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H I G H L I G H T S  G R A P H I C A L  A B S T R A C T  

• A dynamic building stock model utilis-
ing complete building stock data was 
created. 

• Dynamic heat demand model (mean 
MAPE 7.7%) was used in the prediction 
of heat load. 

• A 2–3% renovation rate results in a 
decrease of 19–28% of heat 
consumption. 

• Energy intensity is a better indicator for 
growing cities to meet the 2050 target. 

• Climate change reduces the peak load 
but make them more visible.  
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A B S T R A C T   

District heating networks will face major changes on the demand side resulting from future demographic change, 
building energy efficiency improvements and climate change in cities. A stochastic dynamic building stock model 
was developed to investigate the impact of climate change and renovation strategies on district heat demand. The 
model was applied to a representative city in Finland comprising 3880 real buildings with hourly-resolution data, 
for which heat demand scenarios for buildings were simulated up to 2050 using results from global and regional 
climate change models. The novel stochastic dynamic building stock model utilises the real building stock as a 
basis and considers demolition, construction of new buildings and renovation of existing buildings. It is used in 
the precised dynamic heat demand model (mean MAPE 7.7%) to calculate the future heat demand. Model 
outputs indicated that early adoption of building renovation will decrease long-term energy consumption by 3% 
for every 0.5% increase in the renovation rate by 2050. Increasing the yearly renovation rate from the current 1% 
to 3% could reduce the district heat demand by 22% (range 19–28%). Early adoption of building renovation 
could reduce the relative peak load by 50% compared with late adoption. Climate change will reduce the overall 
heat demand for district heating but will increase the annual relative daily variation from 3.6% to 4.5%, meaning 
that the peaks in heat demand will be more visible.  
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1. Introduction 

According to the Intergovernmental Panel on Climate Change 
(IPCC), buildings were responsible for 32% of total global final energy 
consumption and 19% of energy-related emissions in 2010 [1]. At the 
European Union (EU) level, thermal energy represents 50% of the total 
energy consumption [2], of which two-third were dedicated for heating 
and cooling demand in buildings [3] as of 2020. In Finland, the heating 
sector is the second-largest consumer of energy (26%), after industry 
(55%). Within the Finnish heating sector, more than half (55%) of all 
energy use is for urban heating through district heating, while heating 
activities represented 70% of total energy use in residential buildings in 
2017 [4]. Thus the building sector has large untapped potential for 
reducing energy use and emissions [1]. District heating is regarded as 
the most sustainable way of providing cleaner heat under predicted 
future climate change [5]. Future district heating systems will also be 
driven by externalities at the city/district scale, such as demographic 
projections, building renovation and urban planning (demolition and 
construction). The heat demand change due to renovation and climate 
change in a French district on the Atlantic coast has been estimated to be 
around − 18% by 2050 [6]. It has also been estimated that energy effi-
ciency measures in the building sector could reduce the heat demand in 
Helsinki by 15–19% by 2050 [7]. A study examining the impact of 
climate change on a detached house in Helsinki, Finland, reported a 
decrease of 15–18% in heating energy demand under the Special Report 
on Emissions Scenarios by 2050 [8]. On specifically examining the 
change in delivered energy consumption for a building with district 
heating and mechanical cooling, the same study found a decrease in 
energy consumption of 13–16% by 2050 under the same emission sce-
narios [8]. However, research is currently limited by a lack of infor-
mation on local-scale climate variation and on the large-scale real 
detailed building stock that would increase model fidelity and 
robustness. 

The EU has issued directives on the energy performance of buildings 
(EPBD) [9] and on energy efficiency (EED) [10]. The EPBD requires all 
new buildings to be nearly zero-energy buildings (NZEBs) by the end of 
2020. However, it has been reported that the replacement rate of old 
buildings with new buildings is too low to reduce the energy con-
sumption of buildings solely through promotion of highly energy- 
efficient new buildings, and therefore retrofitting practices also have 
to be considered [11]. Recent revisions to EPBD and EDD require EU 
member states to establish stronger long-term renovation strategies 
aimed at decarbonising national building stocks by 2050 [12]. To date 
(late 2020), only 13 member states, including Finland, have delivered 
their strategies. At the same time, the International Energy Agency (IEA) 
reports that the rate of progress in deep energy efficiency renovations of 
existing buildings is slow, with annual rates of 1–2% of the existing 
building stock, and that this must increase to 2–3% per year by 2025 to 
achieve the energy efficiency goals [13]. National strategies need to be 
supported by local actions and coordinated with local urban planning to 
apply these strategies to existing and future building stocks in cities. In 
Finland, this energy efficiency improvement will require a decrease in 
heat demand of 55% compared with 2005 for all types of buildings by 
2050 [14]. Achieving this will require a detailed representation of future 
building stock dynamics, instead of sampling and upscaling represen-
tative buildings and extrapolating the results to the entire building 
stock. Existing models for calculating building stock dynamics are 
associated with limitations and inflexibility, due to the limited amount 
of information available on district topology. This results in inaccurate 
construction, renovation and demolition strategies and lack of building 
segmentation. 

The main objective of this study was to evaluate the influence of 
climate change, energy efficiency (building renovation) policy and de-
mographic change (surface area and population variation) in urban 
districts on the thermal heat load throughout the heating season. The 
analysis was based on complete and detailed building stock data and 

therefore provided a delineated view of the district dynamics. The model 
accuracy was increased by individually modelling each building present 
in the district and by applying a Monte-Carlo simulation to randomise 
the selected buildings for renovation and/or demolition based on their 
age category. The aim was to help define future heat load profiles and 
peak demand at full district scale and to estimate future heat demand, by 
developing a model specifically applicable to cities using district heating 
system. 

The remainder of this paper is structured as follows: 2 presents a 
review of existing work in the field of urban planning and district. In 
Section 3, the methodology developed to account for changes in building 
stocks and future climate change is explained. Section 4 presents results 
from a case study on a Finnish city and from an associated sensitivity 
analysis, while Section 5 discusses the findings on future district heating 
in a cold climate. 

2. Buildings and urban planning 

On a global scale, the number of persons per household is expected to 
almost halve from 2010 to 2050 [11]. This will lead to a significant 
increase in the number of households and therefore in the number of 
residential buildings (RBs). The energy intensity (kWh/m2) of heating is 
expected to decline in the same period, but the higher number of 
households will result overall in increasing heat consumption. For non- 
residential buildings (NRBs) a similar development is expected, as the 
area of such buildings is expected to increase [11]. 

Through retrofitting, significant improvements in the energy effi-
ciency of buildings can be achieved [15,16] e.g., in residential buildings 
(RBs) heating energy requirements can be reduced by up to a factor of 
ten [17]. As urban planning reshapes cities, including those in the 
countries, demolition of buildings must be considered when modelling 
the dynamics of the city. 

