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Executive Summary 

This report analyses the state-of-the-art in the emerging advanced distribution network operation 

and control applications as well as network design. These are critical for facilitating integration of the 

distributed low carbon technologies (LCT) trialled in the Low Carbon London (LCL) project into the 

electricity system. Distribution networks are traditionally designed with an in-built capability to deal 

with the credible worst-case operational conditions. In this approach network security is based on 

asset-redundancy, resulting in low network utilisation. The flexibility of LCTs, such as demand-led 

and generation-led demand side response (DSR), electric vehicles (EV), heat pumps (HP) and solar 

photovoltaic systems (PV), is envisaged as enabling a paradigm change by mitigating network 

constraints through real-time control and thus deferring or avoiding network reinforcement. The 

flexibility of these resources may be used to better cope with these uncertainties. If the right choices 

are made in this process, then operation and investment can both be made more efficient. This is set 

in the context of uncertainty regarding the future level of demand or distributed generation growth 

as well as the penetration and characteristics of LCTs.  

This report covers three main areas: the operation of smart distribution networks; the design of 

smart distribution networks and planning under uncertainty. 

Operation of smart distribution networks 

The report begins by focusing on the operation of smart distribution networks (chapter 2). First, an 

overview is given of the applications of active distribution network management concept. The 

drivers for change in traditional control requirements and the opportunities and benefits of 

integrating LCTs into the system are detailed. These LCTs would require real-time management, 

most likely through a distribution management system (DMS), and this report describes the 

additional functionalities that a DMS would need. 

This is followed by a comprehensive analysis of the results of a set of studies carried out to 

demonstrate the applications of several advanced real-time network management and optimisation 

models developed by Imperial College, using LCL trial data. The main topics addressed include: 

 Applications of controllable industrial and commercial (I&C) demand-led DSR for peak 

demand reduction;  

 Control of smart electric vehicles (EV), heat pumps (HP), controllable I&C DSR, and dynamic 

time-of-use (dToU) based DSR, by using Imperial’s multi-period optimal power flow tool 

(TimeOPF) to optimise the use of DSR to support system operation. This optimisation takes 

into account load recovery characteristics and the impact on load diversity. It also ensures 

that the use of DSR services does not trigger additional network problems in the subsequent 

operating periods, by scheduling them in a coordinated optimised manner designed to 

minimise the operating costs of the network. 

By using LCL trial data, we demonstrate the importance of multi-period DSR scheduling in efficiently 

supporting network operation and reducing peak demand. We find that multi-period analysis is 

crucial for an adequate assessment of DSR capabilities in supporting network operation and 

resolving thermal and voltage issues. This is because efficient peak demand management requires 

DSR control in the hours before and after the peak occurs. Ignoring payback (the post-DSR load 
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recovery peak) and other DSR limitations results in suboptimal operating strategies and may even 

increase peak demand above that in the uncontrolled case. Contracting with DSR needs to 

acknowledge that the level of contribution of DSR to network management is a function of its 

penetration and flexibility, demand shape, payback characteristics and this will require application of 

new tools, such as TimeOPF, to support real time Distribution Management System. 

Design of smart distribution networks 

In chapter 3, the design of smart distribution networks is considered, in particular, to identify and 

quantify the potential gross financial benefits of rolling out the technologies and options 

demonstrated in LCL. Imperial’s Load-Related Expenditure (LRE) model, developed to inform the 

RIIO-ED1 business plan, is applied to data from the LCL trials to determine the potential savings in 

reinforcements of the London (LPN) distribution network that may be achieved through application 

of smart demand control and energy efficiency measures. The time horizon from 2015 to 2050 is 

considered. The analysis quantifies the gross benefits of smart control of EVs and HPs, the roll out of 

dToU tariffs, I&C DSR and the uptake of energy efficiency measures, expressed in terms of reduced 

investment in reinforcing distribution network infrastructure. 

The gross benefits  of the chosen LCTs are found by comparing the quantity and cost of 

reinforcement in a reference case (which does not feature any contribution from LCTs) with the 

quantity and cost of reinforcement when LCTs are applied, excluding the cost of implementing and 

operating of smart LCT solutions. 

The following scenarios are were considered in LRE studies and presented here: 

1. Smart electrification of the heat and transport sectors:  

a. Smart control of EV charging, 
b. Smart control of HP operation, and 
c. Combined smart control of EV charging and HP operation; 

2. Deployment of dToU, I&C DSR and energy efficiency measures: 
a. dToU tariff, 
b. I&C demand-led DSR, 
c. Efficiency high and low uptake1 and 
d. Combined dToU, I&C demand-led DSR and a high uptake of efficiency; 

3. Combined impact of all mitigation measures (Full Smart) compared with the above 
combined scenarios: 

a. Combined smart control of EV charging and HP operation and 
b. Combined dToU, I&C demand-led DSR and a high uptake of efficiency. 

 

 

Figure 1 shows the breakdown of economic benefits of the ‘Full Smart’ scenario in comparison of the 

combined scenarios 1(c) and 2(d) described above.  

                                                           
1
 Low uptake of energy efficiency (referred to as “Efficiency 2050” in the figures) assume a linear uptake of 

efficiency by domestic and I&C consumers, reaching the level of 10% peak reduction in 2050. High uptake 
(“Efficiency 2025”) on the other hand assumes that the efficiency increases linearly until reaching 10% peak 
reduction in 2025 and remains at 10% until 2050. 
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Figure 1: Benefits of combined mitigation measures (‘DT’ refers to distribution transformers)  

 

The Potential gross benefit in the ‘Full Smart’ scenario is between about £280m in 2025 and 

approximately £1,400m in 2050, greatly increasing over the analysed period. This is driven, on the 

one hand, by an increase in residential and commercial demand i.e. higher volume of flexible 

demand and higher scope for energy efficiency, while on the other hand the opportunities to 

generate investment benefits over the planning horizon also increase due to the high projected 

uptake of (non-smart) EVs and HPs contributing to the increase in peak demand. The majority of 

saved reinforcement is in the LV and HV networks, amounting to about £1,000m for the ‘Full Smart’ 

scenario in 2050. More generally, this work also demonstrates the importance of establishing new 

tools for long term distribution network planning considering the benefits of smart grid 

technologies.   

Network planning under uncertainty 

Chapter 4 explores the issue of distribution network planning under uncertainty. Using data from the 

LCL trials, we examine the additional value of DSR when it is used to provide the flexibility needed to 

deal with uncertainty. One of the greatest challenges in realising the transition to a low-carbon 

smart grid in a cost-efficient manner is the increased uncertainty that surrounds future generation 

and demand developments. There are three main classes of decision criteria when facing 

uncertainty; stochastic (also known as probabilistic), risk-constrained and robust. Stochastic planning 

is the case where each future scenario condition is attributed a probability of occurrence; the 

0

200

400

600

800

1,000

1,200

1,400

Sm
ar

t 
EV

 &
H

P

I&
C

 , 
d

To
U

 a
n

d
 E

ff
ic

ie
n

cy

Fu
ll 

Sm
ar

t

Sm
ar

t 
EV

 &
H

P

I&
C

 , 
d

To
U

 a
n

d
 E

ff
ic

ie
n

cy

Fu
ll 

Sm
ar

t

Sm
ar

t 
EV

 &
H

P

I&
C

 , 
d

To
U

 a
n

d
 E

ff
ic

ie
n

cy

Fu
ll 

Sm
ar

t
2025 2035 2050

B
en

ef
it

 (
£

m
) 

 

Primary & Grid

DT

EHV - Thermal

EHV- Voltage

HV - Thermal

HV- Voltage

LV - Thermal

LV- Voltage



7 
 

planner’s objective is the minimisation of the expected system cost over all possible realisations. 

This approach can be made ‘risk-constrained’ by means of risk metrics such as expected shortfall 

(also known as ‘conditional value-at-risk’). Robust decision methods fall into two categories: 

optimisation against uncertainty intervals and use of the regret concept (min-max regret, for 

example, which identifies the optimal planning strategy so as to minimize a planner’s worst-case 

regret [31]). In this part of the report we focus on stochastic planning and min-max regret. 

The main conclusion to be drawn from stochastic planning studies conducted for this report are that 

flexible investment options such as DSR possess significant option value due to their ability to defer 

and/or avoid premature commitment to capital projects by taking advantage of the inter-temporal 

resolution of uncertainty. Although DSR may not be the optimal choice under all scenarios, the 

ability for its contingent deployment can render ‘wait-and-see’ strategies viable, which could 

otherwise be deemed unattractive in the absence of cost-efficient interim measures. However, 

suitable non-deterministic valuation investment decision frameworks are necessary to release this 

option value. The alternative may be the adoption of traditional non-flexible valuation methods such 

as NPV-based investment decision-making can systematically favour large-scale capital projects that 

may lack the necessary flexibility to enable the adoption of a ‘wait-and-see’ approach, thus unduly 

exposing planners to stranding and over-commitment risks. 

Case studies carried out using the min-max regret method clearly demonstrated the value of DSR in 

providing flexibility against uncertainty. More specifically, DSR was shown to postpone capital 

intensive network reinforcement until more information regarding the future evolution of demand 

growth becomes available. In this way the regret felt by the DNO was minimised. The number of 

candidate sites selected for DSR deployment was shown to be greater under min-max regret than 

under deterministic planning, showing the significance of the flexibility offered by DSR. 

This work demonstrates that new modelling tools for network planning under uncertainty will need 

to be adopted to support future network design. The results of these studies also show that the 

regulatory framework should be enhanced to facilitate efficient planning under uncertainty. The 

framework should also directly recognise the benefits of investments that provide flexibility to deal 

with uncertainties such levels of growth of demand, timing, location and volume of DSR penetration 

etc. Accordingly, the risks of capital-intensive planning decisions can be reduced, as DSR could be 

deployed as an interim solution until more knowledge is gained about the realisations of uncertain 

parameters.  
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Glossary 

 

BAU – Business As Usual 

BMS – Building Management System 

CCC – Committee on Climate Change 

CHP – Combined Heat and Power 

COP – Coefficient Of Performance 

DECC – Department of Energy and Climate Change 

DER – Distributed Energy Resources 

DG – Distributed Generation 

DLR – Dynamic Line Rating 

DMS – Distribution Management System 

DNO – Distribution Network Operator 

DSR – Demand-Side Response 

dTOU – Dynamic-Time-Of-Use 

EE – Energy Efficiency 

EHV – Extra High Voltage 

EIZ – Engineering Instrumentation Zone 

ENA – Energy Networks Association 

ENMAC – Electricity Network Management and Control 

EV – Electrical Vehicles 

GSP – Grid Supply Point 

HEUS – Household Electricity Usage Study 

HP – Heat Pumps 

HV – High Voltage (1 kV  HV  11 kV) 

HVAC – Heating, Ventilation and Air Conditioning 

I&C – Industrial and Commercial 

ICT – Information and Communication Technologies 

LCL – Low Carbon London 
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LCTs – Low Carbon Technologies 

LPN  - London Power Network 

LRE – Load-Related Expenditure (model) 

LV – Low Voltage 

MILP – Mixed Integer Linear Programming 

MV – Medium Voltage 

NOP – Normally Open Points 

OPF – Optimal Power Flow 

PMM – Peak Minimisation Model 

PV – Photovoltaic 

ROA – Real Options Analysis 

RPI – Retail Prices Index 

SA – Smart Appliances 

SOP – Soft Normally Open Points 

STOR – Short-Term Operating Reserve 
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1 Introduction 

This report concerns the future operation and design of distribution networks in the context of the 

anticipated shift to an actively managed smart grid, containing a high penetration of low carbon 

technologies (LCT). A wide range of LCTs were successfully trialled for the Low Carbon London 

project (LCL), including: controllable industrial and commercial (I & C) generation and demand-led 

demand side response (DSR), electric vehicles (EV), heat pumps (HP) and a domestic dynamic time-

of-use tariff (dToU). For the most to be made from these technologies, current network operation 

and design practices will need to be improved to facilitate the most efficient operation of, and 

investment in, distribution networks and to provide support for the electricity system as a whole. 

Chapter 2 of the report concerns the operation of smart distribution networks. An overview is 

presented of the active operation of distribution networks, summarising the drivers for change from 

the traditional control paradigm, as well as the opportunities for and potential benefits of 

integrating the use of LCTs into the real-time running of the system. New distribution management 

system (DMS) functions and state-of-the-art real-time distribution control approaches, informed by 

knowledge gained from the LCL trials, are described. A set of studies designed to demonstrate the 

application of a number of real-time network management and optimisation models have been 

developed by Imperial College for Low Carbon London. Comprehensive analysis of results from these 

studies is presented here. 

In chapter 3 the future design of smart distribution networks is explored. The Load-Related 

Expenditure (LRE) model is applied to find the potential savings in reinforcement of London’s 

distribution network achievable through the application of smart demand control and energy 

efficiency measures up to 2050. The gross benefit of these measures is calculated for a number of 

scenarios, including electrification of the heat and transport sectors; deployment of DSR in 

residential and commercial sectors; and the full smart scenario in which all LCTs are employed. 

Chapter 4 concerns planning under uncertainty. To date network planning has accounted for 

relatively little uncertainty regarding future development. The main criteria have been to meet 

future demand growth projections at minimum cost whilst maintaining adequate power quality and 

security of supply. As indicated,, the landscape is set to change over the coming decades, as the 

networks become smart and accommodate an increasing penetration of LCTs. Customer demand 

patterns are also set to change considerably. The implications for the DNOs are that a great deal of 

investment will be required to equip distribution networks with the ability to offer a wide variety of 

operating points whilst making optimal use of smart technologies. The greatest challenge, however, 

is the increased uncertainty over the nature of future generation and demand developments. Here 

results from LCL trials of demand and generation-led DSR are used support network operation and 

planning models. The additional value of DSR when used to provide the flexibility needed to deal 

with uncertainty is examined. Two approaches are used: stochastic programming and the min-max 

regret approach. In stochastic programming a scenario tree of possible future states of the system is 

drawn up. From this the planner can use the method to identify the optimal investment strategy 

which encompasses a range of courses of action to be taken covering each possible path in the tree. 

In min-max regret robust network planning solutions by optimally balancing the risk of stranded 

assets with the risk of incurring fixed reinforcement costs twice. Case studies of both approaches are 

presented. 
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2 Operation of smart distribution networks 

2.1 Introduction 

Current operation and planning paradigms of electrical distribution networks are facing fundamental 

challenges in the coming decades as the result of the envisaged decarbonisation of the power 

industry. The UK government has taken significant initiatives in response to environmental and 

climate change concerns, in which distributed Low Carbon Technologies (LCTs) such as controllable 

Industrial and Commercial (I&C) generation-led and demand-led Demand Side Response (DSR), 

large-scale integration of Electric Vehicles (EVs), Heat Pumps (HPs) and residential dynamic Time-of-

Use (dToU) tariffs, are expected to play an important role. 

The key concern is that the widespread integration of electrified transport and decarbonised 

domestic heating will lead to increases in peak demand that are disproportionately higher than 

corresponding increases in annual electricity demand (even if radical energy efficiency measures are 

undertaken). This will potentially require significant reinforcement of network infrastructure, in 

particular at the distribution level [5], while at the same time the utilisation of network capacity (i.e. 

the average loading factors) will reduce very significantly, increasing the system integration costs of 

decarbonising road transport and electrification of heating sector. On the other hand, these new 

demand types could mitigate the network reinforcement cost if operated in a flexible way. 

Adequate incorporation of the above demand-side and DG technologies into distribution operation 

tools, as well as in planning tools, is therefore essential in order to ensure efficient and secure 

operation and development of distribution networks in the future. 

Under the traditional or passive management distribution network planning regime, networks were 

designed to operate limited real-time management, and with an in-built capability to deal with the 

expected worst-case conditions. Most operational issues are effectively resolved at the planning 

stage, primarily through asset redundancy. Growing penetration of different DG technologies and 

electrification of transport and heating demand poses questions regarding the economic 

sustainability of this regime. 

In these terms, an alternative active management regime could significantly improve the utilisation 

and cost-effectiveness of distribution networks. Under this approach, Distribution Network 

Operators (DNOs) deal with constraints during different system conditions by taking into account the 

dynamic nature of generation and demand and exercising real-time control through a number of 

flexible components. Hence, the use of existing assets is maximised and the required investment 

may be considerably lower. On the other hand, additional information, communication and control 

assets required for active control need to be included in the distribution investment and operating 

costs, while higher network utilisation will also have an adverse impact on network losses. 

These flexible components include, in addition to network control technologies, such as power 

electronic devices, coordinated voltage control, soft normally open points, dynamic line rating 

measures etc. include also DG, storage and demand technologies exhibiting potential for ‘smart’ 

operation. The contribution of these components to the mitigation of network constraints requires 

the establishment of novel commercial arrangements for the interaction of the owners of these 
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technologies with the DNOs, such as non-firm connection of DG, or dynamic pricing schemes for 

flexible loads, or new contracts with generation-led and demand-led I&C DSR. 

The purpose of this part of the report is to examine the way in which EVs, HPs, I&C and dToU based 

DSR can be used to supporting efficient real-time network control. 

One of the key concerns for future low-carbon electricity systems is that they may be characterised 

with increase in peak demand that is disproportionately higher than the increase in energy 

(particularly in case of electrifying transport and heat sector into electricity). However, the transport 

sector based on EVs and heating demand based on Heat Pumps would be characterised by inherent 

energy (electricity or heat) storage capability, and this opens up opportunities for utilising more 

efficient charging strategies, not only to optimise electricity production capacity, but also to enhance 

the efficient usage of network capacity. Furthermore, smart EV charging also offers the potential for 

cost-efficient provision of flexible frequency regulation services, the requirements for which are 

assumed to increase significantly in electricity systems based on low-carbon generation 

technologies. 

The use of DSR to solve network problems must consider the impact that it brings in the subsequent 

periods due to payback or load recovery characteristics of the curtailed demand, which may have 

higher power consumption due to reduced load diversity. The payback effect is characterised by the 

increase in power demand caused by energy restoration of previously disconnected controlled loads, 

in the period immediately after their reconnection to the system. This phenomenon is a function of 

load characteristics and duration of their disconnection. Thus, this effect has to be considered 

carefully when exercising DSR. 

In light of the above this chapter aims to: 

 Examine the potential of Controllable I&C DSR for peak demand reduction while taking into 

account the load recovery process 

 Investigate possibilities for smart control of EVs, HPs, and dToU DSR to support distribution 

network management 

 Examine the need for multi-period analysis to investigate the contribution of DSR to network 

operation 

 Apply the multi-period OPF tool (TimeOPF) to study the impact of DSR technologies on the 

operation of an actual LCL distribution network  
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2.2  Active operation of distribution networks 

Today’s distribution systems have been designed to accept bulk power from the transmission 

network and to distribute it to customers, with the predominant flow of both active and reactive 

power from higher to lower voltage levels. The operational control of traditional distribution 

network was limited to fault restoration through network reconfiguration and did not involve active 

control of demand and generation. As this passive network operation philosophy may considerably 

limit the amount of Distributed Energy Resources (DER), both generation and demand (DG, HP, EV) 

that can be connected to existing distribution networks, there is a need to adopt more active 

approaches to network operation, by effectively changing the conventional operational doctrine for 

distribution networks from passive to active. Various degrees of integration are possible, ranging 

from a simple local-based DER control to a coordinated control between distribution facilities and 

DERs over interconnected distribution circuits. 

Active network control could be implemented through central Distribution Management System 

(DMS) controllers, such as one depicted in Figure 2 (say one for each 33/11 kV substation), or by 

distributing the control functions among the various controllers associated with each item of plant 

(i.e. DER actions, tap changers). As the control actions are generally slow (e.g. change of tap changer 

set-point or DER active and reactive power dispatch), relatively low-cost, slow communication 

systems may be appropriate. The overall control system should be arranged in a hierarchy with the 

controllers of the 33/11 kV substations communicating upwards to similar equipment in 132/33 kV 

substations etc. and the higher-level DNO control systems. 

 

Figure 2 Active distribution network operation 

In the example in Figure 2, the CHP generator with a synchronous machine (S) will export active 

power when the electrical load of the premises falls below the output of the generator but may 
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absorb or export reactive power depending on the setting of the excitation system of the generator. 

The wind turbine will export active power but is likely to absorb reactive power as its induction 

(sometimes known as asynchronous) generator (A) requires a source of reactive power to operate. 

The voltage source converter of the photovoltaic (PV) system or storage will allow the export of 

active power at a set power factor but may introduce harmonic currents. DMS controller can also 

schedule various types of flexible demand, such as Electric Vehicles or Smart Appliances, based on 

the flexibility offered by these customers. 

In addition to basic electrical measurements such as voltage or power, the advanced network 

control functionalities, such as Dynamic Line Rating (DLR) will require that additional information 

such as weather data is provided to the DMS controller. The controller would also be capable of 

altering the network topology such as controlling the Normally Open Points (NOPs) in response to 

interruptions to normal supply conditions, through its Post-Fault Reconfiguration functionality. 

