV transformer substations. In the demonstration simulations of Section 7.5, the 

status of 𝑦𝑡𝑚 is defined with the following discrete options: 

𝑦𝑡𝑚
𝐷𝑆𝑀 =

{
 
 

 
 

 

0
1
2
3
4

=

0 % 𝐷𝑆𝑀
25 % 𝐷𝑆𝑀
50 % 𝐷𝑆𝑀
75 % 𝐷𝑆𝑀
100 % 𝐷𝑆𝑀

  ,   𝑦𝑡𝑚
𝑠𝑡𝑜𝑟𝑎𝑔𝑒

= { 

0
1
2
3

=

0 𝑘𝑊ℎ 
500 𝑘𝑊ℎ
1000 𝑘𝑊ℎ
1500 𝑘𝑊ℎ

 (7.4) 
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The percentage of DSM relates to the amount of peak reduction that can be realized by 

shifting flexible loads (see Section 7.3.2). The status of storage decision variable 𝑦𝑡𝑚 
𝑠𝑡𝑜𝑟𝑎𝑔𝑒

 

represents the capacity of the available storage systems. Subsequently, the MV-D network 

situation in year 𝑡 can be represented with classic and smart grid decision variables as a 

concatenated solution vector 𝒛𝒕: 

𝒛𝑡 = [𝑥𝑡1, 𝑥𝑡2,⋯ , 𝑥𝑡𝑙][𝑦𝑡1, 𝑦𝑡2,⋯ , 𝑦𝑡ℎ] (7.5) 

This formulation can be classified as a static planning problem [30], as only one time step 

or stage is considered. In case of finding expansion plans with solely cable expansions, this 

problem formulation can be applicable to long-term planning horizons if the time horizon 

is treated according to the extended static planning approach. This is shown in Chapter 6. 

However, dealing with smart grid decision variables requires a dynamic planning problem 

formulation. This is presented in the next section. 

7.4.2 Hybrid dynamic planning formulation and evaluation 

Dynamic planning [30] divides the planning horizon into several stages and it should be 

determined what should be installed in every planning stage (e.g. stages of 5 years in long-

term planning studies [29]).  

This is required for smart grid planning options since their status can differ each stage. 

For example, DSM is only (partly) needed in specific stages with bottlenecks and the 

required DSM percentage can change over time. In case of storage, movable versions of 

the BESS principle in [16] are considered. Consequently, a BESS can be present at a 

substation in a certain stage, and a stage later, it can be removed (and possibly relocated 

to another substation). Therefore, a multi-stage approach is proposed for the smart grid 

decision variables and an expansion plan 𝒛 is represented in a hybrid form: 

𝒛 = [𝑥𝑠𝑁1, 𝑥𝑠𝑁2, ⋯ , 𝑥𝑠𝑁𝑙]

[
 
 
 
 
 
𝑦11 𝑦12 ⋯ 𝑦1ℎ
𝑦21 𝑦22 ⋯ 𝑦2ℎ
⋮ ⋮ ⋮ ⋮
𝑦𝑠1 𝑦𝑠2 ⋯ 𝑦𝑠ℎ
⋮ ⋮ ⋮ ⋮

𝑦𝑠𝑁1 𝑦𝑠𝑁2 ⋯ 𝑦𝑠𝑁ℎ]
 
 
 
 
 

 (7.6) 

where subscript 𝑠 is a stage number and 𝑠𝑁 is the total number of stages along the planning 

horizon. The matrix represents vector sections and the rows of the matrix are 

concatenated like in [29] to form a solution vector of length: 𝑙 + 𝑠𝑁 ∙ ℎ. In this codification, 

the smart grid decision variables are represented by the 𝑠𝑁 ∙ ℎ matrix. This is known as a 

multi-stage formulation [29], [45], [116] and resembles here a different status for the 

smart grid decision variables at each stage.  

On the other hand, the cable decision variables in (7.6) remain represented in a static way 

by the vector of length 𝑙. The reason for this is that it is highly likely that newly installed 

cables in MV-D networks are still present at the end of a planning horizon of, for example, 
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30 years (see also Section 6.8). As a result, the cable decision variables represent the cable 

situation in the final stage (𝑠𝑁 ). A decomposition approach [117] is used to evaluate 

expansion plan 𝒛 and to determine the timing of the cable expansions.  

The planning procedure of this proposed ‘hybrid dynamic planning approach’ is depicted 

in Figure 7.7. 

 

Figure 7.7: Block diagram of planning procedure to evaluate hybrid expansion plan formulation 𝒛. 

In coherence with real-world MV-D network planning, the timing of investments will be 

dependent on bottlenecks. Therefore, variable stages of 3-5 years are defined between the 

year of the first overload 𝑡𝑜𝑣𝑒𝑟𝑙𝑜𝑎𝑑1 and the final year 𝑡ℎ𝑜𝑟𝑖𝑧𝑜𝑛. The nominal length of a stage 

is 5 years. Dependent on the year 𝑡𝑜𝑣𝑒𝑟𝑙𝑜𝑎𝑑1, there are stages with minimum length of 3 

years to fill residual periods since the planning horizon is essentially divided by stages of 

5 years. The shortest stages are defined first as a higher resolution is preferred near the 

present45.  

Every time a candidate expansion plan 𝒛 is generated in the optimization process (see 

Figure 7.7), the objectives and constraints are evaluated (see Section 7.4.3 and 7.4.4). The 

evaluation of 𝒛 starts by first assuming that all cables are installed at the final stage (𝑠𝑁), 

assuming that the highest capacity is required at 𝑡ℎ𝑜𝑟𝑖𝑧𝑜𝑛 . The solution is regarded as 

                                                      

45 For example, if 𝑡𝑜𝑣𝑒𝑟𝑙𝑜𝑎𝑑1 is in year 𝑡4, then the first stage is from 𝑡4-𝑡6, the second stage from 𝑡7-𝑡10, 
the third stage from 𝑡11-𝑡15, the fourth stage from 𝑡16-𝑡20, etc.  

Select network and apply energy scenario

Find the first year with constraint violation: toverload1

Appoint stages of 3-5 years from toverload1  to thorizon

Evaluate candidate expansion plan z
generated by optimization algorithm

Evaluate if z  is feasible in final stage sN
infeasible

feasible

Decompose z
i.e. find the timing of cable expansions at stage s 

Evaluate objectives

Start optimization process
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feasible if the expanded network (𝑥𝑠𝑁1,⋯ , 𝑥𝑠𝑁𝑙) is feasible for the load situation at 𝑡ℎ𝑜𝑟𝑖𝑧𝑜𝑛, 

by taking into account the effect of peak shaving for the final stage (𝑦𝑠𝑁1,⋯ , 𝑦𝑠𝑁ℎ). In this 

case, the solution will be decomposed to find the timing of the new cables which are 

present at the final stage.  

A heuristic approach [117] is used to determine in which stage the cables should be 

installed. First of all, it is assumed that all new cables are installed in the first stage (i.e. at 

𝑡𝑜𝑣𝑒𝑟𝑙𝑜𝑎𝑑1). Then, a cable is randomly selected from the list of new cables and its installation 

will be postponed by one stage. The postponement is accepted if it does not result in an 

operational constraint violation. Most importantly, the constraint evaluation of a stage 

takes into account the associated peak reduction effect of smart grid options (𝑦𝑠1, ⋯ , 𝑦𝑠ℎ). 

Furthermore, the load situation in the final year of a stage is used in the constraint 

evaluation. The postponement procedure is done repeatedly for multiple stages and cables 

until no more cables can be postponed. Subsequently, the objectives of 𝒛 are evaluated 

based on the established stage-by-stage cable schedule and by assuming that cables are 

installed in the first year of a stage. 

7.4.3 Objective function: NPV cost minimization 

The network planning problem can be formulated in a single-objective or multi-objective 

optimization manner, like in Chapter 6 and [59] respectively. In this chapter the proposed 

smart grid planning approach is demonstrated with a single-objective optimization 

approach where multiple criteria are capitalized and aggregated into a single cost function. 

