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Supplementary note 1. Outline of the energy system

Energy hub concept was introduced by Geidl et-al. [1,2] to incorporate energy technologies with different
characteristics in order to cater the demand for multi-energy services (Supplementary Figure 1). Energy hub concept
has already received the attention of a wider group of researchers working on distributed generation. Furthermore,
it has shown the potential to incorporate more renewable energy technologies [3]. The energy hub considered in
this study operated in connection with the local electricity grid. The energy hub injects electricity to the grid when
there is an excess generation (and also the cost of selling is competitive) and purchases electricity from the grid to
cater the mismatch between demand and generation. Grid curtailments have been introduced both for selling and
purchasing electricity to and from the grid to guarantee the stability of the grid. The energy hub considered in this
study consists of wind turbines and Solar PV (SPV) panels which are non-dispatchable energy technologies. An
Internal Combustion Engine (ICG) is used as the dispatchable generator. A battery bank is used the energy storage
assisting ICG and grid to absorb the fluctuations in both demand and generation. It is assumed that the heating

demand is catered using heat pumps.
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Supplementary Figure 1 Outline of the energy system



Supplementary note 2. Energy flow model

Energy flow through system components such as solar PV (SPV) panels, wind turbines etc. is considered under the

energy flow model. Based on the hourly solar irradiation, solar power generation (RSSPV ) is computed using Eq.1

P =GLn% AN ng, vteT,vseQ (1)

In this equation, t denotes the time step ( vt T ) and s denotes the scenario that belongs to the set of Q, which
presents all the scenarios (union of W and it sets of scenarios representing stochastic and robust scenarios

respectively). In Eq. 1, G2, A", N*" (N* e N) denote the global solar irradiation on a tilted SPV panel, surface
area of the SPV panel and number of SPV panels in the system respectively. e takes into account the minor losses
in the SPV system due to dust accumulation and the power losses in the inverters. Y denotes the efficiency of the

SPV panel which is computed using Eq. 2.
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In Eq. 2, Standard values for Gé”, &%, AM are taken respectively as Gé” =1000 Wm?, g™ =25°Cand AMp=1.5.

Parameter values of psPv, gsev, rs?V, %V, m*™, us?v for different SPV technologies, such as mono-crystalline,

polycrystalline and amorphous silicon cells, are taken from Ref. [4]. AM denotes the air mass value and 6’IS§V is the

cell temperature. Similarly, power generation from the wind turbines is computed using Eq. 3.
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In Eq. 3, pi”s denotes the power generated by a single wind turbine. According to Thapar et-al [5], wind turbine

models using presumed shapes (based actual shape of the performance curve of the wind turbines) are more
accurate. Hence, the cubic-spline interpolation method is used in this study to present the power curve of wind

turbine (based on actual wind turbine found in market). In Eq. 3, N% (NY eN), v:*;”’denote the number of wind



turbines and wind speed at the wind turbine hub height. Similar to Eq. 1, 7" presents the minor losses that take

place in the energy conversion. Power generation in the internal combustion generator and the energy flow through
the battery bank are computed in a similar manner. Detailed energy flow models used for the simulation can be

found in Ref. [6—9] (in deterministic format).

Supplementary note 3. Dispatch strategy

The dispatch strategy helps to accommodate the fluctuations in demand and generation while determining the
interactions with the grid, energy storage and internal combustion generator. A bi-level dispatch strategy introduced
in Ref. [3] is used in this study. The primary level of the dispatch strategy determines the operating load factor of the
internal combustion generator based on renewable energy potential, energy demand, cost of energy in the grid and
state of charge level of the battery bank. The fuzzy-automata theory is used at the primary level. The secondary level
determines the interactions with the storage and the grid. The finite automata theory is used to assist the secondary
level of the dispatch strategy. Both fuzzy rules and state transfer points of the dispatch strategy are considered as
decision space variables. Based on the energy flow simulation, interactions with the grid, fuel consumption and
wearing of internal combustion generator, charge/discharge cycles of the battery bank etc. are computed. These are
used in both robust and stochastic blocks to formulate objective function values and constraints. A detailed

description of the dispatch strategy is presented in Ref. [3].
Supplementary note 4. Time series demand and renewable energy generation