DMS Controllers in the above example will take the following information as inputs: (i) 

measurements for network flows and voltages (P, Q, V), (ii) contract costs for constraining 

generation on and off (£), and (iii) network topology i.e. the states of switches in the network. Its 

architecture is illustrated in Figure 3. Where there are no local measurements available, the network 

conditions are assessed using the controller’s State Estimation module.2 Control instructions issued 

by the DMS controller include: transformer tap positions, DER schedules (P, Q), voltage control 

actions and switching actions. 

 

Figure 3 Architecture of DMS controller in active distribution networks 

 
Active management of distribution networks could generate significant savings in network cost 

when accommodating new types of load and distributed generation. Although the cost associated 

with the operation of active distribution networks needs to be quantified, it is expected that the 

benefits will considerably outweigh the cost of its implementation. In order to support the 

development of active distribution networks and extract corresponding benefits associated with 

connecting increased amount of embedded generation, new commercial arrangements may need to 

                                                           
2
 More details on how the state estimation would be incorporated into distribution network operation are 

provided in LCL Report C4 [1]. 
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be developed that incentivise DNOs to adopt active operation solutions as opposed to traditional, 

largely passive approach.3 

Finally, a link should be established between the active network operation solutions and schemes 

and the network planning activity. It is evident that active network management may require 

significantly less reinforcement to accommodate new demand as the result of heat and transport 

electrification. Future distribution planning tools need to be able to adequately take into 

consideration this link between smart network operation and lower requirements for asset 

redundancy. In doing so, it will be critical to understand the risk profile of smart solutions, in 

particular the ICT infrastructure, in order to assess to what extent the advanced solutions can be 

relied upon in network planning, and what that means for network assets. In this respect, the EEGI 

Roadmap has also emphasised the necessity to include appropriate levels of operational control 

balanced against planning measures in DNO planning and operation practices [2]. 

  

                                                           
3
 Commercial arrangements for incentivising DERs to participate in system operation and network 

management are discussed a companion LCL Report 12-1 “Novel commercial arrangements and the smart 
distribution network”. 
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2.3 Controllable Industrial and Commercial DSR for peak demand 

reduction 

In report A7 of the Low Carbon London project [3] a detailed analysis of Industrial and Commercial 

(I&C) DSR trials was carried out, analysing a number of DSR events where I&C customers were 

instructed to provide services to the system, either through using on-site generation assets or 

activating demand-led DSR. DSR currently provides more than 500 MW of capacity for Short-Term 

Operating Reserve (STOR) in the UK, although there are growing opportunities for significantly 

larger-scale participation in DSR programmes. 

For the context of analysis presented in this section the demand-led DSR is of primary interest, given 

the existence of energy payback i.e. load recovery effect that occurs when this type of DSR resource 

is utilised. Report A7 has studied the shape, duration, power and energy associated with energy 

payback following DSR events, and key findings from that report are used to inform the assumptions 

made in the analysis presented here. 

 Context  2.3.1

Demand side response (DSR) provided by I&C consumers has very significant potential to delay and 

substitute for network reinforcement. Estimates for the potential DSR of I&C consumers in the UK 

vary between 4% and 30% of their peak demand [4], and urban areas such as London are particularly 

suited to DSR applications because of a high density of commercial buildings (e.g. hotels, offices, 

retail spaces etc.). The LCL I&C DSR trials therefore focused on establishing the performance of I&C 

DSR in the London distribution network and their potential contribution to security, a key input for 

network planning. 

In the case of demand-led I&C DSR applications the end-users are incentivised to reduce their 

demand on the distribution network by turning down one or more high-power devices such as 

comfort chillers or other HVAC components. I&C DSR is at present mostly used as a means of 

supporting demand-supply balancing at the national level (e.g. providing short-term operating 

reserve - STOR), and to a much lesser extent to provide support management of local distribution 

networks. In this context, LCL demonstrated significant potential for the application of I&C DSR to 

provide DNO services. 

 Potential impact of energy payback for I&C DSR 2.3.2

Turning down thermal load in I&C DSR sites generally results in energy payback. This is an inevitable 

consequence of the physics of the interaction between heat transfers from the building to the 

outdoor space and vice versa combined with the objective to follow the target temperature profile. 

For instance, if the cooling of a building is reduced during e.g. 1-hour period, the indoor temperature 

will increase and once the reduction period expires the building temperature control will attempt to 

bring the temperature back to the pre-reduction level as soon as possible. Bringing the temperature 

down within a short time frame will require more energy than just maintaining the temperature at a 

constant level, and this will partially offset the energy reduction effected during the 1-hour control 

interval. 

To illustrate this effect further on a realistic example, the chart in Figure 4 is reproduced from [3] 

and shows the load profile of a hotel participating in a trial during a typical DSR event. At point A the 
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chiller is switched off for just over an hour, switching back on at point B, when the building 

management system (BMS) starts returning the temperatures to pre-event conditions thus initiating 

the load recovery process. Since the building has warmed up between A and B, the chiller load rises 

rapidly to reduce the internal temperature to within the set point. Once this is achieved the load 

recovers to the baseline at point D. Two characteristic quantities are identified for the load recovery 

process: the payback peak (C) and the payback energy (area denoted by F). 

 
Figure 4. Example of load recovery with payback for a hotel chiller system 

The trials showed that the energy supplied during the payback phase for thermal loads in hotels and 

offices was relatively modest in the order of 20% of reduced energy during the event. However, the 

payback peaks were rather sharp and narrow, varying in height between 15% and 270% of the pre-

event load. Aggregation of such high peaks could easily cause local overloading in the distribution 

network, especially if multiple DSR resources are triggered and released simultaneously. 

Payback effect is particularly relevant for the distribution network context. Ignoring payback may 

result in load reductions during DSR events being accompanied by payback peaks of more than twice 

the load reduction. Such a phenomenon was visible for nearly all DSR events in the trials involving 

thermal loads. If these DSR resources are used to manage the peak loading of distribution network, 

it is obvious that in addition to reducing the network peak during DSR events, they may produce an 

undesired effect of increased demand during load recovery, potentially creating a new peak that 

may be above the pre-intervention level. If these resources are to be used for peak demand 
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management efficiently, the payback effect needs to be adequately taken into consideration. This 

specific feature represents a fundamental difference between demand-led DSR and generation 

assets, whose operation is typically fully controllable without any payback-like effects. 

In light of the above the purpose of this section is to investigate the realistic potential for using 

demand-led I&C DSR resources to support the DNOs in peak demand management. A peak demand 

minimisation model is developed and presented that takes into account the duration of DSR control 

events as well as the peak power and energy requirements of the ensuing load recovery process. 

 Case studies 2.3.3

In this section we develop and apply an optimisation approach to investigate the potential 

contribution of I&C DSR resources to peak demand management in distribution networks, while 

considering the energy payback effect associated with DSR events. We quantify the level of peak 

demand reduction that can be delivered by a given portfolio of I&C DSR sites and compare it to the 

contracted load reduction volumes of the same sites. 

Although we try as much as possible to reflect the observations made during LCL trials, it has to be 

noted that the key purpose of this section is not to make an accurate assessment of peak reduction 

capability of the specific sites; it is rather to demonstrate the methodology that can quantify this 

capability for a broad range of cases. 

2.3.3.1 Approach and assumptions 

A mixed integer-linear programming (MILP) problem has been formulated with the following 

characteristics: 

 Objective: minimise maximum net demand (resulting from DSR actions, both load reduction 

and payback, being superimposed onto original network demand) 

 Constraints: each DSR site can be activated only once during the day; when it is activated, it 

follows the reduction-payback profile depicted in Figure 5. 

 
Figure 5. Assumed DSR response characteristic 

The per-unit values in Figure 5 are expressed relative to the contracted volume of each DSR site. 

Payback power was assumed at the level of 100% of reduced power, while the assumed energy 

payback was 64% of energy reduced during the control period. The power value was chosen to 

broadly represent a central value from the trial observations, while the energy payback was 
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assumed higher, given that the assumed duration of DSR events was 2 hours instead of 1-hour 

events in the trial. All of the DSR response characteristics – duration, shape, energy and peak – have 

been further varied in the second set of case studies to explore the sensitivity of model results. 

The time horizon observed by the model is typically 24 hours with 30-minute resolution. The 

implementation of the model has been carried out on the FICO Xpress platform [9]. 

Report A7 analysed in detail the timeliness and compliance of DSR sites in responding to DSR event 

instructions. Although this represents an important input into determining the volume of DSR that 

needs to be contracted in advance to deliver a given level of aggregate service, in this report we take 

a future-oriented approach by assuming that any issues with respect to timeliness and compliance 

are largely resolved, and that all DSR sites are able to deliver the contracted reduction in demand 

following the profile in Figure 5. 

2.3.3.2 Peak demand management using demand-led I&C DSR from LCL trials 

For the first set of case studies we focus on 12 demand-led I&C DSR sites trialled in LCL during the 

summer of 2013, where the reduced load was associated with HVAC systems. The buildings included 

in the group are 11 hotels and an office building (Moor House). The list of sites along with their 

contracted volumes is given in Table 1. Their contracted volume varied between 20 and 400 kW, 

with the average value of 125 kW per site. 

Table 1. Contracted volumes of demand-led DSR response from LCL trials 

Site No. Site Contracted (kW) 

1 Marriott Kensington 30 
2 Marriott Maida Vale 20 
3 Marriott Regents Park 20 
4 Marriott Grosvenor House 150 
5 Moor House  150 
6 Hyatt Regency Churchill 50 
7 Hilton Kensington 100 
8 Hilton Canary Wharf 220 
9 Hilton Park Lane 190 

10 Hilton Tower of London 90 
11 Hilton Tower Bridge 80 
12 Park Plaza Westminster Bridge 400 

 Total 1,500 

 

Daily demand profile assumed in the analysis has been taken from the MERT-E2 feeder in Merton 

substation, which was one of the four EIZs (only active power is considered in the analysis). This 

profile is shown as “Original” in Figure 6. The peak demand of this feeder was 3.43 MW before any 

DSR actions. 
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Figure 6. Demand profiles before and after DSR actions 

If the DSR resources listed in Table 1 are used in an optimal way in terms of minimising feeder peak 

demand, the resulting profile is presented by the red line in Figure 6. Triggering one DSR event for 

each site at times chosen by the model reduces the peak demand by 550 kW, or about 16%. This is 

significantly less than the sum of individual site contracted volumes from Table 1 (1,500 kW). This 

illustrates the necessity to contract for significantly more demand reduction from DSR sites than is 

the required reduction in peak demand – in this case the ratio is almost 3:1.  

It is further interesting to note that as the result of the load recovery, the period of reduced peak is 

followed by an increase in demand compared to the baseline case; however the volume of energy 

involved is significantly less than the amount of energy reduced. In the above example, the volume 

of aggregate energy payback is about 35% of aggregate energy demand reduction during peak 

hours. Note that this number is lower than the 64% energy payback required by each site, as in the 

optimal solution the DSR resources are scheduled in order to achieve the maximum possible peak 

reduction, while minimising the negative consequences of aggregate energy payback. These 

schedules are often determined in such a way that the payback of one DSR unit is partially or wholly 

offset by the load reduction phase of a site that was triggered later. 

Figure 7 provides additional details on how each individual DSR resource is scheduled as part of the 

optimal solution. Each of the 12 buildings is plotted in its own colour, clearly showing how for each 

site the 4 intervals of load reduction are followed by 4 intervals of payback period as defined by the 

profile in Figure 5. The figure shows that 7 out of 12 sites are called upon before and including the 

peak period (at 6.30pm), while the remaining 5 sites are instructed after the peak half-hourly 

interval. Note that the payback of the last scheduled site (number 12) only finishes after midnight on 

the next day. This shows that efficient peak minimisation using DSR resources with payback requires 

their scheduling hours before and after the time of peak demand. Any other sequence would result 

in a higher post-intervention peak than the one obtained here. The spike in aggregate DSR demand 

occurring at 11pm (also visible in resulting total demand profile in Figure 6) is scheduled late enough 

so as not to affect the newly reduced peak demand. 
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Figure 7. Scheduling of individual DSR customers 

To further illustrate the importance of careful scheduling of DSR resources, we analyse the case 

where the payback effect is ignored when scheduling DSR events, but occurs in reality. Figure 8 

shows the resulting demand profile as the blue line (as reference, red dashed line shows the total 

demand when payback is accounted for in DSR scheduling as in Figure 6). Dashed blue line shows the 

total demand for the hypothetical case when there is no payback, i.e. with optimal schedule for 

payback-free DSR resources. Ignoring the payback only seemingly achieves the peak reduction of 

783 kW, i.e. higher than 550 kW observed in the previous case. However, when the payback effect is 

properly accounted for, the peak reduction for this DSR schedule is only 181 kW (just above 5%), 

which is about 3 times lower than in the case when payback is considered in scheduling. 

 
Figure 8. Demand profiles before and after DSR actions with ignored payback 

An illustration of (a) hypothetical and (b) actual DSR demand patterns with payback is shown in 

Figure 9, where the payback is completely ignored in the hypothetical case, resulting in 

overestimated peak reduction capability. For instance, although the aggregate demand reduction at 

5.30pm is 700 kW even when factoring in the payback, the load recovery occurring afterwards 

prevents this reduction to be sustained until well after the peak period, resulting e.g. in zero 

reduction at 7.30pm and 8.30pm and consequently limited contribution to overall peak decrease. 
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 a) b) 

Figure 9. Scheduling DSR with ignored payback: a) hypothetical case without payback, b) with actual payback 

 

2.3.3.3 Peak demand management using generic I&C DSR units 

In order to generalise the findings on the capability of I&C DSR to reduce distribution peak demand, 

we present the second set of case studies, where DSR sites are represented by generic units with 

identical contracted volumes and payback profiles, while the number of units as well as their 

reduction-recovery patterns are varied to quantify their impact on the capability to provide peak 

management. 

Two levels of contracted power per DSR site have been analysed: 

 100 kW 

 200 kW 

These values were chosen to provide a range around the average contracted volume for 12 trialled 

I&C DSR sites (125 kW). The number of DSR sites was varied between 1 and 15 when evaluating their 

peak reduction capability. The same normalised baseline reduction-payback profile was used as in 

Figure 5, with 2-hour reduction period and 2-hour payback period. 

The demand profile used in these studies was the same as in Section 2.3.3.2. An additional profile 

has been constructed that has the same energy, but lower (and broader) peak, in order to 

investigate the impact of demand shape on DSR peak reduction capability. The two demand profiles 

are referred to as “Peaky” and “Flat” in later text, and are both depicted in Figure 10. 

-1000

-500

0

500

1
5

:0
0

1
6

:0
0

1
7

:0
0

1
8

:0
0

1
9

:0
0

2
0

:0
0

2
1

:0
0

2
2

:0
0

2
3

:0
0

0
0

:0
0

A
gg

re
ga

te
 D

SR
 e

ff
e

ct
 (

kW
)

12

11

10

9

8

7

6

5

4

3

2

1

Total -1000

-500

0

500

1
5

:0
0

1
6

:0
0

1
7

:0
0

1
8

:0
0

1
9

:0
0

2
0

:0
0

2
1

:0
0

2
2

:0
0

2
3

:0
0

0
0

:0
0

A
gg

re
ga

te
 D

SR
 e

ff
e

ct
 (

kW
)

12

11

10

9

8

7

6

5

4

3

2

1

Total



23 
 

 
Figure 10. Peaky and Flat baseline demand profiles 

We again use the model described in Section 2.3.3.1 to optimally schedule DSR resources to 

minimise the resulting total peak demand while considering the energy payback effect. For the case 

of units with the contracted volume of 100 kW and Peaky demand profile, the optimal timing of DSR 

events is shown in Figure 11, where the number of DSR units is varied between 1 and 15. The results 

again clearly illustrate that in the most efficient DSR schedule the DSR events need to be triggered 

long before as well as long after system peak. For instance, with 15 units the first DSR events are 

scheduled for 5pm, while the last ones occur at 9pm (note that each event only represents the 

beginning of the reduction-recovery cycle, so that the event started at 9pm would only be 

completed at 11pm). We also note that the larger the number of DSR sites, the broader the time 

window in which DSR events are instructed. 

 
Figure 11. Optimal scheduling of DSR resources (small bubble = 1 site, large bubble = 2 sites) 

It is not surprising that increasing the number of DSR sites enables a greater reduction in peak 

demand. For the same example presented in Figure 11 (100 kW contracts, Peaky profile), Figure 12 

shows the resulting demand profiles for selected numbers of DSR sites (1, 5, 10 and 15). The figure 

suggests there are diminishing returns in terms of peak reduction as the number of DSR sites 

increases – the first DSR unit reduces the peak by 100 kW (equal to its contract), while the following 

four units only yield 190 kW of peak reduction (i.e. less than 50 kW per unit). Further increases in the 

number of units bring about even smaller improvements in peak reduction. 
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Figure 12. Reduced peak demand for varying numbers of DSR sites 

In order to quantify the relationship between the number of units and achievable peak reduction, 

Figure 13 presents the peak reduction capability as a function of number of DSR sites, for both Peaky 

and Flat demand profiles and for both 100 kW and 200 kW contracted volumes. We again note the 

saturation effect i.e. that the increase in peak reduction slows down with higher DSR numbers. Not 

surprisingly, the achievable peak reduction from the same DSR portfolio is significantly higher for the 

Peaky than for the Flat demand profile. We further note that the saturation effect is also reflected in 

the fact that the difference between the achievable reductions for 100 and 200 kW contracts is far 

smaller than the 2:1 ratio between the contracted volumes per DSR site. 

 
Figure 13. Peak reduction capability as function of number of DSR sites 

As a benchmark, Figure 13 also quantifies the peak reduction that would be achievable if only the 

DSR contracted volume was considered, without taking into consideration the limited duration of 

load reduction events as well as energy payback required by DSR resources.4 These maximum 

possible peak reduction levels are denoted by “Theoretical limits” in the chart. The significant gap 

between the realistically achievable peak reduction and the corresponding theoretical limit reflects 

                                                           
4
 These conditions are equivalent to assuming DSR units have the characteristics of fully controllable 

generators with maximum power equal to the contracted volume. 
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the limitations of using DSR to manage peak demand, and reinforces the conclusion that for a given 

level of peak reduction the amount of contracted DSR volume will need to be several times higher. 

The diminishing average peak reduction per site is also visible in Figure 14, where this quantity is 

presented both in absolute terms per site as well as relative to the contracted volume per site, for 

the same four cases as in Figure 13. We note that in the case of Peaky demand the first units bring 

the greatest peak reduction (100% in the case of 100 kW contract, and 60% for 200 kW contract), 

which then gradually reduces to between 25% and 35% as the number of sites approaches 15. With 

Flat demand profile on the other hand, there seems to be a threshold of 2 units as the minimum 

number to start delivering peak reduction (single units are not capable of reducing peak due to its 

long duration and the payback requirements), and these reductions are significantly below the 

corresponding cases with Peaky demand. The theoretical limits depicted in Figure 13 would 

correspond to a flat line at 100% in Figure 14b.  

 
 a) b) 

Figure 14. Peak reduction capability per DSR site: a) in absolute terms, b) relative to contracted volume 

 

2.3.3.4 Sensitivity to payback shape and duration 

In the final set of studies we investigate the impact of variations in duration and shape of payback on 

the peak reduction capability of I&C DSR. In addition to the baseline payback profile (i.e. the one 

shown in Figure 5), seven additional profiles have been constructed to vary the energy, power and 

duration associated with load reduction and payback cycles. All profiles used in this sensitivity 

analysis are presented graphically in Figure 15 and their key features are also given in Table 2. 
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Figure 15. Variations in shape and duration of assumed DSR response profiles 

 

Table 2. Key features of different DSR response profiles 

Case Control duration 
(h) 

Payback duration 
(h) 

Payback power 
(% of contracted) 

Payback energy 
(% of reduced) 

Baseline 2 2 100% 64% 
HE 2 2 100% 100% 
LE 2 2 100% 32% 
LPE 2 1 50% 14% 
HP 2 2 150% 64% 
LP 2 2 64% 64% 
SW 1 1 100% 64% 
VSW 0.5 0.5 64% 64% 

 

In line with the studies presented in Section 2.3.3.3, between 1 and 15 generic DSR units are 

assumed to exist in the network, with the assumed contracted volume of 100 kW. The demand 

profile for the analysed distribution network is the same as the Peaky demand profile in Figure 10. 

The contribution to peak demand reduction per DSR site for different DSR response characteristics is 

shown in Figure 16 and expressed in kW per site (given that the contracted volume per site was 

equal to 100 kW, the vertical axis can also be read as percentages of normalised contribution to peak 

reduction, similar to Figure 14b). 
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Figure 16. Peak reduction capability for different DSR response profiles 

We note that regardless of the DSR response shape there is a general tendency for diminishing 

contributions to peak reduction with increasing number of DSR sites. This is expected given that 

reducing the peak by adding more DSR units becomes progressively more difficult if the peak has 

already been reduced as this reduced peak then tends to last significantly longer than before the 

intervention. 

