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Abstract Nowadays municipalities are facing an increasing commit-
ment regarding the energy and environmental performance of cities and
districts. The multiple factors that characterize a district scenario, such
as: refurbishment strategies’ selection, combination of passive, active and
control measures, the surface to be refurbished and the generation sys-
tems to be substituted will highly influence the final impacts of the re-
furbishment solution. In order to answer this increasing demand and
consider all above-mentioned district factors, municipalities need optimi-
sation methods supporting the decision making process at district level
scale when defining cost-effective refurbishment scenarios. Furthermore,
the optimisation process should enable the evaluation of feasible solu-
tions at district scale taking into account that each district and building
has specific boundaries and barriers. Considering these needs, this pa-
per presents a multi-objective approach allowing a simultaneous environ-
mental and economic assessment of refurbishment scenarios at district
scale. With the aim at demonstrating the effectiveness of the proposed
approach, a real scenario of Gros district in the city of Donostia-San
Sebastian (North of Spain) is presented. After analysing the baseline
scenario in terms of energy performance, environmental and economic
impacts, the multi-objective Harmony Search algorithm has been em-
ployed to assess the goal of reducing the environmental impacts in terms
of Global Warming Potential (GWP) and minimizing the investment cost
obtaining the best ranking of economic and environmental refurbishment
scenarios for the Gros district.

Keywords: energy, environmental, refurbishment, district, multi-objective,
optimization

1 Introduction

Energy security and climate change are driving a future that implies important
improvements in the energy performance of the building sector. The 28 Member
States of the European Union (EU) have set a Global Warming Potential (GWP)



reduction target of 20% by 2020, which has to be reached mainly through en-
ergy efficiency measures [1]. The building sector is one of the major sources of
environmental impacts worldwide, as well as in the EU.

In order to support the energy transition of EU towards a low carbon econ-
omy, municipalities have a key role to play. Within the Covenant of Mayors
initiative, thousands of local and regional authorities voluntarily committed to
implement EU climate and energy objectives on their territory [2]. A Sustain-
able Energy Action Plan (SEAP) [3] is the key document in which the Covenant
signatory outlines how it intends to reach its CO2 reduction target by 2020.
Through the development of SEAPs, local and regional authorities have defined
targets and developed plans and choose specific energy efficiency measures to
attempt these targets.

However, there is a lack of connection between global objectives at city level
and the implementation of energy strategies at district level. Specific solutions
defined at global scale usually underestimate barriers at district and building
level. Besides, the introduction into the decision making process of different
factors, such as: CO2 emissions and budget, greatly complicates the problem.

In this framework, authors in [4] present an evolutionary multi-objective op-
timization algorithm (NSGA-III) that optimizes four objectives at a time for a
public school retrofit planning. Among the diverse options and alternatives found
in the literature for generating appropriate retrofit scenarios, the aspects consid-
ered herein are: (1) minimize energy consumption; (2) minimize CO2 emissions;
(3) minimize retrofit costs; and (4) maximize thermal comfort. Additionally,
population-based meta-heuristic algorithms including Non-dominated Sorting
Genetic Algorithm II (NSGA-II), Pareto-Archived Evolution Strategy (PAES)
and Particle Swarm Optimization (PSO), have been found in a number of build-
ing optimization studies ([5],[6]). Also related to multi-objective genetic based
algorithms, the work in [7] proposes two improvement strategies for building
system design optimization. With the aim of modifying the behavior of conven-
tional evolutionary algorithms, adaptive operators and the meta-model approach
have been modified in order to improve the optimization convergence and speed
performance. Along the optimization process, a set of optimal solutions are gen-
erally generated; as this process usually takes a number of energy simulations
at each generation, the optimization time of this algorithms in retrofit planning
problems is increased. Improvement of this process includes tuning algorithm
parameters and hybrid local search algorithms with meta-heuristic algorithms
([8], [9]). Tuning parameters is unfeasible in actual case studies since one opti-
mization process can take days to complete. The other approach based on hybrid
optimization algorithms, try to narrow down the search space and utilize fast
and accurate gradient-based search algorithms to converge on the optimal region
([10], [11]).

In this regard, this paper advances over the state of the art by proposing
a novel multi-objective heuristic method based on the Harmony Search algo-
rithm specially tailored for obtaining optimal refurbishment solutions at district
level. Although the presented approach can be used for different municipalities



and indicators according to specific policy goals, a case study of the district of
Gros in Donostia-San Sebastian (Spain) is employed in which two different ob-
jectives are considered: 1) the maximization of the reduction of CO2 emissions
(i.e. minimization of the GWP) and 2) the minimization of the initial economic
investment.