RCM data were used to synthesize two groups of representative weather data sets for a 30-year period, each group
including three one-year weather data sets: one typical downscaled year (TDY), one extreme cold year (ECY) and one
extreme warm year (EWY) [10]. The difference between the two groups is the adopted time frame, resulting in
picking the representative month or hour. Synthesizing TDY, ECY and EWY on the monthly basis is explained in detail
in [10]. In short, the method is based on Finkelstein—Schafer (FS) statistics: picking the single month with the closest
cumulative distribution temperature to whole months (13x30=390 months in this case). This will give TDY and for
ECY and EWY, the months with the largest absolute differences are picked. Supplementary Figure 2(a) shows the
application of TDY, ECY and EWY in estimating the typical and extreme heating and cooling demand of the considered
urban area in Malmd. TDY nicely represents the average conditions while ECY and EWY mark the (pessimistic)

boundaries (for details see [10]).

The method is developed further so as to track all possible extremes at each time step for any climate variable. To
do so, the typical and extreme values of a climate variable were picked according to the hourly distribution at each

time step (hour) considering all the years and climate scenarios (13x30=390 data points at each hour). This results



in three time series (with the length of 8760 hours), each containing the most typical, the lowest and the highest
values at each time step. These new data sets are generated only for calculation purposes and they cannot be
considered as weather data since they do not reflect the natural variations of the climate system (unlike the monthly-
based TDY, ECY and EWY which reflect natural variations). This is visible in Supplementary Figure A2(b); figures on
the left compare all the 390 probable future conditions (light grey lines) with the monthly-based typical and extreme
data sets. Similar comparison is performed on the right side for the hourly-based representative data sets. Although
the annual profiles for the hourly-based do not represent natural variations of climate, they clearly mark the
(pessimistic) boundaries. It is important to remember that each hourly value is a possible future condition (according

to climate models) and can challenge the energy and urban infrastructures in the future.

In this approach, a number of scenarios are synthesized to represent future weather conditions, each containing
certain number of data sets which are arranged on the basis of the expected values of any (desired) climate variable.
Like the previous approach, all the 390 years of weather data (13 scenarios, each for a 30-year period) are
accommodated in one year. By generating the cumulative distribution of a climate variable at each hour and
calculating its percentiles, the value of the climate parameter can be calculated for different probabilities. For
example, if wind speed varies between 0 to 20 m/s during one year (see Supplementary Figure 3), by dividing the
range of values into 9 sequences (see the legend in Supplementary Figure 3), the first 5% (‘F9-1’) represent the
lowest wind speed values during the whole year, while the last 5% (‘P9-9’) represent the highest. In other words,
‘F9-1’ is a pseudo-sequential time series with one value at each time step that represents the percentiles between
0 and 5, while ‘F9-9’ represents percentiles between 95 to 100. Four scenarios have been generated in this work by
synthesizing pseudo-sequential time series for three (20-60-20%), five (10-20-40-20-10%), seven (10-15-15-20-15-
15-10%) and nine (5-5-15-15-20-15-15-5-5%) sequences, which are called ‘expected scenarios’ hereafter. It is
noteworthy to remember that the time series of the expected scenarios do not represent the natural variations of

the climate system.

The described method can be applied to any variable with many possible values at each time step, as is adopted in
this work for creating the expected scenarios for renewable generation potentials and energy demand. Since
detailed information is not available for grid curtailments and grid prices, only three sequences (20-60-20%) are

considered, based on Ref. [3] and [11].
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Supplementary Figure 2(b).

