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ABSTRACT

Model-based building operation optimization can be used to
reduce building energy consumption, so as to improve the indoor
environment quality. Genetic Algorithm (GA) is one of the
commonly used optimization algorithms for building applications.
To provide readers up-to-date information, this paper attempts to
summarize recent researches on building optimization with GA.
Firstly, the principle of GA is introduced. Then, we summarize
the literatures according to different categories, including applied
system types and optimization objectives. We also provide some
insights into the parameter setting and operator selection for GA.
This review paper intends to give a better understanding and some
future directions for building research community on how to
apply GA for building energy optimization.
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1. INTRODUCTION

Buildings accounted for about 40% of total primary energy
consumption in the United States, about 41.4% in China [1], and
about one-third in the world [2]. In order to reduce energy
consumption and mitigate the environmental problems associated
with energy generation, it is essential to find effective strategies to
reduce building energy consumption. Although some research
reveals that there is a potential to reduce building energy
consumption by about 30%-40% [3], it is difficult to achieve that
potential in practice because buildings are non-linear systems and
their energy consumption depending on various factors, such as
weather, orientation, occupant behavior, etc.

In recent year, a large number of optimization methods have been
applied to improve the building energy efficiency [4]. The
commonly used optimization algorithms include GA, particle
swarm optimizing (PSO), simulated annealing (SA), generalized
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pattern search methods (GPS), coordinate search, and Hooke-
Jeeves (HJ) algorithms. Those methods can be generally divided
into the following categories: evolution algorithms, derivative-
free search methods and hybrid algorithms [5, 6].

On one hand, the selections of the optimization methods are
highly depend on the characteristics of the problem domain. On
the other hand, the properties of an optimization algorithm are
also crucial for the selection. As for GA, it simulates “the survival
of the fittest” of Darwin evolution and generates useful solutions
for optimization through a series of natural selection operations,
such as selection, crossover and mutation [7]. In addition, there
are some notable advantages distinguishing it from other
optimization methods [8, 9]:

1) It adopts stochastic operators instead of deterministic rules
to search for a solution that will allow GA to avoid local

optimum.

2) It considers many points in the searching space
simultaneously, not a single point, to deal with large
parameter spaces.

3) It is publicly available and its codes can be easily

implemented.

4) It does not require a continuous objective function. Thus, it
can handle both discrete and continuous parameters. This is
especially important for building applications since both
types of parameters are common in building energy

performance models.

5) It can find multiple Pareto solutions for a multi-objective

optimization problem in one run.

Because of the above mentioned attractive features, the GA is
well-suited for the discontinuous and non-linear problem in
building optimization. Therefore, GA, as the most recognized
technology in building performance analysis, has been employed
to handle many optimization problems. GA accounts for about
29%-40% among all the building optimization methods
mentioned in literature [2, 6, 10]. However, the application of GA
for building energy optimization has not been thoroughly studied
and reported. This paper aims to fill this gap by providing a
detailed literature review of GA applications in buildings.

2. OVERVIEW OF GA

GA is a heuristic search inspired by natural selection. A simple
GA work flowchart is illustrated in Figure 1. Firstly, it starts from
problem analysis to determine the solution domain and fitness
function definition to evaluate the solution domain. Secondly, a
binary or real coding is applied to represent each candidate


http://mail.xmu.edu.cn/coremail/XJS/pab/view.jsp?sid=BAmmSfaatDioRiegxsaaTXdMFqaXTNGb&totalCount=3&view_no=1&puid=384&gid=
http://dl.acm.org/ccs/ccs.cfm?id=10010405&lid=0.10010405&CFID=865721121&CFTOKEN=23177954
http://dl.acm.org/ccs/ccs.cfm?id=10010432&lid=0.10010405.10010432&CFID=865721121&CFTOKEN=23177954
http://dl.acm.org/ccs/ccs.cfm?id=10010432&lid=0.10010405.10010432&CFID=865721121&CFTOKEN=23177954
http://dl.acm.org/ccs/ccs.cfm?id=10010439&lid=0.10010405.10010432.10010439&CFID=865721121&CFTOKEN=23177954

solution. Thirdly, an initial population is randomly generated.
Then, genetic operators including selection, crossover and
mutation are introduced for breeding new solutions. Finally,

through repetitive application of genetic operators and fitness
evaluation, a global optimal solution will be ultimately obtained
until GA meets the termination criteria.
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Figure 1. Flowchart of GA procedure. Main process is in dashed box, others are the optional strategies for each operation.