2 Gros District Case Study Definition

The district of Gros (Figure 1) is selected for the case study due to its represen-
tativeness for the city as the east enlargement of it that has progressively gained
space to the river and to the sea. Moreover, Gros is one of the most chaotic
examples of the urbanism of Donostia - San Sebastian with very irregular blocks
and a maze of streets saturated by a mix of uses of its ground floors (commer-
cial, workshops, garages and small industries that are being gradually replaced
by new residential buildings). These characteristics combined with other aspects,
such as: the different ages, thermal properties, energy generation systems and
protection level of its buildings, offer an ideal context for the development of a
broad variety of scenarios for the retrofit optimization process.

Figure 1. Screenshot of the Gros district case study. The modelization and the envi-
ronmental assessment has been carried out by NEST tool [12].

The information obtained in close collaboration with the city of Donostia-
San Sebastian (see Table 1) enabled the definition of the majority of required
inputs for modelling and assessing the baseline scenario of Gros district. Some
of this data is based on assumptions from previous studies [12].

Table 2 shows the main characteristics of Gros district regarding the rela-
tionship between the energy certification of the buildings, their Energy Demand
(ED), the quantity of buildings, the Heated Floor Area (HFA) and the amount
of surface per building typology. The residential buildings analyzed for the dis-
trict of Gros have been grouped depending on their efficiency level, their energy
consumption per final use and other building envelope characteristics indicated
in Table 2. The systems considered for the calculation of heating and Domestic
Hot Water (DHW) consumptions are gas boilers for the buildings with a build-
ing typology between C and E and electricity for a building typology between F



and G. Finally, due to the climatic zone of Donostia-San Sebastian no cooling
system has been considered for residential buildings.

Table 2 shows that the energy labelling level of the 92% of the buildings of
Gros in less than the D energy rating. That is, the energy and environmental
performance of the 92% of the buildings is worse than the limit value defined by
the Spanish legislation. Based on these baseline values of the district of Gros, it
is necessary to evaluate, optimize and apply different refurbishment strategies
to improve their energy and environmental performance.

Table 1. Summary of aspects of the district of Gros.

General data

Built surface 1,153,443 m2
Number of dwellings 9,581
Residential building surface 1,126,050 m2
Office buildings surface 8,299 m2
Other tertiary building surface 17,512 m2
Wall surface of the buildings 392,087 m2

Building characteristics

Energy labelling C-G [24]
Heating and DHW system Natural gas and electricity
Architectural protection grade Some buildings [0-4] (according urban rules)

Renewable energy potential: Useful surface for solar technologies

Total roof surface 159,964 m2
Flat roof surface 71,215 m2
North oriented roof surface 47,696 m2
Maximum useful roof surface for solar technologies 50,726 m2

Table 2. Main characteristics of the district of Gros per building typology. (ED -
Energy Demand, HFA - Heated Floor Area, L - Lighting, A - Appliances, TS - Total
Surface).

N of blocks - HFA (m2) ED (Kwh/m2 year) TS (m2)
Building typology Heating DHW L A Opaque Openings Useful

3 - C 6.671 39.4 13 6.4 39 1.676 559 486
42 - D 89.35 49.2 13 6.4 39 23.39 7.79 3.56
396 - E 781.20 64.5 13 6.4 39 214.20 71.40 37.70
55 - F 93.68 84.7 13 6.4 39 27.39 9.131 4.37
51 - G 80.99 103.4 13 6.4 39 22.12 7.37 4.57

3 District Energy Retrofitting Problem Formulation

As stated in previous section, the majority of buildings of Gros district has
a poor energy labelling level (below D). Therefore, it is of great importance



to obtain optimal district retrofitting solutions in terms of cost-effective and
CO2 efficient designs. In order to accomplish this, this paper proposes a multi-
objective heuristic approach that simultaneously minimize the investment cost
and the GWP while considering a set of different constraints between the selected
refurbishment strategies.

Despite the numerous existing technologies for energy refurbishment and the
current trends towards “Net Zero Energy Buildings” [25], this work is limited to
assessing only most common approaches.