The objective here is to minimize the Net Present Value (NPV) of the total costs within the 

planning horizon 𝑡ℎ𝑜𝑟𝑖𝑧𝑜𝑛: 

𝐦𝐢𝐧  𝑁𝑃𝑉 = ∑
𝐶𝑜𝑠𝑡𝑡𝑜𝑡𝑎𝑙(𝑡)

(1 + 𝑖)𝑡−𝑡0

𝑡ℎ𝑜𝑟𝑖𝑧𝑜𝑛

𝑡=𝑡0

 (7.7) 

which is based on Equation (4.16) in Section 4.5.3. The costs in year 𝑡 , 𝐶𝑜𝑠𝑡𝑡𝑜𝑡𝑎𝑙(𝑡) , 

represent the aggregated costs in year 𝑡 and consist of capitalized energy losses, MV cable 

investments, DSM costs, and storage costs:  

𝐶𝑜𝑠𝑡(𝑡) = 𝐸𝑙𝑜𝑠𝑠(𝑡) ∙ 𝑃𝑟𝑖𝑐𝑒𝑒𝑙𝑒𝑐(𝑡) +∑𝐶𝑜𝑠𝑡𝑐𝑎𝑏𝑙𝑒(𝑐, 𝑡)

𝐶

𝑏=1

+ ∑ 𝐶𝑜𝑠𝑡𝐷𝑆𝑀(𝑚, 𝑡)

𝑀

𝑚=1

+∑𝐶𝑜𝑠𝑡𝑠𝑡𝑜𝑟𝑎𝑔𝑒(𝑝, 𝑡)

𝑃

𝑝=1

 

(7.8) 

where 𝑃𝑟𝑖𝑐𝑒𝑒𝑙𝑒𝑐  is the electricity price, 𝐶  the total number of new cables, 𝑀  the total 

number of substations with DSM, and 𝑃 is the number of installed BESSs. The definition 

and calculation of these cost components are described in the remaining part of this 

section. 
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Energy loss estimation  |  𝑬𝒍𝒐𝒔𝒔 

Although the timing of investments is mainly based on (expected) bottlenecks, energy 

losses are taken into account to find expansions with a trade-off between asset costs and 

losses. The main losses in the scope of this chapter are (variable) losses of network 

branches and conversion losses in case of storage. These losses are dependent on the 

network load, and respectively, the number of (full) cycles.  

The energy loss of branch 𝑘 in year 𝑡 is estimated with the method that uses the peak loss 

and service time of the peak loss (see Section 4.5.1): 

𝐸𝑙𝑜𝑠𝑠 𝑏𝑟𝑎𝑛𝑐ℎ(𝑘, 𝑡) = 𝑃𝑝𝑒𝑎𝑘 𝑙𝑜𝑠𝑠(𝑘, 𝑡) ∙ 𝑇𝑙𝑜𝑠𝑠(𝑘, 𝑡) (7.9) 

where 𝑃𝑝𝑒𝑎𝑘 𝑙𝑜𝑠𝑠 is the loss at peak load in normal operation and 𝑇𝑙𝑜𝑠𝑠 is the service time of 

𝑃𝑝𝑒𝑎𝑘 𝑙𝑜𝑠𝑠. The load profiles change due to the introduction of new technologies and when 

applying DSM/storage. Consequently, this will have an impact on the load-dependent 

losses. The method in [17] is applied to create future aggregated yearly load profiles for 

every MV/LV transformer, for each year of the given scenario. This determines how 𝑇𝑙𝑜𝑠𝑠 

changes on MV/LV level and it is estimated how the energy losses change on MV-D 

network level by taking into account the share of the residential and commercial loads 

(with a quadratic weight due to the quadratic dependency between losses and load). The 

change in 𝑃𝑝𝑒𝑎𝑘 𝑙𝑜𝑠𝑠 follows from the power flow calculations of the (candidate) network 

topology in year 𝑡. 

In case of storage, which is assumed to be operated and owned by DNOs, the conversion 

losses of all BESSs are added to the losses in each branch to determine the total losses in 

year 𝑡: 

𝐸𝑙𝑜𝑠𝑠(𝑡) = ∑𝐸𝑙𝑜𝑠𝑠 𝑠𝑡𝑜𝑟𝑎𝑔𝑒(𝑝, 𝑡)

𝑃

𝑝=1

+∑𝐸𝑙𝑜𝑠𝑠 𝑏𝑟𝑎𝑛𝑐ℎ(𝑘, 𝑡)

𝑙

𝑘=1

 (7.10) 

where 𝑃 is the number of installed BESSs. The conversion losses are dependent on the 

round-trip efficiency and how many energy is shifted in a year (see Section 7.3). 

MV cable investments  |  𝑪𝒐𝒔𝒕𝒄𝒂𝒃𝒍𝒆 

MV cables serve in this chapter as traditional MV-D network expansion options. The cost 

of a new cable 𝑐 in year 𝑡 is computed with the annuities method and depends on the year 

of installation and an economic lifetime of 30 years (see Section 4.5.3): 

𝐶𝑜𝑠𝑡𝑐𝑎𝑏𝑙𝑒(𝑐, 𝑡) = {
𝐴𝑁𝑐𝑎𝑏𝑙𝑒(𝑐) 𝑖𝑓  𝑡𝑖𝑛𝑠𝑡. ≤ 𝑡 < 𝑡𝑖𝑛𝑠𝑡. + 𝑇𝑙𝑖𝑓𝑒(𝑐)

0 𝑒𝑙𝑠𝑒
 (7.11) 
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DSM costs  |  𝑪𝒐𝒔𝒕𝑫𝑺𝑴 

In case of DSM, it is assumed that the DNO will offer a financial incentive to customers to 

shift their flexible demand for the aim of network peak reduction. This can be represented 

as a discount for customers on the annual network tariff and can be seen as operational 

costs for the DNO. The network tariffs for residential customers in The Netherlands are 

capacity based and there is no volumetric part included [118]. Consequently, the variable 

part of the network tariff is determined by the size of the connection capacity. The current 

tariffs of, e.g. DNO Enexis [118], show a near linear relation between residential 

connection capacities [kVA] and the annual capacity tariff [€]. See also Figure 7.8. 

Therefore, a linear cost function for DSM is assumed and the DSM costs at substation 𝑚 

in year 𝑡 become: 

𝐶𝑜𝑠𝑡𝐷𝑆𝑀(𝑚, 𝑡) = 𝑃𝑟𝑖𝑐𝑒𝐷𝑆𝑀(𝑡) ∙ 𝑃𝑒𝑎𝑘𝑟𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛(𝑚, 𝑡) (7.12) 

where 𝑃𝑒𝑎𝑘𝑟𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛(𝑚, 𝑡) is the peak reduction [kVA] in year 𝑡 at substation 𝑚 as a result 

of DSM, and 𝑃𝑟𝑖𝑐𝑒𝐷𝑆𝑀 is the unit price [€ / kVA] that DNOs offer to customers. 𝑃𝑟𝑖𝑐𝑒𝐷𝑆𝑀 

serves as input for the planning model and can be varied to simulate if DSM utilization 

becomes part of the optimal expansion plan.  

There are no additional costs assumed for any ICT to enable DSM. This is seen as sunk 

costs since most of the ICT investments are already ongoing by DNOs and regulated in 

many European countries (e.g. the roll-out of smart metering).  

 
Figure 7.8: Yearly network tariffs of Enexis for small consumers (≤ 3 x 80 Ampere) in 2016 [118]. 

Storage costs  |  𝑪𝒐𝒔𝒕𝒔𝒕𝒐𝒓𝒂𝒈𝒆 

The cost function of a storage system can be divided into several terms, representing 

capital and operational expenditures [119]. However, in the proposed planning approach 

the price of storage acts as an input to be varied. As a result, only a storage unit price is 
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defined, 𝑃𝑟𝑖𝑐𝑒𝑠𝑡𝑜𝑟𝑎𝑔𝑒 [€ / kWh], which represents all costs46 of the storage system with a 

linear relation to its capacity, 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑠𝑡𝑜𝑟𝑎𝑔𝑒  [kWh]. Finally, the total cost of storage 

system 𝑝 is converted to an annual payment with the annuities method (see Section 4.5.3): 

𝐴𝑁𝑠𝑡𝑜𝑟𝑎𝑔𝑒(𝑝) = 𝑃𝑟𝑖𝑐𝑒𝑠𝑡𝑜𝑟𝑎𝑔𝑒 ∙
𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑠𝑡𝑜𝑟𝑎𝑔𝑒(𝑝) ∙ 𝑖

1 − (1 + 𝑖)−𝑇𝑙𝑖𝑓𝑒(𝑝)
 (7.13) 

where 𝑇𝑙𝑖𝑓𝑒(𝑝) is the economic lifetime of storage system 𝑝. For the applied BESS concept 

[16], the economic lifetime is assumed to be 10 years based on the durability of lithium ion 

batteries and a maximum of one full cycle a day [15]. Subsequently, the costs of a storage 

system 𝑝 in year 𝑡 is computed similar as in Equation (4.15): 

𝐶𝑜𝑠𝑡𝑠𝑡𝑜𝑟𝑎𝑔𝑒(𝑝, 𝑡) = {
𝐴𝑁𝑠𝑡𝑜𝑟𝑎𝑔𝑒(𝑝) 𝑖𝑓  𝑡𝑖𝑛𝑠𝑡. ≤ 𝑡 < 𝑡𝑖𝑛𝑠𝑡. + 𝑇𝑙𝑖𝑓𝑒(𝑝)

0 𝑒𝑙𝑠𝑒
 (7.14) 

By considering movable versions of a BESS, and planning stages of at least 3-5 years, it is 

presumed that a BESS can be present at a substation in a certain stage, and a stage later, 

it can be removed (and possibly relocated to another substation). When a BESS is removed 

from the network before 𝑡𝑖𝑛𝑠𝑡. + 𝑇𝑙𝑖𝑓𝑒(𝑝), the remaining annuities are cancelled. This is in 

analogy with exchanging MV/LV transformers as reinforcement option (see Section 

4.5.3). 

