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Abstract 
Retrofitting the existing building stock is one of the most 
effective solutions to reduce carbon emissions. 
Interventions at a stock scale, however, are not successful 
unless they are also socially sustainable. Previous work 
hardly considered both the physical and 
sociodemographic attributes analytically combined, 
focusing only indirectly on emission reduction. This study 
investigates how the differences among 
sociodemographic attributes and physical characteristics 
of different regional scenarios will change the trade-offs 
between cost and greenhouse gas emission as well as 
which measures should be implemented to achieve the 
reductions. A publicly available national housing dataset 
was used to populate a parametric model to run dynamic 
energy simulations. Retrofit measures are applied and 
optimized through a genetic algorithm at a stock scale, 
introducing socio-economical derived constraints to 
avoid fuel poverty, for the North East, the East Midlands 
and the London region in the UK. Results show that an 
overestimation of the emission reduction is possible when 
the social context is not considered, up to 48% for the 
North East region. Also, the regional income distribution 
is not the only parameter that determines the affordability 
of retrofit measures, but it has to be combined with the 
current state of the building stock to achieve tailored 
solutions. 
Key Innovations 
• The methodology analytically combines physical and 

socio-economic parameters. 
• Parametric generation of a socio-thermal model in a 

VPL environment; personalized schedules and 
setpoints are generated based on public databases. 

• Considerations about fuel poverty risk are made, 
based on simulation-based optimization tradeoffs. 

• Arguments are made for the necessity of tailored 
retrofit strategies for different regional scenarios. 

Practical Implications 
The proposed modelling methods can be useful for energy 
modellers to build and simulate large scale building 
stocks, based on publicly available datasets. Also, this 
work can help policymakers and local authorities to 
evaluate how schemes that aim to reduce carbon 
emissions can affect the social context in which they are 
applied preventing fuel poverty and addressing funds 
more efficiently. 

Introduction 
The built environment in the UK significantly contributes 
to carbon emissions reaching, in some cases, 30% of the 
total. Half of these emissions are directly caused by 
residential buildings (UK CCC, 2019) (BEIS, 2018b). 
Most of the existing dwellings are energy inefficient due 
to outdated and low performing thermal envelopes. A UK 
Government report from 2016 states that the majority of 
the existing buildings in 2050 will have been built before 
2000 (Government Office for Science, 2016). 
Consequently, intervening on the existing building stock 
through energy retrofit is a valid option to achieve GHG 
reduction goals (IET & NTU, 2018). 
Large scale physical interventions, however, can have a 
significant impact on the sociodemographic context in 
which they are applied. For this reason, to ensure their 
global sustainability, that impact should be carefully 
evaluated by governments and local authorities 
(Campbell, 2016). 
 
However, given the complex nature of socio-economic 
environments, assessing the consequences of an energy 
policy is not an easy task. As an example, it has been 
shown that sociodemographic characteristics have an 
impact on the uptaking rate of energy efficiency measures 
(EEM) in the UK. Specifically, cost and initial 
investment, one of the main barriers to the adoption of 
EEM according to Pelenur & Cruickshank (2012) do not 
only affect low-income households but also prevent high-
income ones from retrofitting their homes (Hamilton et 
al., 2014). 
The cost-related problem becomes even more significant 
when fuel poverty issues are considered. Consequently, 
avoiding fuel poverty should be one of the priorities for 
policymakers dealing with large scale retrofit. 
 
As an example, the Green Homes Grant (UK 
Government, 2020) aims to retrofit the existing UK stock, 
directly funding households. This scheme is currently 
active in the UK and addresses the fuel poverty issue by 
prioritizing low-income and benefit-recipients 
households. However, it does not contain any indication 
about the relationship between the involved households’ 
sociodemographic conditions and the EEM to be installed 
in their houses. Also, space is left for local authorities for 
providing indications about what dwellings to prioritize in 
a so-called “eligibility flexibility” regime.  
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To solve a problem like this, it is useful to understand 
which are the best combinations of EEM and 
sociodemographic characteristics. However, the physical 
and socio-economic aspects of this problem are usually 
evaluated separately, separating the energy demand and 
physical retrofit side from the considerations about the 
social context. As an example, D’Alpaos & Bragolusi, 
(2019) propose an Analytic Hierarchy Process (AHP) 
model to address the problem but without implementing 
energy performance simulations in the workflow and 
without searching for optimality. He et al. (2015) use a 
genetic algorithm optimization process to find the best 
EEM distributions without, however, considering socio-
economic factors. Ürge-Vorsatz & Tirado Herrero, (2012) 
stress the complexity and the connection between the two 
dimensions and advocate for a holistic policy approach to 
find a solution. Although Vilches et al. (2017) consider 
the combined problem of fuel poverty and physical 
retrofit, their proposed methodology focuses on the 
thermal comfort implications, without considering the 
emission reduction targets. Also, Touceda et al., (2018) 
who developed a Life Cycle Sustainability Assessment, 
do not implement a simulation-based optimization 
process in their workflow.   

