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Abstract 

Recent progress in computer science has led to 

applications of simulation-based optimisation methods 

for building design. This application-focused paper 

compares two generic optimisation tools: Multi-Objective 

Building Performance Optimisation (MOBO) and Design 

Analysis Kit for Optimisation and Terascale Applications 

(DAKOTA). The workflow and coupling of each tool 

with TRNSYS 18 software are presented. 

Results show that computing times were comparable, and 

both tools display similar optimal solutions. MOBO, 

specifically developed for building performance 

optimisation, is a user-friendly software, whereas 

DAKOTA requires a steep learning curve for non-

programmers. Conversely, DAKOTA provides flexibility 

in interfacing the simulation software and defining the 

optimisation settings. 

Introduction 

Buildings are responsible for a significant portion of 

anthropogenic greenhouse gas emissions. The design of 

low-carbon energy efficient buildings is complex, as 

many parameters affect their energy performance. Multi-

objective optimisation is a decision-making method for 

selecting an appropriate set of design variables. In case of 

building design, a ‘simulation-based optimisation’ 

method is employed, because the optimisation routine 

calls the building simulation software to be executed. The 

computation process is most of the times automated, as a 

result of the iterative nature. The following sections of the 

introduction give an overview of the optimisation 

algorithms and tools being used in the building 

performance optimisation (BPO) process. 

Optimisation algorithms and their performance 

In general, BPO is the process of minimising/maximising 

objective function/s, by identifying a set of variables, 

under a number of constraints. Depending on the number 

of objective functions (single-objective or multi-objective 

optimisation), there is one global optimal solution or a set 

of non-dominated optimal solutions, called Pareto optimal 

(Pareto, 1896). A solution is non-dominated when there is 

no other solution that improves one objective function 

without deteriorating another one. 

A BPO problem may have both continuous and discrete 

variables. Therefore, the objective function/s can be 

discontinuous (Banos et al., 2010). Discontinuities may 

also be attributed by the optimisation software, which 

applies iterative solution algorithms (Wetter & Wright, 

2004). This behaviour poses a restriction to the selected 

optimisation algorithms to those that can handle 

discontinuities, such as derivative-free algorithms. 

Another important characteristic of most BPO methods is 

that optimisation algorithms treat a simulation software as 

a ‘black-box’. In that case, problem-depended 

optimisation methods, such as heuristic and gradient-

based algorithms, that require information on the 

problem, cannot be implemented. If there is an analytical 

expression of the objective function, it can be solved 

numerically. For building energy performance 

simulations, this is the case when functions can be 

mathematically described. 

Non-linear problems or optimisation software containing 

iterative solution algorithms can cause discontinuities in 

the objective functions. The evaluation of the objective 

function/s with the use of a building performance 

simulation program is a non-linear problem and requires 

the use of derivative-free algorithms (Machairas, 

Tsangrassoulis, & Axarli, 2014). Algorithms sensitive to 

those discontinuities or to multi-modal function, such as 

gradient-based algorithms and direct search algorithms, 

might fail on the convergence to the optimal solution 

(Wetter & Wright, 2003). 

Evolutionary optimisation algorithms are the most 

popular among BPO. Being meta-heuristic, thus problem 

independent, they treat the optimisation problem as a 

‘black-box’. In order to identify the optimum solution/s, 

they generate a set of random numbers for the 

optimisation variables and use the principle of natural 

selection to evolve. However, their convergence to a 

global optimum or a set of optimal solutions cannot be 

guaranteed, especially for a small number of iterations. 

Genetic algorithms (GA) are very effective when used for 

non-linear, discontinuous problems with many local 

minima, however, they cannot ensure that the optimal 

solution/s will be found. 

Optimisation software tools 

The optimisation tools that have been applied for BPO can 

be classified in two major categories: dedicated 

optimisation tools for building design and generic 

optimisation packages. They can be further sub-classified 

based on their capability to deal with single-objective or 

multi-objective optimisation problems, to handle discrete 

and continuous variables and constraint functions and to 
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allow parallel computing. This section provides a brief 

description of the commonly used tools, their capabilities 

and limitations. An extended literature review on 

optimisation tools used for BPO may be found in (Attia et 

al. 2013). 

