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Abstract 
 

Residential heat decarbonisation is a major challen ge if  the UK is to reach its objective 

to reduce  greenhouse gas emissions under the Paris agreement. To date, the 

government has focused on national scale plans. However,  the viability of heat 

decarbonisation pathways is also significantly affected by the local circumstances. The 

same heat supply options installed in one area may not result in the same costs and 

performance in another area .  

To develop local heat decarbonisation pathways, new data and tools need to be 

developed. In this thesis, several meth ods and models are described to  begin to  answer 

this problem , including :  

1. A method for estimating the heat demand of different types of dwellings before 

and after implementing energy efficiency measures in local areas. Information 

about the type of dwellings in an area, their heat demand and the heat demand 

density of the area were  derived to assess the heat supply options.  

2. Models were developed to synthesise half -hourly heat p roduction and energy 

consumption of ASHPs, GSHPs, natural gas/hydrogen boilers, resistance heaters 

and district heating. This was used to understand the timing and height of the 

peak energy demand of different heating technology , and also to calculat e the 

costs for reinforcing the electricity distribution network and converting the 

natural gas network to hydrogen o r different heat decarbonisation pathways.  

3. An optimisation model was used to assess the heat supply options for local areas.  

These methods and models were demonstrated in case studies in the cities of  Cardiff, 

Swansea and Newport. The results showed that these local authorities should include a 

significant amount of individual heat pumps and dwellings connected to district heati ng 

by 2050 to decarbonise heat. Hydrogen boilers were not found to be an economically 

viable option.  
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Nomenclature 
 

ADMD: after diversity maximum demand  

ASHP: air-source heat pump.  

EPC: Energy Performance Certificate that provides details of the energy performance of 

a property.  

COP: Coefficient of performance.  

Gas boiler: in this paper gas boiler refers to a boiler that uses natural gas or hydrogen as 

fuel.  

GSHP: ground-source heat pump. 

LSOA: Lower layer Super Output Areas that give the boundaries of geographical areas 

which are used to organise national statistics and census data from the Office for 

National Statistics. A n LSOA has on average 1,614 inhabitants and 672 households. There 

are 34,753 LSOAs in England and Wales [1]. 

MSOA: Middle layer Super Output Areas that give the boundaries of geographical areas 

which are used to organise national statistics and census data from the Office for 

National Statistics.  A n MSOA is constituted from several LSOAs. There are in average 

4.8 LSOAs in each MSOA, for a total of 7,201 MSOAs in England and Wales[1]. 

OAT: outside air temperature.  

ONS: Office for National Statistics is the office in charge of producing statistics for the 

UK. 

UK: The United Kingdom includes England, Northern Ireland, Wales and Scotland. Great 

Britain is the UK excluding Northern Ireland.  
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1 Introduction 

1.1  BACKGROUND 

No profound changes impacted the UK residential heat demand between 1970 and 2018. 

Although there were energy efficiency improvements in dwellings and heating systems, 

the overall heat demand remained similar. In terms of  the heat supply options, the 

share of gas boilers significantly increased and they became the main choice for 

heating, replacing  opt ions based on electricity, solid  fuel or oil.  

Figure 1-1 shows the space heating and hot water demand for dwellings from 1970 to 

2018 in the UK. The decrease in heat demand for hot water is due to energy efficiency 

improvements (e.g. hot water storage  and heating systems), and the greater use of 

electric showers and dishwashers [2] . The trend f or space heating continued to grow  

until the years 2000 , where it started to decrease. This may be explained by a 

combination of factors , including energy efficiency measures, an increase in energy 

prices, and changes in building stock and household composition  [3] . In total, the heat 

demand increased by 8% in 2018 compared to 1970 to reach 400 TWhthermal .  

 

Figure 1-1: Space heating and hot water demand of residential consumers in the UK from 1970 to 2018  
(Source: table U3 from [4]  using 0.01163 ktoe/TWh as conversion factor)  

Figure 1-2 shows some of the factors that explain the overall increase in heat demand in 

the past three decades despite the  improvements in energy efficiency. Figure 1-2.a 

shows how the improvements of the energy efficiency level of the dwelling stock, as 

measured using Standard Assessment Procedure (SAP) rating, was negated by an 

increase in the average indoor temperature between 1970 to 2010. Figure 1-2.b shows 

how the increase in average indoor temperature was supported by the uptake of central 

heating in dwellings, which  went from being installed in ca. 20% of the dwellings in 1970 

to more than 92% in 2018.  
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Figure 1-2: Average indoor temperature of dwellings against average SAP ( panel a) with data from [4]  and 
[5] , the share of dwellings with central heating from 1970 to 2018 in the UK (panel b) [5]  and [6] .  

The residential heat demand has been met by a growing share of natural gas use since 

the 1970s. Overall, natural gas has provided an affordable way to heat dwellings.  

Figure 1-3.a shows the share of heating technologies installed in UK dwellings between 

1970 and 2018. This figure shows that th e share of natural gas-based heating 

technologies increased from 40% in 1970 to more than 85% in 2018. There was also a 

significant decrease in solid fuel heating from 30% in 1970 to almost 6% in 2018. In 2018, 

more than 90% of the heating systems installed used fossil fuels.  

Figure 1-3.b shows the share of different type of gas boilers installed in UK dwellings 

from 1970 to 2018. In the 1970s, the standard/back boiler was the only technology 

available. From the 1990s, condensing boilers started to replace standard/back boilers  

and they reached 70% of the gas boilers installed in 2018. This was achieved through a 

series of incentives and regulations that started in 1993 [7] . Regarding non-gas-based 

heating technologies, no significant changes were observed. The uptake of low -carbon 

heating technologies was still low in 2019 , with only 66,317 installations approved under 

the domestic RHI1 scheme for the period from A pril 2014 to January 2019 [8] . This 

represents less than 0.2% of the dwelling stock of the UK.  

 

 

1 The Renewable Heat Incentives (RHI) is a UK Government scheme to encourage the uptake of 
low carbon heat technologies.  
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Figure 1-3: Share of heating technologies by fuel installed in UK dwellings between 1970 and 2018 
(panel a) [5]  and [6]. The òOtheró category includes district heating. Breakdown of gas technologies from 
1970 to 2018 (panel b), the  data from 1975 was backcasted to 1970 [4] . 

Figure 1-4 shows the carbon emissions by heating fuels from 1970 to 2018. Despite the 

increase by 8% of the total heat demand between 1970 and 2018 (from 372  TWh in 1970 

to 397 TWh in 2018), the carbon emissions decreased by 35% in the same period. This 

represents a decrease of the carbon intensity of heat f rom ca.  320 gCO2e/kWh to 

ca. 200 gCO2e/kWh, which is similar to the carbon intensity of heat ing with  condensing 

gas boilers [9] . 

The Committee on Climate Change (CCC) advised a 70% to 95% emission reduction target 

by 2035 compared to the 1990 level for the residential heat sector for the sixth carbon 

budget2 from the CCC [10] .   

 

Figure 1-4: Carbon emissions by heating fuels from the residential heat sector from 1970 to 2018. The 
carbon intensity of electricity was calculated from BEIS data [11] . 

 

 

2 The sixth carbon budget sets the legal limit for UK net emissions of greenhouse gases for the 
period 2033-2037. 
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1.2  CHALLENGES OF DECARBONISING THE RESIDENTIAL 

HEATING SECTOR 

In 2019, the UK amended its previous target of an 80% reduction in CO2 emission by 2050 

(compared to the 1990 level) to achieve a net -zero economy by 2050. According to the 

CCC [12] , this means that 90% of the UKõs dwellings will be required to have low -carbon 

heating by 2050. As an intermediate target, the carbon in tensity of 180  gCO2eq/kWh thermal  

by 2030 was suggested for producing residential heat [13] . In contrast to electrical 

power supplies, which are being decarbonised rapidly, the residential heat sector has 

failed to achieve the same level of success.   

Some of the key challenges faced in the heat decarbonisation  of the residential sector 

by 2050 include the following:  

¶ The residential heat sector is dependent on fossil fuels for more than 90% of the 

installations , with a current average carbon intensity of heat above 

200 gCO2e/kWh in 2018. 

¶ The residential heat sector is dominated by natural gas boilers, with no 

significant uptake of any low -carbon technology to replace them.  

¶ Difficulty in reducing the heat demand , despite improvements in the energy 

efficiency of dwellings.  

¶ Short timeline to replace fossil -fuel based heating systems with low -carbon 

heating systems, it took almost 20 years for condensing gas boilers to replace 

almost all standard boilers after the first incentives and regulations.  

1.3  STRUCTURE OF THIS THESIS 

This research aimed to develop tools and produce data to study the challenge of heat 

decarbonisation of the residential sector in local areas by considering their 

characteristics and the national t arget. Three local authorities located in South 

Wales, UK were chosen as case studies: Cardiff, Swansea, and Newport.  Figure 1-5 

shows the location of th ese three local authorities in Wales.  



6 
 

Cardiff

Swansea
Newport

Wales

 

Figure 1-5: Map of Wales showing the case studies in Cardiff, Swansea and Newport  

The overall structure of the thesis  is shown in Figure 1-6 . This thesis has eight chapters, 

as follows: 

¶ Chapter 2 reviews the literature  of the heat decarbonisation pathways for the UK 

and Wales, as well as the methods to estimate annual heat demand, synthesise heat 

profiles, and the modelling tools for heat planning.  

¶ Chapter 3 describes the method to estimate the annual heat demand of different 

types of dwelling at the local level before  and after energy efficiency 

improvements. This estimate was used to estimate the heat demand for Cardiff, 

Swansea and Newport in 2018. 

¶ Chapter 4 describes the models that were used to synthesise half -hourly heat 

production and energy consumption of air -source heat pumps, ground source heat 

pumps, resistance heaters, gas/hydrogen boilers, and district heating. Two heat 

decarbonisation pathways for 2050 for Cardiff, Swansea and Newport were defined 

and their half -hourly profiles were produced using these models. 

¶ Chapter 5 estimat es the half -hourly peak electricity demand for heating in the two 

heat decarbonisation pathways.  

¶ Chapter 6 describes a model to assess local heat supply options in local areas, which  

includes a formulation of the objective f unction of the model and its characteristics. 

Neath Port Talbot was used as an example to demonstrate this new model [14] . 
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¶ Chapter 7 describes how the methods and models from Chapters 3 to 6 wer e used to 

develop heat decarbonisation pathways for Cardiff, Swansea and Newport using cost 

analysis.  

¶ Chapter 8 draws a conclusion, describes the limitations, and makes some 

recommendations for further research.  

Half-hourly heat 
production and energy 

demand of heating 
technologies 4

Annual heat demand of 
dwellings

3

The heat supply options 
assessment model

6

Literature review

2

Introduction
1

Estimating the peak 
electricity demand for 

heating 
5

Developing heat decarbonisation pathways using cost analysis and the 
heat supply options assessment model 7

Conclusions
8

 

Figure 1-6: Structure of th is thesis 
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1.4  KEY CONTRIBUTIONS AND ACHIEVEMENTS 

Part of the work in this thesis was used to produce deliverables for the zero2050 

project. The zero2050 project was led by National Grid ( www.zero2050.co.uk/)  and 

looked at ways to achieve carbon neutrality 3 in South Wales across all sectors by 2050. 

Dr Meysam Qadrdan and myself were responsible for the work  package, which used the 

following output s fr om this thesis:  

¶ Producing a baseline of the residential heat demand in Cardiff, Swansea and 

Newport in 2018, and projecting their values for 2030, 2040 and 2050.  It 

included a breakdown of annual heat demand for different dwelling categories.   

¶ Defining two heat decarbonisation pathways for South  Wales.  

¶ Synthesising half-hourly heat production and energy consumption for these three  

local authorities for the two heat decarbonisation pathways for 2030, 2040 and 

2050. 

¶ Estimating the peak electricit y demand for heating in all scenarios.  

Other contributions include the publication of the following papers:  

¶ Canet, A., Qadrdan, M. and Jenkins, N. 2021.  Heat demand mapping and assessment 

of heat supply options f or local areas ð the case study of Neath Port 

Talbot . Energy 217, article number: 119298. ( 10.1016/j.energy.2020.119298 ) 

¶ Seward, W., Canet, A. and Qadrdan, M. 2020.  Spatially explicit scenarios for 

decarbonising heat in domestic buildings . Presented at: 55th International 

Universities Power Engineering Conference (UPEC 2020), Virtual - Torino, Italy, 1 -4 

September 20202020 55th International Universities Power Engineering Conference 

(UPEC). IEEE pp. 1-6., ( 10.1109/UPEC49904.2020.9209775) 

¶ Database of the annual heat demand for 16 dwelling categories at LSOA level for 

England and Wales (on-going). The data is available on the UKERC website at the 

address https://doi.org/10.5286/ukerc.edc.000944 . The journal article describing 

the methodology used is being reviewed at the time of this PhD.  

  

 

 

3 CO2 neutrality refers to the balance between the emissions of greenhouse gases and their 
removal from the atmosphe re.  

http://www.zero2050.co.uk/)
http://orca.cf.ac.uk/136799
http://orca.cf.ac.uk/136799
http://orca.cf.ac.uk/136799
http://dx.doi.org/10.1016/j.energy.2020.119298
http://orca.cf.ac.uk/135256
http://orca.cf.ac.uk/135256
http://dx.doi.org/10.1109/UPEC49904.2020.9209775
https://doi.org/10.5286/ukerc.edc.000944
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2 Literature Review 

2.1  INTRODUCTION 

The final energy demand for space heating and domestic hot water in the UK domestic 

sector in 2018 was close to 400 TWhthermal , which was supplied by natural gas at 84% [4] . 

Given the time pressure to reach  the 2050 target for carbon neutrality, a large number 

of reports and analyses have aimed to describe heat decarbonisation pathways  while  

focusing on a range of heat supply options. In this section, the heat decarbonisation 

pathways for the UK and Wales will be  reviewed. Methods to estimate heat demand, 

synthesise heat demand profiles and the modelling tools for heat planning that are used 

in the literature to develop and study the impacts of heat decarbonisation pathways w ill  

also be described to identify  any gaps and challenges in the literature . 

2.2  HEAT DECARBONISATION STRATEGIES 

2.2.1  Heat Decarbonisation Strategies in the United Kingdom  

The heat decarbonisation pathways that were published before the announcement of 

the GBõs contribution to carbon neutrality by 2050 (27 June 2019) [15]  were often not 

compatible with this new target. In 2015, Chaudry et al. [16]  reviewed the UK heat 

decarbonisation pathways that were compatible with the previous target (80% carbon 

emissions reduction by 2050) to study the uncertainties surrounding heat 

decarbonisation. Although some pathways would come close to carbon neutrality , such 

as the electrification pathways produced by Delta -EE in 2012 [17]  that  reached a 96% 

reduction com pared to the 2010 level ,  they all  still predict some use of fossil fuel s for 

heating by 2050.  

The carbon-neutral pathways from the three sources that are  described in this section 

cover a range of different heat supply options , including 11 pathways from the Future 

Energy Scenarios 2020 (FES) [18], the òdevelopment of t rajectories for residential heat 

decarbonisation to inform the sixth carbon budgetó by Element Energy (EE) [19]  and the 

òanalysis of alternative UK heat decarbonisation pathwaysó from Imperial College for 

the CCC [20] . Although t hese three sources had different s copes, they all included the 

residential heat sector : the  FES looked at the whole system, while  EE and CCC focused 

on residential heat.   
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Table 2-1 describes the characteristics of the 11 pathways studied in this section. 

Overall, the 11 heat decarbonisation pathways fell into three main categories , as 

follows :  

- Electrification pathways ,  which assume a large share of electricity -based 

heating technologies (e.g., heat pumps and resistance heaters).  

- Hydrogen pathways,  which assume that a large share of the dwelling s that are 

currently connected to the natural gas grid will be using hydrogen . 

- Hybrid pathways ,  which are more balanced pathways where the choice of the 

main energy source for heat can change to conduct some arbitrage, overcome 

extreme events ( e.g., cold temperature spell s) and/or provide a solution to start 

decarbonising heat with out choosing between electrification and hydrogen 

pathways. 

A description of each of these heating technolog ies is available in Appendix A. 

Table 2-1: List of the main heat decarbonisation pathways described in this study.  The category of each 
pathway is also included : Electrification (E), Hydrogen (H2) and Hybrid (H).  

Pathways Description Category Source 

EE BP Balanced pathway (BP) with a high level  of 

electrification from Element Energy report [19] .  

E Element 

Energy 

for BEIS 

EE T Tailwind (T) pathway shows significant behaviour 

changes with a high level  of innovation to achieve 

carbon neutrality before 2050 [19] . 

H Element 

Energy 

for BEIS 

EE WE Widespread engagement (WE) assumes that there 

will be  a high number of changes in peopleõs 

behaviour resulting in significant demand reduction 

[19] . 

E Element 

Energy 

for BEIS 

EE H The headwinds (H) pathway shows slow changes in 

behaviour and technologies to rely on hydrogen and 

CCS [19] . 

H Element 

Energy 

for BEIS 

EE WI Widespread innovation (WI) involves the 

development of carbon mitigation technologies and 

measures, which lead to a decrease in cost and a 

higher level of electrification [19]. 

E Element 

Energy 

for BEIS 
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Pathways Description Category Source 

FES20 ST System transformation (ST) relies on hydrogen for 

heating, similar to EE H [18] . 

H2 National 

Grid 

ESO 

FES20 CT Consumer transformation (CT) shows a high share 

of electrified heating and a change in consumer 

behaviour [18] . 

E National 

Grid 

ESO 

FES20 LTW Leading the way (LTW) represents a fast 

decarbonisation pathway with a mix of hydrogen 

and electrification for heating [18] . 

H2 National 

Grid 

ESO 

CCC H2 Hydrogen (H2) pathway shows a more extreme 

hydrogen pathway than EE H and FES ST with 

almost 80% of the heat supplied through it [20] . 

H2 Imperial 

College 

for the 

CCC 

CCC 

Electric  

Electrification pathway relies on individual heat 

pumps. It is similar to EE WE from a technology 

uptake point of view [20] . 

E Imperial 

College 

for the 

CCC 

CCC 

Hybrid 

Hybrid uses hybrid heat pumps supported by 

hydrogen boilers in most of the gas grid connected 

dwellings [20] .  

H Imperial 

College 

for the 

CCC 

 

The EE pathways represent a range of possible futures where the carbon emissions 

target is met. Each pathway has a set of assumption s regarding the change in peopleõs 

behaviour and the level of technological innovation. Detailed information regarding the 

type and number of energy efficiency measures implemented is provided  across all of 

the EE pathways. The authors found that these meas ures combined with behavioural 

change should decrease heat demand by 11 to 22%. 

In FES 2050 published in 2020 [18] , four  pathways are described but only three  are 

compatible with the carbon emissions target , which are:  Consumer Transformation (CT), 

Leading the Way (LTW) and System Transformation (ST). These three  pathways assume 

that  60% of homes will have an energy performance certificate (EPC)  of C or higher by 

2035 and that  80% of homes will be off the natural gas grid by 2045 . In the ST pathway,  

a hydrogen grid will be  delivering hydrogen to 50% of the dwellings by 2050.  The fourth  
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pathway, Steady Progression (SP), does not meet the emissions target and it has a large 

amount of natural gas still being used for heating and no significant uptake of carbon 

capture technology by 2050.  