7.4.4 Constraints: design criteria of MV-D networks 

An expanded network with new cables and/or smart grid options should satisfy the design 

criteria of MV-D network for each stage. Therefore, the objective function of the planning 

problem is subjected to the following constraints (similar as in Section 6.5.4):  

i. Connectivity constraint: All buses should be connected. 

ii. Radial operation constraint: NOPs should be placed in such a way that the 

meshed network is operated radially. 

iii. Normal operation constraints: In a normal network configuration, the voltage 

at each bus, and the power flow through each cable, should stay within limits (see 

Table 4.4). 

iv. Reconfigurability constraint: The branches in an MV-D network should have 

sufficient capacity to carry the additional load that occurs in a reconfigured state. 

v. Substation expansion constraint: The number of new outgoing branches for an 

MV-T substation or HV/MV substation is limited (see Section 6.5.1). 

Constraints i, ii, and v are evaluated with computationally inexpensive topology check 

routines. On the other hand, constraints iii and iv are checked with power flow 

calculations at each stage. The Newton-Raphson AC power flow is applied to check iii (see 

                                                      

46 Except conversion losses. This is included in Equation (7.10). 
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Section 4.4.1). Constraint iv is verified with the LODF method. LODFs in combination 

with a Newton-Raphson AC power flow provide rapid capacity evaluation of 

reconfigurable MV-D networks with an acceptable accuracy (see Section 4.4.2).  

7.4.5 Optimization algorithm: GOMEA 

A single-objective Gene-pool Optimal Mixing Evolutionary Algorithm (GOMEA) is used 

to solve the planning problem47. GOMEA learns and exploits linkage information between 

variables. See Section 6.5.5 for a description. GOMEA is a population-based optimization 

algorithm [109]. However, it is very difficult to determine the optimal population size in 

advance since this depends on the type of optimization problem and the specifically 

applied algorithm. Therefore, the GOMEA variant applied in this chapter uses a 

‘population sizing-free scheme’ as in [59]. This means that it is not necessary to specify a 

population size before the start of an optimization. The principle of a population sizing-

free scheme is to run multiple populations of different sizes in parallel where the larger 

population sizes have a slower generation cycle [59]. There is no maximum population 

size and the algorithm keeps running till a specified computational budget is reached. The 

computational budget here is expressed as the maximum number of expansion plan 

evaluations48. This number is set prior to the optimization. More information can be found 

in [59], and moreover [120], where the population sizing-free scheme was initially 

proposed for single-objective genetic algorithms. 

  

                                                      

47 GOMEA is applied based on the knowledge and experience of the project partners at CWI (see Section 
1.5). For background information about GOMEA, see [109], [110]. The planning approach proposed in 
this chapter can also function with other type of optimization algorithms. 
48 An evaluation of an expansion plan consists of checking the design criteria of Section 7.4.4 for the 
final stage. If feasible, the decomposition procedure is executed to evaluate all remaining stages (see 
Section 7.4.2). 
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7.5 MV-D network case studies and results 

An MV-D network case study is used to demonstrate the proposed computational MV-D 

network planning approach. The network is based on real-world data and subjected to a 

long-term scenario with increasing penetrations of Electric Vehicles (EVs) in residential 

areas. This section presents results of simulations with either DSM or storage as additional 

planning option. Moreover, different simulations with various prices of DSM and storage 

show in which situations the smart grid options are favorable over classic expansion 

options. 

7.5.1 MV-D test network 

The MV-D network is based on a part of an existing 10kV network of a Enexis and its 

topology is depicted in Figure 7.10 (left). The network consists of one feeder group with 3 

feeders and 31 buses with a load situation for the year 2015. Potential classic expansion 

options for this network, in the form of candidate MV cable connections, are determined 

by expert rules and by considering geographical aspects (see also Section 6.5.1). The 

proposed route planner approach in Section 4.2.3 is applied to estimate the cable length 

of candidate connections by making use of the geographical location of substations. 

7.5.2 Applied energy scenario 

An energy scenario is applied to the MV-D network for the years 2015-2040 with a strong 

development of EVs in residential areas, like in [20], [22], and standard (residential and 

commercial) load growth. The introduction of EVs follows an s-curve that saturates 

around 75% in 2040 (i.e. 75% of the total personal car fleet is an EV) [22]. The 

uncontrolled EV charging profiles are modelled based on Dutch transportation data and 

three-phase charging at households [22], [115]. The EVs are instantly charged once arrived 

at home using the maximum fixed charging rate (i.e. 10 kW). This new EV load is 

determined per MV/LV transformer by taking into account the expected number of EVs 

per transformer and (local) driving patterns [22].  

It is assumed in this scenario that the existing standard transformer load will grow 1% per 

year exponentially, and that the shape of this load profile follows the residential NEDU E1 

profile (which does not change over time). Finally, the EV load and standard transformer 

load are finally aggregated. 

This load modelling method (see also Section 2.6) is used to create annual load profiles 

per year for every MV/LV transformer substation. Figure 7.9 shows an example of how the 

worst-day load profile of an MV/LV transformer develops due to the (significant EV) load 

growth. Subsequently, additional load data is modelled based on the approach in Section 

7.3 for the various DSM percentages and storage capacities of Equation (7.4). The available 

flexible demand is constrained by EV driving and battery parameters [20], [115], and the 

assumption that 10% of normal residential demand is flexible [17]. In case of simulations 

with DSM as planning option, this flexible demand is controlled to apply peak shaving. 
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Figure 7.9: Example of changing worst-case day load profile at an MV/LV transformer as a result of 

the applied EV scenario.  

7.5.3 Simulation conditions 

Simulations are performed on the 31-bus MV-D network which is subjected to the energy 

scenario of the previous section for the years 2015-2040. Different simulations are 

performed with either DSM or storage as additional planning option (next to classic MV 

cable expansions). Moreover, various prices for storage or DSM are applied to explore 

when these options become (economically) beneficial as planning option for this specific 

case. 

GOMEA is used as optimizer to solve the expansion planning problem with smart grid 

options. Expert rule set B from Table 6.1 is implemented in the optimization approach to 

avoid inapplicable MV cable expansions and to reduce the search space of the optimization 

problem. The GOMEA variant applied in this chapter uses a population-size free scheme. 

As a result, the termination condition is when the maximum number of solution 

evaluations is reached (see Section 7.4.5). For each simulation setting, GOMEA is run 10 

times and the best found solution is presented as result in the upcoming results section.  

The values which are used for various input parameters are listed in Table 7.1. The cost 

per type of cable or transformer differs in the model, but only typical values are presented 

in the table. The asset costs include all associated costs of getting the asset in place and 

ready for operation. These costs are based on the current investment costs and are kept 

constant over the considered planning horizon. The price of electricity (without energy 

taxes) to be purchased by the DNO to compensate for the energy losses is also kept 

constant in the simulations.  
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Table 7.1: Various input parameters with the (typical) values which are used in the simulations 

Simulation input parameter Value(s) 

Discount rate, 𝑖 4.5 % 

Cost of an MV cable connection 65 € /m  

Price of electricity for energy loss calculation, 𝑃𝑟𝑖𝑐𝑒𝑒𝑙𝑒𝑐 0.07 € / kWh 

Economic lifetime of MV cables, 𝑇𝑙𝑖𝑓𝑒(𝑐) 30 years 

Economic lifetime of battery energy storage systems, 𝑇𝑙𝑖𝑓𝑒(𝑝) 10 years 

Round-trip efficiency of battery energy storage systems 85 % 

Storage prices, 𝑃𝑟𝑖𝑐𝑒𝑠𝑡𝑜𝑟𝑎𝑔𝑒 1,  5,  10,  20 € / kWh 

DSM prices, 𝑃𝑟𝑖𝑐𝑒𝐷𝑆𝑀 1,  5,  10,  20 € / kW 

Nominal stage length 5 years 

Computational budget / maximum number of evaluations 500,000 

7.5.4 Results 

This section presents the results of the simulations on the 31-bus MV-D network with 

either DSM or storage as additional planning option. Different simulations with various 

prices of DSM or storage are demonstrated and compared.  

Figure 7.10 (left) depicts the topology of the original MV-D network at year 𝑡0. The existing 

cables are represented by continuous lines and all (remaining) candidate cable 

connections by blue dashed lines. In this case, it is assumed that DSM can be applied at 

every MV/LV-transformer substation to shift flexible demand in residential areas. 

Furthermore, there are a limited number of MV/LV-transformer substations suitable to 

install a storage system of the type BESS. The installation of a BESS involves an additional 

cabinet for the hosting of batteries and inverters [16]. The required physical space is not 

everywhere available, especially not in (semi-) urban areas. Moreover, there are license 

issues to place the cabinet in the public domain or the dependency on private landowner 

permissions. As a result, only a limited number of substations are assumed to be 

appropriate for BESS installations. These are indicated as blue MV/LV transformer 

substations in Figure 7.10. 