Some of the dedicated optimisation tools for building 

design are: Opt-E-Plus, GENE_ARCH, BEopt, 

MultiOpt2 and jEPlus+EA. Opt-E-Plus was developed by 

NREL (Ellis, Griffith, Long, Torcellini, & Crawley, 

2006) for EnergyPlus building simulation software and it 

is a freeware. It is not designed for multi-objective 

optimisations and it is oriented towards the United States 

context. GENE_ARCH (Caldas, 2006) is also a freeware 

and able to handle multi-objective optimisations. It was 

developed to couple DOE-2.1 building simulation engine. 

BEopt was also developed by NREL (Christensen et al., 

2005) to be coupled both with DOE-2.2 and TRNSYS 

(Solar Energy Laboratory, 2017) ‘Type 56’. It was 

developed to explore design options for the envelope and 

the heating, ventilation, and air conditioning (HVAC) 

systems and calculate the energy savings. Once more, the 

software is tailored to the United States context. 

MultiOpt2 (Chantrelle, Lahmidi, Keilholz, Mankibi, & 

Michel, 2011) is a commercial multi-objective 

optimisation tool developed for TRNSYS. It uses the 

NSGA-II and has built-in financial and environmental 

databases. The combined software jEPlus+EA (Zhang, 

2017) can be coupled with EnergyPlus , TRNSYS and 

DOE-2. It should be noted that for jEPlus+EA all 

variables are considered to be discrete during 

optimisation. 

On the other hand, generic optimisation packages are 

more flexible but, most of the times, they require 

advanced programming skills. Some of the most 

commonly used software tools with user interface are 

GenOpt, DAKOTA, modeFRONTIER, and MOBO. 

Matlab, R and Python programming languages have 

optimisation toolboxes which can call the objective 

function routine. GenOpt is one of the most popular 

packages as it has been used for a large number of BPO 

investigations (Attia et al., 2013). It is a freeware, single-

objective optimisation software that can be coupled with 

any simulation software that enables text-based input and 

output files. DAKOTA is also a freeware and its 

optimisation algorithms can handle both single-objective 

and multi-objective optimisation problems. Despite 

having a user’s interface, programming knowledge is 

required. The modeFRONTIER (ESTECO, 2017) is a 

commercial product with a large number of capabilities, 

regarding multi-objective optimisation, sensitivity 

analysis and parallel computing. MOBO (Palonen, 

Hamdy, & Hasan, 2013) is probably one of the most 

user’s friendly software for BPO problems as it is a 

freeware which has a graphical user interface (GUI). It 

can handle continuous and discrete variables, as well as 

derived functions. The user can define up to four function 

types, including objective functions, equality and 

inequality constraint functions. Up to two input files and 

two output files can also be defined. It allows multi-

objective optimisation and has an integrated library of the 

most commonly used algorithms, such as NSGA-II, 

aNSGA-II, OMNI-optimiser, J-H, the hybrid coupling of 

GA and J-H, along with random search and brute force 

processes. 

The programming languages Matlab (MathWorks, 2017), 

R (Venables & Smith, 1990) and Python (The Python 

Software Foundation, 2018) also provide optimisation 

capabilities via toolboxes or libraries, however, their use 

requires advanced programming knowledge. Matlab 

environment, a commercial platform, has been widely 

used in BPO investigations because of its flexibility in 

interfacing the simulation software and the extended 

capabilities to handle both single and multi-objective 

optimisation problems, discrete and continuous variables 

and parallel computing, while providing a variety of 

optimisation algorithms. Python language has been used 

for the automation of building energy simulation 

workflows by Miller et al. (2012) and for the design 

optimisation of the building envelope by Echenagucia et 

al. (2015). R language, despite the fact that it has packages 

for optimisation and sensitivity analysis, has not been 

implemented, to the best of the authors’ knowledge, for 

BPO problems. 

This application-focused investigation aims to compare 

two currently available generic optimisation tools: 

MOBO and DAKOTA. They were selected for the 

following reasons: they are freeware, they can handle 

multi-objective optimisation problems, they have a 

sufficient number of optimisation algorithms and are 

available for the variants of three operating systems: 

Windows, Linux and Mac OS. 