In the case of the passive refurbishment strategies, two different efficiency
levels per each refurbishment strategy are however proposed to take into ac-
count trends toward more energy efficient buildings: basic (b) and advanced (a)
levels. The basic efficiency level is based on refurbishment strategies that enforce
the minimum thermal requirements determined by the existing regulations and
standards. The advanced efficiency level strategies improve the building thermal
properties to very high values, such as those used in standards like the Passive
House [26].

The first solutions (1B, 1A) corresponds to ventilated facade system, which
is composed of an aluminum substructure, a layer of insulation and a ceramic
outlayer. The second strategy (2B, 2A) is an indoor thermal improvement so-
lution consisting of a layer of insulation and plasterboard. Different insulation
thicknesses are proposed for basic (1B, 2B) and advanced (1A, 2A) efficiency
levels. The projected insulation thicknesses for the basic efficiency energy level
are 5 cm for the faςade, 8 cm for the deck and 6 cm for the first floor slab. The
thicknesses proposed for the advanced energy efficiency level are 25, 30 and 15
cm, respectively.

The third refurbishment strategy (3B, 3A) focuses on the replacement win-
dows with a new frame and glazing. The windows for the basic energy efficiency
level (3B) consist of a double glazing (2.7 W/(m2 K)) and aluminum frame (2.9
W/(m2 K)), meeting the minimum thermal requirements for refurbishments in
Spain. The windows for advanced level (3A) consist of a low-emissivity coated
glazing (1.4 W/(m2 K)) and wooden frames (1.2 W/(m2 K)).

Along with energy conservation refurbishment systems, this work has evalu-
ated different strategies based on the use of energy from renewable sources. The
first renewable strategy is the installation of a solar thermal system on the roof
of the building (4), which uses solar energy to generate heat that is then used to
produce hot water, reducing the electricity and natural gas use of current water
heaters. The second renewable strategy (5) is the installation of photovoltaic
panels on the roof of the building, generating and exporting electricity to the
national grid.

Table 3 depicts a symmetric matrix representing the constraints for each
refurbishment strategy . In this table, the set of strategies that can be jointly
employed are represented by a value of 1, whereas the strategies that cannot
be applied together are represented by 0. Note that in solar and photovoltaic
strategies (4, 5) the total useful surface must be less that the 100% of the non-
north oriented roof surface.



Table 3. Symmetric matrix for refurbishment strategies’ constraints.

Refurbishment strategies 1B 1A 2B 2A 3B 3A 4 5

1B 0 0 0 0 1 1 1 1
1A 0 0 0 0 1 1 1 1
2B 0 0 0 0 1 1 1 1
2A 0 0 0 0 1 1 1 1
3B 1 1 1 1 0 0 1 1
3A 1 1 1 1 0 0 1 1
4 1 1 1 1 1 1 0 1
5 1 1 1 1 1 1 1 0

4 Proposed Multi-objective Harmony Search Algorithm

Let us start by briefly sketching the fundamentals of Harmony Search, which
was first coined by Zong et al. in [27] and thereafter applied to a wide number
of applications and problems, such as: the Combined Heat and Power Economic
Dispatch problem (CHPED) [28], the Traveling Salesperson Problem (TSP) [29],
tour routing [30], Sudoku puzzle solving [31], distribution of 24h energency units
[32] and Grouping problems [33], [34], among others.

This paper elaborates further on the multi-objective view of the problem and
presents a two-objective Harmony Search algorithm that attempts at simulta-
neously minimizing two (possibly conflicting) fitness functions: Investment Cost
(IC) and Global Warming Potential (GWP). By this way, instead of finding a
single solution of the problem, it obtains a set of good compromises or trade-
offs called the Pareto optimal set. Due to the population-based rationale of the
Harmony Search algorithm, it relies on a set of candidates {H(k)}Kk=1 (Harmony
Memory), which are iteratively refined by means of intelligent combinations and
mutations applied note-wise. Assuming the classical notation related to HS, we
will hereafter refer to a possible candidate set H(k) as harmony or melody,
whereas note denotes any of its compounding entries h(k), with k ∈ {1, . . . ,K}.
In our optimization framework, each melody encodes a refurbishment strategy
for a building typology in the district ∈ {C,D,E, F,G} and each note represents
the percentage of application perc ∈ {0, 10, . . . , 100}% of each refurbishment
strategy ∈ {1B, 1A, 2B, 2A, 3B, 3A, 4, 5}.