The CCC looked at a set of measures that could be applied to reach  the 2030 carbon 

emissions targets in its report ôNext Steps for UK Heat Policyõ. All of these measures are 

considered to be ôlow regretsõ because they are independent of the long -term pathway 

chosen. In additi on to the increase of the energy efficiency requirements for new builds 

and the retrofitting of the existing stock (15%  heat demand savings are estimated to be 

cost-efficient), the development of low -carbon heat networks for urban area s and heat 

pumps for buildings not connected to the gas grid are proposed. The sources that have 

been considered for low-carbon heat networks are waste heat, large -scale heat pumps, 

geothermal heat and (potentially ) hydrogen [21] . The target of the three  CCC pathways 

[20]  described in Table 2-1 was heat demand, which is not supplied by the set of ôlow 

regretsõ measures that were previously mentioned. This is equivalent to supplying 71% 

of the remaining households with low -carbon heating technology. Th is report  concludes 

that CCC Hybrid using heat pumps with gas boilers offer s the least -cost solution  

(<90£ bn/year) . In contrast, t he CCC H2 has the highest cost (>120 £bn/year ). In terms 

of carbon savings, the CCC Hybrid and CCC Electric pathways offer the best opportunity 

to reduce carbon use to zero at a reasonable cost.  

There are several options in terms of technologies to achieve the 2050 carbon emissions 

targets for heat decarbonisation  in these 11 pathways. Figure 2-1 shows the heat supply 

mix of the pathways grouped into three categories: electrification, hydrogen and hybrid 

pathways.  

Electrification Hydrogen Hybrid  

Figure 2-1: Share of dwellings using different heating technologies in the studied pathways in 2050  
(source: [19]ð[21] ). 

Heat pumps are a common technology and are available as pure heat pumps (HPs) or 

hybrid heat pumps (HHPs) in all  of the pathways, regardless of the category  that  they 



13 
 

fall in to. HPs are mainly installed in dwellings  that are  not connected to the gas grid to 

replace carbon-intensive heating systems. This includes dwellings in areas where the gas 

grid has been decommissioned. Meanwhile, HHPs are mainly based on hydrogen boilers, 

and thus are installed in dwellings connected to the hydrogen grid. Across all of the 

pathways, a minimum of 36% of dwellings have heat pumps installed ; except in the CCC 

H2 pathway, where only 8% of the dwellings have heat pumps (less than 1% of the 

heating systems are currently heat pumps  [18] ).  

District heating also play s a role in all  of the pathways, with between 4 to 19% of the 

dwellings connected to the system (Currently, 2% of the dwellings in the UK are 

connected to district heating schemes [18] ).  Although t he large development of district 

heating has been considered, it has been dismissed as a potential solution in the CCC 

pathways. The large development of district heating  within the CCC H2 pathway is 

found to be significantly more costly than other pathways. For the other pathways, the 

difference between the original pathway and its equivalent with district heating is 

around 4 to 5%. This finding may be balanced with the results from other studies. For 

example, t he H2020 project Heat Roadmap Europe developed a pathway for the UK for 

2050 by focusing extensively on district heating [22] . Based on their assumptions, which 

include a 29% heat demand reduction, they find that it is  economically viable to have 

35% of the heat demand supplied through district heating and 65% of heat demand 

supplied from individual HPs.  

The push for district heating is supported by statistics  which show that an increa sed 

share of district heating allow s for more renewable energy  to be used in the heat 

sector, and thus offers more potential for decarbonisation as seen in Figure 2-2.  
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UK

 

Figure 2-2: Scatter -plot diagram showing the correlation between the share of heat supplied by district 
heating and the total amount of renewable heat by country ( source: figure from [23] ).  

The heat decarbonisation pathways that are presented here show some of the possible 

futures for the residential heat sector and the uncertainties associated with them. 

However, t here is no consensus regarding the future heat supply mix and the share of 

each technology, besides finding that HPs and district heating are likely to be part of 

the heating mix  in the future. One of the common findings from the heat 

decarbonisation pathways that were reviewed  was the requirement for energy 

efficiency measures.  

It is currently unclear how these national pathways would be translated t o local areas 

and if the same findings would be found regarding the choice of heat supply options  in 

each of them .  The viability of each decarbonisation option not only depends on their 

costs and performance but they are also significantly affected by the local 

circumstances, such as availability of space and level of insulation in buildings, heat 

demand density in an area [24] , the availability of waste heat [25]  and existing energy 

infrastructure (e.g. , connection to the gas grid and availab le capacity in the electricity 

network)  [26] .  

2.2.2  Heat Decarbonisation Strategies in Wales  

Several stakeholders have looked at heat decarbonisation in local areas  in Wales, such 

as Western Power Distribution (WPD) with the distribution future energy scenarios 

(DFES), and the Welsh Government and National Grid with the zero2050 project . This 

thesis will present some of the results  from the zero2050 project . 

In the DFES, WPD describes the implications of  the FES pathways for  the UK (which are 

shown in Section 2.2.1) for the  distribution network operators (DNOs)  area (e.g. ,  South 
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Wales). However, this report  focuses on individual electricity -based technologies and 

thus contains no information regarding th e share of hydrogen boilers installed or district 

heating by 2050. Figure 2-3 shows the supplied areas by WPD in South-Wales. 

The lack of comprehensive studies includin g other  heating technologies may result in 

lack of planning , risks and missed opportunities for South-Wales.  

 

 

Figure 2-3: Areas supplied by WPD in South Wales are outlined in red (picture from [27] ) 

Figure 2-4 shows the share of dwellings using different heating technologies for the 

three  DFES pathways, which is  equivalent to the FES pathways shown in Figure 2-1. The 

share of HPs in the FES Consumer Transformation (CT) pathways is 58%, and it reaches 

64% in the DFES equivalent. Similar observations are made for the Leading The Way 

(LTW) and System Transformation (ST) pathways. This is explained by a lower share of 

dwellings connected to the gas grid in South Wales than in the UK. This characteristic 

also means that there is  a lower share of HHPs installed across all  of the  DFES pathways 

compared to the national FES pathways.   
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Figure 2-4: Share of dwellings in the DFES pathways for the WPD supply area in South Wales: Consumer 
Transformation ( CT), Leading The Way (LTW) and System Transformation (ST).  

The information of the DFES pathways is available for each electricity supply area (ESA) 

of WPD in South Wales. The ESA areas include all of the customers connected at be low 

33 kV. While t his is helpful from a planning perspective for WPD , it cannot be easily 

used by other stakeholders because the geographical areas that are used for national 

statistics are different ( e.g., OA, LSOA, or MSOA) or the ESAs are too large.  

Figure 2-5 gives a map of Wales that includes  the district heating network priority areas  

that have been  identified by the Welsh government [28] , this includes most of the large 

cities. However, no more details are provided regarding where  the district heating 

network may be developed in th ese cities .  

In 2020, there were eight  projects in different stage s of development in Wales [29],  

including one in Cardiff using energy from waste and one in Bridgend using mine water.  

 

Figure 2-5: Map of Wales with cities identified as a key area for the development of district heating 
schemes (source: figure from  [9]).  
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There is a growing interest in developing heat decarbonisation in Wales. However, the 

local authorities do not provid e a clear strategy for heat decarbonisation. This includes 

the 16 local authorities that have declared a  climate emergency (7 March 2021). 

Although most of the se local authorities have  a target to be carbon neutral by 2030 , 

they all lack  a current plan  of how to get there. One  of the  main barrier s to the 

development of these plans is the lack of data, includ ing heat demand data.  

2.3  STUDIES TO ESTIMATE HEAT DEMAND 

Analysis of local heat supply options requires an estimate of the heat demand from the 

building stock. However, t his is challenging due to the limited amount of measured heat 

demand data available at fi ne resolution and the lack of consistent building stock 

information across different areas.  

Several methodologies have been used to estimate heat demand in the UK at different 

spatial scales. At the national level, Watson et al .  [30]  combined daily aggregate gas 

demand for the whole GB and data from a trial project to produce a half -hourly heat 

demand profiles for GB. This method is suitable to estimat e aggregate heat demand at 

the national level due to the large share of gas boilers in GB. However, it is not suitable 

for estimating heat demand at finer spatial resolution (e.g. ,  local authority, MSOA and 

LSOA), due to significant variations in the share of heating technologies.  

In [31] , the authors used gas consumption data, available at the LSOA level [32] , to 

estimate the domestic heat demand. This method provides a good approximation of the 

heat demand for those LSOAs in which gas boilers are the dominant heating technology.  

An alternative approach is presented in [33] , which  combines building stock information 

from the Ordnance Survey [34], EPC data and a modelling approach derived from SAP to 

estimate heat demand at the LSOA level. However, t his methodology requires extensive 

use of geospatial software and was shown not to be very accurate when compared with 

published data by BEIS [32] . 

As part of the Heat Roadmap Europe project, Moller et al. [35]  developed a pan-

European atlas of heat demand with a grid of 100x100m cells. For each cell, the 

national heat dema nd for each country was distributed based on quantitative mapping 

using geospatial methods and an extrapolation of the characteristics of the Danish 

building stock. This approach has the advantage s of providing heat demand at fine 

spatial resolution and be ing replicable in other countries. However, it does not offer a 

detailed representation of the building stock , which could impact the outcomes of the 
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model, and it is difficult to overlay the findings of this study on to UK geographic areas 

(i.e. , LSOAs). 

Figure 2-6 gives a summary of the characteristics of the se methods based on the 

resolution of the heat demand data and the details of the building stock model that can 

be developed from it. Top -down approaches are used to produce the heat 

decarbonisation pathways presented in Section  2.2.1. Heat demand may be represented 

by a single number or by a simple building stock model. Meanwhile, bottom -up 

approaches are used for studies where the change in accuracy or better represen tation 

of the building stock may lead to different outcomes.  
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Figure 2-6: Methods to estimate heat demand at different resolution s and their capability to produce a 
detailed building stock model  

2.4  REVIEW OF METHODS TO SYNTHESISE HEAT DEMAND 

PROFILES TO STUDY HEAT DECARBONISATION PATHWAYS  

In addition to estimating the annual heat demand to analyse the heat supply options,  

the heat demand profiles of heating technologies are used to assess the potential costs 

of the different heat decarbonisation pathways on the energy system. Hence, the 

capability of these profiles to correctly reflect the usage pattern and the peak demand 

of each heati ng technology is critical.  

The magnitude and shape of the heat demand profile for a building can be 

characterised by considering the dwelling õs features ( e.g.,  size of the building, type, 

etc.), its energy performance, occupancy schedule and also the type  of heating 
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technology. The two main approaches to produce these profiles that are identified in 

the literature are the building physics approach and the statistical approach using 

measured data (which is often referred to as the data -driven approach).   

Delta -EE used a building physics model to study the electrification of heat in the 

Scottish power system [36] . Figure 2-7 shows the undiversified and diversified load 

profile of an air-to-water source heat pump (ASHP). The diversified profile accounts for 

several parameters, including occupancy schedule. A decrease of 20% of the peak load is 

observed when comparing the diversified load profile with the undiversified load. The 

minimum load during off -peak hours is close to zero in the two profiles. However, it  is 

unlikely that  in a group of thousands of ASHPs, no ASHPs would be running during these 

hours. Therefore,  this profile is unrealistic because it underestimat es the baseload. The 

timing and the size of the peak load are similar to other studies , as seen on p. 25 of the 

report [36] .   

 

Figure 2-7: Undiversified and diversified high -temperature (HT) ASHP electricity load profiles in a semi -
detached house for space heating and hot water from Delta -EE (source: figure from [36] ) 

Another  model, called CREST, is used to represent the thermal -electrical demand of the 

residential sector  at high resolution (<1min)  [37] . It combines several sub-models 

synthesising electrical demand, thermal  demand and hot water demand , with an 

occupancy model mimicking the behaviour of users. This type of model is useful when 

no other data is available  or for specific study requiring high resolution data , but it has 

limitations  that would need to be considered when doing energy modelling . The 

limitations include the  parameters to calibrate the models  such as the characteristics 

dwellings to model, the behaviours of users, the amount of diversity  to consider, etc . 

Figure 2-8 shows the gas demand of 104 dwellings for a winter day modelled  using 

CREST compared to two sources of data: EDRP and Carbon Trust. The CREST gas demand 

data is peaking in the morning whereas the EDRP data, which is considered by the 

authors as representative of the UK average is peaking in the afternoon.  There are also 
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occurrences where the CREST gas demand data is 0 similarly to the previous model  used 

by Delta-EE. 

 

Figure 2-8: Gas demand profiles produced by the CREST model (model), the EDRP and the Carbon Trust 
(source: figure from  [37]) 

Fisher et al. [38]  use a combination of a building physical model  and a behavioural 

model to produce space heating and domestic hot water demand profiles for dwe llings 

in Germany. The results are compared with hourly measured data for a day and  they 

show that the total daily energy demand is accurately captured but peaks are 

underestimated during some of the day. In particular, the synthesised peak in the late 

morning is 5 to 45% lower than the peak of the measured data.  

The same method was used to produce heat demand profiles of HPs in some European 

countries[39] . The synthesised daily energy demand was validated using UK gas demand 

data but not the hourly profiles.  

Overall, the physical model of a building provides an understanding of the annual heat 

demand but will often fail to synthesise realistic heat demand prof iles. A statistical 

approach using measured data from real systems can be used to overcome this problem. 

The measured data embeds information about the occupancy schedule, occupantsõ 

behaviour regarding the control of their heating system and the diversity  factor of the 

group of units , which can be extracted by a statistical model and used to synthesise 

heat demand profiles.  

In [40] , Sansom used micro-CHP units and gas boiler gas consumption data from a trial 

of 71 dwellings to derive half -hourly heat demand for the UK. The profiles of  the 

micro-CHP units are used as an approximation of the profiles for electricity -based 

heating technologies to overcome the lack of available data at the time. A similar 

approach was used in [41]  to study the impac ts of the electrification of heat in the UK, 

except that measured data from a district heating scheme was used.  

The results from Sansom [40]  were enhanced by using the gas consumption data of gas 

boilers from a larger trial to refine the UK heat demand profile [30] . The new profile 
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showed a decrease of 40% of the estimated half -hourly peak heat demand compared 

with the original profile.  

The methods that are used to synthesise electri city demand profiles are also relevant 

because the same approach can be used for heat demand profiles. A review of the 

different methods of the statistical approach using measured data can be found in  [42] . 

This study also describes some of the main methods, including artificial neural network, 

support vector machine, decision tree and stat istics regression techniques.  

Jenkins et al. [43]  use a Hidden-Markov model to synthesise electricity demand profiles 

at minute resolution for a single dwelling and then compare the aggregated results. 

With the correct input data and assumptions, heat demand profiles can be synthesised.  

From this review, it can be seen that building physics models are a good option to 

estimate the heat demand of dwellings at low resolution but will fall short when 

synthesising hourly or higher resolution profiles. M eanwhile, m odels built using 

measured data based on a statistical approach can provide better estimation if provided 

with sufficient data.   

Measure data can also be used to extract information about the characteristics of 

heating systems, such as After Diversity Maximum Demand (ADMD), peak time a nd 

patterns. Wang et al. [44]  use half-hourly gas and electricity from 18,370 dwellings to 

extract these characteristics to inform the sizing of district heating schemes. The same 

information can be used to estimate the peak heat demand produced by a group of 

dwellings using gas boilers. Similarly, Love et al. [45]  use 2min resolution electricity 

consumption data from a heat  pump trial to estimate the additional half -hourly peak 

electricity demand created by uptake of HPs in GB. They find that the ADMD of HPs is 

around 1.7 kWe, and that  the GB peak will increase by 14% with an uptake of 20% . 

2.5  MODELS TO STUDY THE DECARBONISATION OF HEAT 

The challenge of decarbonising heat has led to a growing number of research studies in 

the heating sector. Several approaches have been developed and the heat supply 

options have been shown to be impacted by mode lling assumptions, including spatial 

resolution and details of the building stock.  

The impact of spatial resolution on the outcomes of a model to optimise heat supply 

options in urban areas was demonstrated in [31] . The uptake of district heating 

networks in the UK was assessed using data at three levels of spatial resolution , as 

follows : LSOAs, MSOAs and local authorities. The results of this model showed a 20% 
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increase in the number of dwellings connected to district heating networks when using 

LSOA compared to MSOA as the spatial resolution. Using LSOA instead of local authority 

area as the spatial resolution resulted in a 30% increase in the number of dwellings 

connected to heat networks.  

Dodds et al. showed in[46]  that the use of a more detailed building stock model would 

have a direct impact on the heat supply options. The outcomes from two versions of the 

MARKAL model were compared: the base version and a revised version that  included a 

simplified housing stock model. The disaggregated results from the revised version show 

the impact of the house type on the selected heat technologies , whil e providing similar 

aggregated heat demand with the base version of the model.  

A limited nu mber of studies have investigated heat decarbonisation in local areas 

considering fine spatial resolution with a detailed representation of the building stock. 

Scamman et al. in [47]  reviewed the models that have  recently  been used to assess the 

UK heat decarbonisation strategy and only the model used in [31]  was found to be 

suitable. Outside the UK, additional models were found to optimise heat supply options 

by individual buildings, sectors or areas.  

The heat supply options for 69 buildings near Porto, Portugal were assessed [48] . For 

each building, the heat demand and the temporal profiles were estimated and 

simulated in five scenarios. The results suggested that district heating using waste heat 

and individual HPs with photovoltaic panels were the best cost -competitive options.  

The authors of [49]  investigated scenarios including different levels of expansion of t he 

existing district heating network, individual heating systems and heat savings for 

Helsingør in Denmark. They divided the local authority into smaller areas based on the 

heat density and the proximity to the existing district heating. By simulating eigh t 

scenarios and using a least-cost approach, they suggested that an expansion of 39% of 

the district heating and 39% heat savings could be reached.  

Additional studies focusing solely on district heating used similar approaches. Several 

heat decarbonisatio n scenarios for an existing district heating  project  in a German city 

were analysed by [50] . An energy dispatch model with the heat demand represented by 

a single node was used and the results suggest that large -scale HPs integrated into 

district heating  can help with heat decarbonisation but their viability depends on 

electricity and CO2 prices. Using a heat demand atlas , the authors in  [35]  built  a custom 

model to assess the areas viable for district heating by aggregating the results from 
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each 100x100m cells [51] . The results show that  in the countries considered , 59% of the 

2015 heat demand is economically viable to be supplied by district heating.  

2.6  SUMMARY OF THE CHALLENGES 

This review of the heat decarbonisation pathways for the UK and Wales showed that the 

heat-supply mixes have a very different share of individual HPs, individual hy drogen 

boilers, individual hybrid systems and district heating. It  also shows the uncertainties 

and the lack of consensus regarding how to decarbonise heat. This is reflected at a local 

level in Wales, where no local authority has a detailed plan to decarb onise the 

residential heat sector.  