Method 

In this investigation a multi-residential building, located 

in Southern Europe, has been used as a case study. The 

annual electricity required for heating and cooling of the 

building for defined set points has been modelled in 

TRNSYS 18. Retrofit alternatives of the building 

envelope have been studied as for their performance in 

improving the annual electricity consumption for heating 

and cooling and minimising the net present value of life-

cycle cost (NPV-LCC) of the retrofit. 

The multi-objective genetic algorithm (MOGA) and the 

Non-dominated-and-crowding sorting genetic algorithm 

II (NSGA-II) (Deb et al. 2002) have been selected for this 

investigation. The reason is the limited number of GAs 

available in each software. The general workflow 

involves defining the objective functions and constraints, 

selecting an optimisation algorithm, executing pre-

process parametric simulations, running simulations, 

executing post-process simulations, storing simulation 

parameters and evaluating results. While MOBO has the 

built-in capability to handle the whole process, DAKOTA 

is responsible only for the pre- and post-process for the 

optimisation routine. For simulations to be executed, a 

subroutine must be called. For the purpose of this 

investigation, a subroutine script has been created using 

the Python programming language to interface TRNSYS 

18 with DAKOTA. Python has been selected as it is a 

high-level, interpreted and dynamically typed scripting 
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language. In addition, Python has object-oriented 

programming capabilities which are used for the location 

and extraction of the simulation output files. 

The specific workflow and coupling of each tool with 

TRNSYS 18 is presented in the following sections and 

illustrated in Figure 1 and Figure 2. The computing time, 

the results obtained and the user friendliness level of each 

tool were compared. 
 

 

Figure 1: MOBO optimisation workflow 
 

 

Figure 2: DAKOTA optimisation workflow 
 

The case study 

A building was selected out of the ‘Intelligent Energy 

Europe’ programme ‘Typology Approach for Building 

Stock Energy Assessment’ (IEE-TABULA) (TABULA, 

2017), which is an EU funded programme for the 

development of a common database of the residential 

building stock typologies in 20 European countries. It is a 

multi-family house (MFHs) constructed prior to 1980 (the 

early 1960’s), and is located in the Greek climate zone B. 

The building is shown in Figure 3. It should be noted that 

in 1980 the ‘Hellenic Building Thermal Insulation 

Regulation’ was introduced for the first time in Greece. 

 
 

  

Figure 3: Baseline building: (a) street view and (b) 

simulation model 
 

The selected building is a 6-storey multi-residential 

building with a basement, located in Athens, Greece. It 

has 27 apartments. The model geometry was created using 

SketchUp Make 2015 and TRNSYS3d plug-in. The file 

was saved as an ‘*.idf’ format file and imported in 

TRNBuild 3.0, which creates ‘*.b18’ file for TRNSYS 18 

‘Type 56’.  

The building was modelled as 14 zones, 7 of them are 

conditioned and 7 non-conditioned communal areas. The 

information about building envelope, construction types, 

materials, properties and areas of the floor and the 

external surfaces was extracted from IEE-TABULA 

project data set (TABULA, 2017). IEE-TABULA project 

also provides information on the infiltration rate and the 

thermal bridge energy gains/losses of the building 

envelope. The minimum required ventilation rate, as well 

as the heat gains from people, lighting and equipment for 

residential buildings are provided by national technical 

instructions on the calculation of the energy performance 

of buildings (Technical Chamber of Greece, 2010).  

The heating system operates in two modes. The daytime 

heating set-point temperature is 20 oC (Technical 

Chamber of Greece, 2010). The set-back temperature for 

nighttime and non-operation hours is 18 oC. Heating 

season begins on the 28th of October and finishes on the 

15th of April in Athens. The set-point temperature for 

cooling is 26 oC (Technical Chamber of Greece, 2010). 

There is no set-back temperature for cooling as cooling 

system does not operate during non-occupied hours of the 

house. However, for simulation in TRNSYS 18, a set-

back temperature of 50 oC has been used. This value was 

selected because the ambient air temperature in Athens 

never reaches 50 oC. Cooling season begins on the 1st of 

May and finishes on the 30th of September in Athens. A 

typical weekday and weekend schedule of the heating and 

cooling system operating hours are presented in Figure 4 

and Figure 5, along with the selected set-point 

temperatures. 