Supplementary Figure 2 (a): Cumulative distribution of (top) heating and (bottom) cooling demand for an urban area in Malmo considering 13 climate scenarios and the synthesized

typical (TDY), extreme cold (ECY) and extreme warm (EWY) weather data sets. (b) Hourly distribution of (top) outdoor temperature and (bottom) wind speed at the wind turbine level

(60 m) for 13 climate scenarios during 2070-2099 (390 profiles — light grey lines) and the typical and extreme conditions when they are picked based on the (left side) monthly distributions

according to [10] and (right side) hourly distributions of temperature.
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Supplementary Figure 3. Hourly distribution of (left) outdoor air temperature, (middle) wind speed at the wind turbine level, and (right) global radiation for 13 climate scenarios during
2070-2099 (390 profiles — light grey lines) and the hourly time series of expected values considering nine probability values (P9-1 — P9-9).

Supplementary note 5. Present state of the art methods for energy system design

When assessing the impacts of climate change, climate projection uncertainties and a large number of data sets
represent two major challenges. Several models with different scenarios simulate possible future climate conditions,
but no single simulation can be considered the most probable. Moreover, periods of 20 to 30 years should be
considered when performing the impact assessment of climate change [12]. Thus, a valid impact assessment should
take into account several long-term future climate scenarios. This will increas the size of data sets and the complexity

of further analyses, making it difficult to convert climate relevant data into energy system relevant data.[13]

It is vital to handle uncertainties in the energy system optimization process to guarantee the robust operation and
resourcefulness of an energy system facing climate change and extreme conditions. A number of studies have
focused on design optimization of energy systems under uncertainty, and these have been reviewed.[14,15] Sharifi
and Yamagata[16] critically discuss the importance of considering climate resilience during the energy system design
process, explaining the need to extend the available approaches to account for uncertainties. Recent literature on
energy system optimization that considers the uncertainty of demand, renewable energy generation, grid condition,
etc. can be classified into two main groups, based on the number of days considered for time series simulation:
selected days and hours (SSD) (e.g.,[17,18]); limiting the number of time steps makes it feasible to increase the
number of scenarios considered for stochastic optimization, and entire annual time series simulations (ETS);
considering 8,760 time steps for each scenario when conducting stochastic optimization (e.g.,[19,20]).

The SSD method facilitates consideration of the unit commitment problem in detail, enabling the design of complex
energy systems. However, reducing the length of the time series can notably influence the final design, especially
when considering non-dispatchable energy technologies. For example, according to [21,22] using three to five days
to represent 365 days may result in a notable deviation from actual conditions. More important, such an approach
cannot be used directly to represent extreme climate events that may take place for periods longer than one week.
Such extreme events can occur in different seasons, and the probability can also be higher for future climatic

conditions. Therefore, it is challenging to extend SSD to design resilient distributed energy systems.

Several studies have considered the ETS (8,760 time steps) in stochastic optimization.[17,18] Such a detailed



representation enables a model to be more accurate and closer to reality, especially in the context of representing
energy systems with a larger capacity of non-dispatchable energy technologies. However, a relatively simple dispatch
strategy needs to be used in the design of the optimization process (one of the main limitations of using this method)
when incorporating ETS. In addition, non-linear optimization methods should be accommodated, although this will
significantly increase computation time. As a result, the number of scenarios considered in the stochastic
optimization process is notably reduced. For example, Narayan and Ponnambalam[18] limited the stochastic
optimization scenarios to 200. Limiting the number of scenarios considered for stochastic optimization (especially
when using scenario reduction methods that follow a Monte Carlo simulation) often eliminates extreme climate
conditions. Therefore, a notable improvement is essential when extending the ETS based on the entire time series
simulation to accommodate both climate uncertainty and extreme climate events. A more detailed justification

about the proposed workflow is found in Supplementary Table 1
Supplementary note 6. Scenarios with alternative rankings