We further observe that lower payback power and/or payback energy (cases LP, LE and LPE) increase 

the achievable contribution to peak reduction. The difference between the baseline and LP and LE 

cases varies considerably for a small number of units (due to the discrete nature of the problem). It 

drops to a relatively low and stable distance as the number of DSR sites becomes high. The LPE case 

on the other hand consistently outperforms the baseline case. 

The opposite conclusion also holds – higher payback power and energy (cases HP and HE) reduce the 

possible contribution to peak reduction compared to the baseline case by broadly similar amounts 

as the increase in contribution in low payback cases. 

It is further interesting to note the impact of shortening the duration of reduction-payback cycle to 

1+1 hour (case SW) or 30+30 minutes (case VSW). For most DSR portfolio sizes except very small 

ones we note a rather consistent reduction in peak contribution per site, to about 55% of the 

baseline value in the SW case and about a third in the VSW case. For very small number of DSR there 

are significant oscillations in the peak reduction contribution, and there is also a threshold for the 

number of units when the peak reduction becomes possible: in VSW case no contribution can be 

provided by a single unit, while in the SW case the contribution of a single unit is only 23% of the 

contract whereas increasing this to two units yields a contribution of 50% per site. 

 Key findings 2.3.4

Case studies presented in this section clearly suggest that in order to use demand-led DSR resources 

with load recovery characteristics for efficient peak reduction, they need to be controlled hours 

before and after the onset of system peak conditions. Ignoring the energy payback requirements 

and other DSR limitations may result in suboptimal operating strategies or even increase the peak 

above the pre-intervention case. 
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Because I&C DSR resources have specific characteristics such as payback and limited control 

duration, which make them fundamentally different from controllable generation assets, to achieve 

a given peak demand reduction the volume of DSR response to be contracted (ignoring any non-

responsiveness, compliance and timeliness issues) would generally need to be a multiple of the 

targeted peak reduction. Contracting with I&C DSR sites therefore needs to acknowledge that their 

contribution to network management will be a function of: 

 DSR penetration 

 Shape of demand profile 

 Response/payback characteristics: duration of control and payback periods, payback power 

and energy 

Similar to other flexible demand categories considered in the next section, I&C DSR also require that 

the network analysis and operation planning are done in a multi-period timeframe, rather than 

based on snapshots in time, as the studies in this section have clearly presented the importance of 

temporal links between DSR control decisions in one period and their impact on the resulting 

demand profile observed several hours later. 
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2.4 Multi-period analysis of contribution of DSR to distribution 

network operation 

 Importance of multi-period assessments of distribution networks with DSR 2.4.1

Integration of renewable resources and flexible demand technologies, such as electric vehicles, 

smart appliances, smart homes, heat pumps, distributed storage, and growing demand, in a cost-

effective manner while guaranteeing security of supply and power quality is likely to become a 

challenging task in future distribution networks. 

EVs and HPs are characterised by significant inherent energy (electricity or heat) storage capability, 

and therefore present an opportunity for flexible electrical energy consumption times. Furthermore, 

there is a range of electrical appliances which have potential of flexible electrical energy 

consumption as well. These features can be exploited for utilising more efficient 

charging/consumption strategies to enhance the efficient usage of network capacity. 

To examine DSR full potential, there is a need for a tool capable of performing a multi-period 

optimisation, as operations of storage, EVs and other DSR technologies require consideration of time 

coupling between different periods of optimisation. Furthermore, the tool should take in account 

the nature of DSR which usually does not reduce the total energy consumed, but redistributes the 

load and reduces its natural diversity, which can lead to the occurrence of high peaks. Therefore, 

there is a requirement for fully controlled demand pattern obtained by tool capable of multi-period 

operation optimisation, which allocates the demand reductions and recoveries, and charging and 

discharging of the EVs and storage over the whole optimization period. 

 DSR characteristics evaluated in previous LCL studies 2.4.2

A number of technologies and solutions have been trialled within the LCL project that are expected 

to make a visible impact on the carbon emissions from the broader energy system. In this report we 

focus in particular on the following four LCTs: 

 Electric Vehicles (EVs) 

 Heat Pumps (HPs) 

 Dynamic Time-of-Use (dToU) tariffs 

 Industrial and Commercial Demand-Side Response (I&C DSR) 

2.4.2.1 Electric vehicles 

A detailed description of EV trials conducted in LCL is given in Report B1 [12]. The trial included 

residential and commercial vehicles, and monitored their charging at both their home- or office-

installed charging points as well as at a number of public charging stations. The report quantified 

some of the key parameters of EV demand relevant for network planning and system analysis such 

as typical demand profiles and diversified peak demand for a given number of EVs. As an illustration, 

the fully diversified average and peak day demand profiles are shown in Figure 17. This information 

has been used to construct annual half-hourly demand profiles that were used as an input into the 

TimeOPF model used for this study. 
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Figure 17. Average and peak EV charging demand profiles from LCL trials 

Report B1 has further assessed the flexibility of EV demand, i.e. how much of EV charging demand 

may be shifted in time in order to support the electricity system, but without compromising the 

ability of users to make their intended journeys. Based on the results of that analysis, we estimate 

that up to 80% of EV demand could be shifted away to other times of day while supporting the same 

trip patterns. This flexibility parameter is used as input into the TimeOPF model in order to allow it 

to make optimal scheduling decisions on when flexible EVs should be charged from the system 

operation perspective. 

2.4.2.2 Heat pumps 

LCL trials also involved the monitoring of residential heat pumps, as described in Report B4 [13]. 

Given that the trials only involved two dwellings, a 2-bedroom and a 4-bedroom home, the trial 

results were used to calibrate the likely non-diversified peak of residential heat pump load, however 

in order to construct a fully diversified profile of national-level HP demand, we used inputs from 

previous studies such as the ENA report [5], Micro-CHP Accelerator trial [19] or recent studies 

carried out for Carbon Trust [6], Department of Energy and Climate Change [17] and Climate Change 

Committee [18]. All of these assumed a gradual improvement in building insulation levels, and 

estimated the hourly profiles based on representative temperature fluctuations for the UK. The 

diversified peak day demand is shown in Figure 18 for illustration. 

 
Figure 18. Peak (cold winter) day HP demand profile used in the analysis 
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We further assumed that flexible HP operation would be possible if they were fitted together with 

heat storage. Based on the findings of [5] and [7], we assumed that for the heat storage size in the 

order of 10% of peak day heating energy demand, the peak HP demand can be reduced by 35% 

through using the storage and shifting HP demand into other times of day. 

2.4.2.3 Dynamic ToU tariffs 

The impact of dToU tariffs on residential customer load has been investigated in detail in the LCL 

project using a relatively large sample, and the results of the analysis are provided in LCL Report A3 

[8]. The analysis has found that the peak reduction of about 9% was achieved through time-

differentiated tariffs, while the most engaged trial participants showed a peak reduction of 20%. 

Based on these trial findings, we therefore assume in this study that if dToU tariffs are efficiently 

deployed, up to 5% of participating residential electricity demand can be shifted away from each 

hour in order to support the network operation. 

2.4.2.4 Industrial and commercial DSR 

The potential of generation and demand-led I&C DSR resources to deliver services to the system has 

been investigated in the LCL trials, and the results have been analysed in detail in LCL Report A7 [3]. 

In this study we focus on the contribution of demand-led I&C DSR, which according to the trial was 

able to deliver significant reductions of commercial building load for a given periods of time. A 

number of participating sites were even prepared to fully switch off their air conditioning load for a 

limited period of time in order to deliver DSR services. DSR events were further found to be 

associated with significant demand for payback power and to a smaller extent payback energy, 

which potentially reduces the contribution of DSR sites to reducing network peaks, as discussed in 

greater detail in Section 2.3. In TimeOPF studies carried out in this chapter we take into account the 

peak reduction capability quantified in Section 2.3. 

 Multi-period Optimal Power Flow (TimeOPF) approach 2.4.3

Multi-period Optimal Power Flow approach, with the objective to minimize the total network 

operation costs, takes in consideration both characteristic of DSR capable technologies and network 

where the DSR is applied. 

Flexibility of EVs and other DSR technologies enables redistribution of their load. It does not 

necessarily reduce the total energy consumed, and there is possibility of increase in power demand 

caused by energy restoration of previously disconnected controlled loads, in the period immediately 

after their reconnection to the system. This power demand increment depends on loads 

characteristics and duration of their disconnection. The characteristic of each type of flexible 

resource has to be taken in account if considered to be used to support distribution network 

operation. 

Modelling coordinated scheduling of DSR resources in distribution network is more complex task 

than in transmission. As described in [10], in transmission networks branch resistances can be 

ignored, all voltage magnitudes are usually at their nominal values, and the only voltage change is 

their angular displacement caused by real power flow over the branch reactance. Having this in 

mind, DC Optimal Power Flow (OPF), which is by nature linear model, can be successfully used for 

examining DSR impact in transmission networks. On the other hand, branch resistances and reactive 

power flows cannot be ignored in distribution networks, contributing to both voltage magnitude 
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variation and power losses in the network branches. Taking that in account, distribution systems 

power flows equations are trigonometric functions that cannot be approximated by a linear form. 

These additionally challenge the analysis, since the problem becomes non-linear and require multi 

period AC optimal power flow, further increasing the problem dimension with the network size. 

To solve the non-linear optimization problems our tool uses Successive Linear Programming (SLP) 

module of the commercial optimization software FICO™ Xpress [11]. This technique involves creating 

a linear approximation of the original problem at chosen points, and solving a sequence of first-order 

approximations. This process repeats until the solution converges. 

The Imperial College tool fully integrates load models and dedicated demand scheduling algorithms 

into a multi-period AC OPF (Time OPF) algorithm, with the task to optimise operating decision for 

generator dispatch, storage charge/discharge, and DSR utilisation. The main novelty of the model is 

that it enables incorporation of storage, DSR and EV operations as part of the optimisation [10]. The 

tool estimates the potential for using DG, Storage, DSR and EV to support the development of Smart 

Grids by resorting to these technologies for: 

 voltage control 

 congestion management 

 reduction of network losses 

 benefits of deferring reinforcement 

 enhancing security of supply 

 improving power quality 

System operation is examined over a time horizon, where objective function is to minimize the total 

network operation costs and optimization considers following constraints: 

 power balance constraints 

 network thermal constraints 

 voltage limits 

 generation constraints 

 DSR constraints 

Furthermore, to optimize operation of DSR and storage, coordinated actions are considered across 

multiple time periods. 

In this work we take four DSR technologies in consideration within Multi-period OPF (TimeOPF) 

analysis: flexible EVs, HPs, Industrial and Commercial (I&C) DSR and residential Dynamic-Time-Of-

Use (dToU) DSR. For all of these DSR technologies we take in account their daily demand curves, 

their flexibility in terms of electrical energy consumption, requirement for payback and contract of 

each I&C DSR site as well as their energy balance and constraints. 

Power balance constraints 

For each bus in the network nodal power balance constraints must be taken in account. These 

constraints are considered for both active and reactive power The total power supplied from the bus 

has to be equal to the total power consumption of each bus, including power exchange with other 

buses, at all time instances. The total power supplied consist of generation at the bus, if any, supply 
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via connected branches, storage discharge at the bus, if any, and EVs, HPs and other DSR reduction 

in consumption defined by DSR control model. The total power consumption consist of the total 

loading of the bus and additional demand representing each of four DSR technologies additional 

consumption separately, and any storage charging, if exists, as the response to the coordinated 

shifting schedule of control model. Moreover, potential load shed at the bus is taken in account as 

well. Load shedding is involuntary loss of power at bus, and it happens in the cases when there is 

insufficient generation and DSR cannot support the network operation without violating thermal or 

voltage constraints. 

In addition, power exchange between examined bus and surrounding busses is calculated using 

trigonometric functions involving voltages’ magnitudes and angles of the bus and surrounding 

busses and corresponding susceptances and conductances. 

Network thermal constraints 

The power flowing in the branches must be maintained within the thermal capacity limits. The 

power flow is determined by both active and reactive power flows, which are represented by 

trigonometric functions involving voltages’ magnitudes and phase angles of the connected buses, 

transformers tap changes ratios, if any, and corresponding susceptances and conductances. 

Voltage limits 

Distribution networks are prone to voltage magnitude constraints violation. This is due to fact that 

distribution lines have relatively high impedance, causing relatively high voltage drop across the line. 

Furthermore, distributed generation could cause overvoltage, especially during low demand periods. 

Therefore, the voltage magnitudes have to be kept between minimum and maximum limits defined 

by electricity network standards. 

Generation constraints 

Each generator is defined by the active and reactive output power which must remain within the 

limits: the minimum stable generation and the maximum power. 

DSR constraints  

Demand Side Response constrains are defined by the available power of connected and 

disconnected devices that will be added to the original load profile. The required power is 

determined by control actions which take in account whole optimisation period. The algorithm takes 

in account the flexibility of each DSR technology, and contract of each I&C DSR customer, scheduling 

the load shifting in a manner to minimally disturb customers comfort, but still to minimise network 

operating costs while satisfying distribution network constraints. Taking this in account the 

algorithm identifies the substations of the network where DSR will bring the most benefits to the 

system, and engage their customers capable of DSR accordingly. 

Moreover, not only power constraints but energy balance and energy limits must be satisfied. 

Energy contained at the end of current time step is calculated as the energy content at the end of 

previous time step plus energy charged during the current time step minus energy reduction in 

consumption during the current time step. 

If there is any storage in the system, the storage operation is manipulated in similar manner as DSR 

technology, where reduction in consumption is equivalent to discharging the storage. 
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In addition to all of this, the model further considers tap changer constraints, respecting the 

minimum and maximum tap positions of each transformer. 

 Case studies 2.4.4

In this section a set of studies is presented with the aim of investigating the TimeOPF approach to 

control smart charging of EVs and deployment of HPs, and I&C and dToU based DSR for network 

management and quantification of their benefits. 

The section starts with description of test network used, which presents a part of Merton EIZ of LCL, 

and explanation of EVs and HPs profiles used in this research. It continues with case studies which 

examine effects of deployment of these four DSR technologies on providing support for network 

congestion and voltage management, resolving overloading and voltage constraints violation after 

post-fault feeder reconfiguration, and supporting primary substation congestion management. 

2.4.4.1 Network 

For the purpose of these studies HV feeder MERT-E2 from Merton Engineering Instrumentation Zone 

(EIZ) is used. Its total length is 7.29 km and supplies around 3720 domestic, industrial and 

commercial customers via fourteen 11/0.4 kV secondary substations. Two substations (1st and 8th) 

have the capacities of 0.75 MVA and 0.8 MVA respectively, and the other substations have the 

capacity of 0.5 MVA. The diagram of the feeder is given in Figure 19. Being the longest and with 

highest number of domestic customers, this feeder was the best candidate to demonstrate the 

potential impact of EV and HP deployment. 

 
a) 

 
b) 

Figure 19 Feeder MERT-E2; a) ENMAC, b) simplified diagram 
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The list of the MERT-E2 nodes with the capacity of secondary substations and numbers of customers 

of different profile classes is presented in Table A. 1. The customer profile class table is given in 

Table A. 3 of the Appendix A. The modelled number of HPs and EVs deployed is proportional to the 

number of residential customers supplied by each substation. Network data are presented in Table 

A. 2 of the Appendix A., with the data of line ratings presenting the key constraint taken in 

considerations in congestion management. 

The consumption data of each secondary substation are obtained from the results of the work 

carried out for Low Carbon London LCNF project Report C4 – “Network State Estimation and 

Optimal Sensor Placement” [1]. The peak day consumption profiles of MERT-E2 substations are 

presented in Figure 20. 

 
Figure 20 Peak day consumption profiles of MERT-E2 substations 

 

2.4.4.2 Diversified peak profiles of EV and HP 

For the purpose of these studies the average residential EV profiles per vehicle and average HP 

profiles per dwelling, with 30-minute resolution, have been used. These have been obtained as 

explained in Section 2.4.2. The diversified EV and HP daily profile per customer are presented in 

Figure 21. 

 

 
Figure 21 Diversified EV and HP daily profile per customer 
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Although capable of producing up to 3.6 times more heat than their electricity consumption in 

normal conditions, HPs typically have ratings of several kilowatts and therefore contribute 

significantly to additional electrical load in the home [13]. 

When comparing the daily load profiles of substations (Figure 20) and diversified EVs and HPs 

profiles (Figure 21), it can be easily seen that the peak periods broadly coincide. Hence, EV and HPs 

will have significant impact on the increase in peak demand. 

2.4.4.3 Network congestion management 

In this study we examine the effect of deployment of EVs and HPs in 20% of households supplied 

from Merton-E2 feeder. 

The base case study represent the current state of the Merton-E2 feeder, where it is assumed that 

there is no EVs nor HPs deployed in the area supplied by this feeder. During the peak loading day 

flows on all branches are much lower than their thermal limits. The closest to the thermal limit is the 

flow in the branch 2-3 (S0388-8150) and presents 67% of branch capacity, as depicted by purple 

(flow of branch 2-3) and red (rating of branch 2-3) lines in Figure 22. For the current demand needs 

the network is well designed, but the question is can this network be fit for purpose once when 

government plans for electrification of road transport and heating sector take place. 

 
Figure 22 Branch 2-3 loadings, limit and EVs and HPs total consumption; Case 20% of EVs and HPs penetration - Non-

Smart 

Deployment of EVs and HPs in 20% households is modelled using the diversified EVs and HPs daily 

profile per customers, as presented in Figure 21, and number of domestic customers per each 

secondary substation, as given in Table A. 1 of the Appendix A. The total EVs and HPs consumption in 

feeder MERT-E2 is presented in Figure 22 by light blue and orange dashed lines respectively. These 

20% of EVs and HPs penetration contribute to 60% of feeder peak loading increment. While feeder’s 

voltage is still within the boundaries, the feeder thermal constraints are exceeded by 6% for the 

branch 2-3 (S0388-8150), as demonstrated with dark blue line, denoted as “Flow Non-Smart” in 

Figure 22. 

Both EVs and HPs are characterised by significant inherent energy (electricity /heat) storage 

capability, and therefore opportunity for flexible electrical energy consumption times. These 
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features can be exploited for utilising more efficient charging strategies to enhance the efficient 

usage of network capacity. 

The following examples are demonstrating possible scenarios of exploiting the flexibility in electrical 

consumption of both EVs and HPs. 

 

2.4.4.4 Peak deferral with unmanaged recovery 

This section demonstrates outcome of a scenario where the consumers are asked to reduce charging 

of EVs and HP during the peak hours. In a particular example the EVs and HPs have reduced demand 

by ~15% during peak period. The outcome of this action is demonstrated in Figure 23. The reduction 

during peak time resulted in keeping the flow within the feeders rating limits during this period. 

 
Figure 23 Branch 2-3 loadings, limit and EVs and HPs total consumption; Case 20% of EVs and HPs penetration - Payback 

However, in case of unmanaged recovery it is most likely that the customers would reconnect 

immediately afterwards. In this particular case the energy reduced during peak is paid back within an 

hour after peak period expiry, resulting in increase in total peak demand well above uncontrolled 

case. 

This example confirms that peak management schemes should be carefully designed in order to 

avoid worse situation than without any EVs and HPs charging control. The use of DSR to solve 

network problems must consider the impact that it brings in the subsequent periods due to payback 

or load recovery characteristics of the curtailed demand. 

The following example is demonstrating results of coordinated control of EVs and HPs, applying an 

optimisation approach to their charging control using Imperial’s advanced TimeOPF tool. 

 

2.4.4.5 Fully smart scheduling of EVs and HPs (TimeOPF) 

Using Imperial’s TimeOPF tool EVs and HPs demand is shifted within a 24-hour period, in a manner 

not only to avoid synchronised payback and the resulting secondary peaks, but optimally scheduled 
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as well, in order to minimise the operating costs. For the purpose of this study the coefficients of 

flexibility of EVs and HPs is assumed to be 80% and 35% respectively. These numbers gives the 

maximum percentage of DSR which can be rescheduled in the critical moments. The result of this 

fully smart scheduling of EVs and HPs is demonstrated in Figure 24.  

 
Figure 24 Branch 2-3 loadings, limit, and EVs and HPs total consumption; Case 20% of EVs and HPs penetration – Smart 

 

The zoom in smart EVs and HPs operation is presented in Figure 25. Taking in account the nature of 

storage capabilities of EVs and HPs, the demand from early evening peak period is shifted to the low 

load period during night hours, in a manner to minimally disturb customers comfort, but still to 

minimise network operating costs. 