Figure 1 also lists 5 key steps in GA application and their
corresponding optional strategies:

1) Initialization mainly involves parameter setting up,
including population size, the maximum evolutional
generation, probability of crossover and probability of
mutation. However, how to set suitable values for these
parameters are difficult in building a practical GA and there

is no uniform standard [11].

2)  Selection is a strategy for selecting individuals from the
existing population to breed a new generation. There are
numerous selection methods, such as roulette wheel
selection, tournament selection, ranking selection, genitor

selection, truncation selection and so on [11-13].

3) Crossover is a recombination operation that two selected
“parents” are exchanged to produce two new “children”

solutions.

4)  Mutation is used for maintain genetic diversity by altering

one or more gene values in a parent individual.

5)  Termination is a major part for the determination of an
appropriate point in time to terminate the search. There are

three popular termination strategies: termination after a

fixed number of generations, termination until solution
meets the pre-set minimum requirement, or termination after
reaching a plateau with no better results can be produced
[14].

Those key steps as mentioned above will significantly affect the
performance of GA. For example, a higher crossover rate may
lead to premature convergence of GA, yet a higher mutation rate
may result in the loss of good solutions. Therefore, it is worth to
summarize the settings of GA in different applications.

3. GAIN BUILDING OPTIMIZATION

3.1 Applications in Building Energy
Efficiency Optimization

In this review, we have identified 56 literatures from 1997-2014
related to building optimization by using GA. We find that the
single objective optimization and multi-objective optimizations
are almost account for half-half in the literature (Figure 2). About
40% of studies focused on building heating, ventilation and air-
conditioning (HVAC) systems [15-19], about 45.7% were for
building envelope [20-26], and 14.3% were for solar generation
[27-29].
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Figure 2. Research focus objects of GA application
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Figure 3(a) shows that building optimization with GA in office
and residential buildings constitute almost 78% of the applications.
The remaining part is for school, business and hospital. Figure 3(b)
illustrates that 68.4% of single-objective optimization employs the
basic GA without any improvement, which is defined as GA with
single-point crossover, bit mutation and maximum generation
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termination criteria. For multi-objective optimization, the basic
GA method was extended including NSGA-11 [30-34], MOGA
[35-38], MIGA [39], RCGA [40] and ParetoGA [41].
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Figure 3. Summary of GA applications.(a)Trends of Building type.(b)Trends different GA improvement.

In addition, 26.5% and 17.6% of papers on GA optimization for
buildings from this literature review is from USA and Canada,
respectively. After that, China, French and UK each account for
8.8%. Papers from Japan and Serbia are about 5.9%. As for the
simulation tools used in building energy optimization, TRNSYS,
EnergyPlus and DOE?2 are the top three simulation tools, whose
proportion is about 25%, 21.4%, and 17.9%, respectively.

3.2 Settings of GA

As described previously, there are lots of GA related building
optimization applications. At the same time, the parameter setting

and operator selection will influence the convergence speed and
population diversity of GA. Thus, these settings will determine if
an optimal solution can be found. However, how to set up the
parameters and select the operators depends on the problem nature.
Therefore, to illustrate the application details of GA, we
summarize all available information found from reviewed
publications, as shown in Table 1. In which, Pc denotes the
crossover rate and Pm represents the mutation rate. From 1997 to
2013, there are 17 references used GA to optimize the building.

Table 1. Parameters initialization of GA at different applications. “--”denotes that this information is not reported in the literature.