The scenario tree used in this study considers both climate based as well as non-climate based (which indirectly
influence the climate relevant factors). The uncertainties of climate-based factors are obtained by assuming them
to be independently driven factors since it is challenging to develop a joint distribution considering the influence of
each on the energy system. The results obtained by using this approach is presented in the main body (named as
Rank 1). in this section, we consider one factor at a time when developing scenarios instead of considering them as
three independent driven factors. Although such a consideration does not provide the multi-dimensional impacts
due to climate change, it provides a comprehensive figure about each sector separately. Two Pareto fronts are taken
with alternative scenarios considering one factor at a time i.e. energy demand and wind energy driven as shown in

Supplementary Figure 4.

When considering the energy demand (Rank 2: Demand), wind driven (Rank 2: Wind) scenarios lead to a higher cost.
Climate change notably reduces the heating demand consequently; misrepresentation impact of climate change on
energy demand will lead to show a higher cost, which can be around 14.5%. Energy demand driven scenario solely
use temperature when developing the scenarios. Pareto front for the energy demand scenario coincides with Rank
1. This implies that, such a detailed representation of uncertainties (considering them as three independent factors)
are not required in this specific case for a major part of the Pareto front. However, a notable difference is observed
for scenarios having higher grid integration level. This is mainly due to the extreme conditions, which can be
understood when comparing the SO, and SRO Pareto fronts in Fig. 5. Although the scenarios developed concerning
demand performs reasonably well when concerning the high probable low impact scenarios (concerning this specific
location), it is not effective when it comes to low probable high impact scenarios. Therefore, it would be interesting
to look over scenario reduction methods (at least concerning high probable low impact scenarios) which can

immensely reduce the computation burden of the problem.



Supplementary Table 1: Workflow proposed in this study and the detailed justification

Element in the Work Flow

Description

Climate data

Several future climate data sets were synthesized as inputs to the urban energy simulation models. The pool of weather data were created by using
RCA4 regional climate model (the 4th generation of the Rossby Centre climate model, which was used for downscaling in CORDEX using CMIP5
GCMs as boundary conditions [23]), considering 13 climate scenarios with different GCMs and RCPs (RCP2.6, 4.5 and 8.5). We decided to use only
CMIP5 scenarios, since the implementation of CMIP6 has been delayed and only a few modeling centers in the world have been able to deliver the
new scenarios as planned. The preparation and synthesis of RCA4 outputs to generate weather files suitable for energy simulations is a lengthy
procedure which is thoroughly discussed in previous works of the authors (e.g., [24] [25] [26]).

Building simulation model, solar
irradiation model, and wind speed
model

Taking the input from the climate model, a building simulation model was used to compute the energy demand of the building stock. In a similar
manner, solar irradiation [27] on a tilted surface and wind speed at the wind turbine hub level [28] were computed.

The building simulation model used in this study was validated and already presented in number of publications (e.g., [26] [29] [30]). Similarly, we
used models for solar irradiation and wind speed computation, which are well established in the literature.

The concept of high probability, low
impact and low probability, high
impact scenarios

Methodology used to derive time
series for HPLI and LPHI scenarios
concerning energy demand and
renewable energy potentials

The concept of high probability, low impact and low probability, high impact scenarios

Using high probability, low impact as well as low probability, high impact scenarios has been established for more than one decade. It is a well-
known concept in project management and amply used with engineering projects [31]. There is a large pool of literature that has looked into this
from the uncertainty perspective, such as [32]. Considering climate, most of the literature is focused on low probability / high impact scenarios, and
often they do not discuss the long-term performance of the designed infrastructure [33]. Concerning the energy system, the concept was introduced
by Molyneaux et al. [34], while they did not formulate it as a mathematical problem.