 
Figure 25 Smart EV & HP operation; Case 20% of EVs and HPs penetration 
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2.4.4.6 Resolving overloading and voltage constraints violation after post fault feeder 

reconfiguration 

This case study examines the potential of EVs and HPs to support the network congestion following 

the feeder reconfiguration after a fault on another feeder. As a critical case, the connection of other 

feeder to the end of the analysed feeder following a fault is chosen. The new feeder is given in 

Figure 26. Feeder MERT-E2 is represented with dark blue colour and section of feeder connected to 

it after reconfiguration with light blue colour. The new feeder is 65% longer and supplies 30% more 

domestic customers.  

 

 

Figure 26 Feeder MERT-E2 after post-fault feeder reconfiguration 

In the base case, which represents the current state without any EVs or HPs, the flow of the branch 

2-3 (S0388-8150) is the most critical and reaches its thermal limit during peak loading time. This is 

presented by purple (flow of branch 2-3, denoted as “Flow Base”) and red (rating of branch 2-3) lines 

in Figure 27. Running the network in this manner is still safe since the flow of none of the branches 

goes over their thermal limits, and the voltage is within voltage limits. 

2.4.4.7 Resolving overloading after post-fault feeder reconfiguration 

If the 5% EVs and HPs penetration is assumed in the new network, branches 2-3, 3-4 and 5-6 would 

be overloaded by 13, 5 and 10 % respectively. The case of the most critical branch 2-3 (S0388-8150) 

is presented by dark blue line in Figure 27. 

 
Figure 27 Branch 2-3 loadings, limit, and EVs and HPs total consumption; Case 5% of EVs and HPs penetration - post-fault 

feeder reconfiguration - Non-Smart 

Using only EVs and HPs electrical charging flexibility was not enough to resolve congestion problem. 

Therefore, in addition to EVs and HPs smart scheduling, it is assumed that by residential Dynamic-
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Time-Of-Use (dToU) tariff, there is possibility of 5% of attainable demand reduction. This 5% is taken 

as a reasonable assumption based on the results of the work carried out for LCL Report A3 [8]. 

Furthermore, since there are 5 customers profile class 0 in the MERT-E2 feeder, as presented in 

Table A. 1 of the Appendix A, it is assumed that there are 5 Industrial and Commercial (I&C) DSR 

sites, with 100 kW contract each, and constraints of requirement for immediate payback after the 

load reduction. 

Resolving overloading through coordinated operation of these four DSR technologies, by 

applying Imperial’s TimeOPF tool is presented in Figure 28, where the new flow of the most critical 

branch 2-3 (S0388-8150) is denoted by lavender coloured line “Flow Smart”.  

 
Figure 28 Branch 2-3 loadings and limit, EVs and HPs total consumption, I&C and dToU DSR; Case 5% of EVs and HPs 

penetration - post-fault feeder reconfiguration - Smart 

 

 
Figure 29 Smart EVs, HPs, I&C DSR and residential dToU operation; Case 5% of EVs and HPs penetration - post-fault 

feeder reconfiguration - Smart 
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The zoom in smart EVs, HPs, I&C DSR and residential dToU operation is presented in Figure 29. The 

black line in Figure 29 denotes summation of all 5 I&C sites responses, while green line presents total 

dToU response. Here, negative values represent reduction in consumption, and positive values 

payback for I&C DSR and residential dToU. Taking in account inherent flexibility of the particular 

DSM technology, demand is shifted accordingly, into low load period during night hours for all DSR 

resources except I&C, which required immediate payback due to its lower energy use flexibility. 

 

2.4.4.8 Resolving voltage constraints violation after post-fault feeder reconfiguration 

To demonstrate the potential of coordinated control of flexible EVs, HPs, I&C DSR and dToU 

operation for voltage management, it is assumed that in the new network after reconfiguration 

there are: 20% EVs and HPs penetration, 5% dToU attainable demand reduction and 100 kW 

contract for each I&C DSR site. I&C DSR are less flexible than other DSR resources and it has been 

supposed that they require immediate payback. Furthermore, the branches ratings are assumed 

sufficient to avoid thermal overloading. 

The daily voltage profile at the end of the reconfigured feeder is presented in Figure 30. In the base 

case without additional load of EVs and HPs, the voltage of the furthest point of the feeder is still 

within regulatory limits, as depicted with green line. However with the additional loading incurred by 

20% of EVs and HPs penetration, the voltage is out of these limits for more than 4 hours. 

 
Figure 30 Daily voltage profile at the end of feeder; Case 20% of EVs and HPs penetration - post-fault feeder 

reconfiguration - Non-Smart 
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Figure 31 First feeder segment loadings and limit, EVs and HPs total consumption, I&C and dToU DSR; Case 20% of EVs 

and HPs penetration - post-fault feeder reconfiguration 

The loading of the first segment of the feeder MERT-E2 obtained by non-smart and smart approach 

is presented in Figure 31, as well as contribution of all four DSR technologies. The zoom in their 

smart operation is depicted in Figure 32. The orange dashed and full lines represent entire HPs 

demand in non-smart and smart mode respectively, while green dashed and full lines represent total 

EVs demand in these two modes. The black line denotes summation of all 5 I&C sites responses, 

while green line presents total dToU response. Here, negative values represent reduction in 

consumption, and positive values payback for I&C DSR and residential dToU. Taking in account 

inherent flexibility of the particular DSM technology, demand is shifted accordingly, into low load 

period during night hours for all DSR except I&C, which required immediate payback. The HPs reduce 

their consummation up to 30% during the peak period and EVs up to 65%. Five I&C DSR sites reduce 

consumption during peak hours in total up to 0.3 MVA, while payback in total reaches up to 

0.33MVA. Since these paybacks are scheduled in a controlled and coordinated manner with other 

three DSR technologies, both thermal and voltage constraints are satisfied. The improvement in 

voltage daily profile is presented in Figure 33 with lavender coloured line. 

This study demonstrates that operating DSR technologies in controlled coordinated manner can 

contribute to both network thermal and voltage constraints evasion. 
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Figure 32 Smart EVs, HPs, I&C DSR and residential dToU operation; Case 20% of EVs and HPs penetration - post-fault 

feeder reconfiguration 

 
Figure 33 Daily voltage profile at the end of feeder; Case 20% of EVs and HPs penetration - post-fault feeder 

reconfiguration – Smart 

2.4.4.9 Primary substation congestion management 

This study intended to examine the potential of using flexibility of EVs, HPs, I&C DSR and dToU for 

congestion management in the primary substation due to outage of one of the primary 

transformers. As the test network the whole area supplied by Merton primary substation is taken in 

account, as illustrated in Figure B. 1 of Appendix B. Merton primary substation consist of four 33/11 

kV/kV transformers, each rated 15 MVA. It supplies 17 HV feeders which supply in total 179 

secondary 11/0.4 kV/kV transformers. The loading during peak day of all these 17 HV feeders is 

presented in Figure B. 2 of Appendix B. Due to lack of other information, for the needs of this study, 

the total number of domestic customers and number of contractible I&C DSR sites, with 100 kW 

contract each, is taken as 9 times number in MERT-E2 feeder. The penetration of EVs and HPs is 

assumed to be 20% and there is possibility of 5% of attainable demand reduction due to dToU tariff. 
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In the case of outage of one of the primary transformers, the maximum allowed total loading of the 

remaining 3 transformers is allowed to be up to 59.4MVA. This limit is obtained taking in account 

transformers rating, that the ambient temperature of the Merton primary substation during peak 

period doesn’t exceed 17.5 degrees Celsius, as presented in Figure B. 3, and long term transformer 

overloading limits of 32%, as quantified in Figure B. 4 of Appendix B. 

 

Figure 34 Primary substation loadings and limit, EVs and HPs total consumption, I&C and dToU DSR; Case 20% of EVs and 
HPs penetration - Primary substation congestion management 

Figure 34 illustrates the outcome of primary substation congestion management study without and 

with implementing Imperial Time OPF. The zoom in coordinated EVs, HPs, I&C DSR and residential 

dToU operation for supporting substation congestion management is presented in Figure 35. 20% of 

EVs and HPs penetration can contribute to increase in peak loading almost 40%, and overloading of 

primary substation for more than 5 hours. If not controlled at all, or not controlled properly, in 

attempt to protect the network, network operator could be forced to shed up to 48 MVAh of the 

load. 

Taking in account inherent flexibility of the particular DSR technology, demand is shifted accordingly, 

into low load period during night hours for all DSR except I&C, which required immediate payback. 

Additionally, a relatively small amount of EVs and HPs load is shifted to the midday low load period. 

Whit this study the DSR potential for supporting primary substation congestion management is 

demonstrated as viable alternative to load shed. 
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Figure 35 Smart EVs, HPs, I&C DSR and residential dToU operation; Case 20% of EVs and HPs penetration - Primary 
substation congestion management 
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2.5 Conclusions and recommendations 

In order to achieve a more efficient operation and postpone network reinforcement, it may become 

necessary that new smart technologies replace some of the traditional network solutions. This 

report has therefore outlined the key DSR technologies with the potential of supporting network 

operation. It demonstrates that there is a need for new tools with functionalities necessary to 

include new non-network technologies, in particular flexible EV demand, HPs I&C and dToU DSR into 

network operation management. A number of illustrative examples have been presented in the 

report indicating the importance and the magnitude of different effects that advanced technologies 

and solutions may have on distribution network operation. 

As demonstrated in various case studies of this report, implementing an effective DSR control 

scheme is challenging. The approaches that are the most straightforward to implement, such as 

transmitting signals to the DSR to postpone their operation until a certain point in time (i.e. to avoid 

the high-tariff period), can result in significant synchronised energy payback resulting in a higher 

peak demand than in the uncontrolled case. 

In contrast to this, smart coordinated control using multi-period optimal power flow, by determining 

optimal control decisions for DSR demand within a 24-hour period, it was possible to devise a 

strategy that avoids synchronised payback and the resulting secondary peaks. 

In order to use demand-led DSR resources with load recovery characteristics for efficient peak 

reduction, they will need to be controlled hours before and/or after the onset of system peak 

conditions. Ignoring the energy payback requirements and other DSR limitations may result in 

suboptimal operating strategies or even increase the peak above the pre-intervention case. 

This would also require that in order to achieve a given peak demand reduction the volume of DSR 

response to be contracted (ignoring any non-responsiveness, compliance and timeliness issues) 

would generally need to be a multiple of the targeted peak reduction, depending on the DSR 

penetration, shape of demand profile and their response/payback characteristics (duration of 

control and payback periods, payback power and energy). Using I&C DSR for peak management 

requires that the network analysis and operation planning are done in a multi-period timeframe, 

rather than based on snapshots in time, given the temporal links between DSR control decisions in 

one period and their impact on the resulting demand profile several hours later. 

We have further used the TimeOPF tool to perform a multi-period optimisation of operating 

decisions of smart EVs, HPs, dToU and I&C DSR with the objective of relieving line congestions, 

manage voltage issues and support substation congestion management. The flexibility parameters 

associated with different DSR technologies have been predominantly based on the findings of LCL 

trials. We have shown that smart network management can greatly help in situations where the 

loading of substations and lines or voltage profiles would violate the specified limits and potentially 

require costly demand curtailment. This is particularly relevant in the context of accelerated 

electrification of heating and transport demand, as these demand categories would likely increase 

peak demand proportionally much more than the energy required from the network. Smart DSR 

technologies contribute to network operation by shifting a significant portion of demand towards 

time periods when the network is less stressed, enabling the total loading to remain within the 

allowed limit.  
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By using LCL trial data, we demonstrate the importance of multi-period DSR scheduling for an 

efficient support to network operation and reducing peak demand. We find that the multi-period 

analysis is crucial for an adequate assessment of DSR capabilities to support network operation and 

resolve thermal and voltage issues, given that efficient peak demand management requires DSR 

control hours before and after the peak occurs. Ignoring payback and other DSR limitations results in 

suboptimal operating strategies and may even increase peak above that in the uncontrolled case. 

Contracting with DSR needs to acknowledge that contribution of DSR to network management is a 

function of its penetration and flexibility, demand shape and any payback characteristics if 

applicable. 

The studies also clearly show that peak management schemes should be carefully designed in order 

to avoid an outcome that is even worse than without any DSR control, i.e. should consider the fact 

that DSR control will have an impact on electricity demand in later subsequent periods due to the 

payback effect or load recovery. By scheduling DSR operation while respecting the user-driven 

restrictions (e.g. when they need to use their vehicles or what indoor temperature levels they need 

to maintain), it is possible to avoid a range of issues associated with network management and 

potentially avoid or postpone the need to reinforce the network. Our studies have shown that DSR 

technologies could be used effectively for network congestion management as well as voltage 

constraint management in distribution networks, potentially representing an alternative to 

conventional means of dealing with network management issues. 
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3 Design of smart distribution networks 

  

3.1 Load related expenditure development for LPN distribution 

network 

 Introduction 3.1.1

Here the benefits of roll out of the low carbon technologies and control applications trialled in Low 

Carbon London are assessed. The Load Related Expenditure (LRE) model determines the network 

reinforcement or investment requirements needed to accommodate load changes and generation 

growth under different future development scenarios. Both active and passive network 

management philosophies are considered, as are different uptake levels of low carbon technologies 

and solutions. 

Figure 36 shows the structure of the LRE methodology. For a given scenario, load characteristics 

associated with individual distribution site are specified for each year of the period of interest for: (i) 

domestic, commercial and industrial DSR, (ii) electric vehicle charging, (iii) heat pumps and (iv) 

various generation types. Depending on the operation paradigm chosen (BaU or Smart) and the level 

of flexibility of demand assumed, the peak network demand is estimated. It is this peak network 

demand that drives the corresponding levels of network reinforcement.  

 

Figure 36. Modelling approach for evaluating LRE 

 

dToU 
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Loading per local authority area 

Allocation of network users to distribution sites 
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The Dynamic Distribution Investment Model (DDIM) tests whether thermal, voltage and/or fault 

level constraints are violated and proposes appropriate upgrades of assets based on a defined 

reinforcement strategy. Finally, the model produces reports on network upgrades identified, an 

associated schedule, together with equipment utilisation profiles. This also includes modelling of 

alternative network reinforcement and design strategies, quantifying the potential benefits of 

alternative mitigation measures (such as demand response) and other active network management 

techniques. 

 Modelling approach   3.1.2

The modelling approach includes three distribution network models: (i) Low Voltage (LV); (ii) High 

Voltage (HV) and (iii) Extra High Voltage (EHV). The LV network model is based on representative 

fractal networks with parameters that exactly match the key characteristics of the actual LV network 

supplied from each individual distribution transformers. The HV network model uses network data 

of actual HV feeders that supply distribution transformers. The HV network contains 6.6 and 11 kV 

feeders starting from secondary busbars in the EHV/HV substations and finishing at distribution 

substations. The EHV network contains assets from the Grid Supply Point down to EHV/HV 

transformers in primary substations.  

Given appropriate load and generation data, the DDIM performs year-to-year optimal power flow 

and fault level analyses, registering annual values of: 

 Maximum flow through each asset 

 Minimum and maximum voltage 

 Fault level at each busbar 

 Flows in HV feeders represent the input for EHV network analysis 

Asset reinforcement is driven by constraint violation in (i) thermal limits; (ii) voltage limits and (iii) 

fault level, to satisfy the constraint in the year where constraint violation occurs. The thermal 

constraint violation model will be updated in accordance with the estimated contributions to 

security of supply specified in the ‘DNO reports’, which are based on the LCL trials. 

In the analyses of EHV and HV networks a peak day profile is used. This profile may be modified 

either by DSR actions, such as dToU or smart EV or HP control actions. The unmodified profile is 

denoted as ‘Uncontrolled’ while optimised profiles involving DSR are referred to as ‘dToU’ or ‘Smart 

EV’ etc. depending on the smart technology deployed.  

Figure 37 shows the interaction between three sets of distribution networks (i) Low Voltage (LV); (ii) 

High Voltage (HV) and (iii) Extra High Voltage (EHV). The LV network modelling is based on 

statistically representative networks. The split between HV and EHV networks is due to network data 

traditionally being kept in different software packages. The HV network contains 6.6 and 11 kV 

feeders starting from lower voltage busbars in EHV/HV substations. The EHV network contains assets 

from Grid Supply Points to EHV/HV substations.  
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Figure 37: Three networks models 

 
The outputs of the DDIM are schedule and quantity of reinforcement and equipment loading. The 

gross benefit of the considered LCTs are obtained by comparing quantity and cost of reinforcement 

in the reference case with the quantity and cost of reinforcement when LCTs are applied. 

The scope of the EHV network, in this report, is from GSPs substations to lower voltage busbars at 

EHV/HV substations. The loading of the EHV network is represented by flows in HV feeders and 

directly connected load. To find the peak load of each year of interest, a power flow simulation is 

performed. Additionally, a second tier of power flow has been performed by considering the 

diversity above the 33 kV network. The maximum flow through each asset, minimum and maximum 

voltage and eventual required reactive compensation at each node are recorded. Furthermore, for 

each year of interest the fault level analysis can be performed and for each node Engineering 

Recommendation (ER) G74 fault currents are recorded. These are used for calculating fault current 

through assets. Assets are upgraded to avoid constraint violations. 

The scope of the HV network, in this report, is HV feeders including distribution substations. The 

loading of HV feeders are flows through HV/LV distribution transformers. Power flow and fault level 

analyses are performed simultaneously on each group of feeders originating from one primary 

substation.  

LV representative networks are created per distribution substation matching real: (i) number and 

mix of consumers; (ii) network length and (iii) maximum recorded demand, where known. 

Unknown LV network parameters: (i) geographical location of consumers and (ii) network branching 

rate. These are estimated. The geographical locations of consumers are estimated by generating a 

representative settlement using fractal and statistical theory. Fractal parameters are selected based 

on estimated consumer density, such that for higher densities the settlement is more urban and for 

lower more rural. The network branching rate is assumed not to be critical as it does not significantly 

influence the network length and an average value is used.  

Unit costs of different network assets used in the analysis are consistent with UK Power Networks 

RIGs submission [25] and may vary for other DNOs. 
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Assumptions on diversified profiles and peak reduction potential of different LCTs and smart 

solutions are explained in more detail in Section 3.2. These are the key assumptions: 

 HPs: due to a low number of residential HPs trialled in LCL, we used that data for calibration, 

but also relied on other sources such as ENA report [5], Carbon Trust’s Micro-CHP 

Accelerator trial [19], and DECC [17] and CCC [18] studies (see section 3.2 for further details 

and full references). The shape of the HP profile was assumed as in the ENA report (page 12, 

Figure 3-1), but the consumption was scaled to account for a very cold day, as in DECC and 

CCC studies. The obtained diversified peak of 2.57 kW was finally verified against the HP 

data from LCL trials to ensure the representativeness of the profile for residential HP 

customers. Contribution of smart HPs to peak demand is based on flexible HP operation 

studies with heat storage assumptions as in the ENA and DECC reports. 

 EVs: diversified EV charging profile is based on LCL Report B1 [17], by combining the non-

diversified peak demand per EV of 3.5 kW (page 21) with the coincidence factor of 20% for a 

large number of EVs when extrapolating the diversity characteristic for residential EVs (page 

24, Figure 13). It is very similar to the one used in the ENA report (Figure 3-4, page 14). 

 I&C demand-led DSR: scenario assumption is linear uptake of I&C demand-led DSR till 2025 

by achieving 10% reduction of I&C peak demand (in the absence of relative peak reduction 

levels for I&C DSR) 

 Domestic dToU: scenario assumption is linear uptake of dToU till 2025 by achieving 10% 

reduction in domestic peak demand (about 100 W per household); dToU trial analysis 

presented in Report A3 “Residential consumer responsiveness to time-varying pricing” [8] 

suggested around 9% peak reduction per average household, while the most engaged 

customers achieved a 20% reduction; the value of 10% was chosen as a plausible estimate in 

the 2050 horizon. 

 Energy Efficiency: peak reduction of 100 W per household assumed based on “Impact of 

energy efficient appliances on network utilisation”, Report C2 [14]; this report suggested up 

to 170 W peak reduction would be possible, but we adopted a more conservative estimate 

of 100 W in order to make the analysis robust. 

o Low uptake : linear uptake of efficiency by domestic and I&C consumers up to the 

level of 10% peak reduction in 2050; 

o High uptake: linear uptake of efficiency by domestic and I&C consumers up to the 

level of 10% peak reduction in 2025, remaining at 10% until 2050. 

3.2 Assumptions of the contribution of smart LCL technologies to 

peak demand 

In this section we state the assumptions regarding the contributions of the LCTs trialled in LCL to 

peak demand, with the emphasis on residential electricity demand. The following four LCTs are 

included in the analysis: 

 Electric Vehicles (EVs) 

 Heat Pumps (HPs) 

 Dynamic Time-of-Use (dToU) tariffs 

 Energy Efficiency (EE) measures 
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The majority of the assumptions described in this section are informed by the findings of the 

relevant LCL trials, as indicated in references to previous LCL reports. Where needed, we also relied 

on additional sources of information to make our assumptions robust. 