In terms of technical challenges, a review of  the methods and models used in heat 

decarbonisation studies has shown that:  

¶ There are heat decarbonisation pathways  available at the national level  but there is 

no information about how these pathways would be translated to local areas , except 

the work done on the el ectrification of heat by DNOs. This lack of methodology 

makes it difficult for local areas to develop their own heat decarbonisation 

pathways and investigate their impacts on the local energy infrastructure . 

¶ Residential heat demand data availability at high resolution is scarce. Several 

methods to estimate heat demand in local areas exist but there is a need for a 

method that does not rely  purely on gas data, and which provides heat demand data 

at high resolution as well as information regarding the building stock.  This type of 

data is crucial to create  a baseline of the current system and develop heat 

decarbonisation pathways based on the specificities of the area.   

¶ Heat demand profiles for different heat technologies are not currently available . 

These are essential to estimate the peak energy demand and the timing of the 

demand of heat decarbonisation pathways , and to quantify their impacts on the 

energy infrastructures. Currently, the use of a single heating technology profile to 

approximate the profiles of other t echnologies leads to significant errors  in the 

estimation of the impacts of the uptake of  some heating technologies such as heat 

pumps. 

¶ The models to assess the viability of heat supply options  either focus on a single 

heating technology, do not use a deta iled building stock model, or are not flexible 

enough to use high-resolution heat demand data. This makes it difficult to develop 

heat decarbonisation pathways for local areas without having a bias toward specific 

heating technologies.  
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3 Annual Heat Demand for Dwellings 

3.1  INTRODUCTION 

The literature review showed that analysis of local heat supply options requires an 

estimate of the heat demand from the dwelling stock. However, t his can be difficult 

because of the limited amount of measured heat demand data available at fine 

resolution and also because of the lack of consistent building stock information across 

different areas.  

In this chapter, I will describe a  method to estimat e the annual heat demand for  

dwellings at fine spatial resolution for different categories of dwellings , before and 

after implementing potential energy efficiency measures. Th is method w ill then be  

demonstrated in case studies of the local authorities of Cardiff, Swansea and Newport.  

3.2  METHODOLOGY 

Building stock data and energy performance information of dwellings were used  to 

estimat e the annual heat demand of dwellings in the local area. The annual heat 

demand of the existing building stock with and without energy efficiency improvements 

was then calculated.  

The total annual heat demand for a local area was derived by multiplying the average 

annual heat demand of each dwelling category  by the number of  dwellings in the area in  

that dwelling category and then aggregating the results. In thi s project, 16 dwelling 

categories were used, with a dwelling category  being the combination of a dwelling 

type ( i.e., detached, semi -detached, terraced and flat) and a heating system ( i.e., 

natural gas boiler, resistance heater, biomass boiler and oil boil er).  

Energy Performance Certificates (EPC) were used to estimate the annual heat demand 

of different dwelling categories  within a local area for a typical year . Figure 3-1 shows 

an EPC for a detached house with a current energy efficiency rating of 45 (band E) and a 

potential energy efficiency rating of 69 (band C ) - on a scale from 0 (band G) the worst, 

to 100 (band A) the best.  The space heating and hot water demand considering current 

and potential energy efficiency ratings are also estimated in the EPC.  
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Figure 3-1: Example of an EPC for a detached house [52]  

The EPC database for all local authorities (with spatial resolution at postcode level) in 

England and Wales was downloaded from the open data communities platform  [52]. The 

data were cleaned , and outliers were removed. The cleaning process entailed:  

1. Removing the EPCs where the potential heating cost is more than 10% higher 

than the current heating cost. For a dwelling, the energy efficiency measures 

recommended on an EPC can decrease the heat gains from appliances (i.e., 

switching to LED lights) increasing the heat demand to be supplied by the 

heating system and thus the heating cost.  

2. Using 15 kWh/m2 as the minimum threshold for the heat consumption of a 

dwelling, which is equivalent to a passivHus requirement.  

3. Using 400 kWh/m2 as the maximum threshold for the heat consump tion in a 

dwelling.  

4. Removing the dwellings with  an unspecified number of rooms.  

5. Grouping the EPCs into dwelling categories. The dwellingsõ postcodes were also 

used to link them to an LSOA, MSOA and LA using a lookup table published by the 

ONS [53] . 
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Figure 3-2 illustrates the methodology that was used to calculate the residential  annual 

heat demand of each dwelling category of an LSOA using the cleaned EPC database, 

which includes the following step s: 

1. The average heat demand was calculated for each dwelling category from the 

cost for heat demand displayed on the EPCs which was converted using 2016 SAP 

fuel prices 4 and the efficiencies of heating systems shown in the Appendix F.4, 

2. Given that not all the dwellings in a LSOA have an EPC (an EPC is not mandatory 

and is mostly performed when a dwelling is sold or rented) , when the number of 

EPCs for a dwelling category was too low to estimate the average heat demand, 

the average heat demand for this dwelling category was calculated by running 

steps 1 to 3 for an extended geographical area ( i.e., MSOA, LA, and Country).  

3. The annual heat demand of each dwelling category was calculated.  

4. The residential heat demand of the LSOA was calculated by aggregating the 

annual heat demand for all the dwelling categories in the LSOA.  

In this paper, t his is described as the EPC-based method.   
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Figure 3-2: The process used to estimate the heat demand of a n LSOA. 

 

 

4 Fuel prices used are available at this address: 
https://www.bre.co.uk/filelibrary/SAP/2012/RdSAP -fuel -prices-from-January-2018.xlsx 
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3.3  ANNUAL HEAT DEMAND OF DWELLINGS IN CARDIFF,  

SWANSEA AND NEWPORT 

The EPC-based method was used to calculate the annual heat demand before and after 

energy efficiency measures for the LSOAs of Cardiff, Swansea and Newport. For each 

LSOA, the number of dwellings, their types and their heating systems were extracted 

from t he census data for  2011 [1] . This data was available for 2011 and was projected 

to 2018 based on the change in the number of dwellings  published by [54] . The share of 

dwellings in each dwelling catego ry was kept the same between 2011 and 2018..  

Figure 3-3 shows the number of heating installations by dwelling type in Cardiff, 

Swansea and Newport in 2018. The gas boiler is the dominant heating technology. Semi -

detached and terraced dwellings are the main dwelling types. In total , there  were 

153,106 dwellings in Cardiff, 108,790 in Swansea and 65,117 in Newport  in 2018. 

The combination of dwelling types and heating technologies defined 16 dwelling 

categories for which annual heat demand was estimated.  

 

Figure 3-3: Heating technology by dwelling type in Cardiff, Swansea and Newport in 2018  

Figure 3-4 shows the number of EPCs that are used as an input to the EPC-based method 

to calculate the average annual heat demand of each dwelling catego ry for the three 

local authorities. Note that t he small number of EPCs for dwelling categories such as 
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òdetached biomass boileró increases the potential for extreme values. For instance, in a  

local authority where the average annual heat demand for  detached dwellings with 

biomass boilers is 15,000 kWh, there is a LSOA where there are four of these dwellings. 

Three of them have a heat demand of 15,000 kWh and one has a demand of 

80,000 kWh, the average heat demand of this dwelling category in this LSOA will be 

31,250 kWh. It is more than twice  higher than t he average of the annual heat demand of 

this building category in the local authority. With higher number of dwellings of the 

same dwelling category in each LSOA, this type of differences would be minimised and 

the average heat demand in each LSOA will be closer to the average heat demand of the 

local authority.  

 

Figure 3-4: Number of EPC entries used to calculate th e annual heat demand of each dwelling category in 
Cardiff, Swansea and Newport.  

There were individual  dwellings with multiple EPCs  associated to them.  The same 

dwelling could have had multiple EPC s done over the years. These duplicates were not 

removed from the input data to the EPC -based method because they were not expected 

to have major impacts on the results. Table 3-1 shows the difference in the number of 

EPCs when considering duplicates.  It  would decrease the size of the input data by 

between 41 to 33% across the three local authorities  compared to the total number of 

EPCs.  

It is not clear what may be the impacts of r emoving these duplicates on the estimat ed 

annual heat demand before considering energy efficiency measures . For a dwelling, t he 

most recent the EPC may show that the EPC with the lowest heat consumption due to 

energy efficiency measures being implemented. However, i t may be also possible that 

the dwellings have deteriorated with tim e which made their heat consumption increase. 

Further analysis would need to be conducted to estimate what would happen to the 
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estimated annual heat demand by removing duplicates . No large difference is expected 

for the estimated annual heat after considering energy efficiency measures.  

Table 3-1: Comparison of the n umber of EPCs with and without duplicates in Cardiff, Swansea and 
Newport.  

 Cardiff  Swansea Newport 

Number of EPC 

entries (with 

duplicates)   

65,648 38,060 20,273 

Number of EPC 

entries (without 

duplicates)  

38,647 25,373 13,527 

 

3.3.1  Annual Heat Demand Before Energy Efficiency Improvements  

Figure 3-5 shows the estimated average annual heat demand before energy efficiency 

improvements of the 16 dwelling categories in Cardiff, Swansea and Newport. Detached 

houses have the highest annual heat demand on average, followed by semi -detached 

houses, terraced houses and flats. Within dwelling categories with the same dwelling 

type (e.g. ,  detached), the annual heat demand varie s depending on the heating system 

used. This can be explained by the underlying attributes , such as the age of the 

dwelling, the gross internal area, and the energy efficiency level. For instance, 

detached houses with resistance heaters are on average smaller in size and more 

energy-efficient than detached houses with oil boilers  according to the EPC data. 

The variation in the average annual heat demand by location for the same dwelling 

category may be explained by the small numbers of EPC for these dwellin g categories in 

some LSOAs and across the entire local authority (see Figure 3-4). The largest variation s 

are seen for detached and semi-detached houses where the annual heat demand can be 

up to 8 times higher than the average.  
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Figure 3-5: Boxplot  of the  annual heat demand before energy efficiency improvements of the 16 dwelling 
categories by LSOA in Cardiff, Swansea and Newport.  

Figure 3-6 to Figure 3-8 show the maps of the annual heat demand of dwellings by LSOA 

calculated using the EPC-based method for Cardiff, Swansea and Newport in 2018. This  

method combined the number of dwellings in each dwelling category ( Figure 3-3) with 

the average annual heat demand before energy efficiency improvements of the 16 

dwelling categories ( Figure 3-5).  

The annual heat demand of dwellings for the three cities in 2018 was estimated at 

Cardiff: 1,981  GWh, Swansea: 1,562  GWh and Newport: 906  GWh. This represents an 

average annual heat demand of 12,900 kWh per dwelling in Cardiff, 14,400  kWh in 

Swansea and 13,900 kWh in Newport. Despite these similarities, the heat demand 

density, based on the geographical area of the LSOAs, varies from close to 0  kWh/m 2 in 

some LSOAs to more than 120 kWh/m 2 in others.  These characteristics will impact the 

suitability of heat supply options , such as district heating networks.  
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Figure 3-6: Intensity map of the estimated residential annual heat demand  in MWh before energy 
efficiency improvements by LSOA in 2018 for Cardiff.  

 

  

Figure 3-7: Intensity map of the estimated residential heat demand in MWh before energy efficiency 
improvements by LSOA in 2018 for Swansea. 
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Figure 3-8: Intensity map of the estimated residential heat demand in MWh before energy efficiency 
improvements by LSOA in 2018 for Newport.  

3.3.2  Impact of Energy Efficiency Improvements on Heat Demand 

The potential of the  energy efficiency measures depends on the building stock and  

differ s by LSOA. By counting the number of EPCs in each band (e.g., A,B,C,D,E,F and G) 

that improved their  energy efficiency rating when considering energy efficiency 

improvements and by how much, the share of dwellings that can improve their current 

EPC rating was identified. Furthermore, using the potential space heating and hot water 

demand displayed in EPCs, the potential heat demand a fter energy efficiency measures 

was calculated and compared with the current values for each dwelling category using 

the EPC-based method described in 3.2 This was calculated using the cleaned EPC 

dataset that was used to estimate the current annual heat demand of each dwelling 

category.  

Figure 3-9 to Figure 3-11 show how the current EPC ratings of buildings in Cardiff, 

Swansea and Newport could be improved. Overall, 84% of buildings with an EPC in 

Cardiff have the potential to reach an energy efficiency rating equal to or above C. This 

ratio reaches 85% for Newport and 83% for Swansea. 
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Figure 3-9: Potential improvement in the energy efficiency of dwell ings with a valid EPC in Cardiff. 
Current ratings mean ratings before energy efficiency improvements and potential rating mean ratings 
after energy efficiency improvements.  

 

 

Figure 3-10: Potential improveme nt in the energy efficiency of dwellings with a valid EPC in Swansea. 
Current ratings mean ratings before energy efficiency improvements and potential rating mean ratings 
after energy efficiency improvements.  
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Figure 3-11: Potential improvement in the energy efficiency of dwellings with a valid EPC in Newport. 
Current ratings mean ratings before energy efficiency improvements and potential rating mean ratings 
after energy efficiency improvem ents.  

Figure 3-12 compares the average annual heat demand of each dwelling category in 

Cardiff, Swansea and Newport before and after energy efficiency i mprovements. Based 

on the 2018 building stock data  for these local authorities, if all  of the recommended 

energy efficiency measures in EPCs were to be implemented, the n the annual heat 

demand would decrease by on average 30% in Cardiff and Newport,  and 32% in Swansea. 
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Figure 3-12: Average annual heat demand by dwelling category based on current and potential energy costs 
in Cardiff, Swansea and Newport.  

3.3.3  Validation of the Results of the EPC -based Method  

The estimated annual heat demand before energy efficiency improvements (shown in 

Figure 3-5) were compared to two external sources for validation. The first source was 

used to compare the annual heat demand of dwellings by heating fuel and the second 

source compared the heat demand f rom gas at LSOA level. 

3.3.3.1  Comparison with the Average Residential Heat Demand by Fuels from the 

Study by the Centre for Sustainable Energy (CSE)  

The Centre for Sustainable Energy (CSE) studied the energy usage of different dwellings 

in Great Britain, based on  32,700 housing surveys. The outputs of this study included 

average annual heat demand by heating fuels: gas, electricity and non -metered fuels 

(e.g. , oil and biomass) [55] . Figure 3-13 shows a comparison of the heat demand from 

the CSE study with the estimated heat demand by heating fuels produced by the EPC -

based method (Figure 3-5).   

A comparison of the average annual heat demand shows that the values are in the same 

range. The largest discrepancy was observed for the non -metered  heated dwellings, 

where the annual heat demand from the CSE study is 22% lower than the output of the 
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EPC-based method applied to non -metered dwellings in Cardiff, Swansea and Newport. 

Two main reasons might explain this difference: the accuracy of the he at demand 

estimated in the EPC of non-metered buildings, and the assumptions for the efficiency 

rating of the heating technologies.   

 

Figure 3-13: Comparison of the average annual heat demand of dwellings heated with gas, electricity and 
non-metered fuels from the CSE report [55]  and the EPC-based method aggregated for Cardiff,  Swansea 
and Newport  

3.3.3.2  Comparison with Gas Demand Data  

Data on gas consumption in the residential sector at the LSOA level in England and 

Wales is published on the BEIS website [32] . This gas consumption data is calculated 

from gas supply points data received from gas shippers. The gas consumption data is 

weather corrected and matched with geographical areas. This gas consump tion data was  

then used to estimate heat demand for each LSOA and the result was  compared with 

heat demand produced by the EPC-based method. All of the heat demand data 

presented in this section is weather  corrected.  

The energy consumption statistics publ ished by BEIS [56]  show that 97.5% of the 

residential gas consumption is used for space heating and hot water. A report from 

Delta-EE [57]  suggested that gas boilers have an average efficiency of 84%. Hence, for 

each LSOA, gas consumption data was used to estimate annual heat demand through: 

 ὌὩὥὸ Ὢὶέά Ὣὥί ὄὉὍὛ Ὣὥί ὧέὲίόάὴὸὭέὲωχȢυϷ ψτϷ (1) 

Figure 3-14 to Figure 3-16 show the heat demand i n dwellings supplied by gas in 2018, 

which is derived from the EPC-based method and gas consumption data from BEIS. The 

values of the EPC-based method are consistently greater than the results produced from 

the BEIS data, but the two sets of data follow the same pattern. These differences 

might be explained by the decrease in the residential gas consumption that has 

happened almost continuously since 2010 due to a combination of factors , including 

efficiency measures, recession, increase in prices , and changes in building stock and 

household composition as shown in the data from BEIS [3] . This decrease might not be 
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fully reflected in the procedure used to create EPCs , and thus in the EPC-based method. 

In addition , BEIS pointed out that  there was missing or unallocated data , which could 

result in an underestimati on of the gas consumption in LSOAs [58] .  

Another explanation  is that the BEIS data may be weather corrected in a different way 

than the  EPC-based method data. In a methodology document , th e BEIS gas 

consumption data was mentioned to be òweather desensitisedó using adjustment factors 

provided by the gas industry [59]. Further investigations are required to establish if 

those factors are impacting the differences seen in the results.  

 

Figure 3-14: Scatter plot showing the heat supplied from gas for the same  LSOAs level in Cardiff using data 

published by BEIS for 2018 (Ў) and using the EPC-based method (έ).  

  

Figure 3-15: Scatter plot showing the heat supplied from gas for the same LSOAs level in Swansea using 
data published by BEIS for 2018 (Ў) and using the EPC-based method (έ).  
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Figure 3-16: Scatter plot showing the heat supplied from gas for the same  LSOAs level in Newport using 
data published by BEIS for 2018 (Ў) and using the EPC-based method (έ).  

Figure 3-17 shows the difference between the heat demand from gas using BEIS data 

compared to the EPC-based method in Cardiff, Swansea and Newport. The average 

difference is -24% for Cardiff,  and -27% for Swansea and Newport. 

 

Figure 3-17: Box plot showing the difference between heat demand derived from gas consumption data 
from BEIS for 2018 compared to the heat from gas calculated using the EPC -based method. 

These comparisons showed that the EPC-based method has potential and follow similar 

patterns than publicly available data . However, t here are known limitations to EPCs 

because of the methods used to produce them , the quality of the recording  [60]  and the 

potential impacts of the use of duplicated EPCs in the input data .  

EPCs assume a standard occupancy of the dwellings and thus do not consider potential 

differe nces in the behaviour of people and other socio -economic factors. These factors 

can have direct impact on the amount of heat demand.  

Removing the duplicates from the input data would be expected to decrease the current 

annual heat demand before energy effi ciency measures estimated in this study but no 

significant changes of the potential annual heat demand after energy efficiency 

measures are expected. Hence, t his could lead to an overestimation of t he amount of 

heat demand savings shown in this study.  
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3.4  SUMMARY 

A method was proposed to estimate annual heat demand before and after energy 

efficiency improvements using a bottom -up approach. This method was demonstrated 

on case studies of the local authorities of Cardiff, Swansea and Newport but can be 

applied in any other local areas in which relevant data are available.  