The applied energy scenario for the year 2015-2040 (𝑡0-𝑡25) result in an increasing EV 

demand and rising normal residential load (see Section 7.5.1). The consequences of this 

scenario are that the network has insufficient capacity from year 𝑡3. This year is labelled 

as 𝑡𝑜𝑣𝑒𝑟𝑙𝑜𝑎𝑑1 (see Section 7.4.1). The remaining part of this section presents for this MV-D 

network case the found expansion plans with cable options and DSM/storage options.  
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Figure 7.10: Original topology of 31-bus MV-D network with candidate cable connections and 

potential storage locations on the left. The right network topology depicts the best found solution by 

GOMEA for the applied scenario and a storage price of 1 EUR / kWh. The presence and capacity ID of 

storage at stage S is shown in the blue boxes. New cables are shown in orange including the cable ID 

and the stage of installation.  

7.5.4.1 Simulations with storage as additional planning option 

In this section the DNO has the option to install various BESS capacities49 at suitable 

substations to accomplish peak shaving. Simulations with the conditions of Table 7.1 are 

performed to find different expansion plans for various storage prices. First of all, results 

are discussed of simulations without energy loss costs50 to demonstrate the principle of 

the smart grid planning approach. Consequently, only CAPEX of cables and BESSs are 

minimized. This should result in expansion plans where investments are postponed as 

much as possible (i.e. till the next capacity bottleneck) since late investments are cheaper 

based on the NPV method. In this situation, storage options are expected to be chosen as 

long as the associated CAPEX is cheaper than cable options, and storage can solve the 

capacity bottleneck. 

The best found expansion plans for various storage prices are summarized in Table 7.2 for 

the simulations without energy loss costs. The planning horizon is divided into several 

                                                      

49 500 kWh, 1000 kWh, or 1500kWh. See also Equation (7.4) for the codification and capacity IDs. 
50 This means that the energy loss costs of cable losses and storage losses are not included in the cost 
objective function. When losses are included in the optimization process, it is not directly clear if the 
timing and type of options (classic or smart grid) are chosen based on capacity reasons and/or to reduce 
losses. This makes it harder to verify the results and to demonstrate the planning approach.  
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stages based on a 𝑡𝑜𝑣𝑒𝑟𝑙𝑜𝑎𝑑1 at year 3 and stage lengths of 3-5 years (see Section 7.4.1). The 

total installed storage capacity is specified for each stage as well as the installation of 

cables. It should be noticed that the total installed storage capacity presented in Table 7.2 

can change each stage due to moveable BESSs. However, an installed cable in a certain 

stage remains present in the next stages. The table specifies in which stage a certain type 

of cable51 is installed between two buses for the remainder of the planning horizon.  

Table 7.2: Storage simulation results, without energy loss costs, for various storage prices. Best-found 

expansion plans by GOMEA are specified in NPV and by the timing of storage and cable installations. 

Based on the output of 10 independent simulations per storage price, the NPV deviation indicates the 

differences between the worst and best-found expansion plan. 

Storage 
price 

NPV 
best found 

NPV 
deviation 

Presence of storage and installation of cables per stage: 

stage 𝑆 : 𝑆0 𝑆1 𝑆2 𝑆3 𝑆4 𝑆5 

[EUR/kWh] [€] [%] years of stage [begin-end]: 𝑡0-𝑡2 𝑡3-𝑡5 𝑡6-𝑡10 𝑡11-𝑡15 𝑡16-𝑡20 𝑡21-𝑡25 

1 54,882 6.9 
total storage capacity [kWh]: - 2000 0 3500 2500 5000 

cable type ID [from-to]: - 0 3 [1-25] 0 3 [1-4] 2 [1-15] 

5 64,163 5.4 
total storage capacity [kWh]: - 2000 1000 0 1000 500 

cable type ID [from-to]: - 0 3 [1-7] 3 [1-28] 0 2 [1-15] 

10 70,536 6.6 
total storage capacity [kWh]: - 2000 0 0 500 0 

cable type ID [from-to]: - 0 3 [1-25] 3 [1-7]  0 3 [1-28] 

20 74,440 7.0 
total storage capacity [kWh]: - 0 0 0 500 0 

cable type ID [from-to]: - 3 [1-25]  0 3 [1-7] 0 2 [1-28] 

As an example of the expansion plan representation, the solution in Table 7.2 regarding a 

virtual storage price of 1 EUR/kWh is visualized in Figure 7.10 (right). The storage 

situation for each of the 5 active stages is depicted near the potential substations which 

can facilitate BESS installations. In the first stage (𝑆1) there are four BESSs of 500kWh 

(𝐼𝐷 = 1) installed at different locations due to a cheap storage price. As a result, no cable 

expansions are necessary in stage 𝑆1 and these investments are postponed. New cables are 

needed in stage 𝑆2, 𝑆4 and 𝑆5 to cope with the increasing load growth. The final stages 𝑆4 

and 𝑆5 are a combination of new cables and low-cost BESSs. Although the price of storage 

is relatively low in this simulation, it can be seen that this does not result in an obsessive 

use of BESSs. The optimization algorithm only chooses for storage options if this can solve 

capacity bottlenecks and this is not necessary in stages where there is sufficient capacity 

due to (recent) cable expansions. Additional storage would then only increase the price of 

the expansion plan which is logically not optimal from a cost minimization point of view. 

The capital investments and timing of BESS and cable installations determine the NPV of 

the expansion plan (for the simulations without energy loss costs). The best found solution 

by GOMEA in terms of lowest NPV is presented in Table 7.2. This best found solution is 

one of the 10 solutions which result from the 10 independent GOMEA runs that are 

performed for each storage price (see Section 7.5.3). Each independent run did not 

converge to exactly the same solution for the specified computational budget (see Table 

                                                      

51 The cable type ID is defined in Equation (7.2). 
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7.1). Therefore, Table 7.2 includes the deviation in NPV between the best found solution 

and the ‘worst’ solution for the set of 10 solutions.  

When the price of storage increases it results in more expensive expansion plans (see Table 

7.2). Moreover, storage becomes less favorable as planning option and at a storage price 

of 20 EUR/kWh it is more cost-effective to install almost solely cables. In this situation 

hardly any storage is used at all during the planning horizon and a cable expansion is 

already needed in stage 𝑆1. The price of storage should be quite low to make storage a cost-

effective option for this specific case. One of the reasons is that cable expansions are a 

cheap option in this case due to relatively short MV-D cable lengths52. Another reason is 

that the savings of peak shaving (i.e. postponed classic investments) are only accounted 

for MV-D network investments, while there might be also savings on other network levels 

(e.g. MV-T and HV/MV network levels). 

The simulation results without losses show that the planning approach chooses for storage 

options at moments where capacity bottlenecks can be solved by installing BESSs, and as 

long as the associated investment costs are lower than applying classic cable expansions. 

The planning approach generates expansion plans that specify when BESSs should be 

installed, at which MV/LV transformer substation, and how many storage capacity is 

needed. Moreover, no more BESSs are installed than necessary, despite very low storage 

prices. This means that BESSs are only applied to prevent bottlenecks and to 

postpone/prevent cable expansions.  

7.5.4.2 Storage simulations including energy loss optimization 

Including capitalized cable and storage losses into the cost objective function results in 

different expansion plans. The best found expansion plans for various storage prices are 

summarized in Table 7.3 for the simulations with energy loss costs. In all storage price 

cases it is shown that storage is not a favorable option and that multiple cables are already 

installed in the early stages. These cables of type 3 (i.e. 240 mm2) are not only installed 

this early for capacity reasons but also to reduce the energy losses over the planning 

horizon. Additional MV-D cables results in a large increase in capacity of the network 

which substantially reduces the overall network losses. The reason for these early cable 

investments is that capitalized energy losses have a large share in the NPV of an expansion 

plan53. This is due the relative short and cheap cable expansions in this specific case and 

because of the applied annuity method for capital investments (see Section 4.5.3). The 

annuities method spreads the CAPEX of a new cable connection over the economic 

lifetime of the cable (𝑇𝑙𝑖𝑓𝑒(𝑐) = 30). Due to this long lifetime, a part of the investment costs 

falls behind the planning horizon of the scenario. Consequently, CAPEX has a smaller 

share in the NPV, and OPEX (in the form of energy losses) is dominantly present. This 

                                                      

52 The proposed cable connections in Table 7.2 have lengths shorter than 1000 m. 
53 Compare the NPVs in Table 7.2 and Table 7.3. 
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results in an optimization process which focuses more on expansion plans with low energy 

losses rather than more balanced expansion plans with lower CAPEX and postponed cable 

installations.  