2.1. Building stocks 

Future energy consumption of building stocks has been extensively 
studied, but the assumptions made and methods used to model changes 
in building stocks and to calculate energy consumption vary widely. 
Many models consider only RBs [18,19], mainly because the residential 
stock is well investigated [20], and the timeframe of the modelling is 
typically up to 2050. Construction of new buildings has been modelled 
as a fixed rate or based on population projections, while the demolition 
rate has been modelled as a fixed rate or by probability functions. 
However, the renovation rate has typically been modelled as a fixed rate. 
Few previous studies have used stock-driven models or have employed a 
multi-type, multi-cohort, and multi-year approach to evaluate the en-
ergy demand of existing and future buildings [18]. Overall, studies to 
date have used six parameters to represent building stock dynamics: 
population, floor area per capita, type split of construction, mean life-
time of dwellings, lifetime standard deviation (σ), and energy intensity 
of dwellings. 

2.1.1. Models 
To include the effect of energy demand in buildings on the future 

district heating network, three types of urban simulation framework are 
available [21]: i) Representative building simulation, ii) representative 
building simulation with in-country climate variations, and iii) large- 
scale building simulation. Models for calculating the energy use of 
building stocks can be characterised by the dimensions they incorporate, 
along with the modelling techniques [18]. Three dimensions to consider 
are: building type, cohort, and modelling timeframe, where cohorts are 
typically defined by the construction year or period of buildings. 
Modelling techniques can be classified into three categories: accounting 
models, quasi-stationary models, and dynamic models. Dynamic models 
can be further classified into activity-driven or stock-driven models 
[19]. In activity-driven models, construction and demolition rates are 
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typically based on recent trends and are the main drivers for the model 
[22], whereas stock-driven models are based on changes in building 
stock demand, based on the population, lifestyle and economic growth 
[23]. Construction rate has to satisfy the demand and take into account 
the demolition rate of buildings. Demolition of buildings can be 
modelled by a fixed demolition rate [23] or a demolition probability 
function utilising either a normal distribution [18] or a Weibull distri-
bution [24]. Renovation rate can be modelled using an endogenously 
defined renovation rate or a renovation probability function [25]. 
Comparison of modelling methods presented in recent studies is pro-
vided in Table 1. 

2.1.2. Demolition rate 
Future building stocks are typically estimated based on demolition of 

existing buildings and construction of new buildings. In a study covering 
the period 2000–2012, the demolition rate of buildings in Finland was 
found to be linked to demographic changes, new construction, and type 
and size of settlements, with larger cities with a growing population 
having more new buildings constructed and more buildings demolished 
than smaller municipalities [31]. Building type was also found to affect 
the demolition rate, with a higher rate for NRBs than for RBs, while 
building age was found not to be the primary reason for demolition, 
although NRBs were shown to be demolished at a younger age than RBs 
[31]. The average demolition rate in Finland between 2000 and 2012 
was 0.25% [31]. This is much larger than the average demolition rate 
reported for other European countries, e.g., in the period 1980–2000 the 
average demolition rate in Western Europe was 0.09% (σ = 0.03), except 
for the Netherlands where it was 0.17% (σ = 0.04) [32]. 

2.1.3. Renovation rate 
The renovation and replacement rates of buildings must also be 

considered alongside the demolition rate, when assessing the future 
energy consumption of buildings. In one study, simple calculation 
methods were used to estimate the energy use of building stocks from 
2005 to 2050 [16]. Renovation and replacement of old buildings was 
considered in that study, together with improvements in energy in-
tensity. In addition, the net increase and the energy intensity of the new 
floor space each year was accounted for. Six scenarios with low or high 
growth in floor area and one of three different cases of energy intensity 
improvements were considered [16]. Energy intensity was found to 
decrease by 30–60% by 2050, depending on the scenario. In two of the 
scenarios, energy use was 10–30% higher in 2050 than in 2005, while in 
the other scenarios energy use was 10–50% lower in 2050 [16]. These 
results indicate that improvements in the energy efficiency of new and 
renovated buildings have to be rapid to reduce energy use in buildings. 
This is because buildings have long lifetimes and buildings constructed 
and renovated today will exist long into the future. Therefore, state-of- 
the-art performance levels are required for new and renovated build-
ings to avoid long-term sub-optimal outcomes [1]. 

According to most estimates, the renovation rate in European 
countries (EU27) is 0.5–2.5% of the building stock per year [22] with a 
mean renovation rate of 1%. The renovation frequency for buildings 

constructed in 2011–2020 is commonly set at once during a 10-year 
period, at a rate of 0.5% of the building stock each year. 

In Finland, the actual renovation rate for building shells was 3.7% in 
2000 [33]. However, when the reasons for renovation were examined, it 
was found that only 18% of these renovations were aimed at increasing 
the energy performance of the shell, while in over 60% of cases the 
reason for renovation was damage repair or maintenance [33]. Reno-
vation of heating and ventilation systems showed a similar pattern. 
Therefore, it is clear that not all renovation activity results in improved 
performance of buildings, leading some studies to assume that only 20% 
of renovations result in significant energy efficiency improvements [34]. 

2.1.4. Surface living area 
Another aspect influencing energy consumption in buildings is the 

surface area per person, which affects both total energy consumption 
and the energy intensity of the building. Methods to include the varia-
tion in surface living area vary, but most use exogenous variables such as 
gross domestic product (GDP) or population projections. A first 
approach estimated the future change in residential floor space from 
2005 to 2050 by multiplying future population numbers by estimated 
future floor area per capita approximated using GDP per capita [35]. 
This approach indicated that the floor area would increase by 110% 
compared with the existing building stock, i.e., more than half of the 
building stock in 2050 would be new buildings and the majority of 
current buildings would still be present [35]. The total floor area in EU- 
27 has been estimated to increase by 27% by 2050 compared with 2005 
[23]. A second approach considered the floor area for RBs based on floor 
area per capita estimates and population projections [23]. Floor area 
calculation for all NRBs except industrial buildings was based on GDP 
per capita in 2005, which was divided by the NRB floor area for the same 
year. This produced a constant which was then multiplied by GPD for a 
given year to give the future floor area demand for NRBs. 

2.1.5. Energy efficiency improvements 
Population growth, in combination with increased surface living 

area in districts, results in an increase in new buildings and renovated 
buildings in the building stock. Renovation rate was addressed in Sec-
tion 2.1.3, so this section focuses on the level of the renovation. Reno-
vation may be used as a mean to increase the energy efficiency of 
buildings [22], with renovations divided into four categories based on 
the estimated energy efficiency improvement: Minor renovation, i.e. 
implementation of a single measure to improve energy efficiency, with 
an assumed energy efficiency improvement of 15%; moderate renova-
tion, i.e. implementation of multiple measures and with an assumed 
energy efficiency improvement of 45%; deep renovation, i.e. a holistic 
approach to renovation using a package of measures working together, 
with an assumed energy efficiency improvement of 75%; and profound 
renovation, i.e., where the building is renovated to the level of nearly 
Zero Energy Building (nZEB), with an assumed energy efficiency 
improvement of 95%. 

Energy efficiency improvements may be used in various combina-
tions to achieve e.g. deep renovation or business-as-usual (BAU) 

Table 1 
Comparison of dynamic building stock models and heat demand models presented in recent studies.  

Current research Dynamic building stock model  Heat demand model  CC  

Stock-driven Activity-driven Reno Demo New Building groups  Buildings       
RB NRB  Arch. Indiv. Detailed physical Stat. Simp.   