For these local authorities, Table 3-2 summarises the results. It shows that the average 

heat demand of dwelling categories before energy efficiency improvements vary from 

3,000 kWh to more than 35,000 kWh, due to differences in dw elling types and heating 

technology. These values were validated against external sources , which gave 

confidence in the results.  

Table 3-2: Average annual heat demand by dwelling category estimated using the E PC-based method and 
valid EPCs from Cardiff, Swansea and Newport  

Average annual heat demand  

[kWh] 

Heating systems 

Gas boiler Resistance heater Oil boiler  Biomass boiler 

D
w

e
lli

n
g

 t
y
p

e
s

 

Detached 18,850 8,093 30,990 24,712 

Semi-detached 15,720 6,569 21,394 11,486 

Terraced 13,620 6,069 12,761 12,810 

Flat 8,447 3,041 8,110 7,527 

 

The different number of dwellings and share of each dwelling category in LSOAs showed 

that their heat demand density , based on the geographical area of the LSOAs, ranges 

from 0 kWh/m 2 to more than 120  kWh/m 2, and their total heat demand ranges from 

2,000 MWh to more than 20,000 MWh.  

Energy efficiency measures for dwellings were estimated to have the potential to save 

30% of the current heat demand. This is the equivalent of bringing more than 80% of the 

dwelling stock to an EPC rating of C.  

With a more detailed knowledge of the dwell ing stock and its characteristics at the 

LSOA level, it is possible to assess the impacts of different heat supply options on the 

energy system. However, to assess the impacts on the networks, more granular  

consumption data is required because annual data do not provide sufficient information , 

such as the peak energy demand or the daily energy consumption.  
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4 Half-hourly Heat Production and Energy 
Demand for Heating Technologies 

4.1  INTRODUCTION 

The magnitude and shape of the heat demand profile for a dwelling depends on the 

dwellingõs form, its size, its energy efficiency, the occupancy schedule and the type of 

heating technology. While the EPC of a building can provide an understanding of its 

annual heat demand (Chapter  3), using measured data from heating systems to train a 

model is an effective approach to synthesise half -hourly heat production and energy 

consumption by considering the key factors that influenc e the shape of the heat 

demand profile.  

Figure 4-1 shows the structure of this chapter. This figure describes the  links between  

the measured data from several trials in the UK,  and the creation of models to derive 

the shape of half -hourly heat production and energy demand of four individual heating 

technologies: ASHP, ground source heat pump (GSHP), natural gas/hydrogen boiler ,  and 

resistance heater . In addition , a method to create  profiles for  district heating  was 

derived from the GSHP model. This chapter will describe the  methods that were used 

for each of these tasks.  

Two decarbonisation pathways will be  defined for the case studies  in Cardiff, Swansea 

and Newport . The models that are developed will be  used to synthesise half-hourly heat 

production and energy demand based on the heat demand from the  dwelling categories  

that were described in  Chapter 3 and assumptions regarding the uptake of different 

heating te chnologies.  
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Figure 4-1: Structure of this chapter  

4.2  MODELS TO SYNTHESISE NORMALISED HALF-HOURLY 

HEAT PRODUCTION AND ENERGY DEMAND OF INDIVIDUAL 

HEATING TECHNOLOGIES 

Four heating technologies were considered in this study: ASHPs, GSHPs, gas/hydrogen 

boilers and resistance heaters. A machine learning algorithm  was used to develop a 

model to synthesise half -hourly heat production . For each heating technology , a model 

was developed to synthesise half -hourly energy demand. The models were trained using 

time series data from domestic heating trial projects considering the most influential 

factors, including time and  outside air temperature  (OAT). The heat production and 

energy demand data of the trial projects were analysed before creating the models to 

understand the characteristics of each heating technology.  
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4.2.1  Methodology to Create the Models 

Figure 4-2 shows an overview of the steps followed to create the machine learning 

models for each heating technology. The same approach was used for the models that  

synthesised half-hourly heat productio n and the models that  synthesised half-hourly 

energy demand. The steps involved: 

1. Pre-processing of measured data from trials. More details of this step were 

given in the section discussing the input data to the machine learning models 

(see Section 4.2.2.1 ).  

2. Selecting of independent variables that have a significant influence on the 

target variable (heat production or energy demand).  Creating of the model 

and calibratin g of the hyperparameters of the model using a cross -validation 

procedure to improve accuracy using the original trial datasets. In machine 

learning, a hyperparameter is a parameter whose value is used to control the 

learning process. A cross-validation procedure is a testing procedure used to 

test and validate the effectiveness of a machine learning model. The most 

common approach, used in this study, consists of splitting the original 

dataset into 5 partitions, with each partiti on carrying 20% of the data. Data 

in 4 of the partitions is used to train the model and data in the remaining 

partition is used to test it. For each combination of training/testing 

partitions, the performance of the model is calculated and assessed. In thi s 

step, the original trial data is considered the ground truth.  

3. Testing of the performance of the model.  

The extreme gradient boosting algorithm that is implemented in the XGboost library 

[61]  was used to develop these models in Python. A gradient boosting algorithm  is based 

on an ensemble method where the results of several models are combined into one by 

minimising a loss function using a gradient descent algorithm. XGboost is an 

implementation of this algorithm , which combines predictions from several decision 

tre es with a gradient boosting algorithm [61] , and can be used to predict continuous or 

categorical data.   There are other machine learning algorithms that could have been 

used to get similar or potentially better performances.  The XGboost library was chosen 

because of its recognition in data science competitions and its large community  of 

users. 
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Figure 4-2: Steps to create the machine learning models that are used in  this study.  

The variables common to all the models created in this study include:  

¶ The half-hour of the day,  

¶ The day of the week,  

¶ The month of the year,  

¶ The daily average OAT, 

¶ The target variabl e (the half -hour heat production or energy demand).  

For the case of heat pumps (HPs), for which  the COP is impacted by the OAT, the 

approach shown in Figure 4-3 was used to synthesise the energy demand profile. A first 

model (Ὄὖ ) was created to synthesise the heat production  profile  (block 1) using the 

list of variables described previously . The profile produced with Ὄὖ  was used as an 

additional feature of a second model (Ὄὖ ) (block 2), to synthesise the 

electricity demand profile.  Besides this additional feature, the  Ὄὖ  model was 

created following the same process as the Ὄὖ  model.  

When producing the data, if the COP is below 1, the electricity prediction is set to be 

equal to the heat prediction  divided by the average daily COP of the trial datasets, 2.6 

for ASHPS and 2.75 for GSHPS.  
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Figure 4-3: Process to produce half -hourly  electricity  consumption and heat production  for HPs with two 
distin ct models Ὄὖ  and Ὄὖ  

In this study, an ensemble approach was used to create the model in Step 3 (Figure 4-2) 

where the predictions from different sub -models were combined to improve the 

accuracy of the final predictions.  

Figure 4-4 shows an example of this approach with two sub -models:  the Main model  

and an additional Model 99.  These models were used to predict the values of a target 

variable, either heat production or energy demand data . The Main model  was trained on 

the entire dataset , while  Model 99 was trained on a subset of the dataset that only 

included the target variable values above the 99 th percentile (other values were set to 

zero). When the predictions from the Main model were lower than the predictions from 

Model 99, they were replaced by the predictions from  Model 99. This was done to 

improve the predicted peak heat production and peak energy demand. The results  are 

referred to as combined predictions.  

On its own, t he Main model  provided an accurate estimate of the total heat production 

or energy demand (less than 1% error),  but the peak was underestimated by 6% to 17% 

(see Appendix D.4). To improve the performance of the method to predict peak heat 

production and energy demand, five sub -model combinations were  tested following the 

approach described in Figure 4-4, the combinations follow :  

1. Main model + Model 99;   

2. Main model + Model 95;   
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3. Main model + Model 90;   

4. Main model + Model 95 + Model 90; and,   

5. Main model + Model 99 + Model 95. 

Model 95 refers to a model trained with heat production values above the 95 th 

percentiles. Model 90 refers to a model trained with values  (energy demand or heat 

production)  above the 90th percentiles.  

The performances of the models synthesising heat production and the model s 

synthesising energy demand for each technology were analysed using two metrics 

calculated during the cross -validation procedure:  

¶ The first metric is total heat produced,  or energy consumed (the area under the 

curve). 

¶ The second metric is the coincidental peak for values above the 99% percentile. 

This error is calculated by comparing the model values in the synthesised dataset 

with values in the original trial dataset at the same timesteps. The timesteps are 

drawn from the  values of the original dataset above the 99 th percentile.  

The model synthesising heat production and the model synthesising energy demand with 

the lowest errors on the two metrics were selected and used in this study.  

 

Train

TrainMain model

Model 99

Predictions

ȣ

Predictions

ȣ

Input features:
¶ Time variables
¶ Outside air temperature
¶ Target variable

Input features:
¶ Time variables
¶ Outside air temperature
¶ Target variable with values above the 99th percentile

Combined 
predictions

If 

Then use

 

 

Figure 4-4: Flow chart of an example model that  combines the predictions of two sub -models to improve 

the accuracy in predicting peaks. ὗ is the predicted value of a model for time t with t=1,2,é, H. 

The final synthesised half-hourly heat production and energy demand were normalised . 

For example, the sum of the values of the synthesised heat production values were 



46 
 

equal to one whil e the synthesised energy demand was normalised based on the 

synthesised half-hourly heat production to maintain the conversion efficiency factor of 

each technology. If a group of heat pumps is producing 50 kWh of heat using 25 kWh of 

electricity and the nor malised heat production value is 0.25, the normalised electricity 

demand value will be  0.125. 

4.2.2  Data Analysis and Creation of the Machine Learning Models 

4.2.2.1  Input Data to the Machine Learning Models  

A dataset of half -hourly aggregated average heat production and energy demand from 

dwellings for each of the four heating technologies was used to test and train the 

machine learning models.  All the data manipulation was performed using Python.  

Collection of the data  

Four datasets from trial projects wer e used in this study. These datasets include records 

from heat production and electricity demand data of ASHPs, GSHPS and resistance 

heaters, as well as gas demand data of gas boilers. Table 4-1 shows information 

regarding the trial datasets the number of dwellings recorded, the geographic area and 

the duration of the metering.  
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Table 4-1: Details of the trial datasets for eac h technology used in this project. RHPP: Renewable Heat 
Premium Payment scheme, EDRP: Energy Demand Research Project. *this column gives the number of 
dwellings recorded for each time step of the dataset.  

Heating 

technologies 

Sources Number 

of 

dwellings 

with data 

recorded* 

Geographic 

area 

Duration of 

the 

metering  

Type of 

dwellings 

Granularity 

of the 

original 

data 

ASHPs RHPP 

scheme 

[62]   

29 to 251 UK 01/10/2013 

to 

28/02/2015  

Social housing 2min 

GSHPs RHPP 

scheme 

[62]  

11 to 78 UK 01/10/2013 

to 

30/09/2014  

Social housing 2min 

Gas boilers EDRP 

[63]    

8,711 UK 01/07/2009 

to 

30/09/2010  

18 types of 

households 

representing 

different UK 

customers 

30min 

Resistance 

heaters 

EDRP 

[63]    

14,615 UK 01/06/2009 

to 

31/06/2010  

18 types of 

households 

representing 

different UK 

customers 

30min 

 

Creation of the half -hourly profiles  

For resistance heaters, some preliminary steps were required to calculate the half -

hourly electricity demand for heating. T he Energy Demand Research Project published 

electricity demand at half -hourly resolution for 14,000 dwellings from early -2008 to the 

end of 2010. No information was provided regarding the type of heating system in each 

household. Hence, to determine if a h ousehold was using resistance heaters or not, the 

average daily electricity demand in summer and winter were compared. If the demand 

in winter was at least two times higher than in summer, the n the household was 

considered to be electrically heated. Two se parate sub-datasets were created, a 

dataset for electrically heated households  (3,367 dwellings)  and a dataset for 

households that used other energy carriers than electricity for heating  (10,952 

dwellings). The difference between the average aggregated half-hourly electricity 
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demand of these sub-datasets was used to represent a half -hourly profile of the 

electricity used by resistance heaters for heating.  

For the ASHPs, GSHPs and gas boilers, the datasets were directly used to create 

aggregated average half-hourly heat production and energy demand of these heating 

technologies.  

The UK daily average outside air temperature (OAT) data from the BMRS website  [64] 

was also added to the profiles.  This data is produced by National Grid and used for their 

electricity demand forecasts.  No manipulation of this data w as performed.  

Cleaning of the half -hourly profiles  

In terms of cleaning procedure, the aggregated average profiles for ASHPs and GSHPs 

were cleaned using a rolling z -score on the heat production data with a window size of 

24. Entries with an absolute z -score above 3 were removed from the dataset. Further 

data was removed manually. For ASHPs, in total 338 entries were removed from the 

training dataset. For GSHPs, in total 146 entries were removed from the training 

dataset. For gas boilers and resistance heat ers, no procedure was performed to clean 

the data.  

Table 4-2 shows the number of entries in the final datasets.  

Table 4-2: Number of entries in the datasets for each heating technology  

Heating technologies Number of entries in the dataset  

ASHPs 24,430 

GSHPs 17,393 

Gas boilers 21,936 

Resistance heaters 18,192 

 

4.2.2.2  Heat Pumps 

4.2.2.2.1  The Trial Dataset for Heat Pumps 

[62]The key characteristics of the heating systems that were used in the trial  dataset 

for ASHPs and GSHPs are summarised below: 

¶ ASHPs are installed in detached, terraced and semi-detached houses; 

¶ GSHPs are installed in detached and semi-detached houses; 

¶ The average capacity installed of ASHPs is 8.1 kWthermal ;  

¶ The average capacity installed of GSHPs is 8.2 kWthermal ;  
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¶ Large HPs (>12 kWthermal ) are installed in detached houses ; and,   

¶ ~50% out of the 82 dwellings for which information regarding backup heaters is 

available do not have a backup heater.  

The limitations of this dataset have been discussed in [45]  and include:  

1. A high number of social houses in the dat aset; 

2. HPs were installed as a retrofit measure in dwellings with basic energy efficiency 

measures in place; 

3. The electricity demand measurements of the HPs are uncertain because it may 

include a booster heater and circulation pump ; 

4. The low number of GSHPs monitored ; 

5. The difference in the mean capacity of HPs in the dataset compared to th ose in 

the market; and,  

6. For this research, another limitation that was identified is that the daily average 

OAT of the UK did not drop below 0.9°C during the recorded period , which is a 

challenge when modelling the performance of HPs for lower OAT.  

Despite these limitations, this dataset offered the best real data  that is  currently 

available in GB to estimate the aggregate load profile of HPs. See Appendix D.1 for a 

snapshot of the dataset.  

The dataset was analysed to extract knowledge about the performance of ASHPs and 

GSHPs with the changes of the OATs. Additional data was generated to mimic the 

operation of HPs during cold temperature s to overcome limitation number 6  (see 

following Section 4.2.2.2.4 ). 

4.2.2.2.2  The Average Half -hourly Electricity Demand of ASHPs and GSHPs 

Averaged half-hourly electricity demand of the HPs in a typical and in the coldest 

winter day is shown in Figure 4-5 and Figure 4-6.  

Figure 4-5 shows that for ASHPs, the winter electricity demand has a peak in the 

morning at around 7 am and a second, slightly lower,  peak in the afternoon/evening. 

The coldest day follows a similar pattern, but the overall electricity deman d is 

consistently higher.  

Figure 4-6 shows that for GSHPs, the profiles are similar to the ASHPsõ patterns. 

However, t he performance of the GSHPs is less sensitive to OAT, thus the electricity 

demand profile for the coldest day is not very different from the profile of the typical 
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winter day (total electricity demand on the coldest day is slightly higher than the 

electricity demand on the average winter day ).  

 

Figure 4-5: Average half -hourly electricity demand of ASHPs smoothed using a three -half -hourly period 
centred window moving average  (th e smoothing average  was used for visualisation purposes only) .  

 

 

Figure 4-6: Average half -hourly electricity demand of GSHPs smoothed using a three -periods centred 
moving average. 
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4.2.2.2.3  Relationship Between the Coefficient of Performance (COP) of Heat Pumps 

and Outside Air Temperature 

The COP is the ratio between the heat produced and the electricity consumed by a HP. 

It quantifies the efficiency of a heat pump at transferring heat from a heat source to a 

heat sink. The COP depends on the temperature difference between the heat source 

and the sink, and also can vary from heat pump types, size and manufacturer.  

The COP of individual HPs was calculated every 30 minutes in the dataset  by calculating 

the ratio between heat production and electricity demand . Outliers were removed fro m 

the dataset (we defined an outlier as a record where the COP is below one or above 5 

over a 30min period ). The average COP for every time step was then calculated using 

the following formula:  

 ὅὕὖ  
В ὅὕὖ

ὲ
 (2) 

Where ὅὕὖ is the COP of heat pump Ὧ at time ὸ, and ὲ is the number of HPs with COP 

data at time ὸ.  

Figure 4-7 and Figure 4-8 shows the distribution of the COP of the individual ASHPs and 

GSHPs in the dataset. COPs of individual HPs are provided in Appendix D.3. 

 

Figure 4-7: Boxplots showing the distribution of the COP of ASHPs against daily average OAT 
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Figure 4-8: Boxplots showing the distribution of the COP of GSHPs against daily average OAT  

Figure 4-9 and Figure 4-10 show the relationship between the average daily COP for 

ASHP and GSHP, and the UK daily average OAT. The normalised min-max daily heat 

production is also plotted. These figures show that:  

¶ The COP of GSHPs is less sensitive to outside daily temperature compared to the 

COP of ASHPs; and,  

¶ The drop in COP when the daily average OAT is above 15°C is due to the reduced 

efficiency of HPs during part -load operation [65] .   
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Figure 4-9: COP and normalised heat production  against UK daily average OAT for ASHP 

 

Figure 4-10: COP and normalised heat production  against UK daily average OAT for GSHP 
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A regression curve using a Huber loss function5 was fitted on the COP data to de scribe 

the relationship between the COP and the daily average OAT. The equations obtained 

are as follow s: 

ὃὛὌὖ ςȢρσπςπȢρσχχὝ πȢππωψὝ πȢπππςὝȟᶅὝ ρЈὅ (3) 

ὋὛὌὖ ςȢσψψχπȢρρφφὝ πȢππψςὝȟᶅὝ τЈὅ (4) 

4.2.2.2.4  Heat Production and Electricity Demand Data for HPs During Cold 

Temperature s 

In the original dataset, there is no heat production or electricity demand data for HPs 

where daily average OATs are below zero. Therefore, the  specifications for heat  pump 

installers in GB from the Microgeneration Installation Standard (MIS 3005) [66]  and the 

expected performance of HPs described in the literature were used to create additional 

heat production and  electricity demand data and extend the original dataset. This 

enabled the models trained with this data to synthesise the heat production and energy 

demand of HPs during cold temperature. Half -hourly heat production from HPs and their 

COP, as well as half-hourly heat production from backup heaters were synthesised for a 

range of daily average OATs from ~-8°C to ~+4°C. This included the daily average OAT 

of -4.2°C, which was considered to be the temperature in 1 -in-20 peak winter day 6 in 

South Wales.  