The other effect of dominant loss costs and cheap cable options is that storage is no longer 

a favorable option in this MV-D network case. Applying storage results in additional losses 

from the energy conversion and might also increase the losses in cables due to a longer 

and higher ‘utilization’ of the cable capacity. These additional losses are more expensive 

than the depreciation of a (relative cheap) new cable including the accompanying loss 

reduction as a result of the capacity increase. Early cable installations to reduce losses and 

to solve bottlenecks are thus favored over (combinations with) BESSs, even if the storage 

price is very low.  

In conclusion, by including losses in the cost objective function, the algorithm considers 

solutions not only from a capacity point of view, but also to reduce the losses in the 

planning horizon. 

Table 7.3: Storage simulation results, with energy loss costs, for various storage prices. Best-found 

expansion plans by GOMEA are specified in NPV and by the timing of storage and cable installations. 

Based on the output of 10 independent simulations per storage price, the NPV deviation indicates the 

differences between the worst and best-found expansion plan. 

Storage 
price 

NPV 
best found 

NPV 
deviation 

Presence of storage and installation of cables per stage: 
 stage 𝑆 : 𝑆0 𝑆1 𝑆2 𝑆3 𝑆4 𝑆5 

[EUR/kWh] [€] [%] years of stage [begin-end]: 𝑡0-𝑡2 𝑡3-𝑡5 𝑡6-𝑡10 𝑡11-𝑡15 𝑡16-𝑡20 𝑡21-𝑡25 

1 348.001 0,9 

total storage capacity [kWh]: - 0 0 0 0 0 

cable type ID [from-to]: - 
3 [1-7],  
3 [1-25] 

0 3 [1-20] 0 0 

5* 348.001 0,9 

total storage capacity [kWh]: - 0 0 0 0 0 

cable type ID [from-to]: - 
3 [1-7],  
3 [1-25] 

0 3 [1-20] 0 0 

10* 348.001 0,9 

total storage capacity [kWh]: - 0 0 0 0 0 

cable type ID [from-to]: - 
3 [1-7],  
3 [1-25] 

0 3 [1-20] 0 0 

20* 348.001 0,9 

total storage capacity [kWh]: - 0 0 0 0 0 

cable type ID [from-to]: - 
3 [1-7],  
3 [1-25] 

0 3 [1-20] 0 0 

* These results are based on the simulation results with a storage price of 1 EUR/kWh since there are no BESSs installations. 

7.5.4.3 Simulations with DSM as additional planning option 

In this case the DNO has the option to apply various DSM levels 54  at every MV/LV 

transformer substation to accomplish peak shaving by shifting flexible residential 

demand. The DSM levels represent a certain percentage of the available peak shaving 

potential (see Section 7.3.2). Simulations with the conditions of Table 7.1 are performed 

to find different expansion plans for different DSM prices. 

                                                      

54 Considered DSM levels: 0%, 25%, 50%, 75%, 100%. See also Equation (7.4) for the codification. 
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The best found expansion plans by GOMEA for various DSM prices are summarized in 

Table 7.4 for the simulations without energy loss costs. The planning horizon is divided 

into several stages based on a 𝑡𝑜𝑣𝑒𝑟𝑙𝑜𝑎𝑑1 at year 3 and stage lengths of 3-5 years. This is 

similar to the previous sections with storage since the planning problem remained the 

same. The average DSM level of all MV/LV transformer substations is specified for each 

stage and refers to the DSM codification in Equation (7.4). This means that 4 is the 

maximum average DSM level in a stage and represents 100% DSM at every MV/LV 

transformer substation. The DSM level can change at each stage. On the other hand, an 

installed cable in a certain stage remains present in the next stages. As an example of the 

expansion plan representation, the solution in Table 7.4 regarding a virtual DSM price of 

1 EUR/kW is visualized in Figure 7.11. The DSM situation for each of the 5 active stages is 

depicted near every MV/LV transformer substation. 

The results of Table 7.4 show similar behavior as in the simulations with storage without 

losses. The optimization algorithm only chooses for DSM options at moments where 

capacity bottlenecks can be solved by applying DSM, and as long as the associated DSM 

costs are lower than applying classic cable expansions. Moreover, the ‘presence’ of DSM 

can be temporarily. For example, when a certain DSM level is applied in the first stage to 

postpone a cable installation, it is possible that in the next stage there is a new bottleneck 

due to additional load growth, but that this bottleneck cannot be prevented with DSM. In 

this case a cable expansion is necessary and DSM is probably not needed in the second 

stage.  

The planning approach generates expansion plans that specify at which MV/LV 

transformer substation DSM is needed with a certain DSM level. This results in a very fine-

grained result such as in Figure 7.11, but also requires many DSM decision variables for 

each stage (see Equation (7.6)). However, from an MV-D network level point of view, the 

DSM level can also be generalized and clustered as one DSM variable per network section. 

This means that not every MV/LV transformer substation is appointed with a decision 

variable, but only a certain network section. The status of this central decision variable 

represents then for example an average DSM value (like in Table 7.4) which is applied at 

each MV/LV transformer substation belonging to this network section. This should be 

done per feeder group since cable loadings and bottlenecks in MV-D networks are related 

to each other in a feeder group due to the reconfiguration constraint (see Section 4.3.2). A 

centralized DSM variable per feeder group can still evaluate the potential of DSM in MV-

D networks, but requires (much) less decision variables per stage / expansion plan. 

However, this ‘simplification’ does remove the possibility to specifically identify which 

substations are suited (first) when only part of the flexible demand is needed for peak 

shaving in a certain stage. Still, this is an option for stages or complete cases which do not 

need a location-specific DSM time scheme. 
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Table 7.4: DSM simulation results, without energy loss costs, for various DSM prices. Best-found 

expansion plans by GOMEA are specified in NPV and by the timing of DSM and cable installations. 

DSM is represented by the average codified DSM level of all MV/LV transformer substations. Based on 

the output of 10 independent simulations per DSM price, the NPV deviation indicates the differences 

between the worst and best-found expansion plan.  

DSM 
price 

NPV 
best found 

NPV 
deviation 

Presence of DSM and installation of cables per stage: 

 stage 𝑆 : 𝑆0 𝑆1 𝑆2 𝑆3 𝑆4 𝑆5 

[EUR/kW] [€] [%] years of stage [begin-end]: 𝑡0-𝑡2 𝑡3-𝑡5 𝑡6-𝑡10 𝑡11-𝑡15 𝑡16-𝑡20 𝑡21-𝑡25 

1 59,599 13.0 
Average DSM level [x]: - 1.9 0.9 0 0.1 1.0 

cable type ID [from-to]: - 0 3 [1-27] 3 [1-7] 0 0 

5 70,994 12.6 
Average DSM level [x]: - 1.9 0.4 0 0.1 0.7 

cable type ID [from-to]: - 0 3 [1-7] 3 [1-25] 0 0 

10 72,706 16.7 
Average DSM level [x]: - 0 0 0 0 0 

cable type ID [from-to]: - 3 [1-25] 0 3 [1-7] 0 2 [1-29] 

20 75,788 15.6 
Average DSM level [x]: - 0 0 0 0 0 

cable type ID [from-to]: - 3 [1-25] 0 3 [1-7] 0 3 [1-22] 

 

 

Figure 7.11: Network topology of the best found solution by GOMEA for the applied scenario and a 

DSM price of 1 EUR / kW. The presence and codified level of DSM at stage S is shown in the blue boxes. 

New cables are shown in orange including the cable ID and the stage of installation.  
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7.5.4.4 DSM simulations including energy loss optimization 

Including capitalized losses into the cost objective function results in different expansion 

plans. The best found expansion plans for various DSM prices are summarized in Table 

7.5 for the simulations with energy loss costs. In all DSM price cases it is shown that 

multiple cables are installed in stage 𝑆1. These cables are not only installed this early for 

capacity reasons, but also to reduce the energy losses over the planning horizon. This is a 

result of a dominancy of loss costs in the NPV, as discussed in Section 7.5.4.2. Most of the 

required capacity to solve (future) bottlenecks is thus already installed in the beginning of 

the planning horizon. Moreover, the available flexible load, and consequently the potential 

of DSM, is very limited in the beginning of the planning horizon but increases as a result 

of the growing numbers of EVs (see Section 7.5.2). This makes it possible to prevent the 

installation of a third cable with DSM. However, the results show that DSM is only cost-

effective in the case with the lowest DSM price of 1 EUR/kW. DSM is used in every stage 

to reduce the overall losses and to prevent the third cable expansion, which is required 

from a capacity point of view (see the results of the other DSM price cases where no DSM 

is applied). In this specific network case, DSM is thus not cost-effective for the higher DSM 

prices. This threshold can differ per case and might also change when including the 

savings of peak shaving for network levels (e.g. MV-T and HV/MV network levels). 

Table 7.5: DSM simulation results, with energy loss costs, for various DSM prices. Best-found 

expansion plans by GOMEA are specified in NPV and by the timing of DSM and cable installations. 

DSM is represented by the average codified DSM level of all MV/LV transformer substations. Based on 

the output of 10 independent simulations per DSM price, the NPV deviation indicates the differences 

between the worst and best-found expansion plan. 