Another factor that adds complexity to the problem is the 
variety of regional peculiarities that can affect the 
policies’ outcome. Different geographical parameters 
such as the base-case conditions of the building stocks, 
the climate and the socio-economic attributes of the 
households change the way EEM are effective in a given 
scenario. 

This paper proposes a methodology to address a limited 
part of a more complex problem, analytically 
incorporating income-based constraints in a multi-
objective building stock retrofit optimization, refining and 
deepening an ongoing work already discussed by Rossi et 
al. (2020). The intent is to understand, based only on 
publicly available datasets, what is the potential emission 
reduction for a given building stock, evaluating the cost 
for the involved community, considering the fuel poverty 
risk for the households. Applying the same methodology 
to a representative stock from three different UK regions, 
London, the East Midlands and the North East, this work 
will also investigate how the peculiarities of the different 
scenarios react to the implementation of the retrofit 
strategies. 
Methodology 
The methodology can be divided into four sections: 
Region selection, Energy model, Cost analysis and 
Optimization. 
Region selection 
Data from the English Housing Survey (EHS) (Ministry 
of Housing Communities & Local Government, 2020) 
were used to populate the parametric model on which this 
study is based. The dataset is publicly available and 
represents a continuous survey commissioned by the UK 
government on a national scale; it contains high-

resolution details about physical and sociodemographic 
information on several archetypical dwellings and 
households to represent the entire UK building stock. 
As the purpose of this work is to investigate the different 
behaviours among the UK regions, three of them were 
selected: the North East region (NE), the East Midlands 
region (EM) and the London region (LON). This choice 
was made because of the differences among them, in 
terms of income distributions, general retrofit conditions, 
level of insulation and local weather.  

Specifically, according to the selected dataset, in the NE 
77% of the households are within the third (medium) 
national quintile, 68% in the EM and just 58% in LON; 
on the other hand, LON has 25% of its households 
belonging to the highest quintile compared with the 13% 
and 7% for the EM and NE regions, respectively.  
The main differences in insulation condition are given by 
external walls and loft insulation. In the NE 74% of the 
external walls are insulated and 63% of lofts have more 
than 200mm of insulation; in the EM these figures are 
reduced to 50% and 48%, while they drop in LON to 19% 
and 32%. Almost every dwelling in each region is heated 
through gas boilers and radiator systems and the 
percentage of dwellings that have double glazing 
windows installed on the entire house is sightly lower for 
LON. 
Lastly, the difference in Heating Degree Days for the 
three regions (base temperature 15,5 °C) is 1710 for LON, 
2361 for the EM and 2355 for the NE region. 
In general, the simulation scenarios are defined as a worse 
insulated but generally richer region, LON, a better-
insulated region with a generally lower income, NE and 
the EM region that is in between them, as shown in Table 
1. 
Energy model 
For this study, a reduced number of representative 
archetypes was selected within the EHS datasets, for 
every investigated region. Flats and commercial buildings 
were excluded because addressing costs, income 
attributes and energy savings would have added more 
complexity in such cases. In the same way, all the 
archetypes with missing data were excluded. Lastly, two 
archetypes were selected for every dwelling type (semi-
detached, end-terraced, mid-terraced, and detached 
houses) and each of the nine available age bands, resulting 
in 72 archetypes for the EM, 67 for LON and 69 for the 
NE region. The difference is given by the fact that in some 
cases no archetypes were available for a certain 
combination of dwelling type and age band. The 
archetypes were selected as the most frequent of their kind 
in the dataset and also in a way such that the resulting 
reduced building stocks were equally representative of the 
peculiar differences among the three regions, in terms of 
income distribution and physical characteristics.  