 Household demand profile 3.2.1

The household demand profile used as a basis to assess the contribution of LCTs to peak demand is 

shown in Figure 38. This profile is taken from LCL Report C2 [14] and represents the winter weekday 

demand profile for Elexon Profile Class 1 [15] customers broken down by categories used in the 

Household Electricity Use Survey (HEUS) [16]. The figure is based on fully diversified profiles. The 

assumed peak demand per household here is 0.92 kW. 

 

Figure 38: Household demand for a winter weekday 

 Electric vehicles and heat pumps 3.2.2

Figure 40 shows diversified profiles for EVs and HPs. The EV profile is based on the average charging 

profile for the LCL EV trials, as shown in LCL Report B1 [12]. This has been scaled to match the fully 

diversified peak value of load of 0.7 kW. This value has been obtained by extrapolating the 

coincidence factor measured in the EV trials to a large number of vehicles, which resulted in the 

factor of 20%. The non-diversified peak demand per EV recorded in the trial was at the level of 

3.5 kW, representing the average maximum instantaneous charging power of a single vehicle. 

The coincidence factor of EV charging is taken from [12], and is reproduced in Figure 39.  
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Figure 39: EVs coincidence factor 

 

The HP profile is based on the LCL trials, in particular Report B4 [13], together with several other 

recent studies (ENA report [5], DECC study [17], CCC infrastructure study [18] and the micro-CHP 

trial [19]). Shape of the HP profile was assumed as in the ENA report (page 12, Figure 3-1), but the 

consumption was scaled to account for a very cold day, as in DECC and CCC studies. The obtained 

diversified peak of 2.57 kW was finally verified against the HP data from LCL trials to ensure the 

representativeness of the profile for residential HP customers. Contribution of smart HPs to peak 

demand is based on flexible HP operation studies with heat storage assumptions as in the ENA and 

DECC reports. The projected insulation levels and the COP of the HP are also taken into 

consideration. 

 

Figure 40: Peak day fully diversified demand profiles for EVs and HPs 

 Dynamic ToU and energy efficiency 3.2.3

In [14] the part of household demand that may be shifted in time by use of smart wet appliances 

was found to peak at approximately 0.1 kW for the LCL dToU trials. Here it is assumed that this 

shiftable load is only due to wet appliances and that 100% of their load may be shifted. Figure 41 

shows a daily profile for the fully diversified load of these wet appliances, with the peak value of 

0.1 kW applied to the load shape found in the Smart-A project [20]. The figure also quantifies the 

assumed impact of adopting energy efficiency measures on the household demand profile. 
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Figure 41: Shiftable household demand in the LCL dToU trials 

 

The impact of energy efficiency was also assessed in [14]. Efficiency measures were shown to reduce 

peak by 19%, equivalent to approximately 0.17 kW per household. For the same reason as for EVs, in 

this report a conservative assumption is made of 0.1 kW peak reduction per household due to 

energy efficiency improvements. This enables us to have a robust contribution to peak reduction 

even in extreme peak loading conditions. Figure 41 shows how this demand reduction due to energy 

efficiency varies through the day. 

 

Figure 42: Demand profiles for different energy efficiency measures 

Figure 42 (taken from [14]) shows diversified daily demand profiles given the instigation of different 

energy efficiency measures. The difference between efficiency (total) and baseline at peak illustrates 

the 19% (i.e. 0.17 kW per household) reduction mentioned above, although we assumed a more 

conservative contribution to peak reduction of 0.1 kW per household.  
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Two different uptake scenarios of energy efficiency measures are considered in LRE studies 

presented in Section 3.3: the low uptake scenario (Efficiency 2050) assumes linear acceptance of 

efficiency in Domestic and I&C consumers by achieving 10 % reduction in absolute peak by 2050. 

High uptake of efficiency (Efficiency 2025) has been modelled by linear uptake of efficiency 

measures of domestic and I&C consumers until 2025, when a 10% reduction in baseline peak is 

achieved and followed by the constant 10% rate of reduction until 2050.  

 Non-smart profiles per household 3.2.4

In Figure 43 the non-smart profiles from Sections 3.2.2 and 3.2.3 are compared for EVs, HPs and 

smart appliances. The figure also includes the baseline profile (equal to the difference between the 

diversified household profile in Figure 38 and the SA/dToU profile) as well as an indication of 

demand reduction for the EE measures. 

 

Figure 43: Non-smart demand profiles for EVs, HPs and smart appliances 

Table 3 shows contributions to peak demand for EVs, HPs and smart appliances without any smart 

operation being applied. The non-shiftable residential demand peaks at 0.82 kW, representing the 

difference between the peak value of Section 3.2.1 (0.92 kW) and the smart appliance load of 0.1 kW 

(see Section 3.2.3). In the non-smart cases, energy efficiency is not assumed to reduce peak demand. 

Table 3. Contributions to peak demand with non-smart operation 

 Contribution to peak (kW) 

Baseline 0.82 

SAs/dToU 0.10 

EVs 0.71 

HPs 2.57 

EE - 

Total 4.19 

 

Figure 44 shows the aggregate non-smart profile, equivalent to the profile of diversified demand per 

household for a winter weekday when no smart measures are applied. 
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Figure 44: Aggregate non-smart demand profile per household 

 Modelling smart operation of flexible DSR technologies 3.2.5

To model the intra-day load shifting potential of smart EVs, HPs, dToU and demand-led I&C DSR, 

their contributions to peak demand are estimated using a separate Peak Minimisation Model (PMM) 

developed by Imperial. By determining 24-hour demand profiles in both smart and non-smart 

operation regimes, PMM represents a critical link between the LCT uptake scenarios and the LRE 

model, which calculates the load flow across the entire network for a single snapshot (peak loading 

conditions) per year. In other words, PMM enables us to quantify the contributions to peak demand 

of different smart options when they follow smart operating patterns, while making use of 

assumptions on the flexibility based on LCL trial data as well as other relevant sources. 

PMM shifts the demand for smart EVs, HPs etc. by ensuring there is no compromise on the delivered 

level of service (i.e. EV journeys can be made as originally intended, indoor temperatures of 

households heated by HPs are not affected etc.). The assumptions on flexibility, which are based on 

LCL trials as well as previous knowledge, are not the most optimistic ones possible i.e. more 

aggressive smart operation would be conceivable. Nevertheless, given that the objective of LRE 

studies is to investigate the impact on peak demand under extreme conditions, we have adopted a 

more conservative approach to estimating the peak reduction that is reliably deliverable under such 

conditions. For instance, instead of 80% flexibility assumption for EV demand shifting made in 

Report D6 – “Carbon impact of smart distribution networks” [36] and Section 2, in LRE studies we 

assume that only 50% of EV demand can be reduced during the annual peak.5 

The outputs of PMM are reduced contributions of smart grid options to the evening peak. These 

reduced contributions to peak due to smart operation are then used by the LRE model and 

combined with projected uptake levels of different smart technologies. The interaction between 

uptake scenarios, LCL trial data, PMM and LRE models is illustrated in Figure 45. 

                                                           
5
 Given that network design needs to consider worst-case conditions, a more conservative value of 50% is 

assumed.. 
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Figure 45: Interaction between PMM and LRE models 

PMM is implemented as a linear optimisation model with the objective to minimise aggregate 

system demand (consisting of baseline demand plus contributions of smart technologies) subject to 

demand shifting constraints for each flexible demand technology. 

Different technologies are assumed to have different flexibilities when operating in a smart regime. 

In Table 4 the assumptions made regarding flexibility and the key drivers behind this flexibility are 

shown. The assumptions are a little on the conservative side to ensure the results based on those 

assumptions are sufficiently robust. 

It is assumed that all of the smart appliance demand at peak will be shifted; half of the EV demand 

and just over a third of the HP demand. In the case of EVs greater shifts were estimated as feasible 

based on the LCL trials as described in [12], but more conservative value of 50% was adopted, as 

explained above. The HP flexibility figure of 35.5% is based on the practical size of a heat store and 

the resulting peak reduction identified in previous studies, including [5] and [7]. 

Table 4. Assumed flexibility of smart technologies 

 Technology 

 
SAs EVs HPs 

Allowed % of energy shifted 100% 50% 35.5% 

Flexibility driver dToU tariffs Time between journeys Heat storage 

 

 Comparison of smart and non-smart operation regimes 3.2.6

In Figure 46 a comparison is made between the aggregate non-smart profile (from Figure 44) and 

the profile that would be obtained with smart control applied, given the assumptions of Table 4. It is 

further assumed that the bulk of the energy would be shifted towards the night hours, as it can be 

expected that this is when energy would be the cheapest. Note that the energy efficiency profile has 

been applied to the baseline in the case of smart, while the entire smart appliance load has been 

shifted away from the peak. At the same time the contributions of EVs and HPs to peak demand 

have been reduced by 50% and 35.5%, respectively. 
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Figure 46: Comparison of aggregate profiles for non-smart (left) and smart operation (right) 

Figure 47 shows how the individual technologies would be re-scheduled to produce this aggregate 

peak reduction in the smart case. 

 

Figure 47: Non-smart (left) and smart (right) schedules of individual technologies 

Table 5 shows a comparison of peak contributions in the non-smart and smart cases. Baseline 

demand is not affected as it was assumed inflexible. The entire smart appliance load is shifted so 

that smart appliances no longer contribute to the peak at all. Half of EV load and about a third of HP 

load are shifted away from the peak. Energy efficiency contributes to a further peak reduction of 

0.1 kW. The net result is a reduction in the peak load from a value of 4.19 kW in the non-smart case 

to 2.73 kW for smart (a 34.9% reduction). 
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Table 5: Comparison of peak contributions for different demand categories 

(in kW) Non-

smart 

Smart Change 

Baseline 0.82 0.82 0% 

SAs/dToU 0.10 0 -100% 

EVs 0.71 0.35 -50% 

HPs 2.57 1.66 -35.5% 

EE 0 -0.10 - 

Total 4.19 2.73 -34.9% 

 

The values in Table 5 are used as inputs for the LRE model used for the analysis in this report. It 

should be noted that the LRE model itself does not schedule temporal shifting of flexible demand 

such as a shift of smart EV charging demand towards night-time. The impact of shifting is instead 

modelled using a separate load shifting model as explained in the previous section. 

It should also be noted that the assumptions on smartness described here were chosen to be slightly 

on the conservative side. Our previous analysis suggests that a more aggressive smart operation 

could be possible (for instance, Section 4.6 of LCL Report B1 [12] indicates greater EV peak reduction 

potential). 

3.3 Case studies and Results 

 Gross Benefits of Smart and Energy Efficiency 3.3.1

3.3.1.1 Smart electrification scenarios of heat and transport sectors  

In this section the potential gross benefit of smart control of EV and HP operation is analysed. Figure 

48 shows a projection of the peak reduction of smart EV charging, smart control of HP operation and 

combined smart control of EV charging and HP operation. The x-axis represents years; the y-axis 

peak reduction. We observe that the peak reduction for smart control of HP operation in 2050 is 

estimated to be about 1 GW, whilst smart control of EV charging could reduce this peak by about 

1.6 GW by 2050. The combined smart control of EV and HP operation would result in a peak 

reduction of 2.2 GW by 2050. The peaks are represented by loading at EHV level. Additionally the 

model considers the diversity across the network. 
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Figure 48: Peak load reduction enabled by smart control 

Figure 49 and Figure 50 show the breakdown of avoided cumulative reinforcement for three periods 

up to 2025, 2035 and 2050. The quantity breakdown is given per asset type and per constraint. 

 

Figure 49: Avoided reinforcements – length of circuits saved; LV – Low voltage networks, HV – high voltage networks, 
EHV – extra high voltage and 132 kV networks, Voltage – due to network voltage constraints violation, Thermal – due to 

asset thermal constraints violation 

 

It can be observed that the cumulative avoided reinforcement in terms of length of circuits saved for 

Smart Control are between 280-580km by 2025, 1000-2200km by 2035, and 3200-5000km by 2050. 

We observe that the majority of savings are in avoiding HV reinforcement due to asset thermal 

constraints. 
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Figure 50: Avoided reinforcement - number of transformers saved; DT – distribution transformers, Primary & Grid – 
primary and grid transformers 

It can be observed that the cumulative avoided reinforcement in terms of number of transformers 

saved for Smart Control are between 125-275 transformers by 2025, 480-1250 by 2035, and 1100-

2000 by 2050. The benefit in terms of number of transformers is dominated by the savings achieved 

in avoiding distribution transformer reinforcement. 

Figure 51 shows the breakdown of economic benefits of smart HP and EV control. The gross benefit 

breakdown is given per asset type and by the type of constraint violation. 

 

Figure 51: Economic benefits of smart HP and EV control 

It can be seen that the potential cumulative gross benefit of Smart Control is between £50-120m by 

2035, £180-400m by 2035, and £550-850m by 2050. As expected the majority of benefits are 

achieved in HV and LV networks with the highest contribution by avoiding investment in HV network 

due to thermal constraints. 

 

3.3.1.2 Deployment of dToU, I&C DSR and energy efficiency measures 

In this section we present a case study in which there is no smart EV and HP control, but we consider 

the application of dynamic Time of Use (dToU) tariffs, industrial and commercial (I&C) DSR and 

energy efficiency, as well as the combination of these technologies. Two energy efficiency uptake 
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rates are considered: a high uptake rate where full efficiency penetration (i.e. 10% peak reduction in 

residential and commercial sectors) is achieved by 2025 and maintained afterwards, and a low 

uptake rate where the full efficiency penetration is gradually achieved by 2050.  

Figure 52 shows the development of peak reduction for different low carbon technologies. The x-axis 

represents years; the y-axis peak reduction. The smallest peak reduction is for Efficiency 2050 until 

about 2029 after which it is for I&C for which peak demand reduction in 2050 is about 270 MW. 

dToU has higher peak reduction than I&C and by 2050 the peak reduction is about 400 MW. The 

highest impact of individual low carbon technologies on peak reduction is for Efficiency 2025 for 

which peak reduction is about 650 MW by 2050. It should be noted that Efficiency 2050 also reaches 

this peak reduction by 2050. As expected, the combined smart LCTs achieve the highest peak 

reduction of about 1340 MW by 2050. 

 

Figure 52: Peak load reduction enabled by smart control and energy efficiency  

By running the LRE model for the BAU  scenario and relevant LCT scenarios and comparing results, 

the avoided reinforcement is estimated as shown in the rest of this section. 

Figure 53 and Figure 54 show the breakdown of avoided cumulative reinforcement for a three 

periods up to 2025, 2035 and 2050. The breakdown is given by asset type and the constrain 

violation. 

 

Figure 53: Avoided reinforcements - length of circuits saved 
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It can be observed that the potential cumulative avoided reinforcement in terms of length of circuits 

saved for dToU, I&C and Efficiency are between 400-1,600km by 2025, 1000-3600km by 2035, and 

900-4500km by 2050. The LV and HV networks account for the majority of the reinforcement. In the 

LV networks the split between voltage and thermal reinforcement is about equal; in the HV network 

reinforcement is required predominantly due to thermal constraint violations. 

 

Figure 54: Avoided reinforcement – number of transformers saved 

It can be observed that the cumulative avoided reinforcement in terms of number of transformers 

saved for dToU, I&C and Efficiency are between 100-400 transformers by 2025, 240-860 by 2035, 

and 530-2250 by 2050. As expected, the greatest proportion is distribution transformers. 

Figure 55 shows the breakdown of economic benefits for LCT scenarios. The gross benefit 

breakdown is given by asset type and by the constrain violation. 

 

 

Figure 55: Benefits of mitigation measures 
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benefits are achieved in HV and LV networks with the highest contribution achieved by avoiding 

investment in HV networks due to thermal constraints. It should be noted that about £155m is due 

to voltage constraints in LV networks. 

 

3.3.1.3 Combined impact of all mitigation measures 

In this section the combined impact of mitigation measures (a) Smart HP and EV control, (b) dToU, 

I&C DSR, Energy Efficiency and (c) Fully Smart (combined (a) & (b)) are considered. 

Figure 56 shows the peak reduction for the specified mitigation measures. The expected smallest 

demand reduction is for Smart EV & HP control until 2036 and then for the combined I&C, dToU and 

Efficiency measure with peak reduction by 2050 of about 1,350 MW. The highest reduction is 

achieved for the full smart scenario, where peak reduction by 2050 is about 3,000 MW. 

 

Figure 56: Peak load reduction enabled by combined mitigation measures 

Figure 57 and Figure 58 show the breakdown of avoided cumulative reinforcement for a three 

periods up to 2025, 2035 and 2050. The breakdown is given by asset type and by the constraint 

violation. 

 

Figure 57: Avoided reinforcements – length of circuits saved 
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It can be observed that the cumulative avoided reinforcement in terms of length of circuits saved for 

combined Smart options are between 280-1600km by 2025, 2200-4000km by 2035, and 4500-

7700km by 2050. The highest savings are achieved in HV networks due to avoided thermal constraint 

violations. The majority of savings are in LV and HV networks. 

 

 

Figure 58: Avoided reinforcement - number of transformers saved 

It can be observed that the cumulative avoided reinforcement in terms of number of transformer 

saved for combined Smart options are between 280-770 transformers by 2025, 860-2400 by 2035, 

and 2000-4200 by 2050. Similar observations can be deduced for the saved number of transformers, 

where the highest value is about 4,200 transformers in 2050 for the Full Smart case. As expected, 

the greatest proportion is distribution transformers. 

Figure 59 shows the breakdown of economic benefits for LCT scenarios. The gross benefit 

breakdown is given by asset type and by the constrain violation. 

 

Figure 59: Benefits of combined mitigation measures 

It can be seen that the potential cumulative gross benefit of the combined Smart options is between 
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reinforcement is in LV and HV networks, amounting to about £1,000m for the Full Smart scenario in 

2050. 

 Key Learning Points 3.3.2

For the set of scenarios with the smart electrification of the heat and transport sectors it can be seen 

that the potential cumulative gross benefit6 of Smart Control is between £50-120m by 2025, £180-

400m by 2035, and £550-850m by 2050. The majority of gross benefit is derived in avoiding 

reinforcement in HV and LV networks with the highest benefit achieved by avoiding HV network 

reinforcement due to violation of thermal constraints. 

For the set of scenarios with the deployment of dToU, I&C DSR and energy efficiency, but without 

smart EV and HP control, it can be seen that the potential cumulative gross benefit is between £70-

240m by 2025, £130-580m by 2035, and £170-770m by 2050. As expected the majority of benefits 

are achieved in HV and LV networks with the highest contribution coming from avoiding investment 

in HV network due to thermal constraints. It should be noted that potentially about £155m can be 

saved by managing voltage in LV networks.  

The potential gross benefit of combined Smart options is between £120-280m by 2025, £410-750m 

by 2035, and £770-1400m by 2050. The majority of saved reinforcement is in LV and HV networks, 

amounting to about £1,000m for the Full Smart scenario in 2050. 

Table 6 shows the potential cumulative gross benefit of LCTs by 2025, 2035 and 2050. 

 

Table 6: Potential cumulative gross benefit (£m) of low carbon technologies 

Scenarios 2025 2035 2050 

Smart control of EV and HP 50-120 180-400 550-850 
dToU, I&C and Efficiency 70-240 130-580 170-770 
Combined Smart options 120-280 410-750 770-1,400 

 

 

3.4 Conclusions and recommendations 

The analyses described in this chapter quantify the benefits of roll out of the low carbon 

technologies and control applications trialled in Low Carbon London. Case studies made using the 

LRE model give the gross benefits (that is, excluding the implementation and any operating costs of 

smart) in terms of savings in network investment for three time horizons: out to 2025, 2035 and 

2050. Three take up scenarios are considered: smart control of EV and HP; smart dToU and  I & C 

with energy efficiency and a system with all these low carbon technologies employed in a smart way. 

The results of these studies are summarised in Table 6, showing the range of savings in network 

investment for individual and combined mitigation measures.  

                                                           
6
 The gross benefits  of the chosen LCTs are found by comparing the quantity and cost of reinforcement in a 

reference case (which does not feature any contribution from LCTs) with the quantity and cost of 
reinforcement when LCTs are applied, excluding the cost of implementing and operating of smart LCT 
solutions. 
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The Potential gross benefit in the ‘Full Smart’ scenario is between about £280m in 2025 and about 

£1,400m in 2050, greatly increasing over the analysed period. This driven, on the one hand, by 

increase in residential and commercial demand i.e. higher volume of flexible demand and higher 

scope for energy efficiency, while on the other hand the opportunities to generate investment 

benefits over the planning horizon also increase due to the high projected uptake of (non-smart) EVs 

and HPs contributing to the increase in peak demand. The majority of saved reinforcement is in the 

LV and HV networks, amounting to about £1,000m for the ‘Full Smart’ scenario in 2050. More 

generally, this work also demonstrates the importance of establishing new tools for long term 

distribution network planning considering the benefits of smart grid technologies. 