For building performance simulations, the weather data 

file used is a TMY2 format, created by using Meteonorm 

software. The data for Athens Observatory (WMO station 

ID 167140) located at latitude 37.97o N & longitude 

23.72o E and 107 m above sea level was utilised. The 

selected time stamp for TMY2 weather file is solar time. 
 

 

Figure 4: Weekday schedule: heating and cooling system 

operating hours (left) and set-point temperatures (right) 
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Figure 5: Weekend schedule: heating and cooling system 

operating hours (left) and set-point temperatures (right) 

 

Objective functions and retrofit strategies 

Two objective functions to be minimised were selected: 

the NPV-LCC of the retrofit and the annual electricity 

consumption for heating and cooling. The project life for 

the analysis was assumed to be 30 years. The functional 

unit is the square meter (m2) of the floor area. The 

calculations of the objective functions were carried out 

using TRNSYS 18 equation tool. The NPV-LCC is given 

in Equation (1). The discount rate assumed for this 

investigation is the bank loan interest rate (5.01%) for 

energy retrofit projects in Greece (National Bank of 

Greece, 2017). The rate of increase for electricity price is 

4.47%, estimated based on bi-annual data of electricity 

prices for household consumers (Eurostat, 2017). 

NPV-LCC = IC + EC∑
(1+𝑖)𝑗−1

(1+𝑑)𝑗
N
j=1   

(1) 

Reverse circuit split air-conditioning (heat pump) units 

which enable both heating and cooling were assumed. The 

heat pump units are driven by electric motors. The 

characteristics of mini-split heat pump (Mitsubishi model 

FE12NA) has been used (NREL, 2011). The correlations 

between system coefficient of performance for heating 
and cooling (COPH) (COPC) and the temperature 

difference were developed by using the manufacturer’s 

reported data and are provided in Equation (2) and (3). 

The annual electricity consumption for heating and 

cooling of the building (E) is calculated by Equation (4) 

(Aye, 2014). 
 

COPH = 0.0955(TOUT − TIN) + 5.1497 (2) 

 

COPC = -0.0925(TOUT - TIN) + 4.5623 (3) 

 

E = 
Q

H

COPH

+  
Q

C

COPC

 
 

(4) 

 

A number of energy saving measures were considered as 

retrofit strategies. They are the additional external wall 

insulation thickness, above basement floor and external 

floor insulation thickness, external roof insulation 

thickness and window replacement types. The Expanded 

Polystyrene (EPS) panels were selected as the additional 

insulation material, due to their low thermal conductivity 

and low environmental impact (Densley Tingley, 

Hathway, & Davison, 2015). Because of their mechanical 

(compressive strength) and physical (moisture resistance) 

properties, (see Table 1), they can be used for the 

insulation of all external and internal building surfaces. 

Three parameters considered for the window replacement 

alternatives are: the thermal transmittance (U-value) of 

frame, U-value of glazing, and the solar heat gain co-

efficient (SHGC) of glazing. All four variables are 

discrete and the values considered are listed in Table 2 

and Table 3. The insulation thicknesses of the building 

envelope have a lower bound constraint, which is the 

maximum allowable heat transfer coefficient required by 

the current Greek building code (Technical Chamber of 

Greece, 2010). The calculation of the minimum thickness 

takes also into account the thermal transmittance 

properties of the existing construction types of the 

baseline building envelope, as provided by (TABULA, 

2017). 
 