A geometrical model of the archetypes was built using the 
Visual Programming Language (VPL) Grasshopper for 
Rhino (Robert McNeel & Associates, 2020), including 
features like orientation and shape of the buildings, 
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Figure 1: Automatically generated dwelling geometries 

window-to-wall ratio and roof slope, as well as the living 
room position and size.  

Table 1: NE, EM and LON regions’ base-case retrofit 
and income conditions. 

Wall 
insulation Loft insulation Income 

distribution 

North 
East 

East 
Midlands 

London 

Legend 

Cavity with 
insulation 

None 1st quintile 
(lowest) 

Cavity 
uninsulated 

Less than 50mm 2nd quintile 

Solid with 
insulation 

50 up to 99mm 3rd quintile 

Solid 
uninsulated 

100 up to 
149mm 

4th quintile 

Other 150 up to 
199mm 

5th quintile 
(highest) 

200mm or more 

The Grasshopper environment versatility allowed to 
create an energy model based on those geometries using 
the Ladybug Tools suite (Ladybug Tools LLC, 2020) to 
be simulated using the Energy Plus engine. Figure 1 
shows some examples of automatically generated 
geometries.  

 

Construction properties were directly assigned combining 
the information available in the EHS and the CIBSE 
indications (CIBSE, 2019) on typical construction 
materials for walls, windows, roofs and floors. 
Thermal loads were based on CIBSE indications for 
infiltration rates and equipment. Thermal loads for people 
were based on EHS data. Information from the same 

dataset was also used to define the heating schedules. The 
minimum room temperature for the heating system to start 
was based on the age of the oldest person in the household 
and it is 18°C if that age was 65 or more, and 17°C if it 
was lower, according to the NHS indications (Public 
Health England, 2014). Occupancy schedules were based 
on EHS information about which and for how many hours 
the dwelling was occupied during week and weekend 
days, and were tailored for each household. 
All the dwellings are heated through radiators respecting, 
however, the specific fuel source from the EHS. 
Efficiency coefficients vary depending on the boiler type 
and the age of the system, according to BREDEM 
indications (Henderson & Hart, 2013). The Building 
Research Establishment Domestic Energy Model 
(BREDEM) is a calculation methodology used to estimate 
the energy consumption of a home based on its 
characteristics and it complies with the principles given in 
BS EN 13790:2008. It is 1 for electric radiators, between 
0,7 and 0,9 for gas boilers and between 0,66 and 0,92 for 
heating oil boilers. A 5% increment was added for 
condensing boilers. 
Retrofit 
For this work, both passive and active energy efficiency 
measures were considered. This meaning that retrofitting 
options for both the building envelope insulation and the 
heating system were applied. Retrofit strategies are also 
based on suggestions found in the 2020 UK Carbon 
Budget  (Committee on Climate Change, 2020). 

The investigated archetypes in every region are divided 
into four wall categories: uninsulated solid walls, 
insulated solid walls, uninsulated cavity walls and 
insulated cavity walls. Insulation was applied where not 
present, filling cavity walls and applying external 
insulation to solid walls, such that the resulting U-Value 
would comply with the current UK standards. The same 
process was applied to loft insulation, distinguishing 
different strategies for attics with a room-in-roof, virgin 
installations for uninsulated lofts and “top-up” 
installations for lofts with a not sufficient level of 
insulation, getting to final insulation of 270 mm of 
mineral wool quilt for the entire dwelling stocks. In the 
case of single-glazed windows, retrofit consisted of an 
upgrade to double or triple-glazed windows; double-
glazed windows were retrofitted to triple-glazed 
windows. 
Air-to-Water Heat Pumps (AWHP) were considered as 
the only retrofit option for heating systems.  
Differently from Ground Source and Water Source Heat 
Pumps, AWHPs can be virtually installed on a larger 
number of dwellings, since they do not require the same 
house prerequisites. Even if AWHPs might require 
additional “hidden costs” (such as additional intervention 
on the existing radiator system or disruption costs) these 
are not considered in this work. 

AWHP were modelled with a fixed Coefficient of 
Performance (COP) of 1,7, according to the average 
seasonal COP reported in BREDEM.  This generally low 
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suggested COP might be due to the domestic hot water 
(DHW) production; even if this work does not consider 
DHW, government guides do not provide alternative COP 
values for seasonal efficiency. 