This study x x x x x x x  - x - - x  x 
[6] - x x - - x -  - x - - x  x 
[26] x x x x x x -  x - x - -  x 
[7] - x x - x - -  - - - - x  - 

[27,28] x x x x x x -  x - - - x  - 
[19] x - x x x x -  x - - x -  x 
[29] - x x x x x -  x - x - -  - 
[30] - x x - - x -  x - x - -  x  
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Fig. 1. Monte Carlo model framework for calculation of future heat demand scenarios. NY is the number of buildings in the original building stock, NY + i is the 
number of buildings in the building stock for year, where i = 1, 2, 3, …, 2050 - Y for 2050 building stock and n = 1, 2, 3, …, 100 represents the number of times the 
building stock is generated for the same set of parameters. 
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renovation. One previous study [23] considered three different sce-
narios (deep, moderate, frozen) for energy use dynamics. In the deep 
efficiency scenario, state-of-the-art building practices were imple-
mented for new and renovated buildings from 2022, with most new and 
renovated buildings being highly energy efficient, achieving 90% energy 
savings compared with the existing stock average. The moderate effi-
ciency scenario assumed an accelerated renovation rate from 1.4% in 
2005 to 2.1% in 2020 in EU-27, but the new and renovated buildings 
had far lower efficiency levels than state-of-the-art solutions, achieving 
approximately 30% energy savings compared with the existing stock 
average as stated in the Finnish Building Code. The EPBD requires all 
new buildings and 50% of renovated buildings to achieve high energy 
performance by 2020, and all new and renovated buildings to achieve 
this by 2030. The frozen efficiency scenario assumed that the energy 
efficiency of new and renovated buildings was not improved compared 
with the 2005 level, that renovated buildings consumed 10% less heat 
energy than standard buildings and that new buildings had higher en-
ergy consumption than in the moderate scenario. The retrofit rate was 
assumed to be constant at 1.4% for the whole period [23]. 

3. Dynamic model description 

The model developed in this work is of the large-scale building 
simulation type, where scenarios for future heat demand are constructed 
utilising real building stock data, in this work data for individual 
buildings. However, it utilises methods and approaches from the first 
two categories presented in [21] (see Section 2.1.1), thus forming a 
unique approach to district heating modelling. Future hourly heat de-
mand for individual buildings is modelled using historical heat demand 
data and projections on building stocks and population. Changes in the 
building stock, including RBs and NRBs, are considered. Three sub-
groups of RB are considered: detached houses, row houses and apart-
ment buildings. 

A data-based dynamic heat demand model is used to calculate the 
future hourly heat demand of individual buildings. Future building stock 
is modelled by estimating the rates of demolition of buildings, con-
struction of new buildings and renovation of old buildings. The 
approach combines stock-driven and activity-driven methods. Con-
struction of new buildings is stock-driven as it is based on population 
growth and change in living area per person. Demolition and renovation 
are activity-driven as they are based on past trends and policies. Fig. 1 
presents the framework for the calculation of scenarios of future heat 
demand, which also considers climate change. All modelling and sim-
ulations reported here were done in the MATLAB® environment 
(version R2018b). The building stock model (BSModel) is publicly 
available on GitHub [36]. 

3.1. Heat demand model 

The dynamic heat demand model presented in [37] is used to predict 
the heat demand of individual buildings. For city level heat demand 
prediction, the model presented an average MAPE of 4%. The model was 
initially developed for the optimisation of the heat demand at the city 
level. Therefore, it has low number of free parameters and input vari-
ables to enable the ease of application to the whole building stock 
comprising hundreds or even thousands of buildings. The model predicts 
the long-term heat demand based on past heat demand and heat loss 
caused by the temperature difference between indoor and outdoor 
temperature variations while daily variations in heat demand are taken 
into account using a residual model: 

P̂t =
{

a
[
Pt− 1 − U

(
Tin,t − Tout,t

) ]
+ b

}
+wt, (1)  

where P̂t is the predicted heat demand at time t [kWh], Pt− 1 is the 
measured heat demand at time t – 1 [kWh]. Tin,t and Tout,t are the indoor 
and outdoor temperature at time t [◦C] respectively. Parameters a and b 

are parameters estimated by fitting the model to historical heat demand 
data and minimising root mean squared error (RMSE) between the 
model predictions and the measurements. Parameter U is a building- 
specific physical heat loss coefficient [kW/K] that is estimated based 
on the volume of the building. Term wt is the value of the residual model 
at time t and it is the hourly average of the residuals of the output from 
the dynamic model (inside the brackets in (Eq. 1)) and the measured 
heat demand. Indoor temperature (Tin) at a constant value of +21 ◦C is 
assumed. For multiple hours ahead in heat demand predictions, previous 
prediction results are used as inputs to the model. For more details of the 
heat demand model, see [37]. 

3.2. Building stock model 

The future building stock is generated using the existing building 
stock, which is modified taking into account the annual rate of demo-
lition of buildings, construction of new buildings, renovation of old 
buildings, the floor area per person and population variation pro-
jections. The model for the building stock is then: 

Bnew = f
(
Bold,A, pop,Afp

)
(2)  

where Bnew is the new building stock matrix, Bold is the building stock 
matrix of the previous year, A is a parameter vector, pop is the popu-
lation projection and Afp is the floor area per person [m2/person]. Bold 

and Bnew are matrices containing information on each building. The 
information includes a unique ID number, a number identifying the 
building group and a number for the construction decade for each 
building. In addition, volume [m3], annual characteristic heat demand 
[kWh/m3/y], a number for renovation, coefficient for energy efficiency 
and parameters of the heat demand model (Eq. 1) for each building are 
included in the building stock matrix. Parameter vector A consists of all 
the parameters affecting the renovation, demolition and construction of 
buildings, as presented in Table 2. 

Existing buildings in the original building stock undergo normally 
distributed renovation for RBs and at a fixed rate for NRBs. Demolition 
of old buildings occurs based on a Weibull distribution rate for RBs and a 
fixed rate for NRBs. Construction of new buildings occurs based on de-
mographic change i.e., population and floor area per person projections. 
This results in the building stock at the start of the next year. Calcula-
tions are continued until the building stock for the final year (2050) is 
produced. Renovation, demolition and new construction are discussed 
in more detail in the following sections. 

Table 2 
Parameters for the building stock model.  

Parameter Description Unit 

μRen  The mean of the Normal distribution for modelling 
renovation of RB 

[years] 

RENNRB  Annual renovation rate for NRB [%] 
tRen  Time period after renovation when building is not renovated 

again or demolished 
[years] 

ηRen  Energy efficiency improvement after renovation [%] 
k1,2,3  Parameters of Weibull distribution for modelling demolition 

of RB 
[-] 

DEMNRB  Annual demolition rate for NRB [%] 
ηNew,2010  Energy efficiency improvement of new buildings built in the 

2010s 
[%] 

ηNew,2020  Energy efficiency improvement of new buildings built in 
2020–2050 

[%] 

VNew,NRB  Volume of new NRB in relation to the volume of new RB [%] 
Years Number of years to calculate [years] 
fDetached  Share of detached houses in the volume of new RB [%] 
fRow  Share of row houses in the volume of new RB [%] 
fApartment  Share of apartment buildings in the volume of new RB [%] 
h Average height of buildings [m]  
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3.2.1. Renovation of old buildings 
Renovations are performed on many different components and sys-

tems in buildings and have different levels of impact on the performance 
of buildings. As the aim of this work was to estimate heating energy 
consumption, the renovation model is considered to include at least 
‘moderate’ renovation measures [22] that significantly improve the 
energy efficiency of the buildings. The estimated renovation rates used 
in the model apply for renovations that result in significant improve-
ments in energy efficiency. Regular maintenance and ‘minor’ renova-
tions to maintain energy efficiency at the original level are assumed to 
happen, but are not considered separately in the model. 