Param  Populati  Genera

Mutati

Author  Year - . Pc Pm Coding Crossover Selection Termination
eters on size tion on
Huang 1997 2 40 50 085 002  binary  two-point - - maximum
generation
Wang 2000 3 10 90 0.5 0.02 real uniform tournament jump maximuim
generation
Caldas 2002 8 5 100 1 0 binary  single-point - - minimum
criteria
. . . . roulette . maximum
Wright 2002 9 200 1000 -- - binary  single-point wheel bit generation
Wetter 2003 13 15 50 1 0.02  binary single-point Proportiona . maximum
1 generation
Wang 2005 10 40 300 09 001 binary - tournament - maximum
generation
Wang 2005 10 40 200 09 002  binary - tournament - maximum
generation
Wang 2006 17 40 300 0.9 0.07 binary -- tournament -- maximum
generation
Lee 2007 4 40 10 08 01  binary  two-point elitist bit minimum
ranking criteria
immi same value
Znouda 2007 12 200 1000 -- -- binary -- elitism ratior? during several
iterations
Panao 2008 5 100 20 0.5 0.5 binary  single-point random bit maximum
generation
Palonen 2009 5 40 100 0.8 0.03 binary  single-point  tournament bit maximum
generation
Ooka 2009 5 10 30 1 001  binary  two-point elitist bit minimum
ranking criteria
Pernodet 2009 8 200 3000 0.85 0.05 real - - -- --
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Magnier 2010 20 100 700 09 005 binary Smulated mating polyno maximun
binary mial generation
non- maximum
Evins 2012 21 100 200 0.7 0.5 binary  single-point  domination bit .
generation
rank
Gossard 2013 4 100 500 09 025 binary Simulated random bit maxmmum
binary generation
From Table 1, we can obtain the following conclusions: 4)  For Mutation, the bit mutation is dominant which accounts

1)  For Coding method, binary coding accounts for 88.2%, yet
the real coding accounts for 11.8%.

2) In terms of Selection methods, the most popular ones are
tournament selection (35.7%) followed by ranking selection
(28.6%).

3)  For Crossover, the single-point crossover holds 50%, two-

point crossover occupies 25%, simulated binary crossover is
16.7%, and the remaining 8.3% is uniform crossover.

for 72.7% of the applications.

5) For Termination, the ratio of maximum generation
termination, minimum criteria termination and same value
during several iterations termination are 75%, 18.75% and

6.25%, respectively.

Figure 4 reveals the relationship between the number of

optimization parameters and the GA parameters.
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Figure 4. Summary of the GA parameters setting. The void parts of Table 1 are set for zero for plotting.

In terms of the population size setting up, 56.25% of reviewed
applications are below 50, 25% is 100 and 12.5% is 200, as shown
in Figure 4(a). Figure 4(b) shows that 75% of the maximum
generation is set up to be lower than 300. From Figure 4(c) we can
see that all of the crossover rate are set up between 0.5 and 1.0,
and almost 85.7% of it are larger than 0.8. For the mutation rate,
73.3% of applications are smaller than 0.1 as shown in Figure 4(d).
In general, the mutation rate is suggested to be smaller than 0.1
since a larger mutation rate will likely lose the optimal solution.

Based on the above analysis, we can give some suggestions on
GA usage in Table 2.

Table 2. Suggestions on GA usage for building optimization

Parameter setting up Condition

Population size<50

Mutation rate<0.1

Crossover rate>0.5
Maximum generation<1000

Optimization parameter number <16
Optimization parameter number <21
Optimization parameter number <21
Optimization parameter number <21
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The program size and the searching speed of the GA strategy are
the key factors affecting the practical application of the strategy.
For example, a non-suitable operator selection can lead to poor
performance of the GA in terms of both computation speed and
reliability. Therefore, it is worth to study how to set up initial
parameters and select operator for GA to improve its efficiency.



Especially, enhance GA’s searching capability for real-time
applications.