The recommendations to be drawn from these results are that the full smart option has quite 

siginicant financial benefits. The figures here do not include implementation costs, but the costs of 

smart meter roll out, for example, are already built into the DNOs business plan. Operational costs 

alone are unlikely to outweigh the considerable benefits. The benefits of the less comprehensive 

scenarios analysed here are not as siginificant, so a fully smart option would be recommended in 

preference to these. The smart measures described in this chapter are based on relatively 

conservative assumptions: savings could easily be greater than described here, if more advanced 

smart control methods were employed. 
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4 Planning under uncertainty  

Historically, distribution network planning has involved little uncertainty regarding future 

development. Until now, planning has mainly been an exercise of meeting future demand growth 

projections at minimum cost while ensuring adequate power quality and security of supply. 

However, this landscape is set to change drastically over the coming decades due to the increasing 

penetration of low carbon generation and demand technologies and deployment of smart grid 

technologies. Furthermore, customer demand patterns are expected to change considerably with 

the impending electrification of heat and transport sectors through the widespread adoption of heat 

pumps and plug-in electric vehicles. As a result of the above drivers, significant amounts of 

investment will be required to enable distribution networks to handle a wide variety of operating 

points while making optimal use of smart technologies. However, the biggest challenge in realising 

this transition in a cost-efficient manner is the increased uncertainty that surrounds future 

generation and demand developments. This uncertainty is preventing planners from making fully-

informed decisions; commitments made in the present may prove to be unnecessary whereas 

opportunities that were deemed unattractive at the time may turn out to have been significantly 

valuable but no longer implementable. In many cases, this situation is further aggravated by the 

practical realities of the problem at hand. For example, future demand and distributed generation 

connections are increasingly hard to predict and the anticipatory investment would be the only 

viable option for the timely accommodation of new entrants as reinforcing urban distribution 

network can be a very lengthy process subject to planning permissions, significant civil works etc. 

Decision-making under lack of perfect information entails the prospect of inefficient investments 

and stranded assets; these considerations have to be carefully balanced to ensure that all risks are 

optimally managed.  

Low Carbon London has trialled the application of demand and generation led DSR to support 

network operation and planning. In this work, we examine the additional value of DSR when it is 

used to provide flexibility to deal with uncertainty. There are three main classes of decision criteria 

when facing uncertainty; stochastic (also known as probabilistic), risk-constrained and robust. 

Stochastic planning is the case where each scenario node is attributed a probability of occurrence; 

the planner’s objective is the minimization of expected system cost over all realisations. This 

constitutes a risk-neutral case, but the consideration of the uncertainty structure will inherently 

make use of any available flexibility so as to limit the risk of adverse realisations and improve plan 

adaptability. In a similar vein, suitable constraints with respect to risk metrics such as the expected 

shortfall (also known as Conditional Value-at-Risk) can be included to render the planner risk-averse. 

Although the aforementioned approaches rely on a probabilistic description of future developments 

which is not available, they can be useful in identifying attractive investment strategies, especially 

when combined with extensive sensitivity analysis on the probability assumptions [31]. Robust 

decision methods in the context of system planning mainly refer to two variants; optimisation 

against uncertainty intervals and utilisation of the regret concept. The former guarantees optimal 

performance given a deterministic description of the uncertainty state space (i.e. no probability 

function). However, it lends itself mostly to static descriptions of uncertainty and cannot take 

advantage of its inter-temporal resolution structure which is an important characteristic of dynamic 

system planning. The latter identifies the optimal planning strategy so as to minimize a planner’s 
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worst-case regret [31]; regret is defined in terms of the optimal solution under the assumption of 

perfect foresight. It is important to highlight that the worst-case is not defined a priori, but will 

eventually depend on the planner’s decisions. Naturally, regret approaches can be overly 

conservative and in cases be driven exclusively by adverse scenarios that may be very unlikely to 

occur. However, the attractiveness of adopting a ‘min-max regret’ decision criterion lies in its 

intuitive application within a regulated framework. The appropriateness of the undertaken 

investment decisions is eventually judged on an ex-post basis, after uncertainty has been resolved, 

and is compared with the most cost-efficient course of action that could have been taken instead. 

Adopting a min-max regret planning framework constitutes an important first step towards the 

explicit incorporation of uncertainty the planning and regulatory framework. 

In this work we developed models different models to support network planning under uncertainty, 

examine the option value of DSR and supporting risk constrained network planning. 

 

4.1 Risk-constrained distribution network planning under 

uncertainty 

Stochastic optimisation approaches address uncertainty by minimising the expected total cost of 

network reinforcement and DSR deployment; in other words, it attempts to determine the best 

solution under the “weighted average” future materialisation, based on the probabilities of the 

different scenarios. However, given the capital-intensive nature of network planning, the DNO might 

be willing to minimise the risk faced by its planning decisions. Furthermore, probabilities of 

occurrence of the different scenarios required by stochastic optimisation cannot be unambiguously 

determined by the network planners. 

In order to address this concern a min-max regret decision making approach has been developed in 

a novel analytical tool by Imperial College. This approach identifies robust network planning 

solutions -including conventional and smart in the form of DSR- without requiring the probabilities of 

the different scenarios and by minimising the maximum (across all scenarios) regret that the DNO 

will feel after the materialisation of the uncertain future. Essentially, the min-max regret approach 

optimally balances two sources of risk: 1) the risk of stranded assets, encountered when more 

network capacity than the one that will be actually required in the uncertain future is procured and 

2) the risk of incurring fixed reinforcement costs twice, encountered when less network capacity 

than the one that will be actually required in the uncertain future is procured.  

Employing this min-max regret approach, case studies are carried out on a LCL network with 12 

commercial buildings with demand-led DSR, participating in the LCL trials, considered as candidate 

sites for DSR deployment. These case studies clearly demonstrate the value of DSR in providing 

flexibility against uncertainty. Specifically, DSR is shown to postpone capital-intensive network 

reinforcement until more information about the future evolution of uncertain parameters (demand 

growth in the case studies) is gained and thus reducing the regret felt by the DNO. The number of 

candidate sites selected for DSR deployment is shown to be bigger under the min-max regret 

approach than under deterministic planning, highlighting the significance of flexibility offered by 

DSR.  
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 Min-max regret approach 4.1.1

The stochastic optimisation approach examined in the previous section addresses uncertainty by 

minimising the expected total cost of network reinforcement and DSR deployment; in other words, it 

attempts to determine the best solution under the “weighted average” future materialisation (based 

on the probabilities of the different scenarios) [31]. However, given the capital-intensive nature of 

network planning, the DNO might be willing to minimise the risk of its planning decisions. 

Furthermore, probabilities of occurrence of the different scenarios required by the approach of the 

previous section cannot be unambiguously determined; this is for example the case for the “Low 

Carbon Life”, “Gone Green”, “Slow Progression” and “No Progression” scenarios, developed by 

National Grid as potential routes of evolution of the future UK power system, without providing 

indications of their probabilities of occurrence [35]. 

The min-max regret approach examined in this section addresses these concerns. It identifies robust 

network planning solutions without requiring the probabilities of the different scenarios and by 

minimising the maximum (across all scenarios) regret that the decision maker (DNO) will feel after 

the materialisation of the uncertain future. The regret felt by the DNO if scenario 𝑖 is materialised, 

represents the extra cost that the DNO will incur due to the impact of uncertainty, with respect to 

the cost they would incur if they had acted according to the deterministic plan corresponding to 

scenario 𝑖. Essentially, the min-max regret approach optimally balances two sources of risk: 1) the 

risk of stranded assets, encountered when more network capacity than the one that will be actually 

required in the uncertain future is procured and 2) the risk of incurring fixed reinforcement costs 

twice, encountered when less network capacity than the one that will be actually required in the 

uncertain future is procured.  

This decision making approach has been developed in a novel analytical framework by Imperial 

College, employing mixed-integer linear optimisation. As in the stochastic optimisation approach of 

the previous section, uncertainty is represented through a multi-epoch scenario tree, determining 

the value of the uncertain parameters at each scenario and each epoch of the planning horizon. 

Other inputs of the approach include network and demand data, location and maximum response 

capability of a set of candidate DSR sites, data for fixed and variable costs of network reinforcement, 

and fixed costs of DSR deployment.  

 Case study 4.1.2

4.1.2.1 Study description 

The examined study is carried out on the Brixton HV feeders BRXB-SE1 and BRXB-SE3 (Figure 60) 

with relevant network and peak demand data obtained from the LCL database. 12 candidate DSR 

sites are connected to these two feeders whose location, contracted demand response (reduction) 

capability and demand response that can be relayed on under peak demand conditions are given in 

Table 7. The data for contracted response capability correspond to 12 commercial buildings with 

demand-led DSR that were part of the LCL trials. The capacity value of demand response under peak 

demand conditions is, for illustrative purposes, assumed equal to half of the contracted volume for 

each of the sites, in order to reflect that: 1) the level of compliance of the DSR sites with the 

instructions given by the DNO is less than 100%, 2) demand peaks tend to last longer than the 

contracted duration of response (1 hour in the LCL trials) and 3) an energy payback effect is 

observed when the DSR action is finished. 
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Figure 60: Test system 

 

Table 7: Candidate DSR sites data 

DSR site ID Location Contracted response (kW) 
Response to be  
relayed on(kW) 

DSR 1 Bus 910 400 200 

DSR 2 Bus 910 220 110 

DSR 3 Bus 910 190 95 

DSR 4 Bus 910 30 15 

DSR 5 Bus 910 20 10 

DSR 6 Bus 910 20 10 

DSR 7 Bus 90862 100 50 

DSR 8 Bus 94192 150 75 

DSR 9 Bus 91045 90 45 

DSR 10 Bus 91112 50 25 

DSR 11 Bus 91111 80 40 

DSR 12 Bus 90852 150 75 

 

The assumed values of network reinforcement costs at the first epoch (2015) are given in Table 8. 

Sensitivity analysis is carried out regarding the cost of DSR deployment per site at the first epoch, 

taking the values £1,000, £3,000, £5,000 and £10,000. In order to determine the respective costs at 

later epochs, an annual discount rate of 3.5% is assumed. 
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Table 8: Network reinforcement costs at each epoch 

  2015 2018 2021 2024 2027 

Transformer reinforcement 
Fixed cost (£) 18,800 16,957 15,294 13,794 12,442 

Variable cost (£/MW) 6,400 5,772 5,206 4,696 4,235 

Cable reinforcement 
Fixed cost (£/km) 95,300 85,955 77,527 69,925 63,068 

Variable cost (£/km*MW) 2,320 2,093 1,887 1,702 1,535 

 

Future demand growth constitutes the uncertain parameter in the study and the relevant scenario 

tree is presented in Figure 61. 

 

Figure 61: Demand growth scenario tree 

Under normal operating conditions, the two feeders are connected to different transformers of the 

Brixton substation and power flows are well below the feeders’ and the transformers’ thermal 

capacity. However, when an assumed fault on the top section of feeder BRXB-SE1 occurs, this feeder 

is connected to the end of feeder BRXB-SE3 through a network reconfiguration scheme in order to 

secure supply of consumers connected to BRSXB-SE1. Without network reinforcement or DSR 

deployment actions, this results into overload on the transformer where BRXB-SE3 is connected as 

well as on two top sections of feeder BRXB-SE3 from the first epoch (2015). Furthermore, six more 

sections of this feeder are overloaded at later epochs in some of the demand growth scenarios 

(Table 9). 

The question naturally arising is which network reinforcement and DSR deployment decisions should 

be made at each node of the scenario tree. After 2015, the DNO has gained knowledge regarding the 

emerging demand growth path (Figure 61) and can determine with certainty the optimal plan. The 
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most interesting decisions -that this section focuses on- are associated with the first epoch (2015) as 

at this point the DNO faces uncertainty regarding future demand growth. 

Table 9: Epoch of assets overloading when no network reinforcement or DSR deployment is carried out 

Network asset Low scenario Medium scenario High scenario 

Transformer 2015 2015 2015 

Section 910-90069 2015 2015 2015 

Section 90069-90044 2015 2015 2015 

Section 90044-90043 2021 2018 2018 

Section 90043-S0272 - 2021 2018 

Section S0272-90862 - 2024 2021 

Section 90862-94356 - - 2024 

Section 94356-90638 - - 2027 

Section 90638-91143 - - 2027 

 

4.1.2.2 Validation of min-max regret approach 

This section analyses a case where the option of DSR deployment is not available to the DNO 

(network constraints are addressed only through reinforcement) in order to demonstrate the 

performance of the min-max regret approach. For this purpose, we compare the deterministic plans 

corresponding to each scenario and the min-max regret plan with respect to: i) the network 

reinforcement actions at the first epoch (Table 10) and ii) the regret portfolio, i.e. regret felt by the 

DNO when each of the 3 scenarios is materialised (Figure 62). 

In the case of feeder sections reinforcement, the min-max regret plan involves procuring the highest 

possible required capacity (capacity under the high demand growth scenario) at the first epoch. In 

the case of the transformer however, the capacity procured by the min-max regret plan is higher 

than the capacity required under the deterministic plan corresponding to the low demand growth 

scenario and lower than the capacity required under the deterministic plans corresponding to the 

medium and high demand growth scenarios. In other words, the min-max regret approach follows 

an action that is not adopted by any of the deterministic plans and provides flexibility against the 

demand growth uncertainty. 

Table 10: Network reinforcement actions at the first epoch under different plans 

 Transformer Section 910-90069 Section 90069-90044 

Low deterministic 2 MW 1 MW 1 MW 

Medium deterministic 6 MW 1.5 MW 1.5 MW 

High deterministic 11 MW 2.5 MW 2.5 MW 

Min-max regret 3 MW 2.5 MW 2.5 MW 

 

If the low demand growth scenario is materialised and the DNO had decided to act according to the 

low demand growth deterministic plan, their prediction was accurate and no regret is felt. If 

however the DNO had decided to act according to the medium demand growth deterministic plan, 

their inaccurate prediction means that they will feel regret (equal to £25,933) since they have 

decided to procure more network capacity at the first epoch than the one that has actually been 

required at later epochs (regret of stranded assets). The stranded capacity and thus the associated 
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regret are even higher if the DNO had decided to act according to the high demand growth 

deterministic plan (equal to £62,792). If the DNO had decided to act according to the min-max regret 

plan determined by the proposed algorithm, the regret felt (equal to £10,993) is higher than the zero 

regret felt under an accurate prediction, but is much lower compared to the two above cases of 

inaccurate prediction. 

If the high demand growth scenario is materialised and the DNO had decided to act according to the 

high demand growth deterministic plan, their prediction was accurate and no regret is felt. If 

however the DNO had decided to act according to the medium demand growth deterministic plan, 

their inaccurate prediction means that they will feel regret (equal to £33,467) since they have 

decided to procure less network capacity at the first epoch than the one that has actually been 

required at later epochs and they need to incur fixed reinforcement costs again at later epochs to 

procure the extra capacity required. The number of assets requiring extra reinforcement and thus 

the associated regret are even higher if the DNO had decided to act according to the low demand 

growth deterministic plan (equal to £47,047). If the DNO had decided to act according to the min-

max regret plan determined by the proposed algorithm, the regret felt (equal to £5,633) is of course 

higher than the zero regret felt under an accurate prediction, but is much lower compared to the 

two above cases of inaccurate prediction. 

 

Figure 62: Regret portfolio of different plans 

For each of the 4 network plans, the maximum regret felt by the DNO is indicated with a circle in 

Figure 62. The proposed approach leads to the minimum maximum regret among all possible plans, 

which is much lower than the maximum regret in each of the 3 deterministic plans. 

4.1.2.3 Value of DSR 

In this section, the min-max regret approach presented in Section 4.1.1 and validated in Section 

4.1.2.2 is applied for different cases: a case where the option of DSR deployment is not available to 

the DNO, and a number of cases where the option of DSR deployment is available with a cost per 

site at the first epoch (denoted by CDSR) taking the values £1,000, £3,000, £5,000 and £10,000 

respectively. 
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Table 11 presents the network reinforcement and DSR deployment actions at the first epoch (where 

decisions under uncertainty are made) selected by the deterministic plan corresponding to each 

scenario and the min-max regret plan in the case where the option of DSR deployment is available 

with a cost of £1,000 per site. In all deterministic plans, the transformer is reinforced and DSR is 

deployed in 2 candidate sites in order to avoid or postpone reinforcement of the feeder sections 

910-90069 and 90069-90044. On the other hand, in the min-max regret plan, the transformer is not 

reinforced and DSR is deployed in 7 candidate sites, indicating the higher value of DSR under 

uncertainty. This means that capital-intensive reinforcement decisions are postponed until the DNO 

has gained information regarding the emerging demand growth path (Figure 61) and can determine 

with certainty and without regret the optimal plan. 

Table 11: Network reinforcement and DSR deployment actions at the first epoch under different plans 

 Transformer 
Section 

910-90069 
Section 

90069-90044 
Number of 
DSR sites 

Low deterministic 2 MW 0 0 2 

Medium deterministic 6 MW 0 0 2 

High deterministic 11 MW 0 0 2 

Min-max regret 0 0 0 7 

 

Figure 63 presents the minimum maximum regret felt by the DNO as calculated by the proposed 

approach, under different cases. In line with the discussion in the two previous paragraphs, the 

maximum regret experienced by the DNO is reduced by the DSR option and this maximum regret 

reduction is higher as the cost of DSR reduces. The analysis above reveals a new value stream of 

DSR: DSR provides flexibility against uncertainty by postponing network reinforcement until more 

information about the future evolution is gained and thus reducing the maximum regret experienced 

by the DNO. 

 

Figure 63: Maximum regret experienced by the DNO 
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 Summary 4.1.3

In order to address the impact of uncertainty in distribution network planning and the risks 

associated with capital-intensive network reinforcement decisions, a novel min-max regret approach 

has been presented and validated in this section. This approach identifies robust planning solutions –

including conventional and smart in the form of DSR – by minimising the maximum (across all 

scenarios) regret that the DNO will feel after the materialisation of the uncertain future. Essentially, 

the min-max regret approach optimally balances two sources of risk: 1) the risk of stranded assets, 

encountered when more network capacity than the one that will be actually required in the 

uncertain future is procured and 2) the risk of incurring fixed reinforcement costs twice, 

encountered when less network capacity than the one that will be actually required in the uncertain 

future is procured.  

Employing this min-max regret approach, case studies are carried out on a LCL network with 12 

commercial buildings with demand-led DSR, participating in the LCL trials, considered as candidate 

sites for DSR deployment. These case studies clearly demonstrate the value of DSR in providing 

flexibility against uncertainty. Specifically, DSR is shown to postpone capital-intensive network 

reinforcement until more information about the future evolution of uncertain parameters (demand 

growth in the case studies) is gained and thus reducing the regret felt by the DNO. The number of 

candidate sites selected for DSR deployment is shown to be bigger under the min-max regret 

approach than under deterministic planning, indicating the significance of flexibility offered by DSR. 

These results highlight the need for a new regulatory framework enabling the deployment of 

planning solutions that might not be cost effective under the traditional deterministic planning 

paradigm, but offer flexibility to deal with the undeniable uncertainty regarding temporal and 

locational evolution of demand growth and distributed generation penetration and reduce the 

resulting risks of capital-intensive planning decisions. The recognition of the value of DSR in that 

respect constitutes a major aspect of this new regulatory framework, as it can be deployed as an 

interim solution until information is gained regarding these uncertain parameters. Recognising this 

value stream will further contribute to the development of a viable business plan for DSR solutions. 

4.2 Option Value of Demand Side Response 

Recently, there have been efforts to explicitly consider uncertainty through modified valuation 

frameworks, the most popular being Real Options Analysis (ROA) [27]. Although a step in the right 

direction, such methods are severely limited to a small number of candidate strategies defined a 

priori. In reality, a very large number of strategic opportunities can arise in all irreversible dynamic 

decision systems due to the inter-temporal resolution of uncertainty and the possibility for 

exercising recourse adaptations to the original decisions following the revelation of new information 

[28][29]. In addition, distribution network planning can entail decisions with respect to numerous 

asset types beyond reconductoring and transformer upgrades, such as DSR, Soft Normally Open 

Points (SOP), Dynamic Line Rating (DLR) etc. [30],[34]. It follows that defining a priori a set of 

candidate strategies is severely self-limiting and may bias decision in the wrong direction. Instead, 

the optimal strategy must the result of optimisation techniques that can guarantee on the basis of 

all currently-available information. To this purpose, stochastic programming is the appropriate 

optimisation framework for modelling the path-dependency problem that characterises system 

planning under uncertainty [31]. 
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 Stochastic Planning Models 4.2.1

In response to this new reality of increased uncertainty, new planning frameworks are necessary to 

identify attractive opportunities for cost-efficient strategic investments. However, most existing 

network design frameworks are explicitly deterministic in nature and consider solely conventional 

means of system reinforcement [32]. In other words, the system is optimised for a particular 

parameter evolution and no alternative realisations are considered. Although deterministic planning 

has served the industry well in the past, in many cases this approach will need to be extended to 

explicitly include uncertainties.  