According to the MIS 3005, a heat pump should be able to cover 100% of the space 

heating demand when the OAT is above the outside design temperature . The outside 

design temperature is defined according to the location of the installation. For 

instance, in Card iff, the outside design temperature is -3.2°C. Below this temperature, 

a backup heating system is required to cover the additional heat demand (or a bigger 

heat pump can be installed). This is illustra ted in Figure 4-11.  

 

 

5The Huber loss function is robust  to outliers by combining a quadratic and a linear loss function, 
which was used to extract the general trend from the measured data  and minimise the impacts 
of outliers . 

6 The gas network operators use the 1-in-20 peak winter day methodology to quantify the 
demand on a winter day that statistically occurs once every 20 years. This is the demand that 
could occur during very cold winter days. Gas network companies design their  infrastructure to 
be able to supply such a demand. Given that a  significant amount of heat may be electrified in 
the future, in this project this methodology was also applied to the electricity network. 
Therefore, it was crucial to be able to estimate 1 -in-20 peak winter day demand for 
gas/hydrogen and electricity -based technologies. 
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Figure 4-11: Operation of an ASHP and supplementary heat source at various OATs (source: figure  from  
[67] ) 

Figure 4-12 shows the relationship b etween the COP for ASHPs and OAT at various flow 

temperature s of the water entering the central heating system of the dwelling.  This 

assumes constant heat demand and thus does not account for the impacts of customers 

behaviours and different controls.  Based on this figure, the COP for ASHPs was 

considered to decrease linearly with OAT as  the temperature falls  below 2°C. Similarly, 

a linear relationship between the COP of GSHPs and the OAT was assumed. However, 

the OAT is expected to have minimal impact on t he COP of GSHP (see Equation 4).  

 

Figure 4-12: Changes in COP against OAT and supply temperature (source: figure from  [36] ) 

Figure 4-13(a) shows the COP in the original data and the new data for ASHPs. The 

green dots represent the new values of the daily COP , which  were extrapolated from 
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the original data points using a linear regression fitted on original COP values (blue 

dots) below 2°C. T he new COP values (green dots) show a similar trend as  that given  in 

Figure 4-12. For temperature below 2°C, it was assumed that the increase in heat 

demand would minimi se the difference in customers behaviours and controls and bring 

the COP of the heat pumps close and thus justify the same type of trend that seen in 

Figure 4-12. 

Figure 4-13(b) shows the real and new data for heat production and electricity demand 

by ASHPs. Similar to the new COP values, the new data for electricity demand (pink  

triangles) were produced using linear extrapolation. The new heat production for the  

ASHPs (pink crosses) was calculated by multiplying the new COP by the new electricity 

demand. As shown in Figure 4-11, below the design temperature, the ASHPs need to be 

supported by backup heaters to meet the heat demand. This could be additional 

resistance heaters or gas boilers. In Figure 4-13(b), the difference between the total 

heat production (light -blue crosses) and the heat produced by ASHPs (pink crosses) 

represents the heat that is supplied by backup heaters.  

The total heat that is required to be supplied by ASHPs and back up heaters below the 

design temperature was estimated by linearly extrapola ting the heat production of 

ASHPs between -3.2°C and 5°C.  
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Figure 4-13: Panel a shows the COP related to the operational data from Panel b. Panel b shows the 
normalised min -max real and new data of heat pro duction and electricity demand of ASHPs against daily 
average OAT.  

Figure 4-14 shows the new data for GSHPs using a similar process as that used for  the 

ASHPs. However, t he performance of the GSHPs is less sensitive to outside air 

temperature, thus the decrease in COP (green dots) with temperature is less acute 

compared to ASHPs. Consequently , the installation of backup heaters is less likely for 

GSHP based systems.  

 

Figure 4-14: Panel a shows the COP related to the operational data from Panel b. Panel b shows the 
normalised min -max real and new data of heat production and electricity demand of GSHPs against daily 
average OAT. 

4.2.2.2.5  Creation of machine learning models for ASHPs 

The half-hourly heat production and electricity demand data was used to create the 

models using the methodology that was described in Section  4.2.1.  

The ὃὛὌὖ  model selected combined the Main model , Model 95 and Model 90. 

Compared to the original data, it shows:  

¶ An error of 1% for the heat produced (the area under the curve) ; and, 

¶ An error of -9% for the coincidental peak for values above the 99% percentile.  
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The ὃὛὌὖ   model that was selected combined the  Main model, Model 95 and 

model 90.  Compared to the original data, it shows:  

¶ An error of 1% for the electricity demand (the area under the curve) ; and, 

¶ An error of -5% for the coincidental peak for values above the 99% percentile.  

The models were then re trained with the extended dataset, including the original 

dataset and the synthesised operational data for cold OAT. Tables showing the 

performance of all  of the models created for ASHPs are available in Appendix D.4. 

Figure 4-15 shows the normalised min-max half -hourly electricity demand of ASHPs for 

2018 UK daily average OATs, synthesised using the ὃὛὌὖ  and ὃὛὌὖ  selected 

models.  

 

Figure 4-15: Max-min normalised electricity demand of ASHPs synthesised using the UK 2018 daily average 
OATs. 

Figure 4-16 shows the average electricity demand of an ASHP in a detached house for a 

daily average OAT of +5.7Ј# (a typical winter day) and -4.2Ј# (a cold winter day) 

synthesised using the ὃὛὌὖ  and ὃὛὌὖ  models. When the daily average OAT 

is +5.7Ј#, the after diversit y ASHP peaks in the morning at ~1.2  kW. Backup heating is 

not required , thus its output is kept at 0  kW for the entire day. At -4.2Ј#, the ASHP 

follows the same pattern but peaks at 2.6  kW and the backup heati ng consumes 

electricity to provide the additional heat that  cannot be provided by the ASHP because 

it was sized for an OAT of -3.2Ј#.  The profiles synthesised using the models are 
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after -diversity  profiles  as the train ing data represents average profile s from a large 

number of units.  

 

Figure 4-16: Electricity demand (after  diversity) for an ASHP installed in a detached house. The chart on 
the left -hand side is for an average daily OAT of +5.7°C. The ASHP consumes 46 kWh of electricity and the 
backup heater zero for total heat production of 115 kWh. The chart on the right -hand side is for an 
average daily OAT of -4.2°C. The ASHP consumes 105 kWh of electricit y and the backup heater 8  kWh for 
total heat production of 228 kWh.  

4.2.2.2.6  Creation of Machine learning models for GSHPs 

The same method described for ASHP was used to produce the GSHP models.  

The ὋὛὌὖ   model selected combined the Main model and Model 90. Compared to 

the original data, it shows:  

¶ An error of 1% for the heat produced (the area under the curve) ; and, 

¶ An error of -6% for the coincidental peak for values above the 99% percentile.  

The ὋὛὌὖ   model selected combine d the Main model and Model 90. Compared 

to the original data, it shows:  

¶ An error of 0% for the electricity demand (the area under the curve) ; and, 

¶ An error of -5% for the coincidental peak for values above the 99% percentile.  

Tables showing the performance of all the models created for GSHPs are available in 

Appendix D.4. 

4.2.2.3  Natural Gas and Hydrogen Boilers  

Hydrogen boilers are based on similar technology to natural gas boilers, and thus it was 

considered that their gas demand profiles were similar. In the following, the term gas 

boiler  refers to hydrogen and natural gas boilers.  
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4.2.2.3.1  The relationship between gas  demand and temperature  

The normalised daily gas demand was calculated by aggregating the gas demand from 

all boilers for each timestep and then resampling the result at daily resolution before 

normalising it using a min -max procedure. Figure 4-17 shows a scatterplot of the daily 

gas demand against the daily average OAT. A change-point regression model was fitted 

on the data , which minimises the RMSE [68] . The change-point regression equation is:  

 ὗ
 πȢψρυυπȢπυφρὝȟ Ὕᶅ ρτȢρᴈ

πȢπςωςȟ Ὕᶅ ρτȢρᴈ
 (5) 

The change-point was identified to be 14.1°C ; above this daily average OAT, the gas 

boilers are only used to supply hot water.  

 

Figure 4-17: The normalised min -max daily gas demand against UK daily average OAT 

The dataset was extended to include additional half -hourly gas demand data in the 

range of daily average OAT of -2°C to -7°C by extrapolating existing da ta using Equation 

5.  

4.2.2.3.2  Creation of machine learning models for gas boilers  

The models to synthesise half-hourly heat production and gas demand for  gas boilers 

were created using the half -hourly gas demand of the trial dataset and the heat 

production derived from it assuming a constant efficiency  of 84% (regardless of the level 

of heat output and the OAT) [69] . 

The ὋὥίὄέὭὰὩὶ    and ὋὥίὄέὭὰὩὶ    models that were  selected combined the Main 

model and Model 95. Compared to the original data, it shows:  

¶ An error of 1% for the heat produced (the area under the curve) ; and, 
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¶ An error of -1% for the coincidental half -hourly peak for values above the 99% 

percentile.  

4.2.2.4  Resistance Heaters  

4.2.2.4.1  The Relationship Between Electricity Demand and Temperature  

The half-hourly electricity demand for heat was converted to daily resolution. A change -

point regression model was then fitted on this data , as shown in Figure 4-18. The 

equation that is obtained is:  

 ὗ
 πȢψυσψπȢπυψρὝȟ Ὕᶅ ρσȢχᴈ

πȢπυυχȟ Ὕᶅ ρσȢχᴈ
 (6) 

 

The change-point temperature is lower than for gas-heated buildings ( Section 4.2.2.3 ). 

This might be explained by the fact that electricity heated households are usually flats 

or more recent households, and  are thus better insulated than gas -heated households. 

This may be also due to the way to the electricity for heating data was extracted.  

 

Figure 4-18: Scatterplot of the normalised min -max daily electricity  demand against UK daily average OAT 

The dataset was extended to include additional half -hourly electricity demand data in 

the range of daily average OAT of -2°C to -7°C by extrapolating existing data using 

Equation 6. 

4.2.2.4.2  Creation of Machine Learning Models for Resistance Heaters 

The efficiency of resistance heaters is equal to 100% , thus the ὉὰὩὧὌὩὥὸὩὶ  and 

ὉὰὩὧὌὩὥὸὩὶ  were identical. These two models were trained using the half -

hourly electricity demand from the trial dataset.  
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The ὉὰὩὧὌὩὥὸὩὶ  and ὉὰὩὧὌὩὥὸὩὶ  models selected combined the Main model 

and Model 90. Compared to the original data, it shows:  

¶ An error of 0% for the heat produced (the area under the curve) ; and, 

¶ An error of -11% for the coincidental  half -hourly peak for values above the 99% 

percentile. The error is higher than for other model s. This might be due to the 

quality of the original data  or the need for a more complex model  to capture the 

variation of the electricity demand for heating .  

4.3  METHODOLOGY TO SYNTHESISE HEAT PRODUCTION AND 

ENERGY DEMAND FOR DISTRICT HEATING 

The shape of the half -hourly heat production and energy demand of a district heating 

scheme is different from individual -heating technologies because of factors such as the 

use of large-scale thermal storage. In district heating networks, the magnitude of heat 

producti on by heat supply units at each time step could deviate from the heat demand 

of the consumers because of the use of thermal storage and the heat losses in the 

network.  

Figure 4-19 shows the steps to synthesise half-hourly heat production and energy 

demand of a district heating  scheme with thermal storage for a local area (e.g. ,  LSOA). 

It entails three main steps:  

1. Creating the half -hourly heat demand of  the consumers connected to the heat 

network using the model for GSHPs from Section 4.2.2.2.6 , which corresponds to 

a case where no thermal storage was used in the distri ct heating ; 

2. Sizing the thermal storage based on the half -hourly heat production produced in 

Step 1 and then producing a new half -hourly heat production considering the 

heat storage; and,  

3. Calculating the capacity and the half -hourly energy demand for each of the heat 

supply units.  
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1. Synthesising the half-hourly 
heat production of a district 

heating scheme without thermal 
storage

2. Sizing thermal storage for a 
district heating scheme

Half-hourly heat production of a 
district heating scheme with 

thermal storage

3. Calculating the installed 
capacity of heat supply 

technologies 

Half-hourly heat production and 
energy demand of the heat 

supply technologies

 

Figure 4-19: Methodology to synthesise half -hourly heat production and energy demand of the heat supply 
units of a district heating.  

4.3.1  Synthesising Heat Production Profile of a District Heating Without 

Thermal Storage  

The heat production profile of a district heating system without thermal storage was 

synthesised using the GSHP model, ὋὛὌὖ  (Section 4.2.2.2.6 ). The annual heat 

demand for the local area was estimated using the EPC-based method (see Chapter  3). 

Finally,  8% estimated heat losses from the district heating network [70]  was added to 

scale the profile.  

4.3.2  Synthesising the  Heat Production Profile of a District Heating  Scheme 

With Thermal Storage  

The behaviour of thermal storage in a district heating system can be modelled in many 

different ways. In this study, the objective of the thermal storage is to decrease the 

within -day peak heat production, which will enable  the heat supply units to have a 

more constant operation throughout the day by shifting the production from pea k time 

to off -peak time. The losses of the energy stored in the thermal storage ( i.e., a large-

scale hot water tank) were fixed at 0.2% per day [70] . 
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Figure 4-20 demonstrates the control of a thermal storage  unit  implemented for a single 

day. The thermal storage  unit  is charged during the off -peak period (i.e., 11 pm to 

6 am) and discharged during the peak period (i.e., 7 am to 5 pm). At the end of each 

discharging period, the heat stored in the thermal storage is zero. The size of the 

thermal storage unit is equal to the maximum heat stored during the day.  

 

Figure 4-20: Example of the charging and discharging behaviour of a thermal storage unit for a day based 
on a normalised min -max half -hourly heat production  

Figure 4-21 shows the iterative process that is used to determine the size of the thermal 

storage unit in a district heating network. The process starts by setting a target to 

reduce the peak heat production. For every day of the year, a charging/discharging 

profile for the thermal storage  unit  similar to Figure 4-20 was created. The daily profile 

with the maximum energy stored was used to calculate the size of the thermal storage  

unit . If shifting the load within a day in the new heat production profile that considered 

thermal storage  creates a new heat production peak during the off -peak time, the n the 

configuration was rejected and the results from the previous iteration were used ; 

otherwise, the amount of peak heat reduction was increased and the process was 

repeated.  

This process was done for every day of the year because the maximum thermal sto rage 

requirement was observed to happen on a different day than on the day where the 

production was the highest. This happens because the half -hourly heat production 

profile for a day is flatter than the daily average OAT (which is shown with gas boilers 

by [30] ), which  decreases the potential for within -day thermal storage.  
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The choice to go for the largest thermal storage possible was driven by an analysis 

showing that the lowest overall costs of a district heating system were achieved by 

maximising the size of the daily thermal storage  unit  (see Appendix E). Supplying one-

third  of the domestic heat ing demand for  Cardiff (~500 GWh) would require  a water  

thermal storage of ~8000 m3.  

Annual heat 
production 

profile without 
thermal storage

Charging and 
discharging 
profile of the 

thermal storage

Annual heat 
production 
profile with 

thermal storage

Percentage of 
peak demand 

reduction

If at anytime within a day 
off-peak > peak

Max daily 
thermal storage 

required

No

Yes

Increase percentage of 
peak demand reduction

Start

End
Use the outcomes of the 

previous iteration 
as final results

 

Figure 4-21: The iterative process  that was  used to calculate the size of the thermal storage and derive 
the heat production profile of district heating with thermal storage.  

4.3.3  Installed Capacity of Heat Supply Technologies in  a District Heating  

Scheme 

The capacity of the heat supply technologies ins talled  a district heating  scheme was 

calculated using a combination of screening curves and load duration curve. The 

screening curves give the relationship between the number of hours of operation of a 

unit and the annual cost of technologies [70] . The load duration curve illustrates the 

capacity requirements for heat production.  
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This methodology was described through the example of a LSOA (code: W01001602) in 

Newport that was converted to district heating supplied by two heating technologies : an 

electric boiler and a large -scale GSHP. The domestic heat demand of this LSOA was 

16,761 MWh from mainly detached and semi -detached houses. 

Figure 4-22(a) shows the screening curves for these two technologies. The electric 

boiler has a low investment cost but high operatin g costs, thus they are more 

economically viable than a geothermal heat pump if their operation time is kept lower 

than ~1,200 hours/year.  

Figure 4-22(b) shows the load duration curve (red line)  that was built using the heat 

production profile produced in Section 4.3.2 considering heat demand in dwellings in 

the LSOA W01001602. The installed capacity of each technology was calculated using 

this load duration curve and the screening curve in Figure 4-22(a). This resulted in an 

installed capacity of 0.7  MWth of electric boilers to cover the peak load and 1.4  MWth of 

geothermal HPs to supply the baseload.  

The installed capacity of each unit di d not account for potential cost related to the 

reinforcement of the electricity network to supply the electricity demand to the 

electric boilers and geothermal HPs. Considering these costs may result in an increase 

of the size of the thermal storages.  
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a

b
Load duration curve

 

Figure 4-22: Panel a shows the screening curves for two  electricity -based units (source of costs from [71] ). 
Panel b shows an example of how the information from the screening curves for electric boiler and 
geothermal HPs was applied to a load duration curve to calculate the installed capacity of each 
technology. The load duration curve represents the domestic and non -domestic demand of a LSOA in 
Swansea.  

Figure 4-23 shows the half-hourly heat production of the heat supply units for the LSOA 

presented in Figure 4-22 over a week. The baseload heat is supplied by geothermal HPs 

until 1.4  MW, while  electric boilers provid e the heat to cover the peaks.  The peak 

electricity demand of the district heating system was estimated at 1  MW (0.7 MW from 

the electric boiler and 0.3  MW from the geothermal heat pump) when considering a COP 

of 5 for the geothermal heat pump.  
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Figure 4-23: An example of the half -hourly heat production of a district heating system with 1.4  MW of 
geothermal HPs and 0.7 MW of electric boilers for 7 days.  The flat tops are  due to the use of thermal 
storage to decrease the peak s. 

4.4  HALF-HOURLY HEAT PRODUCTION AND ENERGY DEMAND 

FOR CARDIFF,  SWANSEA AND NEWPORT 

The methods that were  developed in Chapter 3 to estimate  the annual heat demand and 

in this chapter to synthesise profiles for ASHPs, GSHPs, resistance heaters, natural 

gas/hydrogen boilers and district heating were used to produce half -hourly heat 

production and energy demand for two heat decarbonisation pathways for 2050 for the 

case studies in Cardiff, Swansea and Newport.  

The following two heat decarbonisation pathways were studied:  

1. The electrification pathway , where 100% of the domestic heat was supplied 

by electricity; and,  

2. The hydrogen pathway, where the natural gas network was converted to a 

hydrogen network and the rest of the heat was supplied through HPs. 

The carbon intensity of electricity and hydrogen were  predicted to be  0 gCO2e/kWh by 

2050. This is a prerequisite for the heating sector to be aligned with the carb on target 

set by the UK government. In addition to the year 2050, the years modelled were the 

baseline year 2018 and the intermediate years 2030 and 2040.  