Methodology used to derive time series for HPLI and LPHI scenarios concerning energy demand and renewable energy potentials

Nik [24] proposed a methodology based on the ranking of cumulative hourly temperature (outdoor temperature or Tqry bub On the hourly resolution
for each month). In the current work, we have extended the methods presented in Nik (2016) [24] to have a more detailed representation of
extreme conditions and address the critical conditions that may challenge the resilience of urban energy systems. Therefore, in this work, we
generated three groups of weather files, each based on one climate variable that is the most critical for the purpose (outdoor temperature for
energy demand, solar irradiation for solar PV generation, and wind speed for wind turbine generation). More important, it adheres to the basic
principles used to model uncertainties in energy systems, as in Jordehi et al. [35].

Energy system model

The energy flow model used in this study has been amply used by the authors and previously validated concerning the deterministic scenario [3,36—
40].

Stochastic-Robust optimization

A hybrid stochastic robust optimization model has been used to consider HPLI and LPHI when conducting the dispatch optimization of energy
systems considering the uncertainties of grid conditions by [41]. We used the same approach to consider HPLI and LPHI scenarios in energy system
optimization.
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Supplementary Figure 4: Comparison of Pareto fronts obtained using SRO method for two alternative sets of scenarios

Supplementary note 7. Reference algorithm

Several reference algorithms are used to compare the performance of the novel algorithm introduced in this study.

Outline of these algorithms are presented in Supplementary Figure 5.

Deterministic model with typical weather data (DT)
The deterministic model is generally used to design distributed energy systems based on typical weather data as is
the case in this work. Several typical weather data sets are available, of which TMY is one of the well-known formats,
widely used for energy simulations. In this work, instead of using TMY or similar available data sets, typical weather
data have been synthesized using outputs of the RCA4 regional climate model, which is called Typical Downscaled
Year (TDY). TDY is used to simulate the energy demand of the buildings and the energy system. Both objective

functions and constraints are derived based on the deterministic model.

Deterministic model with extreme weather data (DE)
The main weakness in the deterministic model is not considering the extreme climate conditions. Therefore, it is
difficult to guarantee the robustness of the energy system under extreme events. The DE algorithm (as shown in
Supplementary Figure 5 Error! Reference source not found.) is used to design the energy system replacing the typical

weather data by extreme climate conditions (extreme high and low — check Section 3).
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Stochastic optimization (SO)
As discussed before, stochastic programing is a more realistic way to represent uncertainties, especially when
compared to deterministic models. Stochastic programing is used to compute both objective functions and

constraints for the optimization algorithm in this algorithm (Supplementary Figure 5).

Hybrid stochastic-robust optimization (SRO)
SRO is the novel method introduced in this study and detailed in Methodology section. Compared to SO, robust

programing is used in SRO to consider the extreme events.

Supplementary note 8. Implementation of the computational algorithm

Simulation based optimization is a time consuming activity which gets more challenging by accommodating large
number of scenarios that consider lengthy simulations. Hence, efficient implementation of the computational
program plays a vital role. In order to accomplish this objective, Graphical Processor Unit (GPU) computing is
introduced in this study to conduct time series simulation. GPU computing facilitates large scale parallelization of
computational program. As a result, GPU computing has been already used in different fields such as image
processing, machine learning, bio-informatics etc. However, GPU computing is not well known among the energy
system designing community despite of its potential to speed up computational processes. When considering
stochastic optimization, GPU computing makes it feasible to handle large number of scenarios within a reasonable

computational time.

Formulation of the objective functions is explained using three blocks in main body in order to make it easy for the
readers the understand (Figure 2 in the main body). The computational algorithm begins in a similar manner
following the mathematical model (Supplementary Figure 6). The techno-economic and weather data are collected
and provided to the computational algorithm. The Simulation block (considered as one part) which includes the set
of computational models is divided into two parts and implemented in both CPU and GPU. Scenarios related to the
stochastic programing part are implemented in the GPU which support large scale parallelization. Scenarios related
to the robust part and deterministic part is implemented in Central Processing Unit (CPU). Subsequently, the
objective function values and constraints are computed in the CPU aggregating the computation performed in both
CPU and GPU. Based on the objective function values, the population and archive are updated following the

dominance check using the CPU.
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Supplementary Figure 6. Implementation of the computational algorithm
Supplementary note 9. Overall Computational Platform