Four renovation scenarios (RS1-4) are considered to evaluate the 
impact of renovation rate policies of residential buildings in a city, 
ranging from a low renovation rate to active renovation of buildings 
Table 3. The renovation rate for 2013 (RS1) is the average renovation 
rate in Finland and the increased renovation rate scenarios (RS2-RS4) 
are set to end in 2050 with a renovation rate of 3% per year. For NRBs, a 
linear fit is used to give the renovation rate for each year (parameter 
RENNRB). Renovation of RBs is modelled using a normal distribution, 
similarly to [25]. The mean of the normal distribution (parameter μRen) 
is first set to 53 years, which equates to about 1% annual renovation rate 
for RBs, and is then adjusted each year to match the linear fit renovation 
rate. 

Renovated RBs are randomly chosen from among the RBs with 
higher than average characteristic heat demand for their building and 
age group. This could mean that some buildings are never renovated and 
some buildings are renovated multiple times. A similar approach is used 
for NRBs. However, as information on age of the buildings is not 
available, renovated NRBs are randomly chosen from among the NRBs 
with higher than average characteristic heat demand. It is assumed that 
after renovation, the energy efficiency of the buildings increases by 30% 
(parameter ηREN) and there is a 10-year period (parameter tREN) when 
the buildings do not undergo new renovation and are not demolished. 

3.2.2. Demolition of buildings 
Demolition of RBs is modelled using a Weibull distribution, which is 

considered the most adequate distribution for modelling demolition of 
buildings [24,31,38]. The three-parameter Weibull probability density 
function is defined as: 

f (t|k1, k2, k3) =
k2

k1

(
t − k3

k1

)k2 − 1

⋅e
−

(
t− k3

k1

)k2

(3)  

where t⩾k3⩾0, k2 > 0 is the shape parameter, k1 > 0 is the scale 
parameter and k3 is the location parameter. The Weibull probability 
density function is zero at time t < k3, which can be used to set the initial 
time period after the construction when the building is not demolished. 
When 1 < k2 < 2.6, the Weibull distribution produces a right tail rep-
resenting the long lifetime of buildings. 

In Finland, a total of 50,818 buildings were demolished between 
2000 and 2012 [31]. The average annual demolition rate for all build-
ings was 0.25%, while for RBs and NRBs it was 0.15% and 0.65%, 
respectively. The average age of RB at the time of demolition was 58 
years [31]. Considering these findings, the parameters of the Weibull 
probability density function (Eq. 3) in the model are set so that the 

average annual demolition rate for RB is 0.15%. The mode of the Wei-
bull distribution is assumed to be 58 years and the value of the location 
parameter k3 is assumed to be 10 years. With 0.15% average annual 
demolition rate, the value of the scale and shape parameters k1 and k2 is 
473.1 and 1.09, respectively. Considering the time t, these parameters 
produce a very long lifetime for the buildings (~468 years). This is 
probably not realistic, but gives the desired demolition rate. In [19], a 
mean lifetime of 125 years and a 40-year period of no demolition after 
construction was typically assumed for RB stocks in European countries. 
This would give an average annual demolition rate of >0.4%, which is 
much higher than the 0.15% found for the Finnish RB stock by [31]. 

As construction year or decade for NRBs was not included in the 
original dataset of buildings, the demolition rate for NRBs (parameter 
DEMNRB) in the model is set to achieve the reported average annual 
demolition rate of 0.65% [31]. 

3.2.3. Construction of new buildings 
The construction of new RBs is modelled using annual population 

projections and estimated floor area per person. This gives the annual 
total floor area needed for RBs. By subtracting the floor area in the 
previous year from the calculated floor area needed for the current year, 
and taking into account the demolition of RBs, the amount of new floor 
space needed can be calculated. 

The original data for the buildings include information only on the 
volume of the buildings, and not on the floor area. Therefore, it is 
necessary to convert the calculated floor area needed to volume. 
Monthly data from Statistics Finland [4] for the volume and floor area of 
new RBs built from 1995 to July 2019 show the following linear cor-
relation between volume and floor area of RB stock: 

VRB = h⋅ARB (4)  

where VRB is the volume of the RB stock [m3], h is the average height of 
all buildings in the district [m] and A is the floor area of the RB stock 
[m2]. For Finland, an average height of 3.47 m is used in model cali-
bration. Mean absolute percentage error (MAPE) in volume of the RB 
stock estimated using Eq. 4 is 3.43% (R2 = 0.9781). 

As the building stock using district heat is only part of the building 
stock in a city, it is necessary to calculate the annual percentage change 
in floor area and volume. Assuming that the demographic development 
is evenly spread throughout the city, the same change in building vol-
ume is considered throughout. 

According to Statistic Finland [4], from 1995 to 2018 the annual 
total volume of new NRBs was around 50% larger than the annual total 
volume of new RBs. This was also the case for the last five years of the 
period (2014–2018). Therefore, it is assumed in the model that the 
annual total volume of new NRBs is 50% larger than the calculated 
annual total volume of new RBs (VNew,NRB = 1.5⋅VNew,RB) in this work. 

New RBs are duplicated from the RBs of the 2000s in the original 
dataset. The proportions of detached houses, row houses and apartment 
buildings among the new RBs in terms of volume are assumed to be 
similar to those in the original building stock. In the case of NRBs, the 
new buildings are duplicated from the NRBs of the original dataset with 
lower than average characteristic heat demand, as there is no informa-
tion on the age of the buildings. Mixed-integer linear programming is 
used to determine the buildings and give the required volume increase. 
New buildings are not added in cases where the volume increase is 
negative or zero. The problem is defined as follows: 

minx = f T x subject to

⎧
⎨

⎩

{x ∈ Z|0⩽x⩽3}
f T x⩽1.001Vinc

− f T x⩽ − 0.999Vinc

(5)  

where f is a vector containing the volume of all the buildings that could 
be added, and x is a vector of integers with values between zero and 
three representing the times a certain building is added. The inequality 
constraints are applied to allow a 0.1% deviation from the calculated 

Table 3 
Residential building renovation policy for 2030 and 2050.  

# Renovation rate per year [%/y] 

2013 2030 2050 

RS1 1 1 1 
RS2 1 1 3 
RS3 1 1.5 3 
RS4 1 2 3  
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volume increase Vinc as it is possible that the exact value cannot be 
reached. Mixed-integer linear programming solver intlinprog in MAT-
LAB® is used to solve the problem in Eq. 5. 