Figure 4-24 shows the methodology that was used to produce the heat production and 

energy demand profiles. It entailed three steps:  

1. Estimating annual heat demand for each LSOA considering the number and types 

of dwellings and their energy efficiencies (see Chapter 3); 
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2. Correcting the annual heat demand based on the daily average OAT profile of 

the target year (see appendix C.1); and,  

3. Synthesising half -hourly heat production and energy demand for each LSOA 

based on the heat supply mix of the two decarbonisation pathways.  

Annual heat demand from the EPCs 
for each dwelling category

Number of buildings in each dwelling 
category

Annual heat demand for each dwelling 
category for an average year

Annual heat demand for each dwelling 
category for an average year

Correction factor representing the 
difference in degree days between the 

average year and the target year.

Annual heat demand for each dwelling 
category for the target year

Annual heat demand for each dwelling 
category for the target year

Normalised 30min heat production and 
energy consumption profiles for a 
heating system (e.g. heat pump)

30 min heat production and energy 
consumption profiles

Step 1 Step 2 Step 3

 

Figure 4-24: Three -step approach for producing half -hourly heat production and energy demand profiles. 
The average year corresponds to the temperature profil e used to produce  EPCs (see Section 3).  

4.4.1  Assumptions for the Electrification and Hydrogen Pathways  

The heat supply mix and heat demand of the two decarbonisation pathways were 

decided based on the local characteristics of the dwelling stock in 2 018, which included 

the heating technologies installed, the heat density, the potential heat savings from 

energy efficiency measures, the number of dwellings connected to the gas grid and the 

number of new dwellings by LSOA.  

The number of heating technolo gies installed and the annual heat demand by LSOA in 

2018 was shown in Chapter 3. The heat density was then calculated by dividing the 

annual heat demand by the area of the LSOA.  

The number of dwellings connected to the gas grid at LSOA level in 2011 was calculated 

from t he number of domestic gas meters published by BEIS [72]  and distributed across 

the different t ype of dwellings based on the following assumptions:  

1. All dwellings using gas boilers were connected to the gas grid,  

2. Dwellings using biomass/oil were not connected to the gas grid,  

3. The unallocated gas meters after step 1 and 2 were distributed across the  

dwelling using resistance heaters.  

The share of dwellings connected to the gas grid was kept constant when projecting the 

numbers of dwellings to 2018. Figure 4-25 shows the share of gas connected dwellings in 
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each LSOA in the three local authorities in 2018. The LSOAs with a low share of gas 

boilers are the LSOAs with fewer dwellings connected to the gas grid. Oil and biomass 

boilers usually are used where there is no gas connection.  

 

 
 

 

Figure 4-25: Maps of Cardiff, Swansea and Newport showing the share of gas connected dwellings in 2018 
at LSOA level 

The heat demand from new dwellings was estimated in three steps:  

1. The local development plan (LDP) areas for new dwellings available on the local 

authoritiesõ websites were mapped with the LSOAs. Using GIS software, the LDP 

sites for each local authority were overlaid on a LSOA map. LSOAs falling into 

these sites were identified.  

2. The projected number of new dwellings shown in  Figure 4-26 were distributed to 

the identified LSOAs. 

3. The heat demand associated with these new dw ellings was calculated. The CCC 

suggested a target of 15-20 kWh/m2/year for space heating in new dwellings to 

meet the net -zero target [73] . In this report, the value of 17.5kWh/m 2/year was 

multiplied by the average floor area of the dwellings of each local authority and 

the number of new buildings in each LSOA to calculate the additional heat 

demand. For hot water demand, an average a nnual energy demand per dwelling 

of 1,570 kWh was used [74] .  

Figure 4-26 shows the projection for the number of dwellings in 2030, 2040 and 2050 for 

the three local authorities. By 2050, there were 22,732 new dwellings expected to be 

built in Cardiff compared to 20 18, 17,072 in Swansea and 14,026 in Newport. 
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Figure 4-26: Numbers of dwellings from 2018 to 2050. Figures from 2018 to 2043 were extracted from 
StatsWales [54] , a linear extrapolation using data from 2038 to 2043 was used to project these figures to 
2050. 

This information was used with the following assumptions to create the two 

decarbonisation pathways. The common assumptions to the two pathways entailed that:  

¶ All existing dwellings reach their potential EPC rating by 2050, which 

happens linearly.  

¶ All existing dwellings not connected to the gas grid ha ve HPs installed. Linear 

interpolation was used for the uptake of HPs in dwellings using resistance 

heaters, while all oil boilers and biomass boilers w ill be  replaced by HPs by 

2030. 

¶ The new dwellings built between 2018 and 2030 have HPs installed or are 

converted with HPs by 2030. After 2030, all new dwellings ha ve HPs 

installed. No new dwelling  is connected to the gas grid.  

¶ For existing and new dwellings, HPs are installed in the rat io 7/8 ASHPs and 

1/8 GSHPs in detached and semi-detached houses. In existing terraced and 

flats dwellings, only ASHPs are installed.  
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Table 4-3 describes the assumptions that are specific to each decarbonisation pathway 

for the existing dwellings.  

Table 4-3: Additional assumptions for existing dwellings  that were  used to model the electrification and 
hydrogen pathways.   

Electrification pathway  Hydrogen pathway 

¶ 80% of the existing dwellings in LSOAs 

with heat density above 30  kWh/m2 

are connected to district heating by 

2030. 

¶ District heating supply mix include s 

electric boilers and geothermal HPs. 

In Cardiff, energy from waste CHP 

units is also part of the heat supply 

mix. For the geothermal HPs, an 

average annual COP of ~5 was 

considered, as suggested by [75] . 

¶ The remaining gas boilers and 

resistance heaters are linearly  

replaced by HPs from 2018 to 2050, 

consequently the share of HPs 

reaches 100% by 2050. 

¶ All existing dwellings connected to the 

gas grid are converted to hydrogen 

boilers by 2050, with the following 

conversion rate: 0% in 2030, 50% in 2040 

and 100% in 2050. 

 

 

The half-hourly profiles for 2030, 2040 and 2050 were produced using the temperature 

profiles shown in Figure 4-27 as inputs to the models from Section 4.2 for the two 

decarbonisation pathways. These daily average OAT profiles were chosen because they 

represented a òtypicaló year in terms of days close to the daily average wind and OAT 

of the past  40 years.   
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Figure 4-27: Typical daily average OAT profiles for Cardiff, Swansea and Newport (corresponding to the 
year 2009). 

4.4.2  Results 

This section will describe th e results obtained for the two pathways , including the 

changes in the annual heat demand, the heat supply mixes, the half -hourly heat 

production and half -hourly energy demand for the three local authorities.  

Figure 4-28 shows the change in the annual heat demand between 2018 and 2050. 

Across the three local authorities, the heat demand decreases by 28 to 30% between 

2018 to 2050. This is due to the impact of energy efficiency measures on the existing 

stock and the low hea t demand of the new dwellings. The heat produced in the 

hydrogen pathway is equal to the heat demand . However,  there is a mismatch in the 

electrification pathway because of the district heating. To compare the two pathways, 

th is section will  focus on heat production.  
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Figure 4-28: Annual heat demand for  Cardiff, Swansea and Newport between 2018 and 2050, excluding 
district heating losses. The lines were built by linearly interpolating data between the years 2018, 2030, 
2040 and 2050. 

Figure 4-29 shows the share of the annual heat produced by each technology in 2018, 

2030, 2040 and 2050 in the electrification pathway. In 201 8, based on the heat demand 

data production in Section 3,more than 93% of the heat was supplied by gas boilers 

across the three local authorities. By 2030, the share of district heating reaches its 

maximum in 2030 with 15 to 26% of the heat supplied, whereas the uptake of HPs 

continues until it reaches 70 to 86% of the heat supplied in 2050. Overall, all of the 

changes resulted in a share of heat supplied by gas boilers of 40 -45% in 2030, 20% in 

2040 and 0% in 2050. More details regarding heat supply units for the district heating  

scheme are available in Appendix E.1. 
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Figure 4-29: Share of heat produced by each technology in Cardiff, Swansea and Newport in 2018, 2030, 
2040 and 2050 for the electrification pathway.  

Figure 4-30 shows the share of the annual heat produced by each technology in 2018, 

2030, 2040 and 2050 in the hydrogen pathway. No significant change happens before 

2040 in the hydrogen pathway because it  is not expected to see a large share of the gas 

grid converted to hydrogen before this date. Hence, the share of heat supplied by gas 

boilers remains above 92% across the three local authorities. From 2040, it drops below 

47%. By 2050, 92 to 95% of the heat is supplied by hydrogen boilers. H Ps supply 5 to 7% 

of the heat by 2050.  

 

Figure 4-30: Share of heat produced by each technology in Cardiff, Swansea and Newport in 2018, 2030, 
2040 and 2050 for the hydrogen pathway.  

Figure 4-31 shows the aggregated heat production profile of each local authority for 

2050 for the two pathways. Similar annual heat production across the th ree local 

authorities is observed , with 2 -5% higher heat production for the electrification 
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pathways because of the district heating losses. The heat production peaks are at least 

1.6 higher in the hydrogen pathway than the electrification pathway. For ins tance, the 

heat production peak reaches 427 MW in the electrification pathway and 722 MW in the 

hydrogen pathway in Cardiff. Similar observations are made in Swansea and Newport. 

This is due to the difference in the way  in which  heat is dispatched by the different 

heat supply technologies. The profiles for the years 2030 and 2040 can be found in 

Appendix E.2. 

 

Figure 4-31: Aggregated half -hourly heat production profiles of Cardiff, Swansea and Newport in 2050 for 
the electrification and hydrogen pathways.  The values in the legend are the annual heat demand.  

Figure 4-32 shows the aggregated electricity for heat demand profile of each local 

authority for 2050 for the two pathways. The electricity demand, as well as the 

electricity peak, are aro und ten times higher in the electrification pathway than in the 

hydrogen pathway. In Cardiff, the peak reaches 164 MW in the electrification pathway 

and 16 MW in the hydrogen pathway. In 2018, the peak is 1 5 MW for Cardiff. In the 

electrification pathway, the electricity for heat in Cardiff and Swansea was similar ,  

despite heat production being higher for Cardiff. This is explained by the combination of 

a higher share of district heating in Cardiff and the hi gher efficiency of large -scale HPs 

when compared to individual HPs. 
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Figure 4-32: Aggregated half -hourly electricity for heat demand profiles of Cardiff, Swansea and Newport 
in 2050 for the electrification a nd hydrogen pathways.  

Figure 4-33 shows the aggregated hydrogen for heat demand profile of each local 

authority for 2050 for the hydrogen pathway. The profiles are very  similar to the heat 

production profiles shown in  Figure 4-31. The peaks are slightly higher because the 

efficiency of hydrogen boilers is 84%. 

 

Figure 4-33: Aggregated half -hourly hydrogen for heat demand profiles of Cardiff, Swansea and Newport in 
2050 for the hydrogen pathway.  
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Table 4-4 summarises the characteristics of the state of the system in 2018.  

Table 4-5 and Table 4-6 summarise the characteristics of the electrification and 

hydrogen pathways in 2050 by showing the annual amount of energy and the peak 

associated with each energy vector. This shows that the amount of secondary energy 7 

use is three  times higher in the hydrogen pathway than in the electrification pathway. 

This is due to the average annual efficiency of HPs, which is above 250%. 

Table 4-4: Summary of the characteristics of the heat production and electricity demand for heating in 
2018 by local authorities (LA s). 

LA Cardiff  Swansea Newport 

Energy vector Heat Electricity  Heat Electricity  Heat Electricity  

Annual energy [GWh] 1,847 45 1,534 23 935 5 

Peak [MW] 427 15 354 8 220 13 

 

Table 4-5: Summary of the characteristics of the electrification pathway in 2050 by local authorities (LA s) 
including  heat production and electricity demand for heating  with losses. 

LA Cardiff  Swansea Newport 

Energy vector Heat Electricity  Heat Electricity  Heat Electricity  

Annual energy [GWh] 1,429 408 1,113 408 705 255 

Peak [MW] 427 164 354 160 220 97 

 

 

 

7 Secondary energy includes resources that have been converted or stored and cannot be directly 
harnessed in nature.  In this study, it includes electricity and hydrogen.  
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Table 4-6: Summary of the characteristics of the hydrogen pathway in 2050 by local authorities (LA s) 
including heat production, electricity demand for heating and hydrogen demand for heating with losses.  

LA Cardiff  Swansea Newport  

Energy 

vector  
Heat Electricity  H2 Heat Electricity  H2 Heat  Electricity  H2 

Annual 

energy 

[GWh] 

1,363 42 1,498 1,097 45 1,171 699 30 743 

Peak 

[MW] 
722 16 819 574 18 639 360 11 400 

4.5  SUMMARY 

In this chapter, models were created for different individual heating technologies . 

These models were shown to have good accuracies when representing the shape of the 

heat and energy demand profiles , including the total energy and the peaks. 

Furthermore, a method to synthesise heat and energy demand profiles for district 

heating that  accounts for losses and thermal storage was also described. Table 4-7 

shows a summary of the accuracy of the models for ASHPs, GSHPs, resistance heaters 

and gas boilers when compared to the training data during a cross -validation procedure.  

Table 4-7: Summary of the performances of the models created when performing a cross -validation 
procedure 

Accuracy [%] ASHPs GSHPs Resistance heaters Gas boilers 

Total heat production  1% 1% 0% 1% 

Total energy demand 1% 0% 0% 1% 

Peak of heat production  -9% -6% -11% -1% 

Peak of energy demand -5% -5% -11% -1% 

 

However, there are limitations to these models. The datasets from trial projects used to 

train the machine learning models for each technology may not provide a good 

representation of how the heating technologies are controlled or of the behaviour of 

people regarding heating. This is particularly true for the ASHPs and GSHPs datasets 

which are based on a relatively small samples of only social housing dwellings (<700 in 

total).  Furthermore, a  better parametrisation of the models or other type of model 

(e.g. , artificial neural networks, support vector machines, etc.) may provide better 
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accuracy when representing the peaks in the profiles compared to the current 

models.The models for the individual heating technologies and the method to synthesise 

half -hourly profiles for district heating were applied to case studies of Cardiff, Swansea, 

and Newport using two decarbonisation pathways. The results emphasized how the use 

of different heat technologies in the two decarbonisation pathways impacted the peak 

of the h eat production , whil e the annual heat demand remain ed similar. The secondary 

energy demand for heat was also observed to be impacted by the choice of the heating 

technologies, due to the differences in the efficiency of ASHPs/district heating 

generation te chnologies compared to hydrogen boilers.   

In summary, the key points from the results are:  

¶ The peak of the heat production was more than 1.6 times higher in the hydrogen 

pathway than in the electrification pathway . 

¶ The secondary energy demand for heat was three  times higher in the hydrogen 

pathway than in the electrification pathway . 

¶ The peak electricity for heat demand increased by a factor of ten in the 

electrification pathway. This was for a typical year in terms of temperature and 

further stud ies will be  done in Chapter 5 to show the potential challenges ahead.   
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5 Estimating the Peak Electricity Demand 
for Heating 

5.1  INTRODUCTION 

HPs are expected to play an important role in both the electrification and hydrogen 

pathways, as described in Chapter  4. This potentially requires the e lectricity 

distribution network to be reinforced to sustain the additional load created by HPs.  

To assess the level of reinforcement, the maximum electricity required to fulfil heat 

demand for a half -hour period for the highest demand day will be  calculat ed, which  is 

referred to as the 1 -in-208 peak electricity demand. Two methods will be  described to 

calculate this figure . The first method calculate s the 1-in-20 peak electricity demand 

for a specific daily average outside air temperature ( OAT). This method is then applied 

to study the peak electricity demand of individual heating technologies , as well as the 

total peak electricity demand for the two h eat decarbonisation pathways.  The second 

method expands on the first method to calculate the After Diversity Maximum Demand 

(ADMD) of a heating technology for different daily average OAT. It is used to calculate 

the ADMD of ASHPs for OATs of -5°C to +5°C and the additional peak electricity demand 

created by their uptake in the electrification pathway.  

The ADMD is the ratio between the coincident maximum load of a system and the 

number of units ὔ in the system, as shown in Equation 7. It is also defined as the total 

connected load in the system divided by the number of units in the system , and the 

diversity factor Ὀ.  

 ὃὈὓὈ
ὅέὭὲὧὭὨὩὲὸ άὥὼὭάόά ὰέὥὨ

ὔ

Ὕέὸὥὰ ὧέὲὲὩὧὸὩὨ ὰέὥὨ

ὔ Ὀ
 (7) 

The ADMD for the design of a low voltage distribution network supplying dwellings is 

currently calculated  based on values for different technologies p ublished by the DNOs 

which accounts for  factors such as dwelling types,  EPC ratings, heating systems and 

electric vehicles  [76].  For electricity -based heating systems, the ADMD is equal to the 

installed capacity  of these systems. This conservative approach is to size distribution  

 

 

8 The demand that is estimated to happen once every 20 years.  
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network s for worst case scenarios. However, applying this  approach to medium or high 

voltage distribution network may result in oversizing .  

The system that is  considered in this chapter are populations of the same heating 

technologies.  

5.2  METHODOLOGY 

The two methods described in Chapter 4 were used to synthesise the profile for the 

highest demand day to calculate the A DMD of heating technologies.  

The models from Chapter 4 were trained on aggregated half -hourly heat production and 

demand of pools of units, such  as those profiles embedded in the diversity factor of gas 

boilers, resistance heaters, ASHPs and GSHPs. This was also the case for  the synthesised 

profiles produced with these models , which enabled them to estimate the aggregate 

peak electricity demand and the ADMD of the different heating technologies.  

5.2.1  Estimation of the 1 -in-20 Peak Electricity Demand  

The 1-in-20 peak electricity demand method was borrowed from the gas sector. For the 

gas sector, this represents the  daily gas demand that has a probability of occurring once 

every 20 years [77] . In this study, this represents the half -hourly electricity demand. 

This happens at a specific time (e.g. , day of the week, month, season, etc.) and in 

specific weather conditions (e.g. , OAT, wind, irradiance, etc.).  

For simplification purposes, only time related aspects and OAT s were used to estimate 

the highest half -hourly electricity demand for heating the power system in this study. 

This included the following steps:  

1. Identifying the daily OAT producing the highest daily gas demand in the past 20 

years in the geographical area studied. In South  Wales, the value was provided 

by Wales and West Utilities (the  gas network operator of South Wales) and 

was -4.2°C. 

2. Using -4.2°C as the average daily OAT for a week in winter that  did not include 

any specific dates (e.g.,  holidays, bank holidays, etc. ) t o synthesise the 

electricity demand of the heating technologies: ASHPs, GSHPs, resistance 

heaters, district heating units.  From one day to another, t he demand can change 

due to the behaviours of the users. For instance, i t was observed that  the 

demand on a Monday is often different from the demand on a Wednesday or  a 

Friday in the trial data . 
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3. Aggregating the results and extract ing the day that includes the highest half -

hourly electricity demand  (i.e. , the 1 -in-20 peak electricity demand ).  