Stochastic programming is a generic framework for describing decision problems under uncertainty. 

Although there are numerous variants of stochastic problems, of most interest to long-term planning 

problems is the application using scenario trees, where the evolution of uncertain parameters is 

modelled in a discrete-time manner. A scenario tree is a coherent representation of possible future 

realizations of uncertainty. It comprises of scenario tree nodes that encapsulate possible states of 

the uncertain parameters at different times and arcs that capture the possible evolution paths. The 

main motivation for using this approach is the capability of capturing the planner’s decision 

flexibility. Stochastic programming enables user not only to explicitly consider a range of potential 

future system evolutions, but inherently enables the planner to identify the optimal recourse action 

for each, as permitted by the structure of inter-temporal uncertainty resolution. In view of this, a 

flexible decision framework enables a planner to move beyond the concept of a static investment 

plan and instead identify the optimal investment strategy which encapsulates a range of contingent 

courses of actions to be taken according to all possible paths of uncertainty evolution.  

Naturally, although a long-term planning strategy defines the optimal decision to be made at each 

stage (conditional on the uncertainty realisation), the implementable part of the strategy is solely 

the decision which pertains to the first stage. Note that this decision is unconditional since no 

uncertainty has been resolved yet. New scenarios should be constructed in the following years and 

new strategies drawn from the most up-to-date information if available. It follows that planners are 

by definition mostly interested in the first-stage planning decisions; the optimal ‘here-and-now’ 

decision based on all currently available information.  

In view of the above, we focus on a less-documented yet highly important aspect of considering non-

network solutions such DSR in the distribution-planning problem. It is the fact that these flexible 

assets introduce the possibility to defer commitment to major conventional reinforcement projects 

until the need for such investment is fully established. In other words, interim measures like DSR can 

be useful in ‘buying time’ until more information regarding system evolution is available, thus 

rendering viable a ‘wait-and-see’ strategy that would otherwise be too costly. On the other hand, 

deterministic approaches assume a perfect knowledge of the future and will tend to favour large-

scale projects that enjoy scale economies. The deterministic planner does not opt for an interim 

solution since he considers the future fully known and there is no case for deferring investment to 

offset stranding risk. In the following sections, the above principles are shown using a case study of 

distribution network planning under uncertainty of future peak demand growth. 
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 Case Study 4.2.2

4.2.2.1 Case Study – Specification 

The presented case study focuses on a single primary substation, shown in Figure 64. This substation 

is currently equipped with three 5 MVA transformers, enabling a maximum transfer of 10 MVA 

subject to the N-1 security criterion. This substation is feeding a local community with a recorded 

peak demand of 8.5 MVA.  

 
Figure 64: Distribution system under study. 

Over the next years, an increase in peak demand is expected. However, there is uncertainty 

surrounding this evolution. To this end, the scenario tree shown in Figure 65 has been constructed 

to capture three possible peak demand growth scenarios for the period 2014-2021 in a coherent 

manner. The scenario tree consists of four two-year stages (also referred to as epochs); 2014-2015, 

2016-2017, 2018-2019 and 2020-2021. Each scenario tree node shows the peak demand that 

pertains to both years of the epoch. The three scenario paths are as follows: 

 Scenario 1 (S1) is the high growth scenario envisaging consistent high growth up to 
12.75MVA in the final stage, an increase of 50% on the present peak demand. This is seen as 
the most probable scenario to materialise and has been given a 50% probability of 
occurrence. 

 Scenario 2 (S2) is the medium growth scenario envisaging a peak demand of 11.05MVA in 

years 2020-2021, an increase of 30% on the present peak demand. This is seen as the second 

most probable scenario to materialise and has been given a 30% probability of occurrence. 

 Scenario 3 (S3) is the low growth scenario envisaging peak demand of 10.20 MVA in years 

2020-2021, an increase of 20% on the present peak demand. This scenario entails a 20% 

probability of occurrence. 
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Figure 65: Scenario tree showing evolution of peak demand and transition probabilities for each scenario. 

To ensure that demand will be met at all times in the future, the DNO planner has the two following 

options for reinforcing the system: 

 Install a new 5MVA transformer. The lump present cost of purchasing and installing this 

transformer is £1.25 million. Using an expected lifetime of 20 years and a discount factor of 

3.5%, this is equivalent to an annuitized capital cost of £88k. Most importantly, we assume 

that the installation and commissioning of the transformer will not be instantaneous and it 

will require one year to carry out the necessary works, primarily major civil works and then 

installation of primary and secondary equipment. 

 Establish a DSR scheme. This is an alternative to the conventional reinforcement option. We 

assume that the DNO has the possibility to enter into a contract with local consumers to 

reduce their demand when needed. For the purposes of this case study, the amount of DSR 

contract size is 1500kVA. However, in this example we do not consider the entire amount 

fully reliable; we account for the prospect of some consumers not responding to the DNO’s 

signal to reschedule their consumption by utilizing a 60% availability factor. In other words, 

the DNO can rely on 900kVA reduction during peak hours. The annuitized cost of 

establishing this contract is set to £35k. In addition, due to the lack of need for complex 

physical works we consider that this DSR scheme can be commissioned instantaneously 

following the completion of contractual arrangement.   

In the following sections we showcase results for three studies; deterministic planning, stochastic 

planning with only conventional assets and stochastic planning with both conventional assets and 

DSR. 

4.2.2.2 Deterministic Case Study –Results 

We first present the optimal investment plan obtained when adopting a deterministic approach 

where the DNO considers only the most probable or conservative scenario i.e. high-growth S1. The 

optimal plan is shown in Figure 66. It is worth noting here that whereas stochastic planning 

problems cannot be solved using a deterministic approach, the opposite is perfectly feasible i.e. 

solving a deterministic problem using a stochastic optimisation model. This is the case because a 
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deterministic problem can be seen as solving a stochastic problem with a single scenario with a 

100% chance of occurring. 

 
Figure 66: Optimal investment plan when the planner can build only conventional assets. 

As can be seen above, the optimal plan involves investment in an extra transformer for £605k. Note 

that the capital cost pertains solely to the 8-year horizon being considered. This commitment is 

undertaken from the very first stage to ensure that the asset is commissioned before 2016, so as to 

cover the foreseen peak demand which already exists the capabilities of the present system. It is 

worth highlighting that there is no value in considering a DSR contract. Although DSR could cover 

system needs up to 2017, a transformer would need to be constructed for subsequent years. As a 

result, DSR is not a cost-efficient solution for this particular scenario. However, the possibility for 

alternative realizations is not considered. In the event that S3 instead of S1 was to materialize, the 

planner could have accommodated the eventual peak demand at a fraction of the cost through DSR 

deployment. This highlights the need to consider uncertainty using a stochastic decision framework. 

4.2.2.3 Stochastic I Case Study (S-I) –Results 

In this case study (Stochastic I or S-I) we utilize the stochastic planning model and assume that the 

planner can invest only in conventional assets i.e. installation of an extra 5MVA transformer. The 

optimal investment strategy is shown in Figure 67. 

 
Figure 67: Optimal investment strategy when the planner can build only conventional assets. 

As can be seen above, the strategy involves a single first-stage commitment to build an extra 

transformer. This entails an expected investment cost of £605k. The timing of this decision is driven 

by S1, which necessitates a capacity reinforcement by year 2016. Since no interim measure such as 

DSR is available, the planner has no choice but to proceed with this unconditional commitment.   
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4.2.2.4 Stochastic II Case Study (S-II) –Results 

In this case study (Stochastic II or S-II) we employ the stochastic planning model and assume that the 

planner can invest in both conventional assets as well as DSR. The optimal investment strategy is 

shown in Figure 68. 

 
Figure 68: Optimal investment strategy when the planner can build both conventional and DSR assets. 

As can be seen above, when enabling investment in DSR and considering uncertainty, the optimal 

investment strategy is radically different. First and foremost, there is no longer a ‘here-and-now’ 

decision to be made; the planner has adopted a ‘wait-and-see’ strategy towards first-stage capital 

commitments, meaning that it makes economic sense to not make any investment from the very 

first stage but rather wait for the resolution of uncertainty that occurs later to make more informed 

decisions.  

In the case that S1 materializes, the planner proceeds with building both DSR and an extra 

transformer. Although the transformer can cover system needs for the entire horizon, its 

commissioning delay leaves the system unable to cope in the years 2016-2017. To this end, DSR is 

deployed in 2016 as an interim measure, enabling unconstrained system operation. A similar 

investment decision is made for S2, but delayed by one epoch. Note that between building a single 

transformer in 2016 and building a transformer and DSR in 2018, the planner prefers the latter due 

to the time value of money and the benefit of capital expenditure deferral by 2 years. This may 

change subject to the modelling assumptions on asset lifetime, horizon accounting rules and 

discount factor. In the case of S3, the peak demand growth can be fully covered by the DSR scheme, 

deployed in 2020. This scenario highlights the substantial difference with the S-I study due to the 

availability of DSR. By avoiding the premature commitment to a transformer, the capital expenditure 

under this realisation drops from £605k to just £33k. Overall, the expected investment cost is now 

much lower at £435k. In brief, the important message is that adopting a ‘wait-and-see strategy’ was 

not possible in the absence of cost-efficient and sufficiently flexible interim measures like DSR. In the 

following section, we use the previously-obtained simulation results to quantify the overall benefit 

of DSR. 

4.2.2.5 Option Value of DSR 

As mentioned earlier, when examined in an uncertainty setting, smart technologies can provide 

system benefits beyond those detected under deterministic studies. This latent value stems from 
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their flexibility to meet adverse scenario realisations without resorting to premature commitments. 

As seen in the previous case studies, the planner’s ability to rely on DSR can have significant impact 

on the chosen investment strategy, leading to further minimization of costs. To describe this latent 

value, we choose to use the term option value in a similar vein to its original use in the context of 

social welfare economics [33],[34]. In this particular case study, the option value of DSR can be 

calculated as the difference in expected investment cost between stochastic studies S-I and S-II. The 

resulting difference is the benefit due to the availability of DSR and can be interpreted as the 

monetary value a planner would be willing to spend to render DSR technology available for 

deployment. For the system under study, DSR option value can be quantified as £605k - £435k = 

£170k. In other words, DSR enables a 28% reduction in expected system costs. The net benefit of 

DSR under each realisation is shown in Table 12. 

Table 12: Quantification of scenario-specific net benefit and option value of DSR. 

 Net Benefit of DSR (£k) 

Scenario 1 -7 
Scenario 2 211 
Scenario 3 551 

DSR Option Value (£k) 170 
Naturally, the size of DSR option value depends on a rage of parameters. In the following section, we 

perform sensitivity analysis on four fundamental model parameters to explore how DSR option value 

changes with respect to capital cost, availability, contract size and discount rate. 

4.2.2.6 Case Study – Stochastic Study II Sensitivity Analysis 

First we explore how DSR option value changes under different capital cost for DSR. In the base case 

studies shown in sections 4.2.2.2 to 4.2.2.5, an annual cost of £35k was used. We now run several 

additional case studies from 0 up to £105k/year. The results are shown in Figure 69.  

 

Figure 69:Sensitivity analysis of option value of DSR with respect to different investment costs for DSR. Data point 
corresponding to base case has been highlighted yellow. 
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As can be seen above DSR option value remains larger than zero for a large range of capital values, 

even in the extreme case that the capital cost of DSR exceeds cost of a new transformer (£88k/year). 

This is primarily due to DSR’s fast commissioning which renders DSR attractive even under very high 

capital cost. 

Next we explore how DSR’s option value changes with respect to the amount of curtailable demand 

available. This depends on two characteristics; contract size and availability. The results of these two 

sensitivity analysis are shown in Figure 70and Figure 71 respectively. 

 

Figure 70: Sensitivity analysis of option value of DSR with respect to different DSR availability assumptions. Data point 
corresponding to base case has been highlighted yellow. 

 

Figure 71: Sensitivity analysis of option value of DSR with respect to different assumptions on the contracted amount. 
Data point corresponding to base case has been highlighted yellow. 
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Regarding DSR availability, it is evident that a small increase beyond the assumed 60% has a 

significant impact on DSR option value. This is because 70% availability equates to 1050 kVA 

dependable response which is sufficient to fully cover the S2 realization. Note that availability must 

be at least 20% for DSR to have some benefit, otherwise the dependable response would not 

sufficient to warrant deferral or avoidance of the transformer investment. In a similar vein, we can 

explain the two jumps seen in Figure 71, where we consider a 60% availability but examine different 

contract sizes. The very first jump that occurs for a contract size larger than 500kVA is due to 

transformer investment avoidance under S3. The second jump in DSR option value that occurs for 

contract sizes larger than 2000kVA is again due to possibility for transformer investment avoidance 

under S2. The last jump occurs for contract sizes larger than 5000kVA and is due to the possibility of 

avoiding commissioning a transformer under S1. 

In the last sensitivity analysis, different assumptions regarding the discount rates are made. The 

discount rate is essentially a measure of how the planner values future costs/benefits compared to 

present costs/benefits. We observe that in this case, DSR option value is largely dependent on the 

discount rate since the majority of savings due to DSR occur in future years.  

 

Figure 72: Sensitivity analysis of option value of DSR with respect to different discount rates. Data point corresponding 
to base case has been highlighted yellow. 

As can be seen in Figure 72 above, the higher the discount rate the larger the option value becomes. 

For example, when comparing the extreme case of 10% discount rate versus the base case of 3.5%, 

the DSR option value increases by almost 60%. This is because under a high discount rate, the 

planner is able to purchase the new transformer at a significantly lower price in the later stages; the 

investment deferral property is regarded as highly valuable. Conversely, the DSR option value is 

reduced under the low discount rate assumption. In this case, the planner gain less from deferring 

investment since costs are regarded to stay largely unchanged. Of course, even under a 0% discount 

rate DSR option value still remains significant due to its ability to enable a ‘wait-and-see’ strategy 

that can avoid unnecessary investments under S3. 
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 Summary 4.2.3

In conclusion, it is important to highlight that flexible investment options such as DSR possess 

significant option value due to their ability to defer and/or avoid premature commitment to capital 

projects by taking advantage of the inter-temporal resolution of uncertainty. Although DSR may not 

be the optimal choice under all scenarios, the ability for its contingent deployment can render ‘wait-

and-see’ strategies, which could be deemed unattractive in the absence of cost-efficient interim 

measure, viable. However, suitable non-deterministic valuation investment decision frameworks are 

necessary to uncover this option value. Otherwise, the adoption of traditional non-flexible valuation 

methods such as NPV-based investment decision-making can systematically favour large-scale 

capital projects that may lack the necessary flexibility to enable the adoption of a ‘wait-and-see’ 

approach, thus unduly exposing planners to stranding and over-commitment risks. 
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5 Conclusion 

In this report, data from the LCL trials has been used to explore the future of distribution networks in 

terms of their operation and design. This includes a study of the important subject of planning under 

uncertainty. 

Chapter 2 outlines the key LCTs with the potential to effectively support network operation, 

highlighting a need for new DMS tools to enable the smart operation of these technologies. A 

number of case studies were made illustrating this and the difficulties of implementing effective 

control schemes, especially for DSR. Simpler schemes, for example transmitting signals to all DSRs to 

postpone operation until a certain time, can cause synchronised energy payback peaks resulting in 

higher peak demand than would have been found in the uncontrolled case. Alternative smarter 

coordinated control schemes were explored, using multi-period optimal power flow modelling to 

determine the optimal control decisions for DSR demand within a 24 hour. It was shown that it is 

possible to devise a strategy that avoids synchronised payback and the resulting secondary peaks. 

In order to use demand-led DSR resources with load recovery characteristics for efficient peak 

reduction, they will need to be controlled hours before and/or after the onset of system peak 

conditions. This would also require that in order to achieve a given peak demand reduction the 

volume of DSR response to be contracted (ignoring any non-responsiveness, compliance and 

timeliness issues) would generally need to be larger than the targeted peak reduction, depending on 

the DSR penetration, shape of demand profile and their response/payback characteristics (duration 

of control and payback periods, payback power and energy). Clearly, using I&C DSR for peak 

management requires that the network analysis and operation planning are carried out in a multi-

period timeframe, rather than based on snapshots in time, given the temporal links between DSR 

control decisions in one period and their impact on the resulting demand profile several hours later. 

Furthermore, the TimeOPF tool was used to carry out a multi-period optimisation of control of smart 

EVs, HPs, dToU and I&C DSR with the objective of relieving line congestions, manage voltage issues 

and support substation congestion management. The analysis demonstrated that DSR technologies 

could be used effectively for network congestion management as well as voltage constraint 

management in distribution networks. By scheduling DSR operation while respecting the user-driven 

restrictions (e.g. when they need to use their vehicles or what indoor temperature levels they need 

to maintain), it may be possible to avoid or postpone the need to reinforce the network. This work 

demonstrated that application of DSR will require understanding of the payback characteristics and 

it will hence necessities application of new tools, such as Time-OPF, to support real time Distribution 

Management System. 

Chapter 3 concerns the design of smart distribution networks. Imperial’s load related expenditure 

(LRE) model was used to determine the potential savings achievable through smart demand control 

and energy efficiency measures, considering the period up to 2050. Using data from the LCL trials as 

input, the gross benefits of smart control of EVs and HPs, the roll out of a dToU tariff and I & C DSR 

uptake and the uptake of energy efficiency measures were all analysed. Three sets of scenario were 

considered (see section 3.3.1): smart electrification of heat and transport; deployment of dToU, I&C 

DSR and energy efficiency; and the combined impact of all mitigation measures, showing potentially 

significant benefits of rolling out the smart solutions trialled in Low Carbon London. 
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The gross benefit of smart EV and HP control was found to be in the range from approximately £50m 

in 2025 to approximately £850m in 2050, the majority of this coming from avoiding reinforcement in 

HV and LV networks. The highest benefit was observed in HV networks where the violation of 

thermal constraints was the limiting factor. 

In the scenario with the deployment of dToU, I&C DSR and energy efficiency, the cumulative benefit 

was found to lay between £70m in 2025 for the efficiency scenario and £770m in 2050 for the 

combined scenario. Of the £770m, about £600m was due to avoided reinforcement in the LV and HV 

networks. In the same case about £155m of the £770m was due to voltage constraints in the LV 

networks. Finally in the fully smart case where all smart options are combined, the potential gross 

benefit is found to be between about £280m in 2025 and about £1,400m in 2050. Most of the 

savings in reinforcement cost is in the LV and HV networks, amounting to about £1,000m for the 

fully smart scenario in 2050.  

More generally, this work also demonstrates the importance of establishing new tools for long term 

distribution network planning considering the benefits of smart grid technologies.   

Chapter 4 concerns planning under uncertainty. The greatest challenge for network planning over 

the coming decades is the increased uncertainty over the nature of future generation and demand 

developments. In order to address the risks associated with capital-intensive network reinforcement 

decisions arising from this uncertainty, a novel min-max regret approach was designed and validated 

using data from the LCL trials. Robust planning solutions were found by minimising the maximum 

regret across all scenarios that the DNO would feel after the uncertain future has come to fruition. 

The approach achieves this by balancing the risk of stranded assets with the risk of incurring 

reinforcement costs twice. 

The main conclusion to be drawn from stochastic planning studies made for this report are that 

flexible investment options such as DSR possess significant option value due to their ability to defer 

and/or avoid premature commitment to capital projects by taking advantage of the inter-temporal 

resolution of uncertainty. Although DSR may not be the optimal choice under all scenarios, the 

ability for its contingent deployment can render ‘wait-and-see’ strategies, which could be deemed 

unattractive in the absence of cost-efficient interim measures, viable. However, suitable non-

deterministic valuation investment decision frameworks are necessary to release this option value. 

Otherwise, the adoption of traditional non-flexible valuation methods such as NPV-based 

investment decision-making can systematically favour large-scale capital projects that may lack the 

necessary flexibility to enable the adoption of a ‘wait-and-see’ approach, thus unduly exposing 

planners to stranding and over-commitment risks. 

Case studies carried out using this min-max regret method clearly demonstrated the value of DSR in 

providing flexibility against uncertainty. In detail, DSR was shown to postpone capital intensive 

network reinforcement until more information regarding the future evolution of demand growth 

was gained. In this way the regret felt by the DNO was reduced. The number of candidate sites 

selected for DSR deployment was shown to be greater under min-max regret than under 

deterministic planning, showing the significance of the flexibility offered by DSR. 