DSM 
price 

NPV 
best found 

NPV 
deviation 

Presence of DSM and installation of cables per stage: 
 stage 𝑆 : 𝑆0 𝑆1 𝑆2 𝑆3 𝑆4 𝑆5 

[EUR/kW] [€] [%] years of stage [begin-end]: 𝑡0-𝑡2 𝑡3-𝑡5 𝑡6-𝑡10 𝑡11-𝑡15 𝑡16-𝑡20 𝑡21-𝑡25 

1 328,042 3.7 

Average DSM level [x]: - 1.8 2.7 2.7 2.5 2.2 

cable type ID [from-to]: - 
3 [1-7],  
3 [1-25] 

0 0 0 0 

5 343.096 3.6 

Average DSM level [x]: - 0 0 0 0 0 

cable type ID [from-to]: - 
3 [1-7],  
3 [1-25] 

3 [1-20] 0 0 0 

10 343.096 3.6 

Average DSM level [x]: - 0 0 0 0 0 

cable type ID [from-to]: - 
3 [1-7],  
3 [1-25] 

3 [1-20] 0 0 0 

20 343.096 5.0 

Average DSM level [x]: - 0 0 0 0 0 

cable type ID [from-to]: - 
3 [1-7],  
3 [1-25] 

3 [1-20] 0 0 0 
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7.6 Reflection on methods and models 

This section discusses the possibilities and limitations of the developed methods and 

models.  

7.6.1 Hybrid dynamic planning approach 

Including smart grid planning options in long-term network planning requires a dynamic 

planning approach. This is required to identify at what moment in time these options are 

favorable to use. Furthermore, the status of smart grid decision variables at substations 

can change multiple times during the planning horizon. New MV cables, on the other 

hand, are only installed once and are still present at the end of the planning horizon (see 

Section 7.4.2). Therefore, a hybrid dynamic planning approach with variable stages is 

proposed which consists of a multi-stage formulation for the smart grid decision variables, 

as well as a decomposition approach [117] to find the timing of cable expansions.  

A dynamic planning approach in the form of purely a multi-stage formulation can result 

in a significant number of decision variables and requires substantial computational effort 

to get the optimal solution [30]. In the proposed hybrid approach the number of decision 

variables is limited by: 

1. Variable stages of 3-5 years starting from 𝒕𝒐𝒗𝒆𝒓𝒍𝒐𝒂𝒅𝟏 . The planning horizon is 

divided into a number of stages to find the timing or period of required expansions. 

However, in long-term planning it is not necessary to produce year-by-year plans. This 

leads to (too) many stages and large numbers of decision variables55. Therefore, stages of 

3-5 years are applied as more realistic periods in which changes are made in the 

configuration of MV-D networks. Moreover, the number of stages are variable and 

dependent on the year of the first overload 𝑡𝑜𝑣𝑒𝑟𝑙𝑜𝑎𝑑1  (see Section 7.4.2). This avoids 

unnecessary stages and stage evaluations for the period 𝑡0 - 𝑡𝑜𝑣𝑒𝑟𝑙𝑜𝑎𝑑1. 

2. Decomposition approach for the timing of cable expansions. The dynamic 

planning of classic expansion options is often formulated with the (computationally 

expensive) multi-stage approach [29], [45], [116]. However, cable expansions in MV-D 

networks are here (statically) formulated for the situation in the final stage and a 

decomposition approach [117] is used to determine the timing of the required cable 

expansions (see Section 7.4.2). A solution is only decomposed if there are no bottlenecks 

in the network situation of the stage with the highest capacity needs (i.e. often the final 

stage). This saves unnecessary stage evaluations of infeasible solutions.  

3. Practical storage limitations and DSM clustering possibilities. In the resulting 

hybrid dynamic planning formulation of Equation (7.14), the total number of decision 

variables is mainly dependent on the number of potential substations with DSM/storage. 

                                                      

55 The more stages, the bigger the search space of the optimization problem and GOMEA presumably 
requires more evaluations (i.e. higher computational budget) to find proper solutions. Moreover, the 
computational effort per expansion plan evaluation also increases since more power flow calculations 
are needed to evaluate the additional stages. 
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However, not all substations in a network need to be appointed as smart grid decision 

variables. In case of storage with BESSs, a limited number of substations are suited due 

to physical space and license reasons (see Section 7.5.4.1). Peak shaving with DSM can be 

applied at any substation which contains flexible load. However, from an MV-D network 

level point of view, the DSM percentage can also be generalized and clustered as one DSM 

variable per feeder group (see Section 7.5.4.3). This simplification applies a similar DSM 

percentage to each substation of the feeder group. As a result, it removes the possibility 

to specifically identify which substations are suited (first) when only part of the flexible 

demand is needed for peak shaving in a certain stage. On the other hand, this 

simplification greatly reduces the number of DSM variables and is an option for stages or 

complete cases which do not need a location-specific DSM time scheme.  

The hybrid dynamic planning approach is applied to MV-D network expansions with the 

current design criteria and standardized cable options. Nevertheless, this framework can 

be easily used to analyze solutions with different design criteria and to evaluate non-

standard applied asset types, other storage techniques, or different DSM gradations. 

Transformer expansions can also be integrated in the dynamic planning approach without 

significant changes to the problem formulation. For example, by representing 

transformers as branches in the codification and network modelling. Transformer 

decision variables could then be included by the multi-stage formulation, although this 

results in many additional decision variables. Regarding MV/LV transformer expansions, 

these expansions can also be excluded from the optimization approach since they are 

straightforward in practice (see Section 4.2.1 and 6.6). In combination with smart grid 

options, a transformer expansion routine could also be combined with the modelling of 

smart grid decision variables to determine associate transformer expansions for each 

smart grid decision variable status. 

7.6.2 Single-objective optimization and optimization process 

The proposed computational capacity planning approach with smart grid options is 

demonstrated by applying single-objective optimization with GOMEA. In this chapter the 

objective is to minimize the NPV of the aggregated asset investments and capitalized 

energy losses.  

In case of storage, the energy loss costs include cable losses and conversion losses of the 

BESSs. However, simulation results show that large differences in expansion plans can 

arise when energy loss costs are (not) included in the objective function. This is a result of 

a dominancy of loss costs in the NPV which is partly caused by case-specific properties 

(e.g. short cable distances) and the applied annuities method for asset costs (see Section 

7.5.4.2). Consequently, in this case expansion plans are chosen which focus mainly on low 

energy losses by investing at early stages in loss-decreasing options (i.e. mostly cables 

instead of BESSs). These early capital investments are not completely needed from a 

capacity point of view. So the timing and type of selected options is dependent on a certain 

trade-off between asset costs and energy losses. However, based on the results of a single-
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objective optimization run (i.e. an expansion plan and costs), it is not directly clear what 

this trade-off is, and moreover, what the consequences of this trade-off are on the timing 

of asset installations and the type of selected planning options. By applying multi-objective 

optimization [59] it is possible to provide a richer set of results and alternatives in the form 

of multiple trade-offs between criteria. This can give more insights in the possibilities of 

smart grid options as alternative to classic expansion options. 

A GOMEA is used in this chapter to find efficiently the optimal expansion plan within the 

‘search space’. During such an optimization process many potential expansion plans need 

to be evaluated regarding objectives and technical constraints. As a result, the total 

computation time is in general dependent on the efficiency of the optimization algorithm56 

and the time to evaluate a solution. However, network planning problem optimizations 

may easily require the evaluation of hundreds of thousands of possible expansion plans 

(see Section 7.5). Moreover, the evaluation of a single expansion plan involves numerous 

power flow calculations to check the constraints for normal operation and contingency 

situations at each stage (see Section 7.4.4). This results in millions of power flow 

calculations during such an optimization process and the iterative Newton-Raphson AC 

power flow (see Section 4.4.1) is then relatively computationally expensive. Therefore, this 

chapter applies the linear LODF method to evaluate rapidly the capacity of reconfigurable 

MV-D networks in contingency situations, with an acceptable accuracy (see Section 4.4.2 

and 7.4.4). 

It is thus recommended to include available practical limitations and expert knowledge to 

avoid inapplicable solutions and to reduce the search space. This results generally in less 

expansion plan evaluations (for efficient optimization algorithms), less power flow 

calculations, and a lower computational effort. 

7.6.3 Modelling of smart grid planning options 

The smart grid options DSM and storage are integrated in an optimization model as 

decision variables, rather than modelling a fixed load control strategy for the whole 

planning horizon as an additional scenario case as is done in earlier studies [17], [21], [22]. 

As a result, the proposed approach has the advantage to assess where in the network, and 

when in time, smart grid planning options show (economic) benefits over classic 

expansion options.  

In the presented approach, the future load profiles and their flexibility are modelled by the 

methods and assumptions in [17] and [22], but could be upgraded when new (practical) 

insights are available like the flexibility potential at residential customers. Furthermore, 

the savings of peak shaving (i.e. postponed classic investments) are currently only 

accounted for the MV-D network investments, while peak shaving also results in savings 

                                                      

56 The efficiency of the algorithm determines the required number of solution evaluations to solve a 
certain (planning) problem. 