The refinement procedure is controlled by three different parameters: 1) the
Harmony Memory Considering Rate, HMCR; 2) the Pitch Adjusting Rate, PAR
and 3) the Random Selection Rate, RSR. After the improvisation procedure,
the value of the two objective functions (IC and GWP) are separately computed
for every improvised melody and the best (with respect to fitness values and
spread)K melodies – out of the newly produced ones and those from the previous
iteration – compose the Harmony Memory for the next iteration. Note that this
procedure is repeated until a fixed number of iterations I is completed. In the
following, the steps of the proposed multi-objective HS algorithm are described
in detail:



A. The initialization process is only executed at the first iteration. At this step,
the entries of the Harmony Memory H(k) are randomly generated within the
range {0, 10,. . . , 100} while meeting the constraints of the District Energy
Retrofitting problem.

B. In the improvisation procedure, three different probabilistic operators are
sequentially applied to each note so as to produce a new set of K improvised
harmonies, namely:
• The Harmony Memory Considering Rate, HMCR ∈ [0, 1], sets the prob-

ability that the new value for a certain note is drawn uniformly from the
values of this same note in all the other K − 1 melodies.

• The Pitch Adjusting Rate, PAR ∈ [0, 1], refers to the probability that
the new value for a given note is taken from its neighbouring values. A
step of 10% is added or subtracted with probability 1

2 .
• The Random Selection Rate, RSR ∈ [0, 1], establishes the probability to

pick a random value for the new note from the subset [0, 10, . . . 100].
C. The algorithm checks whether the newly improvised energy retrofitting so-

lutions are valid in terms of active and passive refurbishment strategies.
Regarding active strategies the sum of non-north oriented roof must be less
or equal 100% and in all cases the district strategies’ constraints (Table 3)
must be fulfilled.

D. At each iteration the new generated candidate solutions are then evaluated
in terms of both Investment Cost (IC) Equation (1) and reduction of Global
Warming Potential (GWP) Equation (2).

IC =

K∑
k=0

h(k) · c(k) ·A (1)

GWP =

K∑
k=0

h(k) ·HD(k) · EH(K) ·A · ρGWP

ρ
, (2)

where h(k) represents a note in the harmony memory, c(k) the cost value per
refurbishment startegy, A the area of useful surface per strategy, i.e. opaque
(1B, 1A, 2B, 2A) or openning (3B, 3A) surfaces or non-north oriented sur-
faces (4, 5), HD(K) the heating demand reduction after the application of
the strategies, EH(K) the energy consumption associated to heating de-
mand, ρGWP the GWP factor per thermal generation system and ρ the
performance of the thermal generation system.
Based on such metric values, a rank and a crowding distance value are as-
signed at each solution (as explained in [35]). Candidate solutions with less
rank value and largest crowding distance value are preferred in order to fill
the harmony memory for subsequent iterations. That is, between two solu-
tions with different non-domination ranks, the point with the lower rank is
selected. Otherwise, if both of them belong to the same front, then the point
located in a region with lesser number of solutions (larger crowding distance)
is preferred. If nIter < I, the algorithm iterates by setting nIter = nIter+1
and by returning to step B. Otherwise, the algorithm stops and the set of



candidate solutions that conformed the dominant pareto front is given as
possible outcomes of the energy retrofitting solution.

5 Simulation Results

In order to obtain the optimal refurbishment scenarios in terms of investment
cost and reduction of GWP, the Multi-Objective HS algorithm has been applied
at each building typology representing the Gros case study. Figure 2 depicts the
Pareto front approximation per building typology after 20 Monte Carlo simula-
tions in terms of initial economic investment (e/m2) for the avoided GWP (kg
CO2 eq./m2 year). The Pareto front has been expressed in unit of surface in
order to allow comparing the cost-effectiveness of the scenarios at each building
typology.
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Figure 2. Pareto front approximation of each building typology in terms of IC (e/m2)
and reduction of GWP (kg CO2 eq./m2 year).

It can be inferred that most efficient building typologies (building typologies
C and D) have less cost-effective refurbishment potential than building typolo-
gies with a worse energy labelling (E, F, G). The algorithm proposes the appli-
cation of internal thermal insulation and solar thermal panels implementation
as the less initial economic investment solutions. Once the maximum surface has
been covered by both solutions, the algorithm adds the replacement of windows.
Within the Pareto Front, some scenarios for building typologies C and D accept



the implementation of solar thermal panels without the application of passive
strategies. It is known [36] that for buildings with a good thermal insulation,
renewables can be a most cost-effective solution to achieve environmental goals
than passive strategies.