In line with the Finnish Building Code and EPBD, new buildings built 
in the 2010s are considered in the model to be 30% more energy- 
efficient (parameter ηNew,2010) and buildings built in 2020–2050s to be 
50% more energy-efficient (parameter ηNew,2020) than buildings built in 
the 2000s. 

3.3. Climate change scenario 

The selection of the suitable future weather file creation depends on 
the available data, selected simulation scenarios and required output of 
the data. Currently, there are two sources of climate change data 
available for Finland for Representative Concentration Pathway (RCP) 
scenarios for 2030 and 2050:  

– Ensemble results from the recent Global Climate Models (GCMs) 
produced within the fifth Coupled Model Intercomparison Project 
(CMIP5) on long- and near-term changes [39]. This data is available 
for Finland in [40], and was downloaded and modified for long-term 
monthly means from [41] for years 1975–2085 and daily mean [42], 
maximum [43] and minimum outdoor temperature values [44] for 
years 1981–2100. The available climate change scenarios are 
RCP2.6, RCP4.5 and RCP8.5.  

– Regional down-scaled results simulated with Regional Climate 
Models (RCMs) [45] from the European Climatic Energy Mixes 
(ECEM) Demonstrator created by Copernicus Climate Change Ser-
vice (C3S)1. This data is available as monthly and daily mean out-
door temperature values for South Finland cluster for 1979–2100 
period and RCP4.5 and RCP8.5 scenarios. 

Due to the available climate change data and the demand for an 
hourly based outdoor temperature data, the future weather datasets are 
created with a commonly used, statistical down-scaling method called 
morphing [46]. Morphing is based on a historical, hourly baseline 
weather data, and monthly and daily future climate change data. To take 

into account the change in monthly average temperature and the change 
in daily temperature variation, a method combining shifting and 
stretching Eq. 6 is used: 

T = T0 +ΔTm + αm ×
(

T0 − T0,m

)
(6)  

where T is the morphed temperature [◦C], T0 is baseline temperature 
[◦C], ΔTm is change in monthly average temperature [◦C], αm is relative 
change in monthly temperature [-], and T0,m is the average monthly 
temperature in baseline scenario [◦C] [46]. In scenarios where the daily 
mean, maximum and minimum outdoor temperatures are available, αm 
can be calculated according Eq. 7: 

αm =
ΔTmax,m − ΔTmin,m

Tmax,m − Tmin,m
(7)  

where ΔTmax,m is the change in daily maximum temperature in month m 
[◦C], ΔTmin,m is the change in daily minimum temperature in month m 
[◦C], Tmax,m is the average daily maximum temperature on the baseline 
scenario on month m [◦C] and Tmin,m is the average daily minimum 
temperature on the baseline scenario on month m [◦C] [46]. A rather 
similar method was created and tested by Räisänen and Räty (method 
M2) [47] and used in [48] where stretching αm was conducted by using 
the change in monthly standard deviation of simulated climate change 
and baseline scenarios according to Eq. 8: 

αm =
σs

σb
− 1 (8)  

where σs is the daily standard deviation of the outdoor temperatures 
simulated scenario for the morphing period [-], and σb is the standard 
deviation of the outdoor temperature in the baseline climate [-] [48]. In 
all calculation methods the absolute and relative changes are calculated 
according to their 30-year average values to reduce the impact of single 
year variation in the data. 

To improve the reliability of the model results, 5 baseline scenarios 
(S1-S5) were selected to present both mean and extreme weather 
scenarios:  

- S1: Cold2010 – coldest January taken as a reference point for 
morphing future cold events. 

Fig. 2. Flow chart describing the future weather files creation process for creating outdoor temperature profiles. The method was applied using Jyväskylä’s Airport 
weather observation station in January for two extreme weather datasets, Cold2010 and Warm2008, in scenarios S1 and S5, including each RCP 2.6, RCP 4.5 and 
RCP 8.5 for 2030 and 2050 morphed using the projections distributed by the Finnish Meteorological Institute [40]. (see electronic version for colours). 

1 http://ecem.wemcouncil.org. 
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- S2: TMY2004_2018 – typical meteorological year average tempera-
ture between 2004 and 2018 [49].  

- S3: TMY – typical meteorological year for the period 1952–2017 
[49].  

- S4: TRY2012 – test reference year representative of the period 
1980–2009 [50]  

- S5: Warm2008 – warmest January taken as a reference point for 
morphing future warm events. 

The Finnish Meteorological Institute has released a test reference 
year (TRY) dataset representative of a “typical” weather for the years 
1980 to 2009 (TRY2012) [50] that was used in building energy demand 

calculations in [8] A typical meteorological year (TMY) dataset has been 
created by [49] for the period 1952–2017 and a newer dataset for 
2004–2018 according to TMY/ISO 15927–4:2005 methodologies. To 
increase the reliability of the model results in including extreme weather 
conditions when assessing changes in warm and cold winters, repre-
sentative cold winter (S1) and warm winter (S5) datasets are used [51]. 
The selection and downloads are based on the coldest and warmest 
January in available localised datasets from the Finnish Meteorological 
Institute’s open data repository2. All the datasets include hourly outdoor 

Table 4 
Structure of the building stock and measured heat demand in heating season 2013 and the reference year 2005 (October - April).  

Building group Buildings Volume Heat demand heating season Yearly heat demand Energy Intensity   
Number [%] [1000 m3] [%] [GWh] [%] [GWh] [kWh/m3] 

Ref. 2005 [54]         

All buildings 2834 100 21431 100 670 100 796 37.1 
RB 2342 83 10594 49 389 58 463 43.7 

NRB 492 17 10837 51 281 42 334 30.8 
2013 [55]         

All buildings 4535 100 26316 100 758 100 902 28.8 
RB 3958 87 13211 50 430 57 512 32.6 

NRB 577 13 13105 50 328 43 390 25.0 
Simulation Input (measured in 2013) [56]       

All buildings 3880 100 22078 100 657 100 781 29.8 
RB 3370 87 11748 53.2 374 57  31.8 

Detached houses 1940 58 1210 10.3 35 5  28.8 
Row houses 438 13 1378 11.7 50 8  36.4 

Apartment buildings 992 29 9161 78.0 289 44  31.5 
Non-residential buildings (NRBs) 510 13 10329 46.8 283 43  27.4  

Fig. 3. Projections for (upper panel) floor area per person in residential buildings and (lower panel) population projections for the city of Jyväskylä. For floor area, 
the black line shows values from Statistics Finland [4] and the red circles are projections assuming annual linear growth as in 2010–2018. For population, the blue 
segment of the curve shows values from Statistics Finland [4], the red segment is a projection for 2019–2040 as reported by Statistics Finland [4] and the green 
segment is a projection made with a one-term. Gaussian model. 

2 https://en.ilmatieteenlaitos.fi/open-data. 
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temperatures to be used in the simulations. To match the case study used 
for validating the model (see Section 3.4), the TRY dataset is taken from 
a created area III, and the TMY and representative cold and warm 
winters are taken and created based on observations from Jyväskylä 
Airport weather observation station. 