As a result, 48 configurations were virtually possible for 
each dwelling, for a total of 9984. However, due to the 
different base-case conditions of the three stocks and the 
fact that not every house could be fully retrofitted, only 
1340 options were feasible for the EM, 1472 for LON and 
just 984 for the NE region. Finally, all the 3796 
configurations were simulated with Energy Plus. 

For every configuration, the relative CO2 equivalent 
emissions load (𝐸𝐸𝑎𝑎) was calculated for each archetype a. 
As shown in (1), the annual heating energy demand 
(𝑊𝑊𝑎𝑎) was multiplied by the UK Government conversion 
factors (𝐺𝐺𝑎𝑎) (Department of Business Energy & Industrial 
Strategy, 2019), according to the main fuel type used by 
each archetype, based on what specified in the EHS. 
Different coefficients were then applied after AWHP 
installations. 

𝐸𝐸𝑎𝑎 = 𝑊𝑊𝑎𝑎𝐺𝐺𝑎𝑎 (1) 
Cost analysis 
The total retrofit cost (𝐶𝐶𝑎𝑎) for each intervention is 
affected by different conditions, related to factors like the 
regional and national market, the fluctuation of energy 
prices and the different quality of installed materials. The 
authors are aware of the complexity of the matter and how 
it can be a sensitive parameter of the workflow, therefore, 
this paragraph will explain what assumptions have been 
made for this work.  

Table 2: retrofit cost. 
Retrofit options Cost Source 
Loft insulation 
(rafter level) 

30 £/m2 + VAT (Sweett, 2014) 
+35% for virgin
installations

Loft insulation 
(joist level) 

15 £/m2 + VAT 
+35% for virgin
installations

Cavity wall 
insulation 

5,5 £/m2 + VAT 

Solid walls 
insulation 

117,5 £/m2 + VAT 

Double glazing 261 £/m2  
Triple glazing 567 £/m2  
AWHP £6000 for dwellings 

smaller than 75 m2 
(HeatPumps4
Homes, 2020) 

£8000 for dwellings 
between 75 and 125 
m2 
£10500 for dwellings 
larger than 125 m2 

In general, total retrofit costs were represented by the sum 
of investment costs (𝐶𝐶𝐶𝐶𝑎𝑎) and operational costs(𝐶𝐶𝑂𝑂𝑎𝑎), as 
shown in (2). 

𝐶𝐶𝑎𝑎 = 𝐶𝐶𝐶𝐶𝑎𝑎 + 𝐶𝐶𝑂𝑂𝑎𝑎 (2) 

To evaluate the investment costs, firstly, for every 
possible retrofit options combination, the mere capital 
cost (𝐾𝐾𝑎𝑎) was evaluated for each archetype, according to 
Table 2. 

The same report shows that a term of 8 years (y) at 10% 
(i) of fixed annual interest was an average setting and was
therefore assumed for the annualization. Although high,
the interest rate is comparable with the rate offered by the
UK Green Deal Finance (9,3%) and some loan schemes
like the “EDF Energy” (2,9 – 20%). The annual payment
is then calculated monthly. Finally, the general formula
for investment costs is (3).

𝐶𝐶𝐶𝐶𝑎𝑎 = 𝐾𝐾𝑎𝑎

𝑖𝑖
12 �1 + 𝑖𝑖

12�
12𝑦𝑦

�1 + 𝑖𝑖
12�

12𝑦𝑦
− 1

12 (3) 

Operational costs were evaluated by multiplying the 
simulated heating energy demand (𝑊𝑊𝑎𝑎) by the average 
energy prices (𝑃𝑃𝑎𝑎) available in the Standard Assessment 
Procedure, Table.12 (BRE, 2014). Standing charges (𝑆𝑆𝐶𝐶) 
of £155 per year were also added to (4) for the total 
operational cost 𝐶𝐶𝑂𝑂𝑎𝑎, given their impact on annual energy 
bills (Osmon, 2018). 