Section 6 solely presents the computation process within the energy system design process. However, energy system
design process links with building simulation climate models etc. that demands for much larger computation time.
Most of the tasks in energy system optimization and energy system optimization are sequential tasks that cannot be
parallelized. For example, evaluation of objective function value should be performed sequentially (same applies to
the building simulation). When we consider climate data as direct input to the model (neglecting the computation
time), urban simulation takes 15 hours for one climate scenario and 95 years (2006-2100) (for the building stock in
Stockholm (153 buildings)). The computation time varies with the number of buildings considered. The energy
system optimization takes two days to conduct SRO optimization for a location. Altogether, it is an extensive
computation task. For energy system optimization, it takes approximately two days for a stochastic-robust scenario
to conduct the optimization (when using HP Z8 G4 Workstation with:Intel(R) Xeon(R) Gold 6244 CPU@360GHz (32
CPUs) with NVIDIA Quadro rTX 6000).



Supplementary note 10 Wind speed variation

Supplementary Figure 7 presents the variation of wind speed in 30 cities.
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Supplementary Figure 7: Box plot representing the variation of wind speed

Supplementary References

(1]
(2]
(3]

(4]

(5]

(6]

(7]

(8]

(9]

Geidl M, Koeppel G, Favre-Perrod P, Klockl B, Andersson G, Frohlich K. Energy hubs for the future. IEEE Power
Energy Mag 2007;5:24-30. https://doi.org/10.1109/MPAE.2007.264850.

Geidl M, Andersson G. Optimal Power Flow of Multiple Energy Carriers. IEEE Trans Power Syst 2007;22:145-55.
https://doi.org/10.1109/TPWRS.2006.888988.

Perera ATD, Nik VM, Mauree D, Scartezzini J-L. Electrical hubs: An effective way to integrate non-dispatchable
renewable energy sources with minimum impact to the grid. Appl Energy 2017;190:232-48.
https://doi.org/10.1016/j.apenergy.2016.12.127.

Notton G, Lazarov V, Stoyanov L. Optimal sizing of a grid-connected PV system for various PV module
technologies and inclinations, inverter efficiency characteristics and locations. Renew Energy 2010;35:541-54.
https://doi.org/10.1016/j.renene.2009.07.013.

Thapar V, Agnihotri G, Sethi VK. Critical analysis of methods for mathematical modelling of wind turbines.
Renew Energy 2011;36:3166—77. https://doi.org/10.1016/j.renene.2011.03.016.

Perera ATD, Wickremasinghe DMIJ, Mahindarathna DVS, Attalage RA, Perera KKCK, Bartholameuz EM.
Determining wind turbine capacity for expansion of off grid Internal Combustion Generators (ICG) system; why
it bec o mes challenging? 2010 IEEE Int. Conf. Sustain. Energy Technol. ICSET, 2010, p. 1-5.
https://doi.org/10.1109/ICSET.2010.5684944.

Perera ATD, Attalage RA, Perera KKCK, Dassanayake VPC. Designing standalone hybrid energy systems
minimizing initial investment, life cycle cost and pollutant emission. Energy 2013;54:220-30.
https://doi.org/10.1016/j.energy.2013.03.028.

Perera ATD, Attalage RA, Perera KKCK, Dassanayake VPC. A hybrid tool to combine multi-objective optimization
and multi-criterion decision making in designing standalone hybrid energy systems. Appl Energy 2013;107:412—-
25. https://doi.org/10.1016/j.apenergy.2013.02.049.