The basic principle for the creation of the future weather files with 
morphing by using historical and test year data as baselines, and climate 
change data as future projections, is presented in Fig. 2 together with an 
example for January baseline and future weather data files for Cold2010 
and Warm2008 scenarios. The presentation of the morphed future 
weather files, additional information and detailed dataset on the base-
line and climate change projection data are available as SI [52]. 

3.4. Case study: Jyväskylä 

To test the model developed in this study, it was applied to the case of 
Jyväskylä, a city in central Finland, often taken as a trade-off city when 
considering the entire energy need in Finland. Jyväskylä has around 
140,000 inhabitants and district heating covers almost 75% of the 
population (2018 data). It has the 10th largest district heating network 
in Finland, with a capacity for heat production of 940GWh/y (2018 
data). 

Heating season data from 2013 consisting of hourly measured values 
of heat demand for individual buildings in Jyväskylä and of outdoor 
temperature are available. Data on the volume of all buildings are also 
available. Table 4 shows the number of buildings in different groups and 
the measured heat demand for Jyväskylä in the 2013 heating season (all 
months from October to April). The general terms of contract for DH in 
Finland [53] state that the measurement error for heat demand cannot 
exceed 5%. 

Data on RBs, i.e. apartment buildings, detached houses and row 
houses, also contained information on the construction year. Table A.8 
shows the number of RBs in different age groups and their measured 
demand for heating in the heating season 2013 [56]. 

Changes in population (pop) and floor area per person (Afp) in the city 
of Jyväskylä in the period 2013–2049 are shown in Fig. 3. Recorded 
values for 2013–2018 and the population projection from 2019 to 2040 
are taken from Statistics Finland [4], and the projection for 2041–2049 
is made with a one-term Gaussian model. Country-wise, the floor area 
per person is projected for 2019–2049 by assuming 0.2 m2/person 
annual increase, which is close to the average increase between 2010 
and 2018 (see also Section 4.1.2 for sensitivity analysis of this param-
eter). Jyväskylä’s district heating network is expanding as the city 
grows. In 2013, the network served 94,025 individuals from among a 
total population of 134,719 inhabitants, and supplied 901.6GWh. Dur-
ing the heating season (October-April) 2013, buildings (excluding 
16.5% of buildings with large data gaps) used 657.2GWh of heat. The 
heating period therefore represents 73% of the overall yearly production 
from the district heating network. The other 27% is heat use outside the 
heating season, e.g. hot water consumption. 

4. Results 

The results obtained in the case study were first screened through 
model validation of the heat demand and building stock models and 
sensitivity analysis. The results were then analysed to determine the 
impact of renovation strategy and climate change on overall heat de-
mand and peak load variations. 

4.1. Model validation 

The accuracy of the developed modelling approach depends on the 
accuracy of both the heat demand model and the building stock model. 
Therefore, both models were validated against real data. The heat de-
mand model was validated using measured data from the heating season 
2013. The building stock model was validated with statistical building 
stock data from years 2013–2019 and by performing sensitivity analysis. 

4.1.1. Heat demand model 
A model for each month of the (seven-month) heating season was 

created for every building. One month of data was used for parameter 
estimation and data from the other six months were used for validation 
to estimate the model performance with unseen data. Parameter esti-
mation and validation for 3880 buildings took approximately 10 min, 
using local parallel computing in MATLAB®. The results of the valida-
tion are summarised in Table 5 (detailed validation results can be found 
in Supplementary Information section S1.1 [57]). 

The correlation with validation data was high for all monthly head 
demand models, with MAPE of 7.7% (σ = 4.6) on average (range 
2.2–20.7%) as some months are considerably different from others with 
respect to outdoor temperature. As the heat demand model is data- 
based, model performance could be expected to decrease with valida-
tion data that differ significantly from those used for parameter esti-
mation. It was found that the MAPE with parameter estimation data was 
5% or lower for all models when considering all buildings. The heat 
demand model proved to be much more accurate than other data-driven 
models developed for similar regions [7]. The model can be used to 
predict the heat demand with reasonable accuracy for datasets with a 
similar outdoor temperature range and weather conditions to Finland. 

4.1.2. Building stock model 
Statistical information on the buildings stock of Jyväskylä DH system 

from years 2013–2019 [58] was used to validate the building stock 
model. Composition of the modelled building stock in 2014–2019 was 
compared with the statistics. As the initial building stock data for 2013 
used in this study did not include all the buildings that were in the 
Jyväskylä DH system in 2013 (see Table 4), the number of excluded 
buildings was assumed to be missing also from the building stock of 
2014–2019. Validation results are shown in Table 6. On average, there is 
a 2.5% deviation between the statistical number of buildings and the 
modelled number of buildings in 2014–2019. Furthermore, both the 
modelling results and the statistics show a 10.7% increase in the volume 
of the building stock from 2013 to 2019. Applying the heat demand 

Table 5 
Validation results for the heat demand model through the Pearson correlation coefficient r, Root Mean Squared Error (RMSE), Absolute Percentage Error (APE), and 
Absolute Error (AE), and their associated standard deviation σ.   

Hourly Monthly Peak 

Building group MAPE [%] r RMSE [MW] AE [GWh] APE [%] AE [MW] APE [%] 

All 7.7 (σ=4.6)  0.96 (σ=0.03)  11.1 (σ=5.5)  5.7 (σ=4.3)  6.4 (σ=4.8)  12 (σ=10.8)  5.7 (σ=4.7)  
RB 7.0 (σ=4.9)  0.97 (σ=0.02)  5.6 (σ=2.8)  3.1 (σ=2.3)  6 (σ=4.4)  5.6 (σ=4.4)  5.2 (σ=4.0)  

Detached 8.1 (σ=4.2)  0.96 (σ=0.01)  0.6 (σ=0.3)  0.3 (σ=0.2)  6.6 (σ=4.9)  0.6 (σ=0.5)  6.1 (σ=4.5)  
Row 5.7 (σ=2.8)  0.96 (σ=0.03)  0.6 (σ=0.3)  0.3 (σ=0.2)  4.1 (σ=3.2)  0.6 (σ=0.4)  3.8 (σ=2.7)  

Apartment 7.2 (σ=4.2)  0.97 (σ=0.02)  4.5 (σ=2.3)  2.5 (σ=1.9)  6.2 (σ=4.6)  4.6 (σ=3.5)  5.6 (σ=4.1)  
NRB 9.8 (σ=5.6)  0.94 (σ=0.04)  6.3 (σ=2.6)  2.6 (σ=2.0)  7 (σ=5.5)  8 (σ=6.9)  7.7 (σ=6.0)   
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model for the modelled 2019 building stock revealed that the relative 
error between the modelled heat demand and recorded heat demand 
was 3.7%. These results indicate that the developed building stock 
model can be used to accurately model the changing building stock. 

In sensitivity analysis to further validate the building stock model, 
the value of each parameter or variable was altered by 20%, while the 
others were kept constant, and the effect on the outputs (rates of annual 
renovation, demolition and new building construction, total and peak 
heat demand) were analysed. For pop and Afp this change meant that the 
annual growth or decrease was adjusted accordingly. Wilcoxon rank 
sum test was used to test the equality of the medians achieved with the 
base value of the parameter or variable and with the changed value. The 
results are presented in Table 7. 