𝐶𝐶𝑂𝑂𝑎𝑎 = 𝑊𝑊𝑎𝑎𝑃𝑃𝑎𝑎 + 𝑆𝑆𝐶𝐶 (4) 

Although the emission evaluation is a relatively simple 
problem for a single community, understanding what the 
optimal retrofit combinations are increases the general 
complexity. Given a defined number of alternatives, it is 
useful to analyse what outcome can be expected from the 
best possible scenarios. 
Optimization 
Understanding what is the optimal distribution of EEM 
across a given stock, especially without a policy-driven 
strategy, is useful to quantify what is the best possible 
outcome, for that community, in terms of emission 
reduction. The implementation of a Genetic Algorithm 
(GA) in the workflow of this study to find a set of optimal 
solutions can reasonably guarantee that every other 
possible combination “spontaneously” achieved by the 
independently acting households, where non-optimal is 
less efficient. This methodological approach, although a 
simplification of the reality, is still useful inasmuch 
cautionary. 

For this study, the Pymoo framework (Blank & Deb, 
2020) was used to implement the Non-dominated Sorting 
Genetic Algorithm II (NSGA-II) (Deb et al., 2002). A 
total of 200 000 generations were evaluated, with a 
population of 300 solutions for each run. 
The optimization approach is based on the two-stages 
methodology proposed by (Brownlee et al., 2020), here 
possible because every sub-problem (retrofit for a single 
dwelling) is linearly independent of the stock-scale 
problem. Therefore, it was possible to efficiently run 
multiple optimizations without running new energy 
simulations every time. 
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In the first stage, only the optimal retrofit alternatives for 
every dwelling were selected and, secondly, those 
configurations were introduced in the full-scale 
optimization problem, for each region. The problem was 
defined by the two objective functions (5) and (6). 

min𝐶𝐶𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = �𝐶𝐶𝐶𝐶𝑎𝑎 + 𝐶𝐶𝑂𝑂𝑎𝑎

𝑛𝑛

𝑎𝑎=1

 (5) 

min𝐸𝐸𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = �𝑊𝑊𝑎𝑎𝐺𝐺𝑎𝑎

𝑛𝑛

𝑎𝑎=1

 (6) 

For each region, a second optimization was then 
performed, limiting the annualized cost to be less than 
10% of the households annual income (𝐼𝐼𝑎𝑎), as described 
in (7).  

𝐶𝐶𝑎𝑎 ≤ 0.1𝐼𝐼𝑎𝑎 (7) 
This constraint represents one of the main novelty of this 
work and the rationale behind it is to avoid a specific 
household becoming fuel poor when EEM are applied, 
including the annual investment cost for retrofit as a 
factual part of the energy expenses. The 10% indicator 
was introduced by (Okushima, 2017) and it’s now used 
by the UK government combined with the Low Income – 
High Cost (LIHC) indicator. The 10% indicator usually 
includes expenses for lighting, cooking and utilities, 
considering only the expenses for heating is conservative. 
Finally, the main differences between the three regions 
and the three couples of optimized trade-offs were 
analysed. 
Results and discussion 
The results discussion will focus on the interpretation of 
tradeoffs, measures distribution and dwelling inclusion. 
Tradeoffs 
Figure 2 shows the plotting of all the non-dominated 
solutions for the last generation of each optimization run. 
Tradeoffs for each region are coupled by the same colour 
shade Pareto fronts. In all cases, all 300 solutions were 

found to be optimal. For the three regions analysed, 
introducing the income constraint led to a similar but 
different reshaping of the Pareto fronts. 

The first noticeable difference is in the most expensive 
solutions that correspond to the maximum possible 
emission reduction. This reduction is limited by the 
introduction of the income constraints, resulting in an 
emission reduction potential loss. This loss varies from 
48% for the NE to 43% for the EM and 31% for LON. 

Secondly, it is possible to identify, for each front, the 
presence of a knee point: an area where the slope of the 
front changes from a lower to a higher one. The part of 
the front with a lower slope is the one where decision-
makers or planners can move from one solution to 
another, influencing the CO2 emission without significant 
changes in the costs. That means that ideally, it is more 
useful to evaluate preferable solutions in that part of the 
Pareto front. When constraints are applied, the distance 
between this part of the front and the unconstrained front 
is greater and more diverging for the NE and smaller for 
the LON region. Comparing the shape of the fronts with 
the income distribution of the dwellings, it is possible to 
assess that regions with a generally lower income offer a 
more limited choice to decision-makers, in terms of 
measures distribution across the stock. If the low-slope 
part of the front is the one to focus on, taking the knee 
points as references, loss in CO2 emission reduction can 
be re-assessed as shown in Table 3. 