7.7  SUMMARY AND CONCLUSIONS 117 

 

on other network levels (e.g. MV-T and HV/MV network levels). Including this in the 

model results in more realistic cost trade-offs between smart grid planning options and 

classic expansion options. This leads to higher DSM and storage prices in which smart grid 

options are favorable to use. More stochastic load modelling approaches could be applied 

to model and evaluate future network states more accurately [11], [13]. However, one 

should realize that this requires more detailed measurement data (which is uncommon in 

MV-D networks) and more computationally expensive power flow calculations to evaluate 

a single candidate expansion plan [11], [13]. This can substantially increase the total 

computation time of the optimization process. 

The required solution evaluations in an optimization process make the proposed planning 

approach much more computationally demanding than the methods in [17], [21], [22]. 

These existing methods model the load-control effect of smart grid options as an 

additional scenario case. For example, the methods in [17] and [22] develop only future 

load profiles for the final year of the planning horizon and evaluate this 𝑡ℎ𝑜𝑟𝑖𝑧𝑜𝑛 with power 

flow calculations. Subsequently, the loading of assets is interpolated for the years between 

𝑡0 and 𝑡ℎ𝑜𝑟𝑖𝑧𝑜𝑛 to estimate the required classic network expansions and costs over time. 

These expansions are thus not optimal. Furthermore, by using this existing approach it is 

hard to evaluate the potential of storage (see Section 7.2). On the other hand, the type of 

methods in [17] and [22] are suitable to easily analyze large distribution networks and 

evaluate the impact of different DSM strategies [20] and scenarios on complete service 

areas of DNOs. In conclusion, the proposed computational smart grid planning approach 

in this chapter makes it (in addition) possible to simulate a range of DSM and storage 

prices, and analyze the trade-off with classic expansion options for a specific network and 

future scenario. 

7.7 Summary and conclusions 

This chapter addressed the sixth and final research question of this thesis (see Section 1.4) 

by presenting a computational capacity planning approach for MV-D networks which 

includes classic expansion options and smart grid options (storage or DSM). It uses a 

single-objective GOMEA to find expansion plans for long-term planning problems.  

DSM and storage systems are integrated in an optimization environment as decision 

variables, and thus serve as output, whereas most other studies integrate the smart grid 

strategy completely in the input of a planning model as an additional scenario case. 

Consequently, the developed approach can reveal when, where, and how much 

DSM/storage is needed to prevent bottlenecks and to postpone classic expansion options. 

Simulations with a range of DSM and storage prices offer the opportunity to explore the 

trade-off between classic expansion options and alternatives with DSM/storage for a 

specific network and future scenario. This offers DNOs new possibilities in studying the 

impact of future scenarios and the potential of smart grid options.  
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Including smart grid planning options in long-term network planning requires a dynamic 

planning approach. This is primarily required to identify when these options are favorable 

to use. Furthermore, it is required since the status of smart grid decision variables at 

substations can change multiple times during the planning horizon, reflecting where the 

smart grid options are to be used. As a result, the search space can become relatively large, 

especially when there are many substations suited to potentially apply DSM/storage. 

However, by including practical considerations and expert knowledge, the problem 

formulation can be simplified, and the number of ‘classic’ and ‘smart grid’ decision 

variables can be limited. This led to the development of a hybrid dynamic planning 

formulation with planning stages of 3-5 years.  

For these type of planning problems, the used optimization algorithm requires the 

evaluation of hundreds of thousands candidate expansion plan to find good solutions (see 

Section 7.6.2). This results in millions of power flow calculations which makes the 

evaluation phase, and the total optimization process, computationally intensive. To 

increase the efficiency of the evaluation process, the linear LODF method is applied to 

evaluate rapidly the design constraints for all contingency situations of a reconfigurable 

MV-D network. 

It is strongly recommended to include available practical limitations and expert 

knowledge to avoid inapplicable solutions and to reduce the search space. This results 

generally in less expansion plan evaluations, less power flow calculations, and a lower 

computational effort. 
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CHAPTER 8 

8. Conclusions, contributions and 
recommendations 

8.1 Conclusions 

The main objective of this thesis was to develop computational approaches for the capacity 

planning of existing and future medium voltage distribution networks. This was done by 

formulating practically-relevant building blocks for MV-D network planning and 

developing several computational planning approaches for capacity planning problems. 

To this end, the research questions as formulated in Section 1.4 were subsequently 

addressed in the thesis. The research questions were elaborated upon in the associated 

chapters and treated in each chapters’ conclusions. The following Sections (8.1.1-8.1.3) 

give conclusions referring to the developed computational approaches, and the final 

Sections (8.1.4-8.1.5) describe more general conclusions. 

8.1.1 Expert systems approach for short-term planning with 

classic expansion options 

An expert system approach was developed which is applicable for supporting the current 

planning process and to find network expansions for (short-term) planning problems. It 

identifies practically-relevant MV-D network expansion options (out of all possible 

options) by using IF-THEN rules based on expert knowledge and design principles of 

DNOs. These expansion options are modelled and evaluated automatically in order to 

propose a (top) list of feasible solutions to the decision maker. 

This type of planning approach does not necessarily find optimal solutions, but can find 

practically-relevant planning solutions by integrating expert knowledge. The expert rules 

are formed by topological, geographical and operational constraints. It was shown that the 

applied expert rules reduce the initial number of expansion options significantly for 
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various cases and make it possible to tackle static planning problems efficiently when 

considering one classic MV-D network expansion at a time. Focusing on network sections 

with bottlenecks especially helps in reducing the number of expansion options. 

The developed expert system approach can support standardized and rule-based planning 

processes by performing many planning functions automatically which replaces manual 

and time consuming actions (in power system analysis software). As a result, the network 

planner can focus on the resulting (top) list of feasible MV-D network expansions to solve 

or to prevent network capacity problems. 

8.1.2 Optimization approach for long-term planning with 

classic expansion options 

A formalized optimization approach was presented which is applicable to find solutions 

for more complex planning problems with multiple bottlenecks and in which the timing 

of expansions is of importance. It uses a metaheuristic optimization algorithm to find 

classic MV-D network expansions. The approach can be used to determine proactively 

when necessary network investments are upcoming, and which type of extensions are 

needed, if the loading of the MV-D network develops over a (long) period of time. It can 

thus be used to assess the impact of a certain energy scenario on MV-D networks. 

It was shown that an extension of the static planning approach is applicable to find classic 

MV-D network expansions for a long-term horizon when practical considerations are 

included. The approach searches for the necessary expansions and the moments in time 

when they are required using a single-objective function, which is based on minimizing 

the Net Present Value (NPV) of asset investments and capitalized energy losses. 

Furthermore, expert knowledge is implemented to avoid non-practical solutions and to 

reduce the search space for solving the optimization problem. It was shown that expert 

knowledge helps to simplify the problem at hand and significantly reduces the required 

computational effort of the optimization process. 

8.1.3 Optimization approach for long-term planning with 

classic expansion options and ‘smart grid’ options 

Integrating DSM and storage as decision variables in an optimization environment offers 

the opportunity to assess when, where, and how much DSM/storage is needed to prevent 

bottlenecks and to postpone classic expansion options when these are less attractive. This 

was shown by a developed computational planning approach which uses a metaheuristic 

optimization algorithm to explore the trade-off between classic expansion options and 

alternatives with DSM/storage for an MV-D network and future long-term scenario. 

Including smart grid planning options in long-term network planning requires a dynamic 

planning approach. This is primarily required to identify when these options are favorable 

to use. Furthermore, it is required since the status of smart grid decision variables at 



8.1  CONCLUSIONS 121 

 

substations can change multiple times during the planning horizon. However, a dynamic 

planning problem formulation can result in a significant number of decision variables and 

requires substantial computational effort to find appropriate solutions.  

It was shown that by including practical considerations and expert knowledge, the 

problem formulation can be simplified, and the number of ‘classic’ and ‘smart grid’ 

decision variables can be limited. This led to the development of a hybrid dynamic 

planning formulation with multiple planning stages of 3 to 5 years. Nevertheless, the 

search space can still become relatively large, especially when there are many substations 

suited to potentially apply DSM/storage. As a result, the used optimization algorithm 

requires many candidate expansion plan evaluations to find good solutions. This coincides 

with a high computational effort, as will be described in the next section. 

8.1.4 Evaluation of candidate expansion plans 

Evaluation of technical constraints of candidate expansion plans is a computationally 

demanding phase in computational planning approaches. This is especially the case for 

the optimization approaches that are used to solve the more complex long-term planning 

problems. During the optimization process many potential expansion plans are generated 

and need to be evaluated regarding objectives and technical constraints. It was shown in 

this thesis that network planning problem optimizations may easily require the evaluation 

of hundreds of thousands of possible expansion plans. Moreover, the evaluation of a single 

expansion plan involves numerous power flow calculations to check the constraints for 

normal operation and contingency situations at each stage. This results in millions of 

power flow calculations which makes the evaluation phase, and the total optimization 

process, computationally demanding. 