Table 1: Properties of the EPS insulation material 
 

Property Value 

Thermal conductivity (W m-1K-1) 0.036 
Specific heat capacity (kJ kg-1 K-1) 1.5 

Density (kg m-3) 15 

Panel size (mm) 1000x600 

Available panel thickness by 10 mm step 

(mm) 

30-160 

 
 

Table 2: Energy saving measures design variables and 

values for the insulations of the envelope 
 

External wall 

insulation 

thickness (mm) 

Roof insulation 

thickness (mm)  
Floor above 

basement and 

external floor 

insulation 

thickness (mm) 

1) 0 

2) 50 

3) 60 

4) 70 

5) 80 

6) 90 

1) 0 

2) 70 

3) 80 

4) 90 

5) 100 

6) 110 

1) 0 

2) 50 

3) 60 

4) 70 

5) 80 

6) 90 
 
 

Table 3: Window replacement design variables and 

values 
 

Type description Frame 

property 

Glazing 

properties 

1) no replacement - - 

2) uPVC frame, argon 

filled double glazing 

(4x15x5mm) 

U-value: 1.3 

(W m-2K-1) 

U-value: 1.1 

(W m-2K-1)  

SHGC: 0.44 

3) uPVC frame, lowE 

argon filled triple 

glazing 

(4LowEx15x5x15x5mm) 

U-value: 0.9 

(W m-2K-1) 

U-value: 0.6 

(W m-2K-1),  

SHGC: 0.44 
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Optimisation process 

The optimisations were conducted by using MOBO and 

DAKOTA generic optimisation packages. Results were 

compared with those obtained by using the brute force 

process in MOBO. 

Algorithm availability 

As mentioned before, due to the nature of BPO problem, 

meta-heuristic algorithms, and more specifically GAs, 

have been used in order to identify the set of optimal 

solutions. Both MOBO and DAKOTA have a number of 

available algorithms that can potentially be applied. As 

for the GAs, MOBO has NSGA-II and aNSGA-II, while 

DAKOTA has single-objective genetic algorithm 

(SOGA) and MOGA. 

Through MOBO’s user interface there are four parameters 

that can be defined for NSGA-II: the population size, the 

number of generations, the mutation and crossover 

probability. A larger variety of algorithm options is 

provided by DAKOTA, such as fitness and replacement 

type, population size and initialisation type, crossover and 

mutation types, as well as termination conditions 

(maximum number of iterations, maximum number of 

function evaluations). Those options can be set either 

through the GUI or by changing DΑΚΟΤΑ’s input file, 

using a text editor. 

For the purpose of this investigation, common settings 

have been used for both MOBO and DAKOTA 

optimisations, as shown in Table 4. The population size 

and the number of generations were selected after some 

alternatives were assessed as for their result differences. 

Mutation and cross-over probability values have been 

selected based on the available literature and the 

suggestions of Eiben and Smith (2015). 
 

Table 4: Optimisation settings 
 

Variables 4 
Representation 648 

Population size 12 

Generations 22 

Mutation probability 0.2 

Crossover probability 0.9 
 

Graphical user interface 

Each optimisation software tool has a GUI for setting up 

the problem specific optimisation parameters. MOBO 

enables the setting of all variables, functions, algorithm 

and their parameters via the GUI. Both continuous and 

discrete variables, as well as derived variables can be 

defined. Functions include the optimisation functions as 

well as the equality or inequality constraints. 

DAKOTA GUI can also be used to define the computing 

environment settings, such as the output files, the 

variables type and value set, the objective functions to be 

optimised and the optimisation algorithm to be used. 

Constraints are being set under the method specifics. 

Listing 1 shows the part of the DAKOTA input file where 

algorithm parameters are defined. 

 
 

Listing 1: DAKOTA input file – method 
 

 
 

DAKOTA also requires the interface type. This 

investigation uses ‘the fork’ interface to call an external 

program (TRNSYS 18) which calculates the values of the 

two objective functions for the input set of variables 

provided. Despite the fact that DAKOTA offers the option 

of creating a ready-made subroutine file which is called 

‘analysis driver’, using Python scripting language, it 

requires extensive modifications. The subroutine script 

can also be created from scratch, using any programming 

language, such as C, C++, Java, Basic and Python. 

Input/output files and simulation program call 

The source input file that TRNSYS 18 uses is in American 

Standard Code for Information Interchange (ASCII) text. 