4. CONCLUSIONS

This paper focus on GA related building optimization application.
Our literature survey shows that 90% of GA applications in
building optimization are pure application without improving the
basic GA algorithm. In addition, there are no general guidelines or
theoretical support concerning the way of selecting a good
selection method or crossover, mutation operator in GA for each
problem. Therefore, research on GA parameter setting and
operator selection method is significant for building energy
optimization. Our future work will focus on the improvement of
GA and discussion of its performance on building optimization
for intelligent building operations.

5. ACKNOWLEDGMENTS

This work is supported by the National Natural Science
Foundation of China (Grant Nos. 61403318 and 61401382), the
Fundamental Research Funds for the Central Universities of
China (Grant No. 20720160085). The first and second authors
would like to thank the University of Miami for hosting them as
Visiting Scholars at the time this study was conducted.

6. REFERENCES

[1] Perez-Lombard L., J. Ortiz, et al. 2008. A review on
buildings energy consumption information. Energy and
Buildings, 40(2008), 394-398.

Shaikh P.H.,Nor N.B.M., Nallagownden P. et al.2014. “A
review on optimized control systems for building energy and
comfort management of smart sustainable buildings,”
Renewable and Sustainable Energy Reviews, 34(2014), 409-
429,

Cofaigh E.O., Fitzgerald E., Alcock R., et al.1999. “A green
Vitruvius—principles and practice of sustainable architecture
design,” London: James & James (Science Publishers) Ltd.

Fesanghary M., Asadi S., and Geem Z.W.2012. “Design of
low-emission and energy-efficient residential buildings using
a multi-objective optimization algorithm,” Building and
Environment,49(2012),245-250.

Machairas V., Tsangrassoulis A., and Axarli
K.2014.“Algorithms for optimization of building design: A
review,” Renewable and Sustainable Energy Reviews,
31(2014), 101-112.

Nguyen A.T., Reiter S., and Rigo P. 2014. “A review on
simulation-based optimization methods applied to building
performance analysis,”Applied Energy, 113 (2014), 1043-
1058.

Cheng C.P.,Liu C.W., and Liu C.C.2000. “Unit Commitment
by Lagrangian Relaxation and Genetic Algorithms,” IEEE
Transactions on Power Systems, 15(2), 707-714.

Caldas L.G. and Norford L.K.2003. “Genetic Algorithms for
Optimization of Building Envelopes and the Design and
Control of HVAC Systems,” Journal of Solar Energy
Engineering, 125(2003), 343-351.

Wang W.M., Rivard H.,and Zmeurean R.2005. “An object-
oriented framework for simulation-based green building
design optimization with genetic algorithms,” Advanced
Engineering Informatics, 19 (2005), 5-23.

(2]

(3]

(4]

(5]

(6]

[7]

(8]

(9]

209

[10] Evins R.2013. “A review of computational optimisation
methods applied to sustainable building design,” Renewable
and Sustainable Energy Reviews, 22 (2013), 230-245.

[11] Razali N.M. and Geraghty J.2011. “Genetic algorithm
performance with different selection strategies in solving
TSP, ” Proceedings of the World Congress on Engineering,
London, UK.

[12] Jebari K. and Madiafi M.2013. “Selection Methods for
Genetic Algorithms, International Journal of Emerging
Sciences, 3(4), 333-344.

[13] Bruce M.Spatz.1991. “Foundations of genetic
algorithms: A comparative analysis of selection
schemes used in genetic algorithms,”Morgan
Kaufmann Publishers, Inc.

[14] Kumar M., Husian M., Upreti N., and Gupta D.2010.
“Genetic algorithm: review and application, ”International
Journal of Information Technology and Knowledge
Management, 2(2), 451-454.

[15] Li H.W.,, Nalim R. and Haldi P.A.2006. “Thermal-economic
optimization of a distributed multi-generation energy
system—A case study of Beijing,” Applied Thermal
Engineering, 26 (2006), 709-719.

[16] Bichiou Y. and Krarti M.2011. “Optimization of envelope
and HVAC systems selection for residential buildings,”
Energy and Buildings, 43 (2011), 3373-3382.