Table 4. Investment cost and scenario description for specific GWP reduction goals
for each building typology.

GWP reduction: 5 kg CO2 eq./m2 year

Building typology IC (e/ m2) Refurbishment scenario

C 18.85 60% (2B)
+ 30% (4)

D 17.49 70% (2B)
+ 20% (4)

E 13.40 80% (2B)

F 11.96 60% (2B)
+ 10% (5)

G 8.34 50% (2B)

GWP reduction: 13 kg CO2 eq./m2 year

Building typology IC (e/ m2) Refurbishment scenario

C 50.52 100% (2B)
+ 100% (4)
+ 10% (5)

D N.A N.A

E 37.86 100% (2B)
+ 100% (4)

F 36.25 100% (2B)
+ 90% (4)

G 25.58 100% (2B)
+ 30% (4)

GWP reduction: 18 kg CO2 eq./m2 year

Building typology IC (e/ m2) Refurbishment scenario

C N.A N.A

D N.A N.A

E N.A N.A

F 104.24 100% (2B)
+ 100% (4)
+ 80% (3B)

G 46.76 100% (2B)
+ 100% (4)
+ 30% (3A)

For building typologies E, F and G the evolution is different than for the most
efficient ones (C, D) described previously. In this case, the algorithm proposes a
thermal internal insulation until covering the whole opaque surface area. With
a higher investment cost, the thermal internal insulation is complemented with
solar thermal panels implementation. Once the hundred percent of useful roof’s



surface and of the opaque surface are covered, the replacement of windows is
proposed. Finally, it also infers scenarios replacing the thermal internal insulation
strategy by the external one that implies more initial economic investment per
surface area but higher insulation potential.

In order to explain in more detail the results obtained, Table 4 shows the
scenarios obtained by the algorithm for each building typology considering a
low, a medium and a high GWP reduction. It can be shown that for buildings
with better energy labelling, a higher investment cost is required to achieve the
same CO2 savings.

Finally, regarding the final cost-effective energy refurbishment scenarios at
district level, Table 5 depicts the obtained solutions for each building typology
in order to acquire a GWP reduction goal of 20%, 30% and 50%.

Table 5. Final cost-effective energy refurbishment scenarios to achieve GWP reduction
goals at district level.

GWP reduction: 20% GWP reduction: 30% GWP reduction: 50%
IC = 15.67Me IC = 25.19Me IC = 56.42Me

GWP red.= 6,504 GWP red.= 10,150 GWP red.= 14,883
(tn CO2 eq./year) (tn CO2 eq./year) (tn CO2 eq./year)

C 40% (2B) + 20% (4) 20% (2B) + 60% (4) 40% (2B) + 20% (4)

D 40% (2B) + 70% (4) 50% (2B) + 40% (4) + 10% (5) 100% (2B) + 20% (4)

E 80% (2B) 100% (2B) + 60% (4) 100% (2B) + 100% (4)
+ 10% (5) + 100% (3A)

F 100% (2B) + 20% (4) 100% (2B) + 30% (4) 100% (2B) + 100% (4)
+ 80% (3B)

G 100% (2B) + 70% (4) 100% (2B) + 10% (4) 100% (2B) + 100% (4)
+ 10% (3A) + 80% (3A)

6 Concluding remarks

This paper proposes a Multi-Objective HS algorithm for the optimal district’s
energy refurbishment design. The developed approach is applied to a real case
study of Gros in order to define the best energy refurbishment scenarios to reach
different GWP reduction goals. The achieved results elucidates the goodness of
the proposed Multi-Objective HS algorithm during a district refurbishment’s
decision making process. It is capable of obtaining a wide range of feasible sce-
narios in terms of environmental aspects and economic investment allowing the
selection of the optimal scenario considering the available budget and the ar-
chitectural boundaries. Even if the robustness of this algorithm is rigurously
assessed within this paper, the scope of the study can be extended by means of
including more refurbishment strategies and boundaries. This approach will be
developed within the OptEEmAL project [37] where the Multi-Objective HS al-
gorithm will be integrated within a platform that will allow its interoperability
with the Energy Conservation Measures database developed in the project in
which the objective functions will be calculated with a simulation module based
on Energyplus [18].
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tos de Enerǵıa Casi Nula. Congreso EECN III (Edificios Enerǵıa Casi Nulo). Junio,
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