5.2.2  Calculation of the ADMD of Individual Technologies  

The literature  (e.g. [45], [76] ) includes values of the ADMD for different heating 

technologies, which can be used to calculate the additional peak electricity demand 

that is produced when installing new units. However, these values are not given for a 

specific OAT, which is a barrier in their use in other studies. For heating technologies 

such as ASHPs, the ADMD changes with the COP and the heat demand. To solve this 

problem, a method was developed in this study to produce values of the ADMD against 

OAT for a heating technology with a given rated capacity.  

The peak electricity demand ὖ produced by a population of ὔ heating units was 

calculated using the ὃὈὓὈ of the heating technology . I ts coincidence factor ὅὊ is 

shown by Equation 8. ὅὊ is defi ned as the fraction of the peak demand of a population 

in operation at the time of the system peak [2]  (e.g. , the fraction of the peak demand 

of ASHPs at the time of the peak of the GB power system ). The CF of local system may 

get a different value  to the CF of the GB system as the share of the different type of  

loads connected at local level may not  be similar to the shares seen in the GB system.  

 ὖ  ὔ  ὃὈὓὈὅὊ (8) 

Note that t his equation does not apply when the ὔ units create a new system peak at 

another time of the day than the current system peak.   

End:
ADMD against daily 

average OAT

ASHP, GSHP or 
resistance heater model

Synthesised electricity 
demand

Daily average OAT 
profile

Start

  

Figure 5-1: Method to estimate the values of the ADMD against temperature for a heating technology.  

Figure 5-1 shows how the synthesised half-hourly electricity demand using the model s 

for ASHP, GSHP or resistance heaters from Chapter 4 are combined with the annual heat 

demand from Chapter  3 to extract the values of the ADMD for different temperature 

steps.  
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It entailed three main steps:  

1. Using a daily average OAT profile with a range of values that includes the 1-in-20 

OAT (-4.2°C in the case of South Wales). 

2. Synthesising the electricity demand profiles for the heating technology using the 

model from Chapter 4 and scaling it based on the annual heat demand from 

Chapter 3. 

3. Calculating the values of the ADMD for different daily average OATs.  

These steps used several daily average OAT profiles and the r esults are aggregated.  

5.3  THE PEAK ELECTRICITY DEMAND FOR INDIVIDUAL 

HEATING TECHNOLOGIES 

The heat production and energy demand profiles (after  diversity) of an ASHP, a GSHP, a 

resistance heater and a natural gas/hydrogen boiler were synthesi sed using Method 

5.2.1 for an average winter day (OAT of 5.8 °C) and a 1-in-20 peak demand day with an 

OAT of -4.2°C. Although natural  gas/hydrogen boilers do not use electricity as their 

main energy input , they  were included for comparison purposes.  

Figure 5-2 shows the half-hourly heat production of the four  heating technologies. All of 

the technologies suppl ied 50 kWh of heat over the average winter day and 85  kWh over 

the 1-in-20 peak demand day. The differences in the profiles may be explained by the 

technical characteristics of the heating technologies, as well as the impacts of time of 

use electricity prices.  

The natural gas/ hydrogen boiler has a higher thermal output compared to the other 

technologies and can therefore provide sufficient heat in a short period to meet the 

comfort temperature. This is reflected in the blue line showing a bimodal pattern with a 

large difference between the minimum and the maximum heat output.  

Electricit y-based technologies commonly have a lower thermal output than natural 

gas/ hydrogen boilers, which  requir es them to work at a more constant load to avoid the 

inside air temperature dropping too low in the dwelling. It is also observed that:  

¶ To take advantage of the low electricity prices (e.g. ,  electricity tariff with off -

peak and on-peak prices), resistance heaters are often combined with hot water 

tanks for domestic hot water demand . This enables them to reach their 

maximum production during the night/of f-peak period to store the excess heat , 

which is then  released during on-peak times.  
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¶ The maximum heat production by the ASHP and the GSHP occurs in the morning 

(slightly higher than their heat production in the evening) because this is when 

the OAT is usually  the lowest, whil e the difference between the comfort 

temperature and the inside air temperature is the highest.  

When comparing the profiles of an average winter day with a 1 -in-20 peak demand day, 

the daily heat production of the heating units was in creased by a factor of 1.7 to cover 

the additional heat losses with the drop of the outside air temperature. Peak heat 

production increases by the same factor (1.7) as the heat production for GSHP, by a 

factor  of around 1.5 for ASHP and gas boiler and by 2 for  a resistance heater. The higher 

increase for the resistance heater may be explained b ecause hot water tanks  are not 

large enough to support the heat demand for a 1 -in-20 peak demand day. This requires 

an increase in the heat production of the resistan ce heaters to supply the 

afternoon/evening peak heat demand.  

 

Figure 5-2: Half -hourly heat production profiles of different heat technologies produced using the models 
developed in Chapter 4 for Cardiff for an average winter day (T=5.8 °C) and the 1-in-20 peak demand day 
(T=-4.2C°). Heat production on the average winter day for each technology was fixed at 50  kWh. The heat 
production for the 1 -in-20 peak demand day was increased by a factor of 1.7 compared to the heat 
produced for an average winter day to reflect the increase of th e heat losses. Gas boilers include natural 
gas and hydrogen boilers. 

Figure 5-3 shows the half-hourly energy demand of the four technologies for an average 

winter day a nd the 1-in-20 peak demand day based on the heat production from  Figure 

5-2. 

The peak electricity demand of the ASHP for a 1 -in-20 peak demand day is twice as high 

as that for  an average winter day. This is more than the increase in heat production 

(1.7) and can be explained by the decrease in the COP of the ASHP, which  caused by the 

decrease of the OAT. The increase is slightly lower  (i.e.,  1.9) for GHSPs because the 

COP of GSHPs is not as sensitive to OAT that of ASHPs.  
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For the gas boiler and the resistance heater, the efficiency remains the same regardless 

of the OAT. Thus, a factor of 1.7 is observed between the peak energy demand of an 

average winter day and a 1 -in-20 peak demand day.  

Overall, for the same amount of heat produced on a 1 -in-20 peak demand day, the peak 

in energy demand can vary by a factor larger than 3 across the four technologies. A 

factor of 3.2 was observed between the ASHP electricity demand pea k and the natural 

gas/hydrogen boiler peak. Similar ratios were observed for the daily energy demand 

with 33 kWh for GSHP, 42 kWh for ASHP, 85 kWh for resistance heater and 101 kWh for 

natural gas/hydrogen boiler.  

 

Figure 5-3: Energy demand of different technologies for an average winter day in Cardiff and for a 1 -in-20 
peak demand day to supply the heat shown in  Figure 5-2. The gas boiler includes natural gas and hydrogen 
boilers.  

Figure 5-4 shows the average half-hourly electricity demand of a weekend day and a 

weekday for winter 2018 in the UK . It also shows the peak demand day, which fell  on 

the 1st of March. The UK peak electricity demand happens in the afternoon between 

around 5 and 6 pm for the average weekday and weekend day. Using this information, 

the coincidence fac tor of the heating technologies was calculated , the results follow .  

Resistance heaters peak in the afternoon at the same time as the GB electricity peak ñ

thus they had a coincidence factor of 1.  

For ASHPs, the peak electricity demand was in the morning. T he afternoon electricity 

demand of the ASHPs, which coincided with the national peak , was around 90% of the 

morning peakñor a coincidence factor of 0.9.  

For GSHPs, the peak electricity demand happened in the afternoon at the same time as 

the national peakñthus the coincidence factor was 1.  
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Figure 5-4: Average GB electricity demand profiles in winter  (1st of November to 31 st of March)  produced 
using 2018 electricity demand data , òNDó column [78] . 

5.4  CALCULATING THE ADMD OF ASHPS 

In the two decarbonisation pathways, ASHPs were seen to play a major role in heat 

decarbonisation. Their ADMD was calculated and used to estimate the additional peak 

electricity demand that could be created by the uptake of this technology in Cardiff, 

Swansea and Newport based on the assumptions from the electrification pathway using 

the method given in Section 5.2.2.   

The ADMD of the ASHPs was calculated for three dwelling types: detached, semi -

detached and terraced. For each dwelling type, 60 daily average OAT profiles were used 

as input data. The 60 daily average OAT profiles were derived from five  UK historical 

annual daily average OATs, going from 2013 to 2018. For each UK historical annual 

profile, the daily average OAT was shifted by either 0°C, ±1°C, ±2ÁC, é and ±6°C to 

create 12 new profiles each time. The average annual heat demand was estimated using 

the EPC-based method (Chapter 3) for  detached, semi -detached and terraced houses in 

Cardiff, Swansea and Newport.  

Figure 5-5 shows the ADMD of the ASHPs for average detached, semi-detached and 

terraced houses. The ADMD of the ASHPs for the three dwelling types increase as OAT 

decreases. Detached dwellings are on average larger than semi -detached and terraced 

dwellings. This is reflected by the ADMD of detached dwellings being the largest.  
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Figure 5-5: Average ADMD of a pool of ASHPs against outside air temperature for detached, semi -detached 
and terraced houses based in Cardiff, Swansea and Newport.  

The diversity factor of  the ASHPs was calculated using the values of the ADMD of ASHPs 

shown in Figure 5-5 with t he thermal output required to heat an average detached, 

semi-detached and terraced house (see Appendix C.2), which was compared to two 

other sources. The first source was the Customer -Led Network Revolution project  that 

was led by Northern Powergrid in 2014 , which produced Equation 9 [79] . This links ὔ, 

the number of ASHPs with a rated capacity of 4.18  kW, to the ADMD. By using ὔ ρππ, 

the diversity factor was calculated to be 3.4. However, Northern Powergrid do not 

specify the temperature of the electricity demand data that this equation is based on.  

 ὃὈὓὈ σȢπρςωωψὔ Ȣ  (9) 

The second source was drawn from the framework to design low voltage n etworks9 

produced by DNOs in GB. It shows that DNOs have a conservative approach for ASHPS 

and consider no diversity ( i.e., DὭὺὩὶίὭὸώ Ὢὥὧὸέὶρ).  

Figure 5-6 shows the diversity factors against OAT from this study and the two sources. 

The diversity factor from this study decreases with the OAT. This can be explained by 

the increase of the heat load  supplied by the ASHPs with lower OAT combined with a 

 

 

9 An example of a design document from the Scottish Power Energy Networks  can be found at 
[12]  
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decrease in their COP. Using only the original trial dataset, the diversity factor would 

be found in the interval (4, 5.8) at 0°C. The authors from [45]  found an ADMD of 1.7 for 

ASHPs using the same trial datasets, which is equivalent. Using the modelled data, the 

diversity factor falls in the interval (2.9, 4.1) at the OAT of the 1 -in-20 peak demand 

day (-4.2°C). The diversity factor from the Customer -Led Network Revoluti on project 

(3.4) is also in this interval.  

 

Figure 5-6: Comparison of the diversity factors of ASHPs for a temperature range of -5 to +5°C. The top 
dotted line corresponds to the diversity factor for detached houses and the bottom dotted line for 
terraced houses. 

The diversity factor of ASHPs at -4.2°C and the coincidence factor of ASHPs were used 

in Equation 10  to estimate ὖ,  the 1-in-20 additional peak electricity demand on the GB 

power system produced by ASHPs in the electrification pathway in Cardiff, Swansea and 

Newport in 2050.  

 ὖ
ὶὥὸὩὨ ὧὥὴὥὧὭὸώὅέὭὲὧὭὨὩὲὧὩ Ὢὥὧὸέὶ ὔόάὦὩὶ έὪ όὲὭὸί

ὈὭὺὩὶίὭὸώ Ὢὥὧὸέὶ
 (10) 

Equations 11 and 12 show the details of the calculation for Cardiff :   

 ὖ
σȢψςπȢω ρρωȟυωπ

ςȢω
ρτρȟπσσ Ὧὡ (11) 

 ὖ
σȢψςπȢω ρρωȟυωπ

τȢρ
ωωȟχυυ Ὧὡ (12) 
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Table 5-1 shows the additional peak electricity demand on the GB power system for the 

three local authorities in 2050. In total, the ASHPs were estimated to increase the peak 

by 247 MW to 350 MW. This large interval may be explained by the average rated 

capacity of the ASHPs in 2050 in Cardiff, Swansea and Newport,  which is closer to the 

value of terraced houses (5.5  kW) than detached houses (11 kW) in 2018 and thus closer 

to the upper bound than the low er bound.  

Table 5-1: Calculated additional peak electricity demand on the GB power system from ASHPs using 
diversity factor and coincidence factor in Cardiff, Swansea and Newport in 2050 in the electrification  
pathway 

 Cardiff  Swansea Newport 

Thermal output [kW]  3.82 4.20 4.06 

Number of ASHPs 119,590 101,198 60,912 

Additional 1 -in-20 peak electricity 

demand from ASHPs upper bound 

[MW] 

141 131 78 

Additional 1 -in-20 peak electricity 

demand from ASHPs lower bound 

[MW] 

100 93 55 

 

The same process can be followed to produce the ADMD values for resistance heaters 

and GSHPs to calculate the additional peak electricity demand of the aggregation of all 

individual heating technologies.  

5.5  STUDY OF THE 1-IN-20 PEAK ELECTRICITY DEMAND OF 

THE HEAT DECARBONISATION PATHWAYS 

The half-hourly electricity demand for heat for the 1 -in-20 peak demand day at LSOA 

level was produced for the three local authorities using the models from Chapter  4, the 

share of each heating technolog y in the electrification and hydrogen pathways, and the 

method from Section 5.2.1. 

Figure 5-7 shows the aggregated peak electricity for heat demand in Cardiff, Swansea 

and Newport for the 1 -in-20 peak demand day for 2018, 2030, 2040 and 2050 in the two 

pathways. The electricity peak de mand increases from 28 MW in 2018 to 505 MW in 2050 

for the electrification pathway and to 46  MW for the hydrogen pathway.  
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Figure 5-7: Half -hourly electricity demand for heating of Cardiff, Swansea and New port during the 1 -in-20 
peak demand day for the modelled years in the electrification and hydrogen pathways.  

Figure 5-8 shows how the half-hourly demand from Figure 5-7 is broken down between 

ASHPs, GSHPs and district heating units for the two decarbonisation pathways. The 

uptake of HPs in the electrification pathway is the reason for the large increase in th e 

electricity peak demand.  

Based on the ADMD calculation from Section  5.4 , the total 1 -in-20 peak electricity 

demand from ASHPs in the electrification pathway was f ound to be [247, 350]  MW at the 

time of the peak of the system. In Figure 5-8, this peak happens at the ca. 35 half -hour 

time -steps and is equal to 342 MW.  

 

Figure 5-8: Half -hourly electricity demand for heating of ASHPs, GSHPs and district heating units for the 1 -
in-20 peak demand day in 2050 of the electrification and hydrogen pathways. 

Table 5-2 and Table 5-3 show a comparison of the peak electricity demand for different 

years in each local autho rity for the two decarbonisation pathways. In the 

electrification pathway, the lower share of district heating in Swansea and Newport 

compared to Cardiff is reflected by a higher increase of the peak electricity demand 
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from 2018 to 2050 in these two local authorities. This is due to the better efficiency of 

the district heating units and the capability to shift some of the demand to off -peak 

time using thermal storage. In the hydrogen pathway, no significant changes in the peak 

electricity demand were obser ved across the years. HPs were starting to  replace 

resistance heaters, oil boilers, and biomass boilers in new dwellings but the 

improvements in the energy efficiency of the dwellings and the efficiency of the HPs 

counterbalanced their uptake.  

Table 5-2: 1-in-20 peak electricity for heat demand for the electrification pathway  (peak electricity 
demand in MW) 

Year Cardiff  Swansea Newport 

2018 16 8 5 

2030 181 123 80 

2040 209 154 97 

2050 226 172 107 

 

Table 5-3: 1-in-20 peak electricity for heat demand for the hydrogen pathway (peak electricity demand in 
MW) 

Year Cardiff  Swansea Newport 

2018 16 8 5 

2030 21 21 12 

2040 18 19 11 

2050 17 18 11 

 

Table 5-4 shows the peak hydrogen demand of the hydrogen pathways. Compared to the 

peak electricity demand of the electrification pathway shown in  Table 5-2, the peak 

hydrogen demand is almost four  times higher than t he peak electricity demand. This 

can be explained by the difference in efficiency between hydrogen boilers and HPs 

(ASHPs, GSHPs and large-scale HPs) and the difference in the shape of the profiles 

between these technologies in Section  5.3    
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Table 5-4: 1-in-20 peak hydrogen for heat demand for the hydrogen pathway (peak electricity demand in 
MW) 

Year Cardiff  Swansea Newport 

2018 0 0 0 

2030 0 0 0 

2040 488 376 229 

2050 862 658 406 

The LSOAs in the three local authorities were matched to a primary substation using GIS 

software. The list of substations and their supply areas were provided by W PD 

(www.westernpower.co.uk). The LSOAsõ profiles belonging to each substation were then 

aggregated and their peak  was calculated.  

Figure 5-9 shows the results for Cardif f in 2018, 2030, 2040 and 2050 for the 

electrification pathway. Th ose substations that  have a higher peak in 2030 than in the 

other years (Canton, Cryws Road, Northcote St reet , etc.) have most of their electricity 

for heat used through district heating sch emes. The energy efficiency improvements 

that  were considered to happen decrease these peaks in the years 2040 and 2050.  

In the substations that  supply areas using mostly HPs, a significant increase in the 

electricity peak demand is seen between 2018 and 2030. These peaks in electricity 

demand increase until 2050 following the conversion of more dwellings to HPs. The 

energy efficiency improvements of the se dwellings are not sufficient to counterbalance 

the peak electricity demand increase driven by the upt ake of the HPs. The figures for 

Swansea and Newport at substation level are available in Appendix E.3. 
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Figure 5-9: Peak electricity for heat demand in the electrification pathway for Cardiff  

Figure 5-10 shows the results for the hydrogen pathway. Most  substations see their peak 

electricity demand decrease , due to the combination of energy efficiency improvements 

and the replacement of resistance heaters with HPs. Those substations that show an 

increase in their peak electricity demand (Creigiau, Cyncoe d, Fairwater, Ironbridge, 

etc.) supply areas where new dwellings using HPs are built between 2018 and 2050.  

 

Figure 5-10: Peak electricity for heat demand in the hydrogen pathway for Cardiff  
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5.6  SUMMARY 

The half -hourly peak electricity demand for heating was studied in this chapter for 

different heating technologies and for the two heating decarbonisation pathways from 

Chapter  4. 

Heating technologies were shown to be controlled in very different manners and their 

efficiency can be impacted by OAT (for ASHP and to a lesser extent GSHP), which leads 

to different peak ti mes and different magnitude s of the peaks for each of them. H Ps 

had a flatter operation and their peaks were two to three  times lower than resistance 

heaters. In comparison, the peak energy demand of a gas boiler was more than three  

times higher than the A SHP.   