Another interesting result is that, given the same CO2e 
reduction, when constraints are applied, the intervention 
on a stock scale is more expensive for the entire group of 
dwellings. Individual constraints on expenses make the 
emission reduction for the stock more expensive. 
This happens because the constraint is applied at a local 
scale, while the optimization objectives are set for a global 
scale. Consequently, the algorithm applies a smaller 
number of more expensive interventions to a reduced  

Figure 2: Cost-emission tradeoffs for constrained and unconstrained solutions for the NE, LON and EM 
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Table 3: loss of emission reduction potential. 
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number of dwellings when constraints are not applied. 
This allows the stock to reach a certain level of CO2e 
reduction. However, when constraints are individually 
applied, the algorithm is only allowed to retrofit each 
building with a reduced number of cheaper – and less 
efficient – options. To globally achieve the same emission 
reduction, a higher number of interventions is required, 
resulting in a higher cost for the stock. This is amplified 
by the fact that, since the total cost includes the 
operational costs, accessing less efficient EEM also leads 
to a higher final operational cost, which makes the 
investment even less effective. This phenomenon is more 
evident for the NE stock because of the specific income 
distribution and, also, because of the base case physical 
conditions of the stock. The NE stock has an overall lower 
income distribution but, also, a better insulation starting 
point. This means that the only retrofit options applicable 
are the more expensive ones that, however, are the ones 
that the constraints usually exclude as first. This leads to 
a more substantial impact of the constraint on the NE 
region than on the LON region. The latter does not only 
have a generally higher income but also a worse retrofit 
starting condition. 
Measures distribution 
To help to understand the behaviour of the Pareto fronts, 
an analysis of how measures are distributed among the 

solutions is necessary. Figure 3 shows an example of how 
measures installations were analysed for every region. 

The plot represents the number of installations for solid 
walls insulation and AWHP for every solution in the NE 
region. Solutions are ranked from the one with the highest 
level of emission to the one with the lowest. Both 
constrained and unconstrained solutions are shown.  

AWHP installations appear to drive the low-slope part of 
the Pareto front both in constrained and unconstrained 
solutions and for all the regions. They are present from 
the cheapest solutions and the number of installations 
increases constantly with the fulfilment of the stock in 
correspondence of the knee point. For both constrained 
and unconstrained solutions and all the different regions, 
cavity wall insulation is almost always an optimal 
alternative. Roof insulation at the joists level and solid 
walls insulations are mainly driving the high-slope part of 
the Pareto fronts. Insulation at the rafter level is rarely 
considered as an optimal option, possibly given the higher 
cost. For the same reason, top-up roof installation is 
preferred, compared to virgin installations. Installing 
triple glazing is an optimal option only for dwellings with 
double glazing and is rarely an optimal solution when the 
constraint is introduced; this behaviour is common for all 
three regions. In the same way, double glazing is the most 
frequent option for dwellings with single glazing, from 
the knee-point on. On the other hand, thermal efficiency 
gaining deriving from the substitution of single glazed 
windows with triple glazed ones is not enough to justify 
the cost of it. 

In general, the qualitative impact on the different EEM, 
for the three scenarios, resulted to be similar. However, 
the main differences across the regions are given by the 
number of dwellings excluded from the optimization 
process after the constraint is introduced. The most 
affected are dwellings with solid walls to be insulated. 
This is relevant especially considered that some policies 
like Eco Scheme (BEIS, 2018a) prioritize SW insulation 
as EEM to be applied to the UK building stock. Fuel 
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poverty risk would become inevitable if such schemes 
would not consider a strategy to mitigate the 
phenomenon.  
Dwelling inclusion 
To analyse dwellings that were included in the optimal 
constrained distributions at least one time, the difference 
between the 10% of the income and the operational cost 
for each household was evaluated and used to categorize 
them. That can be considered as the “available income” 
for retrofit. The threshold below which households are 
more likely to be excluded from any kind of retrofit is 
higher for regions that have a lower available income and 
a better retrofit condition. This threshold is £2000 for NE 
and EM and just £1000 for the LON region. This is 
because, for LON, good improvements are more often 
possible with a relatively small investment. As an 
example, this is evident for solid walls insulation that is 
an expensive strategy but less effective than AWHP. The 
percentage of exclusion is similar for the NE and EM and 
lower for the LON region, however, values are higher for 
solid walls and lower for heat pumps, as shown in Table 
4. Although EEM is combined in this study, it is evident
that without public incentives, solid walls installations are
more likely to increase the risk of fuel poverty for a stock,
compared with heat pumps. This is more emphasized for
the NE region.