In general, the relative computation time of the network planning optimization process 

can be reduced in three ways:  

1.) Increase the efficiency of the optimization algorithm such that less evaluations are 

required to solve a planning problem 

2.) Increase the efficiency of the evaluation process such that less time is required to 

evaluate a candidate expansion plan. 

3.) Reduce the search space of the planning problem to reduce (in general) the number 

of evaluations which is required for the optimization algorithm to solve a planning 

problem.  

The latter two were considered in this thesis.  

To increase the efficiency of the evaluation process, the linear Line Outage Distribution 

Factor (LODF) method was applied to rapidly evaluate the design constraints for all 

contingency situations of a reconfigurable MV-D network. This type of evaluation is also 

known as the reconfigurability check, which is by far the most computational demanding 

constraint of an MV-D network to evaluate, since it requires power flow calculations for 
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each possible reconfiguration state. However, a reconfigurability check with LODFs only 

requires power flow calculations for the pre-contingency network state and is thus tens of 

times faster (depending on the network size). This method has an acceptable accuracy and 

speeds up the evaluation phase significantly. 

The search space of MV-D network planning problems can become relatively large when 

there are many candidate branch connections and/or potential substations with DSM and 

storage. It was shown in this thesis that expert knowledge helps to reduce the search space 

by eliminating irrelevant or impractical planning options. Moreover, the (static and 

dynamic) planning problem formulations take into account practically-relevant 

requirements which also limits the number of decision variables. This integration of expert 

knowledge results in less expansion plan evaluations, less power flow calculations, and a 

lower computational effort while still minimizing the chance of discarding relevant and 

promising expansion plans. 

8.1.5 Single-objective optimization 

DNOs would like to consider one or more objectives to select a feasible expansion plan 

(e.g. asset investments, energy losses, reliability, etc.). In this thesis commonly-applied 

aggregation methods are used to convert multiple objectives into a single performance 

indicator or into a single cost function by means of monetization. Single-objective 

optimization algorithms can then be applied to find efficient expansion plans while 

considering multiple (conflicting) objectives. As a result, the best-found solution is based 

on a trade-off between multiple objectives. However, from the expansion plan and costs 

of this best-found solution it is not directly clear what this trade-off is, and moreover, what 

the consequences of this trade-off are on the timing of asset installations and the type of 

selected planning options. For example, it was shown in this thesis that one of the 

objectives can become (very) dominant in the aggregated cost objective function, resulting 

in expansion plans that are mainly determined by this dominant objective, which 

influences the timing of asset installations and the choice between classic expansion 

options and smart grid options. This information can, however, not be extracted from the 

best-found solution of a single-objective optimization run, since there is no reference 

(expansion plan). The outcomes of the single-objective optimization are thus not very 

transparent, which makes it hard for network planners to check the suggested expansion 

plan based on experience, and difficult to create variations on this plan. Multi-objective 

optimization can support the network planner by providing multiple trade-offs between 

criteria. 
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8.2 Thesis contributions 

The main contributions of this thesis are listed below. 

 Development of computational planning approaches based on 

practically relevant requirements and current network planning 

practices. Putting the network planning problem central and taking it as a starting 

point in order to produce relevant expansion plans, and using appropriate 

computational methods to find these. 

 Application of expert knowledge in computational planning approaches 

to avoid finding inapplicable solutions and to reduce the required computational 

effort. Removing irrelevant and non-practical solutions from the input to avoid 

finding inapplicable outputs, instead of eliminating them in the computational 

planning process which can result in additional evaluations and consequently more 

computational time.  

 Implementation of rule-based approach in existing power system 

analysis software to support the current planning process. The developed 

rule-based approach can be elegantly integrated in existing power system analysis 

software with limited additional effort, as was demonstrated in a project in 

cooperation with a party who delivers such software. 

 Integration of smart grid options (storage and DSM) as planning 

alternatives in a computational planning approach for the planning of MV-D 

networks. Storage and DSM are included as a planning alternative (decision 

variable) and thus serve as an output of the optimization, instead of integrating these 

options in the input whereafter only classic expansion options form the output. 

 Identification of the timing and trade-off of storage/DSM with classic 

expansion options. The developed computational approach does not only 

consider smart grid options for a static situation, but it can identify when, where, 

and how much DSM/storage is needed over time to prevent bottlenecks and to 

postpone classic expansion options. Simulations with a range of DSM and storage 

prices offer the opportunity to explore the trade-off between classic expansion 

options and alternatives with DSM/storage for a specific network and scenario. This 

gives DNOs new possibilities to study the impact of future scenarios and the 

potential of smart grid options to cope with them. 

 Acceleration of the evaluation phase in a (computational) planning process by 

applying for the first time the LODF method in MV-D networks to rapidly evaluate 

the capacity of all reconfiguration states.  
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8.3 Recommendations and future research 

This section lists recommendations and topics for future research which are based on the 

findings in this thesis.  

 The evaluation of technical constraints is a computationally demanding phase in 

computational planning approaches, as described in Section 8.1.4. It is therefore 

important to develop approaches which can efficiently evaluate each stage of the 

expansion plan. Heuristics should be developed that reduce the number of power 

flow calculations and/or faster power flow methods should be applied with an 

acceptable accuracy (in MV-D networks). Moreover, it is recommended to include 

more advanced practical limitations and expert knowledge to further reduce the 

search space (and hence the computation time). By developing interactive network 

planning tools, network planners with specific local-network knowledge could 

specify in advance some practical restrictions to simplify the problem and to even 

better avoid practically inapplicable and irrelevant solutions. For example, they 

could specify which substations are not expandable (with storage). However, the 

challenge is to balance on the one hand the risk of not discarding inapplicable or 

inefficient solutions, and on the other hand the consequences of disposing promising 

and relevant expansion options. Finally, it is recommended to use planning 

(optimization) approaches which require relatively few iterations and solution 

evaluations to find good solutions. 

 When considering multiple criteria into single-objective optimization (by means of 

aggregation and monetization), the timing and type of selected (smart grid) options 

is dependent on only a single trade-off between objectives. By applying multi-

objective optimization, it is possible to provide a richer set of results and alternatives 

in the form of multiple trade-offs between criteria. This gives the network planner 

more insight in the possibilities of smart grid options as alternative to classic 

expansion options. However, by providing (many) different trade-off solutions, it is 

also recommended to support the network planner with decision making tools and 

helpful visualizations of trade-off solutions.  

 In this thesis all planning problems were modelled deterministically and 

uncertainties were not taken into account. The focus was on computational planning 

approaches for assessing the impact of a certain energy scenario on MV-D networks. 

Future research should consider uncertainty and decision making methods to 

further support the network planner. Probabilistic (load modelling) approaches 

could be considered to include uncertainty and to evaluate network states more 

accurately. However, one should realize that this requires more detailed 

measurement data (which is uncommon in MV-D networks) and many more 

(computationally-expensive) power flow calculations to evaluate a single candidate 

expansion plan. This can substantially increase the total computation time of a 

computational planning approach. Therefore, it is important to develop approaches 
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which can further support network planners and improve the quality of solutions, 

but remain practically feasible. 

 The developed expert system approach was shown to be effective for handling short-

term planning problems by considering one classic MV-D network expansion at a 

time. Future research could consider a rule-based planning approach with a more 

sequential or iterative process to find expansion plans with multiple expansions for 

(standardized) long-term planning problems. This might reduce the need for 

computationally-intensive optimizations. Of course, the quality of solutions and the 

computational effort of the rule-based approach must then be compared with more 

formalized optimization methods as a benchmark. 

 It was shown in this thesis that expert rules improve the performance of 

computational planning approaches. Most expert rules were based on established 

planning practices which do not include DSM and storage routines since these 

options are not (yet) common practice. It is therefore recommended to develop (over 

time) expert rules and heuristics for smart grid options to integrate these options 

efficiently in computational planning approaches.  

 The developed computational planning approaches have been applied to MV-D 

network expansions by considering the current design criteria and standardized 

asset options. However, these standards might become less satisfactory to deal with 

the future developments and/or new options become available. Since the developed 

approaches in this thesis can be easily adapted to deal with other network levels 

and/or other types of assets, it is recommended to investigate the potential of other 

topologies and type of assets which lay beyond the current standardized design 

criteria. For example, other network levels or DC solutions could be integrated in the 

approach. 

 Finally, the transfer of the results of this research to the daily routine of network 

planning practice (that has been initiated in this project) should be intensified. The 

intense cooperation with a network operator, a software company and an 

engineering consultancy company prove that perspectives are promising. Whether 

this is a recommendation for further research, or for next steps in general, will to a 

large extent depend on the hurdles and pitfalls that efforts in this direction will need 

to cope with and is as yet difficult to say. 
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