Perera ATD, Madusanka AN, Attalage RA, Perera KKCK. A multi criterion analysis for renewable energy
integration process of a standalone hybrid energy system with internal combustion generator. J Renew Sustain
Energy 2015;7:043128. https://doi.org/10.1063/1.4928684.

[10] Nik VM. Making energy simulation easier for future climate — Synthesizing typical and extreme weather data

sets out of regional climate models (RCMs). Appl Energy 2016;177:204-26.
https://doi.org/10.1016/j.apenergy.2016.05.107.

[11] Historical Market Data n.d. http://www.nordpoolspot.com/historical-market-data/ (accessed August 15, 2017).



[12] Nik VM, Sasic Kalagasidis A, Kjellstrom E. Statistical methods for assessing and analysing the building
performance in respect to the future climate. Build Environ 2012;53:107-18.
https://doi.org/10.1016/j.buildenv.2012.01.015.

[13] Dowling P. The impact of climate change on the European energy system. Energy Policy 2013;60:406—17.
https://doi.org/10.1016/j.enpol.2013.05.093.

[14] Mavromatidis G, Orehounig K, Carmeliet J. A review of uncertainty characterisation approaches for the optimal
design  of  distributed energy systems. Renew Sustain Energy Rev  2018;88:258-77.
https://doi.org/10.1016/j.rser.2018.02.021.

[15] Mavromatidis G, Orehounig K, Carmeliet J. Uncertainty and global sensitivity analysis for the optimal design of
distributed energy systems. Appl Energy 2018;214:219-38. https://doi.org/10.1016/j.apenergy.2018.01.062.

[16] Sharifi A, Yamagata Y. Principles and criteria for assessing urban energy resilience: A literature review. Renew
Sustain Energy Rev 2016;60:1654—77. https://doi.org/10.1016/].rser.2016.03.028.

[17] Fuentes-Cortés LF, Santibafiez-Aguilar JE, Ponce-Ortega JM. Optimal design of residential cogeneration systems
under uncertainty. Comput Chem Eng 2016;88:86—102. https://doi.org/10.1016/j.compchemeng.2016.02.008.

[18] Narayan A, Ponnambalam K. Risk-averse stochastic programming approach for microgrid planning under
uncertainty. Renew Energy 2017;101:399-408. https://doi.org/10.1016/j.renene.2016.08.064.

[19] Sharafi M, EIMekkawy TY. Stochastic optimization of hybrid renewable energy systems using sampling average
method. Renew Sustain Energy Rev 2015;52:1668-79. https://doi.org/10.1016/].rser.2015.08.010.

[20] Urbanucci L, Testi D. Optimal integrated sizing and operation of a CHP system with Monte Carlo risk analysis for
long-term  uncertainty in  energy demands. Energy Convers Manag 2018;157:307-16.
https://doi.org/10.1016/j.enconman.2017.12.008.

[21] Pazouki S, Haghifam M-R. Optimal planning and scheduling of energy hub in presence of wind, storage and
demand response under uncertainty. Int J Electr Power Energy Syst 2016;80:219-39.
https://doi.org/10.1016/].ijepes.2016.01.044.

[22] Rezvan AT, Gharneh NS, Gharehpetian GB. Optimization of distributed generation capacities in buildings under
uncertainty in load demand. Energy Build 2013;57:58—64. https://doi.org/10.1016/j.enbuild.2012.10.031.

[23] Strandberg G, Barring L, Hansson L, Jansson Ch, Jones C, Kjellstrom E, et al. CORDEX scenarios for Europe from
the Rossby Centre regional climate model RCA4. SMHI; 2014.

[24] Nik VM. Making energy simulation easier for future climate — Synthesizing typical and extreme weather data
sets out of regional climate models (RCMs). Appl Energy 2016;177:204-26.
https://doi.org/10.1016/j.apenergy.2016.05.107.

[25] Nik VM. Climate Simulation of an Attic Using Future Weather Data Sets - Statistical Methods for Data Processing
and Analysis. Licentiate thesis. Chalmers University of Technology, 2010.