When looking at individual technologies such as ASHPs, it was demonstrated that OAT is 

a key factor when calculating the ADMD. The ADMD of ASHPs at -4°C is more than 35% 

higher than at 0°C , and thus this is a factor to estimate the additional peak e lectricity 

demand by the installation of such technology.  

In the electrification pathway, ASHPs were the main driver of the 18 times increase of 

the peak electricity demand between 2018 and 2050 followed by district heating and 

GSHPs. The peaks were heterogeneously reflected at substation level in Cardiff, 

Swansea and Newport. Several substations showed almost no changes in their peak 

electricity demand for heat , while  around one fourth  had a +20 MW increase. In 

comparison, there was an only ca. two times increase of the peak electricity demand in 

the hydrogen pathway.  

When comparing peak demand of secondary energy resources (electricity and 

hydrogen), the peak energy demand of the electrification pathway was four  times lower 

than the peak energy demand of  the hydrogen pathways by 2050, due to the differences 

in the efficiency of HPs and hydrogen boilers.  
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6 The Heat Supply Options Assessment 
Model 

6.1  INTRODUCTION 

The viability of heat decarbonisation pathways not only depends on their costs and 

performance but is also significantly affected by the local circumstances , such as 

availability of space and level of insulation in buildings, heat demand density in an area  

[10] , the availability of waste heat [25]  and existing energy infrastructure (e.g. ,  

connection to the gas grid and availability of capacity in the electricity network)  [26] .  

This chapter will describe a model to assess heat supply options for local areas by 

considering different gas and electricity price scenarios , as well as local circumstances. 

The local authority of Neath Po rt Talbot in Wales was used as an example. 

6.2  METHODOLOGY 

Figure 6-1 shows the methods developed in this research and how they interact with 

each other. The heat supply op tions assessment (HSOA) model that is developed in this 

chapter has two main steps: 

1. Constructing a district heating system model  using inputs of local area data, 

techno-economic data and estimated heat demand.  

2. Constructing an individual heating systems optimisation model  using inputs of 

local area data, techno -economic data and estimated heat demand.  

To assess the heat supply options, the annualised costs of the district heating system 

and individual heating systems were compared and the option w ith the lowest 

annualised cost was selected as the cost-effective way to decarbonise the heat supply in 

a selected area. Indicators such as CO2 emissions, the number of heating technologies 

and the levelized cost of heat were calculated.  
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Heat supply options assessment model

Estimation of the heat 
demand (see chapter 3)

Lowest cost?

District-heating 
system model
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systems 
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Heat load 
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(e.g. CAPEX, OPEX, heat 
supply mix, CO2 

emissions)

LSOA data Techno-economic data

 

Figure 6-1: Overview of the methodology of th is study 

6.2.1  The District Heating System Model  

The cost related to a district heating scheme is the cost for the heat supply Ὓ and the 

cost for the heat d istribution Ὀ. The annual expenditure was calculated using Equation 

13. 

 ὃὲὲόὥὰ ὩὼὴὩὲὨὭὸόὶὩὛ Ὀ
ὈὙ

ρ ρ ὈὙ
Ὓ Ὀ  (13) 

Where ὈὙ  is the discount rate (4%) and ὲ is the lifespan of the district heating system 

(40 years).  

6.2.1.1  The Heat Supply Costs of District Heating Systems  

The technologies considered to supply heat to a district heating system included gas 

boilers, gas CHP units and large-scale HPs. The installed capacities for these 

technologies were calculated by identifying the combination that  minimised the annual 

heat supply cost. The methodology used is drawn from [70]  and it  combines the use of 

screening curves with load duration curve. The screening curves are used to compare 

technologies in terms of cost and full load hours. This information transposed on to the 

load duration curve is used to calculate the capacity installed and the heat demand 

supplied. This information is then used to calculate the CAPEX and OPEX of the heat 

supply. 

6.2.1.2  The Heat Distribution Network Costs 

The cost of the district heating network in each local area was determined by the 

length of the pipes, their diameter and the type of  area (e.g. ,  rural, urban).  Equation 

14 was used to calculate the average pipe diameter of a district heating scheme for a 

local area, where  ὗ   Ὃὐ is the heat sold in the local area, ὒ ά  is the length of 
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network and ὗ  Ⱦὒ is the linear heat density. This equation was derived by [80]  

through fitting a logarithmic function to estimate the relationship between aver age pipe 

diameter Ὠ ά  and linear heat density ὋὐȾά  of 134 district heating schemes in 

Sweden.  

 Ὠ πȢπτψφὰὲὗ  Ⱦὒ πȢπππχ (14) 

In this paper, the heat sold is assumed to be equivalent to the heat demand and the 

length of the local road network is used as a proxy for the length of the pipes.  The 

length of the road in each LSOA was calculated from the OS open road data [81] , 

excluding motorways and road classified as A road, combined with th e boundaries of the 

LSOAs using a GIS software. 

According to [70] , the heat distribut ion network cost Ὀ  is a function of the average 

pipe diameter, the length of the network and the area characteristics , as defined by 

Equation 15. 

 Ὀ ὅ ὅ Ὠ  ὒ (15) 

Where ὅ and ὅ are the construction costs of heat networks for the local area shown in  

Table 6-1. These costs were adapted from [80] , which estimated them from district 

heating systems built in Sweden. The origina l costs were converted from Euros to British 

pounds using a 0.88 û/Ã exchange rate, and the area characteristics renamed to fit the 

UK classification for the level of the urbanisation of local areas.  

Local area characteristics  C1 [£/m]  C2 [£/m²]  

Urban > 10k 252 1,779 

Village, town and fringe  188 1,518 

Hamlet & isolated dwellings  133 1,213 

Table 6-1: Construction cost by local area characteristics.  

As shown by Equation 16, the variable cost of 0.361  £/GJ was assumed for heat supplied 

by district heating networks [82] . The variable cost accounts for the electricity 

consumption of pumps and heat losses (heat losses estimated at 8% of the supplied 

heat). This is a simplification which considers that ,  regardless of the system 

characteristics , the consumption of electricity for pumping water in the network is 

proportional to the heat supplied.  

 Ὀ ὗ  ρ πȢππψ πȢσφρ (16) 

The cost of the substation that links the district heating network to the building heating 

system was also considered. The major driver for these connection costs is the dwelling 

type. For a flat, the costs are shared by the other flats of the building, th us it does not 
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cost as much as for connecting a house. In this paper, the average figures from [83]  

were used for the connection costs: £7218 or £649 equivalent annual cost for houses and 

£4621 or £416 equivalent annual cost for flats. This costs do not include the cost of 

heat.  

6.2.2  The Individual Heating Systems Model  

As an alternative to district heating,  possible heating systems for individual dwellings 

were assessed using an optimisation  model. The objective of the model was to find the 

cost-optimal individual heating technology for each dwelling category in a local area.  

The annual expenditure of the co st-optimal individual heating systems for a local area 

was calculated as the sum of the equivalent annual CAPEX (Ὅ ), the annual OPEX 

(Ὅ  and the annual cost of reinforcements of the power sector ( Ὅ  , as shown by 

Equation 17.  

 ὃὲὲόὥὰ ὩὼὴὩὲὨὭὸόὶὩ Ὅ Ὅ Ὅ  (17) 

 

The problem was formulated as a mixed-integer linear programming where the 

objective was to minimise the annual expenditure of the system , as shown by Equation 

18. This was implemented in Python using the Pyomo optimisation modelling language 

[84], [85]  and the IBM CPLEX solver. 

 

 ὕὦὮȡ ÍÉÎ ὤ Ὅ Ὅ Ὅ  (18) 

 Ὅ Ὁὃὅȟ ὔȟ  (19) 

 Ὅ
ὗ

–
ὕȟ ὔȟ  (20) 

 Ὅ ὃὈὓὈȟ Ὑὅ ὔȟ  (21) 

 

ὤ is the cost function.  

ὨᶰὨύὩὰὰὭὲὫÁͅÒÃÈÅὸώὴὩ.  

ὪᶰὪόὸόὶὩὸͅὩὧὬ is the list of technologies by which current heating technologies can be 

replaced, which  includes gas boilers, resistance heaters, biomass boilers, ASHP, GSHP 

with borehole and HHPs. 
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Ὁὃὅȟ is the equivalent annual cost of technology f  in the dwelling category Ὠ that 

includes the cost of capital and the fixed annual operation and mainte nance cost. ὗ  is 

the annual heat demand of the dwelling category Ὠ. – is the efficiency of the 

technology Ὢ. ὕ is the variable operation cost (£/kWh) of technology Ὢ which includes 

the fuel costs and CO2 costs minus any incentives. ὔȟ is the number of dwellings 

corresponding to category Ὠ where the future technology f  is installed.   ὃὈὓὈȟ (kW) 

is the after -diversity maximum electricity demand of the technology Ὢ installed in the 

dwelling category Ὠ.  Finally,  Ὑὅ is the network reinforcement cost (£/kW) to cover the 

potential increase of the peak of electricity demand.  

One of the constraints of the model is that gas-based technologies cannot be installed in 

a dwelling not connected to the gas grid. This was implemented by setting to zero the 

number of dwellings not connected to the gas grid and being converted to a heating 

technology using natural gas. In addition, t he number of dwellings with biomass boilers 

in urban areas cannot increase. Therefore, th e number of dwelling categories where the 

heating technology was biomass boiler in the input data was set to be below or equal to 

the number in the output of the model.  Other constraints were enforced through cost 

and choice of the list of future technolog ies. When a technology was unlikely to be 

installed in a specific type of dwelling , the cost of this unit was set high (see appendix 

F.4). Future tec hnologies did not include oil boilers.  

6.3  EXAMPLE OF NEATH PORT TALBOT 

The HSOA model was demonstrated on the local authority of Neath Port Talbot (NPT) in 

Wales. NPT has a mix of rural and urban areas that are not all connected to the gas 

grid. NPT was divided into 91 local areas (LSOAs) using the UK geographic system for 

statistics. For each of these LSOAs, the number of dwellings, their types and their 

heating systems in 2011 were extracted from the publicly available statistics [1] . 

Figure 6-2 shows the number of heating installations by dwelling type currently used in 

NPT [1] . Gas boilers are the dominant heating technology. Semi -detached and ter raced 

dwellings are the main dwelling types. There is a total of 57,891 dwellings in NPT. This 

data was used to define 16 dwelling categories, with a dwelling category being the 

combination of a dwelling type and a heating system.  
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Figure 6-2: Heating currently installed in dwelling types in Neath Port Talbot  

Figure 6-3 shows the current share of gas, oil and biomass boiler s based on the total 

number of dwellings in each LSOA. The LSOAs with a low share of gas boilers have fewer 

dwellings connected to the gas grid. Oil and biomass boilers most commonly used where 

there is no gas connection.  

    

Figure 6-3: Maps of Neath Port Talbot showing the current share of heating technologies  

6.3.1  Heat Demand of Dwellings in Neath Port Talbot  

The EPC certificates for NPT [86]  were collected and mapped to the 91 LSOAs and the 

heat demand by LSOA was calculated as described in Chapter  3. Figure 6-4 shows the 

estimated average annual heat demand by dwelling category in NPT. Detached 

dwellings have the highest heat demand on average, followed by semi -detached, 

terraced and flats. For a given dwelling type, the annual heat demand varies depending 

on the heating fuel used. This can be explained by the differences in the characteristics 

of these dwelling categories , including the  age of the dwelling, gross internal area, and 
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energy efficiency level. For instance, detached dwellings with resistance heaters are on 

average smaller in size and more energy-efficient than detached dwellings with oil 

boilers.  

 

Figure 6-4: Average annual heat demand by dwelling categories in Neath Port Talbot produced using the 
EPC-based method. 

The total heat demand for each LSOA was derived by multiplying the heat demand of 

each dwelling category by the number of dwelling s in that  category known from the 

2011 census data [1] . Figure 6-5 shows that the estimated heat demand in NPT for each 

LSOA ranges from 6,390 MWh to 16,850 MWh. 

 

Figure 6-5: Map of Neath Port Talbot showing the estimated heat demand for each LSOA  

6.3.1.1  Assessment of Heat Supply Options in Neath Port Talbot  

Using the HSOA model shown in Section 6.2 , cost -optimal heat supply technologies 

were determined for each of the 91 LSOAs in NPT for different combinations of 
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electricity and gas prices. The input data for the modelling, which include s the techno-

economic data of the heating technologies, is available in Appendix F. The resulting 

heating technologies, carbon intensity and levelized cost  of heat at local authority level 

are presented, followed by the spatial results for two combinations of electricity and 

gas prices. 

6.3.1.2  Scenario Definition  

Figure 6-6 shows the 90 possibilities of gas and electricity prices with each dot 

representing a scenario, which  are referred to as ôprice scenariosõ hereafter. The 

changes in biomass and oil prices were assumed to be proportional to the changes in the 

gas price. The remaining assumptions and input parameters to the models are listed in 

the Appendix F. As a point of reference , the prices for 2018 were: 17.9  p/kWh  for 

electricity [87] , 4.4  p/kWh for natural gas [87] , 5 p/kWh for biomass [88]  and 5 p/kWh 

for oil [87] . The closest price scenario  to the 2018 prices is the scenario where the 

electricity price is 17  p/kWh and the gas price is 4  p/kWh. This is referred to as the 

ô2018 price scenarioõ and is shown as a red cross in Figure 6-6 to Figure 6-9. 
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Figure 6-6: Combinations of electricity and gas prices modelled to create price scenarios.  

The results for NPT were then produced by aggregating the results of the NPT LSOAs for 

each price scenario.  

6.3.1.3  The Heating Technologies  

Figure 6-7 shows the two technologies with the largest shares of heat supplied for each 

price scenario. The two prevalent heating technologies are referred to as the mai n and 

secondary technologies. Low gas prices favour gas-based technologies, whereas high gas 

prices favour electricity -based technologies. For the 2018 price scenario, the main 
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technology chosen is the gas boiler and the secondary technology  is a biomass boiler, 

which shows that the modelõs output is similar to the real situation in 2018.  

When the gas price increases, electricity -based technologies become more attractive. 

This is shown by the red (6), purple (7) and blue (3) areas, where individual ASHPs an d 

district heating using large -scale HPs are chosen as either main or secondary 

technologies. In contrast, when the electricity price increases, the pink (9), brown (8) 

and green (5) areas that show gas-based technologies become attractive.  

 

Figure 6-7: Colour map displaying the main and secondary technologies for each price scenario (each 
rectangle represents one price scenario). DH stands for District Heating . 

6.3.1.4  The Carbon Intensity of Heat  

Figure 6-8 has two areas, showing where the carbon intensity of the price scenarios is 

below and above the intermediate target of 180  gCO2/kWh suggested by the CCC. The 

only price scenarios to meet this target are the scenario with  an electricity to gas price 

ratio below 2.4 or the scenario with gas prices over 5 p/kWh. The scatter points 

correspond to historical prices (+), 2018 prices (x) and projected prices ( D) from BEIS 

[4]. BEIS used these prices in an econometric model to project the UK energy demand 

and greenhouse gas emissions, which was used to  assess the progress towards the UK 

emissions targets. It was observed that all the price scenarios close to past, present and 

projected prices have a carb on intensity above 180 gCO2/kWh.  
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Figure 6-8: Carbon intensity of the price scenarios. The carbon intensity values were interpolated for those 
energy prices that were not modelled.  

6.3.1.5  The Levelized Cost of Heat  

The levelized cost of heat (LCOH) was used to assess and compare technologies with 

different characteristics , such as lifetime, CAPEX and OPEX. Equation 22 was used to 

calculate the LCOH for NPT: 

 ὒὅὕὌ
ὅὃὖὉὢ ὕὖὉὢ

ὌὩὥὸ ὨὩάὥὲὨ
 (22) 

For the 2018 price scenario, the LCOH was 6.9 p/kWh thermal . This value was used as a 

point of reference to calculate the relative percentage change of the LCOH for different 

price scenarios; as shown by Equation 23: 

 ὒὅὕὌ ὧὬὥὲὫὩ Ϸ
ὒὅὕὌ

ὒὅὕὌ
ρ (23) 

Figure 6-9 shows four levels of LCOH change of the price scenarios using contour lines, 

which are displayed overlaying the carbon intensity areas shown in  Figure 6-8. The price 

scenarios that are close to the 0% line (i.e. negligible changes in LCOH compared to the 

2018 price scenario) have a gas price between 0.04 and 6 p/kWh. When the gas prices 

are higher, the LCOH change gets closer to +25% and can rise to more than +50%. 

The price scenarios that meet the carbon intensity target shows a LCOH change of less 

than +25% if the electricity price is below 15  p/kWh and the gas prices are above 

5 p/kWh. If the electricity price is the same as in the 2018 price scenario (17 p/kWh), 

then the gas prices are above 7 p/kWh and the LCOH change is above +25%. The price 
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scenarios annotated as points 1 and 2 are close to the 2018 price scenario and will be  

studied in the next section.  

 

Figure 6-9: Contour lines showing the percentage change of the LCOH of the price scenarios compared to 
the 2018 scenario.  

6.3.1.6  Spatial Comparison of Two Price Scenarios  

Table 6-2 lists the characteristics of price scenarios 1 and 2 , which meet the 

intermediate carb on intensity target.  

Table 6-2: Characteristics of the two price scenarios selected  

 Electricity price 

(p/kWh)  

Gas price 

(p/kWh)  

Percentage 

change of the 

LCOH 

Carbon 

intensity 

(gCO2/kWh) 

Scenario 1 14.5 6 20% 131 

Scenario 2 19.5 7 39% 140 

 

In Price Scenario 1, the main fuel for heating is electricity (see  Figure 6-7) with 28% of 

heat supplied by ASHPs and 29% supplied by large HPs in district heating. The remaining 

heat demand is supplied by gas boilers (40%) and biomass boilers (3%). In Price Scenario 

2, 15% of heat is supplied by ASHPS and 37% by large HPs in district heating. The 

remaining heat demand is supplied by gas boilers (45%) and biomass boilers (3%). The 

increase in district heating share is explained by the higher energy prices making this 

technology more viable than in the Price Scenario 1.  
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Figure 6-10 shows the share of heating technologies by LSOA for the two price scenarios. 

The adoption of the technolog ies is different in each LSOA. The LSOAs with higher linear 

heat density are converted to district heating. ASHPs and gas boilers supply the heat in 

the other LSOAs.  

The share of ASHPs and gas boilers varies from one LSOA to another due to the type of 

buildings and heat demand. In Price Scenario 1, 16 LSOAs have a share of ASHPs above 

80% which leads to LSOAs not requiring a gas grid for heating anymore. This is not as 

significant in Price Scenario 2, where gas boilers remain dominant outside of the LSOAs 

converted to district heating. This reflects that heat decarbonisation is not happening 

at the same rate in every LSOAs. 

The increase of gas and electricity prices from Price Scenario 1 to 2 does not change the 

core set of LSOAs viable for district heating. The LSOAs viable for district heating in 

Price Scenario 1 are also viable for district heating in Price Scenario 2. Hence, 

converting these LSOAs to district heating could be considered as a low reg ret path 

when looking at energy planning strategies.  
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Figure 6-10: Heating technology uptake at LSOA level for Price Scenario 1 and 2.


































































































































