Table 4: dwelling exclusion. 

R
eg

io
n % of excluded dwellings 

AWHP installations Solid walls insulations 
Unconstr Constr Unconstr Constr 

NE 0 39,1 11,8 94,1 
EM 4,2 38,9 0 93,5 

LON 3 28,4 0 75,0 

At the same time, low-cost/high-impact measures like 
cavity wall insulation are highly recommended for all the 
different regions analysed and they are barely affected by 
the introduction of the new constraint: the percentage of 
exclusion has its lowest point at 17% of the dwellings for 
the NE region and its optimality is preserved across the 
all the three constrained Pareto fronts. 
Conclusion 
This study showed an analytical methodology to 
implement socio-economic constraints in a simulation-
based retrofit optimization of a building stock. The 
methodology can be applied to simulate larger and more 
complex scenarios, based on already available data. 
Income distribution was the main factor reshaping the 
Pareto fronts, although it was not the only one. The 
constraint strongly affects the number of excluded 
dwellings, not the behaviour of EEM exclusion. The 
investigated measures were distributed in similar ways by 
the GA, but the number of excluded dwellings was 
different from one region to another: the NE appears to be 
at a higher risk of fuel poverty if some measures like solid 
walls insulation and multi-glazed windows are promoted. 

This risk is directly linked to the percentage of exclusion 
presented in Table 4. 

The cost of the installation is the main driver when the 
income constraint is applied. According to the results of 
this work, AWHPs represent a better option at a large 
scale compared with solid walls insulation and multi-
glazed windows. This is mainly because of the great 
impact that AWHPs have when massively introduced. 
Also, this outcome can be coupled with a secondary 
selection considering other aspects like household 
disruption, ranking the solutions accordingly and 
contributing to the decision-making process. General 
governments and local authorities should, therefore, 
propose schemes that cannot be generalized anymore but 
that should be tailored according to a combination of 
several factors.  
It was shown that the general estimation of emission 
reduction achievable by retrofitting a building stock can 
be overestimated if the risk of fuel poverty is not 
considered. This general overestimation is affected by a 
combination of the socio-economical and current state of 
investigated scenarios. Richer regions with a worse 
starting insulation condition could better rely on their 
financial strength not only because of the ability to pay 
but also because good results could be achieved even with 
less expensive and more efficient interventions. 
Therefore, from a policy point of view, it could not be 
enough to evaluate only the physical state of a building 
stock to address investment funds. Although worse 
insulated, richer regions like the London one might better 
rely on their financial capacity to reduce their emissions, 
especially for low-cost measures; tradeoffs in the low-
slope part almost overlap for that scenario. 

The results show that solely asking homeowners to pay 
for low carbon retrofits, considering only options that will 
not put homeowners into fuel poverty, might not enable 
these regions to deliver the emissions reductions required 
to achieve the UK’s greenhouse gas emissions targets. 
This solution leads to an overall higher cost of achieving 
almost any level of carbon reduction due to missing out 
on high cost but high emissions reductions solutions not 
affordable to many households.  
Further, this solution leads to low carbon but high demand 
scenarios where heat pumps are adopted without any wall 
insulation due to the high cost of solid wall insulation. 
This is true across all regions. 
Therefore, this work confirms that government 
intervention would provide a lower overall cost of 
delivering a low carbon housing stock and further that the 
lowest cost option, when capitally constrained, will lead 
to the delivery of a high demand building stock putting 
more strain on the future wind-based electricity system. 

Given the reduced scale of the problem and the limited 
number of investigated dwellings, this study still cannot 
project the findings on a regional scale. Therefore, it is 
still not possible to find a clear sociodemographic-related 
trend in the uptaking rate of EEM. Also, the uncertainty 
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in the parameters of the cost analysis requires the 
implementation of a sensitivity analysis to better evaluate 
the impact of those aspects on the workflow. 
Considerations on prices and loan parameters can be also 
useful to inform policymakers on retrofit-related topics. 
Further work will also focus on refining the methodology, 
scaling up the process to a regional scale and 
implementing new features in the cost-constraint model, 
such as household disruption, house value improvement 
and tenure condition of the houses. 
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