The results of the sensitivity analysis confirmed the accuracy of the 
building stock model, as altering the input parameters and variables had 
the expected effects on model outputs. Total and peak heat demand were 
most sensitive to the parameters ηRen and ηNew,2020. The next largest 
impact was from μRen,DEMNRB,NEWNRB and pop. Full details of the 
analysis can be found in Supplementary Information section S1.2 [57]. 

4.2. Heat demand scenarios 

The heating season heat demand for building stock in the year 2013 
was calculated by applying the original outdoor temperature data from 
the different climate change scenarios (S1-S5). This heat demand was 
then used as a reference point for the future scenarios. For each scenario, 
100 building stocks were generated using the building stock model 
developed. Future heat demand for the heating season of 2030 and 2050 
was calculated for each building stock using the heat demand model and 
all future outdoor temperature data from each of the RCP climate sce-
narios. Total heat demand for each scenario, year, climate data and 
source is depicted in Fig. 4. The impact of the RCP scenario between all 
datasets was around 3.9%, meaning that the heat load reduction related 
to the effect of climate change was around 21.3% on average (σ=1.9). 
The remaining heat load reduction was due to the renovation strategy 
(RS1-RS4). 

4.2.1. Renovation strategy 2030–2050 
The energy efficiency renovation strategies for buildings were ana-

lysed through the four scenarios (RS1-RS4) explained in Table 3. The 
scenario S1-RCP4.5-GCM was used to analyse the impact of building 
renovation on the overall heat demand in the district. The renovation 
scenarios are compared in Fig. 5a and an in-depth analysis using the RS4 
renovation scenario is provided in Fig. 6a. 

Increasing the renovation rate of buildings had a significant impact 
on the long-term energy need of the district already in 2030 (Fig. 5a). 
The energy demand from district heating was reduced by 9.8% in the 
coldest scenario (S1) or by 12.2% in the warmest scenario (S5) by 2050 
(Fig. 5a). However, the impact of increasing the renovation rate from the 
current 1% to 3% reduced the heat demand in the district by 21.1 to 
23.2% for the same scenario. While the 2050 target of 3% renovation 
rate clearly reduced the heat demand overall, delaying the increase in 
renovation rate to after 2030 influenced the end target of heat demand 
reduction by 2050. Each 0.5% increase in the renovation rate of build-
ings by 2030 brought about a 3% decrease in energy demand by 2050. 
The spread of heat demand reduction by 2050 varies from − 7.9% to 
− 28.5%. This is in the range of heat demand reduction found in the 
literature from energy efficiency measures only [7] or using typical 
building stock model [6] as illustrated in Fig. 5b. The effect of renova-
tion policy is clearly depicted on Fig. 5b, where the mean heat demand 
reduction reaches − 13% with the conservative renovation scenario RS1 
and − 23% using the renovation policy scenario RS4. 

In the most renovation-intensive scenario (RS4), the decrease in heat 
demand varied between 19.7% and 28.3% compared with the 2013 
baseline with all climate scenarios. The results had to be adjusted by the 
demographic change in the city, and therefore the energy intensity 
variation was used to compare the energy efficiency improvement 
through the renovation scenario (Fig. 6b). The energy intensity was 
found to decrease from 24.5 to 15.45 kWh/m3 representing a decrease of 
34–58% for the whole building sector compared with the 2005 baseline. 
However, none of the buildings in the conservative policy scenario RS1 
reached the 2050 target of − 55%, which was only fully reached in 
climate scenario S5 plus renovation policy scenario RS4. 

4.2.2. Heat peak load variation 
Peak load can be measured in two ways, peak load variation due to 

the combined effect of population and living space variation and peak 
load variation due to climate change. The effects of the four renovation 
scenarios on the daily heat load profile of the district heating network 
are shown in Fig. 7. Increasing the renovation rate of buildings was 
assumed to decrease the heat demand in buildings, while domestic hot 
water demand was assumed to remain at the same level. The daily and 
hourly variation in heat load was also analysed, through their relative 

Table 6 
Validation results for the building stock model through the Mean Absolute 
Percentage Error (MAPE), Pearson correlation coefficient r, Root Mean Squared 
Error (RMSE), and their associated standard deviation σ.  

Building group MAPE [%] r RMSE [buildings] 

All 2.5 (σ=0.03)  1.00 (σ=0.00)  106 (σ=1.2)  
RB 2.7 (σ=0.01)  0.99 (σ=0.00)  99 (σ=0.5)  

NRB 1.2 (σ=0.15)  1.00 (σ=0.00)  6 (σ=0.8)   

Table 7 
Change in the median renovation, demolition and new construction rate and heat and peak demand when parameter or variable is changed by ±20%. Highlighted 
values mean that there is a difference between the medians at the 95% significance level according to Wilcoxon rank sum test and the difference is more than 1%.  
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variation in total annual energy demand of the district heating, using 
metrics previously established in the literature [59]. The average annual 
relative daily variation was found to be 4.02% for the year 2013 (Fig. 8). 
Overall, the annual relative daily variation increased in almost all future 
scenarios, indicating a relative increase in the daily peak operations of 

the district heating system. The warmer the scenario (S1? S5), the higher 
the annual relative daily variation as the yearly heat demand decreased, 
confirming previous findings [59]. However, the reason for this corre-
lation was different, with more visible peaks with increasingly warm 
scenarios although the overall heat demand base load decreased. The 

Fig. 4. Modelled heating season (October-April) heat demand in 2030 and 2050 in the city of Jyväskylä, for the four renovation scenario RS1-4 (and standard 
deviation), in the different climate RCP scenarios (coldest to warmest = S1-S5) using different data sources for all building types (see electronic version for colours). 

Fig. 5. (a) Mean impact of energy efficiency building renovation scenarios (least to most intensive = RS1-RS4, see Table 3 for details) on final heat demand in 2030 
and 2050 for the entire heating season (October-April) for all buildings in the city of Jyväskylä. Climate scenario S1-RCP8.5-GCM. (b) net heat demand decrease in all 
climate scenarios (S1-S5) compared with the 2013 level for renovation scenario RS4. 
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relative hourly variation (Fig. 8) showed more hours with high peaks of 
up to +35% of the daily load variation, which was expected. The highest 
hourly variation in the warmest scenario (S5) (+16.5%) was half that 
the coldest scenario. However, relative analysis of the data provides only 
a comparison between the dataset of the same year, while the time 
dimension is required to examine absolute changes. Therefore, the daily 
heat load profile of the district heating network and associated standard 
deviation shown in Fig. 7 better represented the variation in absolute 
terms. The peak load variation was measured by calculating the differ-
ence of variation of the standard deviations of each peak load variation. 

The peak load variation due to the combined effect of population and 
living space variation was analysed as the variation in difference be-
tween indoor and outdoor temperature, with an indoor temperature 
setting of 21◦C, as specified by law in Finland. The slow renovation 
strategy (RS1) gave an increase in the heat load peak profile of 12% in 
2030 and 7% in 2050. In all renovation scenarios (RS1-RS4), the heat 
load increased by 2030 due to the increase in living space and popula-
tion (+12% and +9.1%, respectively) (Fig. 7e-h). However, by 2050 the 
heat load had decreased in RS3 and RS4 in 2050 (− 3.3% and − 6.3%, 
respectively). 