The input file needs to be parametrised with the use of 

delimiters, both for MOBO and DAKOTA. The user has 

to define those delimiters manually at the template input 

file, replacing the existing value with a text string. In case 

of MOBO, the name of the variable is surrounded by ‘%’ 

character, as shown in Listing 2. MOBO automatically 

creates the new input file, replacing delimiters with the 

selected variable values. The number of input files is 

limited to two, which is sufficient for TRNSYS 18 Type 

56 simulations. The simulation uses a pair of ‘*.dck’ and 

‘*.b18’ files. MOBO cannot handle optimisations which 

require three or more input files. 
 

Listing 2: TRNSYS 18 *.d18 input file parametrisation 
 

 
 

The subroutine reads the values that the optimisation 

algorithm’s pre-process has assigned to the variables, 

from the created file named ‘params.in’ (see Listing 3).  
 

Listing 3: DAKOTA parameters file 
 

 
 

    method 

    moga 

        max_function_evaluations 264 

        population_size 12 

        initialization_type unique_random 

        print_each_pop 

 

CONSTRUCTION EXT_WALL_nonBEARING 

 LAYERS   = Mortar Brick EPS80 Mortar  

 THICKNESS= 0.02   0.09  0.09  %w%   0.02    

 ABS-FRONT= 0.48  : ABS-BACK= 0.48  

 EPS-FRONT= 0.9   : EPS-BACK= 0.9   

 HFRONT   = 27.72 : HBACK= 90 

 

             4 variables 

          3 window 

  1.100000000000000e-01 floor 

  1.100000000000000e-01 roof 

  9.000000000000000e-02 wall 

            2 functions 
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The equivalent DAKOTA delimiter used in the template 

input files is the variable name string, within curly 

brackets. In practice, any symbol can be used, as it is user-

defined through the script. Listing 4 presents the delimiter 

replacing process and the creation of the new input files. 

Script variable ‘vars’ is a Python list that contains the 

values of the optimisation variables given by DAKOTA’s 

‘params.in’ file. DAKOTA does not limit on the number 

of input files however, the operating system does. 

Calling TRNSYS 18 is similar for both optimisation 

software. In case of MOBO GUI, under the simulation 

tab, there is an input text box where the user can insert the 

command that runs the simulation program. In case of 

DAKOTA, the command has to be provided in the 

subroutine script, in a way that python can read it. For this 

investigation, the ‘os.system()’ library function was used. 
 

Listing 4: Subroutine – delimiter replacement 
 

 
 

The process of reading TRNSYS 18 output files, in order 

to get the calculated objective functions’ value, is similar 

to the one used for the input files. In the case of MOBO, 

the delimiter is the string before the value of the objective 

function to be optimised, separated by space. 

DAKOTA can deal with the output files in many ways. In 

this investigation, each output text file was copied to the 

Python dictionary. Once more, the string before the 

requested value was used as a delimiter. The value was 

copied to a temporary Python variable and then saved in 

a new file, traditionally named ‘results.out’. The contents 

of the ‘results.out’ file are shown in Listing 5. The output 

file is a text file that can be read by the optimisation 

algorithm’s post-process. MOBO can read up to two 

output files, whereas the maximum number of files for 

DAKOTA is only limited by the operating system. 
 

Listing 5: Contents of DAKOTA simulation results file 
 

 
 

Parallel simulation 

Modern computer processors can divide the computing in 

multiple threads, which can run in parallel. The selected 

algorithms support multithreading. In MOBO, the user 

needs to create sub-folders inside the temporary folder as 

many as the number of available logical processors of the 

computer. DAKOTA enables users to select single thread 

or multi threads. All files are located inside the project’s 

directory and subdirectories. The user has to modify the 

‘analysis driver’ subroutine in order to locate each 

asynchronous evaluation’s input and output files. 

Results and discussion 

Results obtained by MOBO and DAKOTA for the case 

study were compared with that of the brute force process. 

MOBO with NSGA-II, executed 264 iterations for 

objective functions evaluation, 11 of them formed the 

Pareto front. DAKOTA with MOGA, conducted 264 

iterations, 12 of them formed the Pareto front. Brute force 

process executed 648 iterations, as many as the number of 

the available combinations of variables. The Pareto front 

consists of 12 non-dominated optimal solutions. Brute 

force, NSGA-II and MOGA results are shown in Figure 

6, Figure 7 and Figure 8 respectively. 