This work demonstrates that new modelling tools for network planning under uncertainty will need 

to be adopted to support future network design. The results of these studies also show that the 
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regulatory framework should be enhanced to facilitate efficient planning under uncertainty. The 

framework should also directly recognise the benefits of investments that provide flexibility to deal 

with uncertainties such levels of growth of demand, timing, location and volume of DSR penetration 

etc. Hence the risks of capital-intensive planning decisions can be reduced, as DSR could be deployed 

as an interim solution until more knowledge is gained about the realisations of uncertain 

parameters. 
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6 Recommendations 

6.1 Operation of smart distribution networks 

 To avoid the synchronised energy payback caused by DSR implemented at a higher 

penetration level than present, it will be necessary to adopt strategies that avoid 

synchronised payback. Such a strategy has been demonstrated in this report, using multi-

period optimal power flow to determine optimal control decisions for DSR demand within a 

24-hour period. 

 In order to use demand-led DSR resources with load recovery characteristics for efficient 

peak reduction, they will need to be controlled hours before and/or after the onset of 

system peak conditions.  

 Using I&C DSR for peak management requires that the network analysis and operation 

planning are done in a multi-period timeframe, rather than based on snapshots in time, 

 It is recommended that smart network management be used (in conjunction with other 

measures, if necessary), where the loading of substations and lines or voltage profiles would 

violate the specified limits and potentially require costly demand curtailment. 

 Peak management schemes should be carefully designed in order to avoid an outcome that 

is even worse than without any DSR control. 

6.2 Design of smart distribution networks 

 A roll out of a fully smart approach in which a combination of dToU, I& C DSR, HP, EV and 

energy efficiency measures are all controlled in a smart way to support the network is highly 

recommended due to the financial benefits. 

 Less comprehensive options are also possible, combining HPs and EVs only, for example, but 

the fully smart approach would be recommended in preference to these. 

 Implementation costs need not necessarily be taken into account, especially in the case of 

smart meters, where the roll out is already factored into the DNOs business plan. 

 Smart measures described in this chapter are based on relatively conservative assumptions: 

savings could easily be greater than described here, if more advanced smart control 

methods were employed. Further analysis is recommended when more advanced control 

methods have been further developed. 

 New modelling tools for network planning under uncertainty will need to be adopted to 

support future network design. 

 The regulatory framework should be enhanced to facilitate efficient planning under 

uncertainty. 

 The framework should also directly recognise the benefits of investments that provide the 

flexibility to deal with the uncertainties of such levels of growth of demand, timing, location 

and volume of DSR penetration. Hence the risks of capital-intensive planning decisions can 

be reduced, as DSR could be deployed as an interim solution until more knowledge is gained 

about the realisations of uncertain parameters. 
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6.3 Planning under uncertainty 

 A min-max regret approach, as described in section 4.1.1, should be used in preference to 

the traditional approach to network planning, especially when assessing the benefits of low 

carbon technologies and smart control technologies. 

 To achieve this there is a need for a new regulatory framework enabling the deployment of 

planning solutions that might not be cost effective under the traditional deterministic 

planning paradigm, but offer flexibility to deal with the undeniable uncertainty regarding 

temporal and locational evolution of demand growth and distributed generation penetration 

and reduce the resulting risks of capital-intensive planning decisions. 

 The current deterministic planning frameworks should be changed to a stochastic planning 

approach so that cost-efficient strategic investments can be identified: the current 

deterministic approach only allows solely conventional means of system reinforcement to be 

considered. The flexibility of low carbon technologies needs a stochastic planning approach 

to be properly assessed. 

 The option value of ‘wait-and-see’ strategies may only be realised by use of flexible low 

carbon technologies, as described in this report. 

  



91 
 

7 References 

 

[1] J. Dragovic, M.S. M. Kairudeen, P. Djapic, M. Bilton, D. Pudjianto, B. Pal, G. Strbac, “Network 

state estimation and optimal sensor placement”, Report C4 for the “Low Carbon London” LCNF 

project:  Imperial College London, 2014. 

[2] European Electricity Grid Initiative, “Research and Innovation Roadmap 2013-2022”, January 

2013. Available at: http://www.gridplus.eu/eegi. 

[3] M. Woolf, T. Ustinova, E. Ortega, H. O’Brien, P. Djapic, G. Strbac, “Distributed generation and 

demand response services for the smart distribution network”, Report A7 for the “Low Carbon 

London” LCNF project: Imperial College London, 2014. 

[4] Element Energy, “Demand side response in the non‐domestic sector”, report for Ofgem, 2012. 

[5] G. Strbac, C. K. Gan, M. Aunedi, V. Stanojevic, P. Djapic, J. Dejvises, P. Mancarella, A. Hawkes, 

D. Pudjianto, S. Le Vine, J. Polak, D. Openshaw, S. Burns, P. West, D. Brogden, A. Creighton, 

A. Claxton, “Benefits of Advanced Smart Metering for Demand Response-Based Control of 

Distribution Networks”, report for the Energy Networks Association, April 2010. Available:  

http://www.energynetworks.org/modx/assets/files/electricity/futures/smart_meters/Smart_M

etering_Benerfits_Summary_ENASEDGImperial_100409.pdf  

[6] G. Strbac, M. Aunedi, D. Pudjianto, P. Djapic, F. Teng, A. Sturt, D. Jackravut, R. Sansom, V. Yufit, 

N. Brandon, “Strategic Assessment of the Role and Value of Energy Storage Systems in the UK 

Low Carbon Energy Future”, report for Carbon Trust, June 2012. Available:  

http://www.carbontrust.com/resources/reports/technology/energy-storage-systems-strategic-

assessment-role-and-value  

[7] M. Aunedi, “Value of flexible demand-side technologies in future low-carbon systems”, PhD 

thesis, Imperial College London, UK, July 2013. 

[8] J. Schofield, R. Carmichael, S. Tindemans, M. Woolf, M. Bilton, G. Strbac, “Residential consumer 

responsiveness to time-varying pricing”, Report A3 for the “Low Carbon London” LCNF project:  

Imperial College London, 2014. 

[9] “FICO Xpress Optimization Suite”, http://optimization.fico.com. 

[10] V. Stanojevic: Enhancing Performance of Electricity Networks through Application of Demand 

Side Response and Storage Technologies, PhD Thesis, Imperial College London, 2012. 

[11] Xpress-SLP User Guide, Release Version 26.01, April 2014, available from www.fico.com. 
[12] M. Aunedi, M. Woolf, M. Bilton, Goran Strbac, “Impact and opportunities for wide-scale EV 

deployment,” Report B1 for the “Low Carbon London” LCNF project: Imperial College London, 
2014. 

[13] M. Bilton, N. E. Chike, M. Woolf, P. Djapic, M. Wilcox, G. Strbac, “Impact of Low Voltage -

Connected low carbon technologies on network utilisation,” Report B4 for the “Low Carbon 

London” LCNF project: Imperial College London, 2014. 

[14] M. Bilton, M. Woolf, P. Djapic, M. Aunedi, R. Carmichael, G. Strbac, “Impact of energy efficient 

appliances on network utilisation”, Report C2 for the “Low Carbon London” LCNF project, 

Imperial College London, 2014. 

[15] Elexon, “Load profiles and their use in Electricity Settlement”, November 2013. Available online 

at: http://www.elexon.co.uk/wp-content/uploads/2013/11/load_profiles_v2.0_cgi.pdf  

[16] Intertek, “Household Electricity survey. A study of domestic electrical product usage”, 2012. 

http://www.gridplus.eu/eegi
http://www.energynetworks.org/modx/assets/files/electricity/futures/smart_meters/Smart_Metering_Benerfits_Summary_ENASEDGImperial_100409.pdf
http://www.energynetworks.org/modx/assets/files/electricity/futures/smart_meters/Smart_Metering_Benerfits_Summary_ENASEDGImperial_100409.pdf
http://www.carbontrust.com/resources/reports/technology/energy-storage-systems-strategic-assessment-role-and-value
http://www.carbontrust.com/resources/reports/technology/energy-storage-systems-strategic-assessment-role-and-value
http://www.fico.com/
http://www.elexon.co.uk/wp-content/uploads/2013/11/load_profiles_v2.0_cgi.pdf


92 
 

[17] G. Strbac, M. Aunedi, D. Pudjianto, P. Djapic, S. Gammons, R. Druce, “Understanding the 

Balancing Challenge”, report for the UK Department of Energy and Climate Change, August 

2012. Available: 

http://www.decc.gov.uk/en/content/cms/meeting_energy/network/strategy/strategy.aspx  

[18] G. Strbac, D. Pudjianto, P. Djapic, M. Aunedi, “Infrastructure in a low-carbon energy system to 

2030: Transmission and distribution”, report for the Committee on Climate Change, April 2014. 

Available: http://www.theccc.org.uk/wp-content/uploads/2013/12/CCC-Infrastructure_TD-

Report_22-04-2014.pdf  

[19] Carbon Trust, “Micro-CHP Accelerator Final Report”, March 2011, 

http://www.carbontrust.com/media/77260/ctc788_micro-chp_accelerator.pdf  

[20] R. Stamminger, “Synergy Potential of Smart Appliances”, Deliverable 2.3 of Smart-A project (No. 

EIE/06/185//SI2.447477), November 2008, http://www.smart-

a.org/WP2_D_2_3_Synergy_Potential_of_Smart_Appliances.pdf  

[21] Element Energy and De Monfort University Leicester, Demand side response in the non-

domestic sector, Final report for Ofgem, July 2012, http://www.element-

energy.co.uk/wordpress/wp-content/uploads/2012/07/Demand-Side-Response-in-the-non-

domestic-sector.pdf  

[22] EV HP and PV data under RIIO settings, projections taken from Element Energy Load Growth 

modelling for UK Power Networks, 2014. 

[23] S. Rusck, "The simultaneous demand in distribution network supplying domestic consumers," 

ASEA Journal, vol. 10, 1956, pp. 59-61 as referenced in J. Dickert, P. Schegner, Residential Load 

Models for Network Planning Purposes, Modern Electric Power Systems 2010, Wroclaw, Poland 

[24] Imperial College London, Load Related Expenditure project for UK Power Networks, 2012 

[25] UK Power Networks, RIGs submission to Ofgem, 2012 

[26] Office for National Statistics, Consumer Price Indices – RPIX, Available at www.ons.gov.uk  

[27] E. Buzarquis, G. A. Blanco, F. Olsina, and F. Garces, "Valuing investments in distribution 

networks with DG under uncertainty", IEEE/PES Transmission and Distribution Conference and 

Exposition, Sao Paulo, 2010. 

[28] I. Konstantelos and G. Strbac, “Valuation of Flexible Investment Options under Uncertainty”, 

IEEE Transactions on Power Systems – Special Section: Power System Planning and Operation 

towards a Low-Carbon Economy, accepted for publication. 

[29] L.G. Epstein, “Decision making and temporal resolution of uncertainty”, International Economic 

Review, vol. 21, no. 2, pp. 269-283, Jun. 1980. 

[30] P. Buijs, D. Bekaert, S. Cole, D. Van Hertem, R. Belmans, “Transmission investment problems in 

Europe: Going beyond standard solutions”, Energy Policy, vol. 39, pp. 1794-1801, 2011. 

[31] I. Konstantelos, “A Stochastic Optimization Framework for Anticipatory Transmission 

Investment”, Ph.D. dissertation, Dept. Elec. Eng., Imperial College London, UK, 2013.  

[32] S. Khator, L. Leung, “Power Distribution Planning: A Review of Models and Issues”, IEEE 

Transactions on Power Systems, vol. 12, no. 3, pp. 1151-1159, Aug. 1997. 

[33] B.A. Weisbrod, “Collective-consumption services of individual-consumption goods”, The 

Quarterly Journal of Economics, vol. 78, no. 3, pp. 471-477, 1964. 

[34] I. Konstantelos, S. Giannelos and G. Strbac, “Option value of smart technologies in distribution 

network”, IEEE Transactions on Smart Grid, under review. 

[35] UK Future Energy Scenarios, National Grid, July 2014. 

http://www.decc.gov.uk/en/content/cms/meeting_energy/network/strategy/strategy.aspx
http://www.theccc.org.uk/wp-content/uploads/2013/12/CCC-Infrastructure_TD-Report_22-04-2014.pdf
http://www.theccc.org.uk/wp-content/uploads/2013/12/CCC-Infrastructure_TD-Report_22-04-2014.pdf
http://www.carbontrust.com/media/77260/ctc788_micro-chp_accelerator.pdf
http://www.smart-a.org/WP2_D_2_3_Synergy_Potential_of_Smart_Appliances.pdf
http://www.smart-a.org/WP2_D_2_3_Synergy_Potential_of_Smart_Appliances.pdf
http://www.element-energy.co.uk/wordpress/wp-content/uploads/2012/07/Demand-Side-Response-in-the-non-domestic-sector.pdf
http://www.element-energy.co.uk/wordpress/wp-content/uploads/2012/07/Demand-Side-Response-in-the-non-domestic-sector.pdf
http://www.element-energy.co.uk/wordpress/wp-content/uploads/2012/07/Demand-Side-Response-in-the-non-domestic-sector.pdf
http://www.ons.gov.uk/


93 
 

[36] M. Aunedi, F. Teng, G. Strbac, “Carbon impact of smart distribution networks”, Report D6 for 

the “Low Carbon London” LCNF project: Imperial College London, 2014. 

 

 

  



94 
 

8 Appendix A 

 

Table A. 1 MERT-E2 Substations data 

  Profile Class Count  

Index Node Name Rating Total Cust. 0 1 2 3 4 5 6 7 8 
Total residential 

customers 

1 FDR019 Supply point 0 0 0 0 0 0 0 0 0 0 0 

2 S0388 (joint) 0 0 0 0 0 0 0 0 0 0 0 

3 8150 750KVA 342 1 253 16 61 10 0 0 0 1 269 

4 8560 500 kVA 45 0 2 43 0 0 0 0 0 0 45 

5 8151 500 kVA 62 2 40 0 18 2 0 0 0 0 40 

6 S0389 (joint) 0 0 0 0 0 0 0 0 0 0 0 

7 6635 11kV Load 1 1 0 0 0 0 0 0 0 0 0 

8 6248 800 kVA 367 1 291 43 24 7 1 0 0 0 334 

9 6601 500 kVA 339 0 315 13 9 0 0 0 0 2 328 

10 S0390 (joint) 0 0 0 0 0 0 0 0 0 0 0 

11 6968 500 kVA 402 0 332 18 45 6 0 1 0 0 350 

12 8507 500 kVA 249 0 203 26 8 11 0 1 0 0 229 

13 8462 500 kVA 272 0 239 10 14 8 0 1 0 0 249 

14 8050 500 kVA 138 0 121 0 16 1 0 0 0 0 121 

15 S0394 (joint) 0 0 0 0 0 0 0 0 0 0 0 

16 7381 500 kVA 388 0 364 0 20 4 0 0 0 0 364 

17 6243 500 kVA 157 0 151 0 6 0 0 0 0 0 151 

18 6551 500 kVA 321 0 304 1 8 8 0 0 0 0 305 

19 6552 500 kVA 636 0 578 13 31 14 0 0 0 0 591 

Total 3719 5 3193 183 260 71 1 3 0 3 3376 

 

Table A. 2 MERT-E2 feeder network data 

ID 
From node 
Index 

To node 
Index 

From node To node Length (m) 
Branch 
Constr. 

Resistance (R) 
(% at 100 
MVA Sbase) 

Reactance (X) 
(% at 100MVA 
Sbase) 

Line Rating [MVA] 

1 1 2 FDR019 S0388 2315.3 0.25 28.23 15.34 6.19 

2 2 3 S0388 8150 658.1 185 8.25 4.35 5.33 

3 3 4 8150 8560 170.6 185 1.44 0.83 5.33 

4 4 5 8560 8151 604.8 185 7.15 3.54 5.33 

5 5 6 8151 S0389 77.4 0.15 1.02 0.42 4.57 

6 6 7 S0389 6635 433.1 0.15 6.04 2.75 4.57 

7 6 8 S0389 6248 44.9 0.25 0.67 0.38 6.19 

8 8 9 6248 6601 515.5 185 7.36 3.10 5.33 

9 9 10 6601 S0390 201.5 185 2.31 1.16 5.33 

10 10 11 S0390 6968 192.5 .3AL 2.97 1.24 5.43 

11 10 12 S0390 8507 239.7 .3AL 3.48 1.55 5.43 

12 12 13 8507 8462 153.8 0.25 1.85 1.01 6.19 

13 12 14 8507 8050 434.2 0.25 5.11 2.87 6.19 

14 14 15 8050 S0394 207.1 0.25 2.43 1.37 6.19 

15 15 16 S0394 7381 160.1 240 1.99 1.04 6.29 

16 15 17 S0394 6243 146.0 0.25 1.73 0.97 6.19 

17 17 18 6243 6551 335.6 0.25 4.01 2.25 6.19 

18 18 19 6551 6552 401.1 .3AL 5.84 2.79 5.43 
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Table A. 3 Customer profile class table 

Index Profile class 

0 I&C Half Hour metering 

1 Domestic Unrestricted  

2 Domestic Economy 7  

3 Non-Domestic Unrestricted  

4 Non-Domestic Economy 7 

5 Non-Domestic Maximum Demand 0-20% Load Factor  

6 Non-Domestic Maximum Demand 20-30% Load Factor  

7 Non-Domestic Maximum Demand 30-40% Load Factor  

8 Non-Domestic Maximum Demand >40% Load Factor 
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9 Appendix B 

 

 

Figure B. 1 Merton HV area with zoom in Merton Primary substation and circled transformer in outage 

 

Merton Primary sub station 
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Figure B. 2 Merton HV feeders loading peak day 

 

 
Figure B. 3 Loading and temperatures of Merton Primary Substation (Winter 2013-2014) 
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Figure B. 4 ONAN

7
 Transformer Hot Spot Temperatures dependency on loading ratio, and limits 

 

The graph in Figure B. 4 is obtained using steady state models based on BS-IEC and IEEE standards 

and characteristic of the transformer, loading ratio and ambient temperature as inputs. The 

standards are specifically: 

[BS IEC, 2005] Power transformers Part 7: Loading guide for oil-immersed power transformers, 

British Standard and International Electrotechnical Commission, BS IEC 60076-7:2005, 2005. 

[IEEE, 2011] IEEE Guide for Loading Mineral-Oil-Immersed Transformers and Step-Voltage 

Regulators, IEEE Std C57.91™-2011(Revision of IEEE Std C57.91-1995), IEEE Power & Energy Society, 

2011. 

Hot Spot Temperatures limit are 140°C for long-term and 160°C for short-term medium sized 

transformers overloading, based on BS IEC 60076-7:2005 standard. 

 

                                                           
7
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Project Overview
Low Carbon London, UK Power Networks’ pioneering learning programme funded by Ofgem’s Low Carbon Networks Fund, has 
used London as a test bed to develop a smarter electricity network that can manage the demands of a low carbon economy 
and deliver reliable, sustainable electricity to businesses, residents and communities. 

The trials undertaken as part of LCL comprise a set of separate but inter-related activities, approaches and experiments. They 
have explored how best to deliver and manage a sustainable, cost-effective electricity network as we move towards a low 
carbon future. The project established a learning laboratory, based at Imperial College London, to analyse the data from the 
trials which has informed a comprehensive portfolio of learning reports that integrate LCL’s findings. 

The structure of these learning reports is shown below:

A1 Residential Demand Side Response for outage management and as an alternative  
to network reinforcement 

A2 Residential consumer attitudes to time varying pricing
A3 Residential consumer responsiveness to time varying pricing
A4 Industrial and Commercial Demand Side Response for outage management  

and as an alternative to network reinforcement
A5 Conflicts and synergies of Demand Side Response
A6 Network impacts of supply-following Demand Side Response report
A7 Distributed Generation and Demand Side Response services for smart Distribution Networks
A8 Distributed Generation addressing security of supply and network reinforcement requirements
A9 Facilitating Distributed Generation connections
A10 Smart appliances for residential demand response

Distributed 
Generation and 

Demand Side 
Response

Network Planning  
and Operation

C1 Use of smart meter information for network planning and operation
C2 Impact of energy efficient appliances on network utilisation
C3 Network impacts of energy efficiency at scale
C4 Network state estimation and optimal sensor placement
C5 Accessibility and validity of smart meter data

Electrification of  
Heat and Transport

B1 Impact and opportunities for wide-scale Electric Vehicle deployment
B2 Impact of Electric Vehicles and Heat Pump loads on network demand profiles
B3 Impact of Low Voltage – connected low carbon technologies on Power Quality
B4 Impact of Low Voltage – connected low carbon technologies on network utilisation
B5 Opportunities for smart optimisation of new heat and transport loads

Future Distribution 
System Operator

D1 Development of new network design and operation practices
D2 DNO Tools and Systems Learning
D3 Design and real-time control of smart distribution networks
D4 Resilience performance of smart distribution networks
D5 Novel commercial arrangements for smart distribution networks 
D6 Carbon impact of smart distribution networks

Summary SR DNO Guide to Future Smart Management of Distribution Networks 
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