The peak load variation due to climate change is directly linked to 
the variation in outdoor temperature and was analysed through the 
variation in volume space in the building stock. The variation due to 
climate gave lower daily variation in the heat load profile of the district 
heating (σ =.32 in 2013) and, as the temperature increased overall in all 
climate and RCP scenarios, the load profile was always lower in 2030 
(− 20%) and 2050 (− 35%) (σ between the RS1 and RS4. However, the 
impact of the difference in 2050 is much greater with a variation of 
− 26% to − 35% (Fig. 7(a-d)). The impact of renovation scenario in 2030 
was minimal, with only a 2% difference in standard deviation between 
RS1 and RS4. However, the impact was much greater in 2050, with a 
variation of − 26% to − 35% in load profile for RS1 and RS4, respec-
tively. This reflected the intensity of the renovation strategy, as seen in 
Section 4.2.1. 

Finally, combining both effects gave the heat demand profile in 
terms of energy intensity (Fig. 7i-l). The high decrease in peak heat load 

profile due to climate change was balanced by the increase in living 
space. Overall, however, there was a decrease in peak heat load profile 
from 20% to 30% (− 50% relative change) in 2050 for RS1-RS4, 
respectively. 

5. Discussion 

The results obtained using our new modelling approach confirmed 
that simply increasing the energy efficiency of new buildings is not 
sufficient to achieve a significant reduction in heat demand of the 
building stock. Renovation of old buildings was shown to produce major 
reductions in the heat demand, but an annual renovation rate of 2–3% 
would be needed, instead of the current 1%, to achieve a significant 
impact. The results indicated that an average improvement of 30% in 
energy efficiency through renovation of old buildings will not be enough 
to support the goal in Finland of reducing heat demand in the building 
sector by 55% by 2050. A greater proportion of moderate to deep 
renovation energy efficiency actions and an increased rate of new 
buildings would be required when considering heat demand as the main 
key performance indicator. In urban planning, it would therefore be 
more pragmatic to use energy intensity (kWh/m3) as an indicator, to 
fully consider demographic change in cities. In the case study city of 
Jyväskylä, an improvement in energy intensity (kWh/m3) of 42–58% 
compared with the 2005 baseline can be expected, depending on the 
climate scenario (S1–S5). In other words, large cities with heat demand 
on the decline in 2005 will have little problem reaching the 2050 goal, 
while medium-sized cities with heat demand on the rise in 2005 will face 
major challenges in complying with the 2050 policy target for energy 
reduction in the building sector. 

In different scenarios, the final volume and heat demand of NRBs 
varied more than those of RBs. This was to be expected, as NRBs are a 
very heterogeneous group, including buildings with widely different 
volumes and heat demands. Another factor that contributed to the dif-
ference between RBs and NRBs was the demolition of buildings. For RBs, 
the age of the buildings was known and, at a particular demolition rate, 
the same number of buildings of a certain age will be demolished. 

Fig. 6. (a) Total heat demand up to 2050 of all buildings in Jyväskylä for the heating season October-April, and (b) Energy Intensity change between 2050 and the 
2005 reference in renovation scenarios RS1-RS4 (see electronic version for colours). 
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Although the demolition of RBs was random, the group of RBs that could 
be demolished was smaller than in the case of NRB. 

In this work, it was assumed that the calculated heat demand was 
supplied to the building stock by the district heating system. However, 
local production is likely to increase in future, which would reduce the 
heat production requirement from district heating. Some buildings 
could be entirely self-sufficient in heating and need no additional supply 
of heat from district heating. 

This work considered heat consumption and changes in future due to 
changes in the climate and in building stock. Energy efficiency im-
provements on the consumption side through renovation and more 
energy-efficient new buildings were considered. The energy efficiency 
was assumed to increase due to better insulation and more effective 
heating equipment. However, possible changes in the way people use 
heating or implementation of advanced control systems [60] could also 
affect the heat demand, but were not considered. In all climate change 
scenarios tested, the results showed that renovation policies to improve 
the energy efficiency of buildings need to be implemented rapidly, 
instead of defining long-term suboptimal outcomes. 

6. Conclusions 

A dynamic stock-driven model was developed to assess the impact of 
climate change and urban planning strategies on heat demand in cities. 
This model, which is generalisable to other locations, requires district 
heating historical data, including base statistics on the characteristics of 
the building stock. The model was applied to the case of Jyväskylä, a 
representative city in Finland. This novel approach to analysing heat 
demand in district heating increased the model precision, with average 

MAPE of 7.7%. 
Model outcomes indicated that building renovation and actions to 

raise the energy efficiency level of existing and new buildings are critical 
in decreasing the heat demand in cities and respond to policy targets. 
However, non-linear population variation, combined with increasing 
living space per capita, was shown to limit the impact of energy effi-
ciency actions. The 2050 target was partially met in terms of energy 
intensity reduction but not in energy consumption terms. Intermediate 
and fast actions to implement energy efficiency actions had an even 
greater impact on the heat load reduction. It is therefore necessary to 
combine long-term and short-term efforts to meet the energy reduction 
requirement. Energy efficiency actions had a similar effect on the peak 
load, but with higher renovation rate decreasing the peaks in absolute 
heat load profile. 

The current renovation level of 30% increased efficiency in buildings 
is not sufficient for reaching the 2050 goal, even if the renovation rate is 
increased from 1% to 3%. An estimated average renovation level of 60% 
increased efficiency in buildings will be necessary to reach a heat de-
mand reduction of 50% in the building sector by 2050. When translating 
national targets into regional and/or municipal plans, demographic 
change in the city should be carefully assessed, and therefore energy 
intensity may be a more relevant metric for cities. 

Future district heating will face changes in peak load that should be 
considered when planning future investments. However, as the overall 
demand will tend to decrease, the absolute peak will be lower than at 
present (reference 2013). Energy efficiency policies in the Energy Per-
formance in Buildings (EPBD) and Energy Efficiency (EED) directives 
should enforce stronger mid-term renovation strategies, to support the 
long-term goals for decarbonising the building stock by 2050. 

Fig. 7. Heat demand load profiles for the scenario S1-GCM-RCP45. Impact of building renovation, climate change, combination of both effects on the heat load 
profile for the month of January. (see electronic version for colours). 
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An average energy efficiency improvement of 30% for each reno-
vated building was assumed here. Further improvements in modelling 
the energy efficiency level per building, using e.g. distribution functions, 
may increase the precision of the model and help identify the level of 
renovation needed per building age and category. Demand-side man-
agement and temperature setting behaviours were excluded from the 
present analysis. Future investigations on these could enhance the 
renovation and construction/demolition of buildings and enable moni-
toring strategies in future district heating networks. This study used a 
building stock model to investigate the impact of renovation. Future 
work will focus on developing a model for defining the optimal path to 
reach the 2050 goals. 

Data availability 
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Appendix A. Building stock data 

See Table A.8. 
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