Both NSGA-II and MOGA, using the same settings, came 

close to the set of optimal solutions, executing less than 

half of the total number of iterations required by brute 

force process. In terms of calculation time, MOBO 

required 70 minutes to execute the optimisation process, 

while DAKOTA 67 minutes, which are the equivalent 

35% and 33.5% of the time that brute force process 

required to be executed. 

Optimisation results indicate that the electricity 

consumption for heating and cooling can be reduced from 

34.36 kWh m-2 a-1 to 13.97 kWh m-2 a-1, depending on the 

available retrofit budget. A number of selected Pareto 

front solutions is presented in Table 5. 
 

 

Figure 6: Brute force process results 
 
 

 

Figure 7: MOBO results, using NSGA-II 
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# Create new input file 1 

with open('templatedir\\mf-building.dck', 
'r') as f1: 

    text=f1.read() 

text=text.replace('{w}', vars[0]) 

text=text.replace('{r}', vars[1]) 

text=text.replace('{f}', vars[2]) 

text=text.replace('{wd}', vars[3]) 

 

with open('workdir\\mf-building.dck', 'w') 
as f2: 

    f2.write(text) 

 

        +3.372044E+04 energy 

        +2.159625E+04 cost                                           

 

cost-optimal solutions 
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Figure 8: DAKOTA results, using MOGA 

 

Further analysis shows that additional wall insulation 

retrofit has the higher reduction in annual electricity 

consumption, because the external walls’ area is larger 

than that of roof and floor. The highest values of wall and 

roof insulation thicknesses have been selected as optimal 

solutions. A variety of floor over basement and external 

floor insulation thicknesses are part of the Pareto optimal 

solutions, including the non-insulation option. The same 

applies to window replacement options as all three 

window types are among the optimal solutions. However, 

window replacement Type 2 resulted in a higher ratio of 

annual electricity consumption to NPV-LCC, compared 

to Type 3. 
 

Table 5: Optimisation settings 
 

Solution S1 S2 S3 

Wall insulation thickness 

(mm) 
90 90 90 

Roof insulation thickness 

(mm) 
110 110 110 

Floor above basement and 

external floor insulation 

thickness (mm) 

0 70 90 

Window replacement type 1 2 3 

Annual electricity 

consumption for heating 

and cooling (kWh m-2 a-1) 

22.07 14.74 13.97 

Retrofit cost (€ m-2) 72.72 87.30 105.70 
 

Conclusions 

The aim of this study is to compare two public domain 

software optimisation tools: MOBO and DAKOTA, in 

terms of computing time and user friendliness, for a BPO 

application. The selected objective functions to be 

minimised are the annual electricity consumption for 

heating and cooling of the building and the NPV-LCC of 

the retrofit. The annual electricity consumption for space 

heating and cooling was simulated using TRNSYS 18. 

It was found that, the computing times are comparable, 

and both optimisation tools displayed similar Pareto front 

solutions. MOBO, specifically developed for building 

performance optimisation, is a user-friendly software that 

does not require programming skills. The most significant 

limitation of MOBO is the maximum number of input and 

output files to be handled for the simulations. 

In comparison, DAKOTA, despite the fact that has a GUI, 

requires programming knowledge and a steep learning 

curve for non-programmers. Advanced programming 

knowledge on scripting language is required. Having been 

developed for research purposes, it lacks user-

friendliness. Conversely, it provides flexibility in 

interfacing the simulation software and defining the 

optimisation settings. 

Nomenclature 

COPC coefficient of performance-cooling (-) 

COPH coefficient of performance-heating (-) 

d real discount rate (-) 

E annual electricity consumption for 

heating and cooling (kWh a-1) 

EC annual energy cost for heating and 

cooling (€) 

i annual rate of increase for electricity 

price (-) 

IC initial cost (€) 

j year counter  

N project life for NPV-LCC analysis (a) 

NPV-LCC net present value of life-cycle cost (€) 

QC annual cooling load (kWh a-1) 

QH annual heating load (kWh a-1) 

TIN supplied air temperature to the room (oC) 

TOUT outdoor ambient air temperature (oC) 
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