[26] Nik VM, Sasic Kalagasidis A. Impact study of the climate change on the energy performance of the building stock
in  Stockholm  considering  four climate uncertainties. Build Environ  2013;60:291-304.
https://doi.org/10.1016/j.buildenv.2012.11.005.

[27] Perera ATD, Wickremasinghe DMIJ, Mahindarathna DVS, Attalage RA, Perera KKCK, Bartholameuz EM.
Sensitivity of internal combustion generator capacity in standalone hybrid energy systems. Energy
2012;39:403-11. https://doi.org/10.1016/j.energy.2011.12.039.

[28] Sahin AD. Progress and recent trends in wind energy. Prog Energy Combust Sci 2004;30:501-43.

[29] Mata E, Kalagasidis AS, Johnsson F. A modelling strategy for energy, carbon, and cost assessments of building
stocks. Energy Build 2013;56:100-8. https://doi.org/10.1016/j.enbuild.2012.09.037.

[30] Nik VM, Mata E, Sasic Kalagasidis A, Scartezzini J-L. Effective and robust energy retrofitting measures for future
climatic conditions—Reduced heating demand of Swedish households. Energy Build 2016;121:176-87.
https://doi.org/10.1016/j.enbuild.2016.03.044.

[31] Hillson D. Extending the risk process to manage opportunities. Int J Proj Manag 2002;20:235-40.
https://doi.org/10.1016/S0263-7863(01)00074-6.

[32] Ward S, Chapman C. Transforming project risk management into project uncertainty management. Int J Proj
Manag 2003;21:97-105. https://doi.org/10.1016/50263-7863(01)00080-1.

[33] Dietz S. High impact, low probability? An empirical analysis of risk in the economics of climate change. Clim
Change 2011;108:519-41. https://doi.org/10.1007/s10584-010-9993-4.

[34] Molyneaux L, Wagner L, Froome C, Foster J. Resilience and electricity systems: A comparative analysis. Energy
Policy 2012;47:188-201. https://doi.org/10.1016/j.enpol.2012.04.057.



[35] Jordehi AR. How to deal with uncertainties in electric power systems? A review. Renew Sustain Energy Rev
2018;96:145-55. https://doi.org/10.1016/j.rser.2018.07.056.

[36] Perera ATD, Coccolo S, Scartezzini J-L, Mauree D. Quantifying the impact of urban climate by extending the
boundaries of urban energy system modeling. Appl Energy 2018;222:847-60.
https://doi.org/10.1016/j.apenergy.2018.04.004.

[37] Perera ATD, Nik VM, Mauree D, Scartezzini J-L. An integrated approach to design site specific distributed
electrical hubs combining optimization, multi-criterion assessment and decision making. Energy 2017;134:103-
20. https://doi.org/10.1016/j.energy.2017.06.002.

[38] Perera ATD, Attalage RA, Perera KKCK, Dassanayake VPC. A hybrid tool to combine multi-objective optimization
and multi-criterion decision making in designing standalone hybrid energy systems. Appl Energy 2013;107:412—-
25. https://doi.org/10.1016/j.apenergy.2013.02.049.

[39] Perera ATD, Attalage RA, Perera KKCK, Dassanayake VPC. Designing standalone hybrid energy systems
minimizing initial investment, life cycle cost and pollutant emission. Energy 2013;54:220-30.
https://doi.org/10.1016/j.energy.2013.03.028.

[40] Perera ATD, Wickramasinghe PU, Nik VM, Scartezzini J-L. Machine learning methods to assist energy system
optimization. Appl Energy 2019;243:191-205. https://doi.org/10.1016/j.apenergy.2019.03.202.

[41] Zhao C, Guan Y. Unified Stochastic and Robust Unit Commitment. IEEE Trans Power Syst 2013;28:3353-61.
https://doi.org/10.1109/TPWRS.2013.2251916.