[17] Djuric N., Novakovic V., Holst J., and Mitrovic Z.2007.
“Optimization of energy consumption in buildings with
hydronic heating systems considering thermal comfort by use
of computer-based tools,” Energy and Buildings, 39 (2007),
471-477.

[18] Congradac V. and Kulic F. 2009. “HVAC system
optimization with CO2 concentration control using genetic
algorithms,” Energy and Buildings, 41(2009), 571-577.

[19] Congradac V.and Kulic F.2012. “Recognition of the
importance of using artificial neural networks and genetic
algorithms to optimize chiller operation,”Energy and
Buildings, 47(2012), 651-658.

[20] Coley D.A.,Schukat S.2002. “Low-energy design: combining
computer-based optimization and human judgment,” Build
Environment, 37, 1241-1247.

[21] Sambou V., Lartigue B., Monchoux F., and Adj M. 2009.
“Thermal optimization of multilayered walls using genetic
algorithms,” Energy and Buildings, 41 (2009), 1031-1036.

[22] Yi Y .K. and Malkawi A.M. 2009. “Optimizing building form
for energy performance based on hierarchical geometry
relation,” Automation in Construction, 18(2009), 825-833.

[23] Tuhus-Dubrow D.and Krarti M.2010. “Genetic-algorithm
based approach to optimize building envelope design for
residential buildings,”Building and Environment, 45(2010),
1574-1581.

[24] Hamdy M., Hasan A., and Siren K.2013. “A multi-stage
optimization method for cost-optimal and nearly-zero-energy
building solutions in line with the EPBD-recast 2010,”
Energy and Buildings, 56 (2013), 189-203.

[25] Rakha T.,Nassar K.2011. “Genetic algorithms for ceiling
form optimization in response to daylight levels,” Renewable
Energy, 36(2011),2348-2356.


http://books.google.com/books?hl=zh-CN&lr=&id=3TqeBQAAQBAJ&oi=fnd&pg=PA69&dq=genetic+algorithm+roulette+wheel+selection+tournament+selection&ots=Y43a4qc0jG&sig=3l4f83HZYJFF6fIWoGVk_JLvVMk
http://books.google.com/books?hl=zh-CN&lr=&id=3TqeBQAAQBAJ&oi=fnd&pg=PA69&dq=genetic+algorithm+roulette+wheel+selection+tournament+selection&ots=Y43a4qc0jG&sig=3l4f83HZYJFF6fIWoGVk_JLvVMk

[26] Molina D., Lu C., Sherman V., and Harley R.G.2013.
“Model  Predictive and  Genetic  Algorithm-Based
Optimization of Residential Temperature Control in the
Presence of Time-Varying Electricity Prices,” IEEE
Transactions on Industry Applications, 49(3), 1137-1145.

[27] Charron  R.,Athienitis A.2006. “The wuse of genetic
algorithms for a net-zeroenergy solar home design
optimization tool,”In:PLEA2006—The 23™ conference on
passive and low energy architecture, Geneva, Switzerland.

[28] Oliveira Pané& M.J.N.,Goncalves H.J.P.,and Ferrao
P.M.C.2008. “Optimization of the urban building efficiency
potential for mid-latitude climates using a genetic algorithm
approach,” Renewable Energy, 33(2008), 887-896.

[29] Quintana H.J. and Kummert M.2014. “Optimized control
strategies for solar district heating systems,” Journal of
Building Performance Simulation,1-18.

[30] Palonen M., Hasan A., and Siren K.2009. “A genetic
algorithm for optimization of building envelope and HVAC
system parameters,”, in Eleventh international IBPSA
conference on Building Simulation, Glasgow, Scotland,159-
166.

[31] Magnier L. and Haghighat F.2010. “Multiobjective
optimization of building design using TRNSYS
simulations,genetic algorithm,and artificial neural
network,”Building and Environment, 45(2010), 739-746.

[32] Chantrelle F.P.,Lahmidi H.,Keilholz W.,EIMankibi M.,
Michel P.2011. “Development of a multicriteria tool for
optimizing the renovation of buildings,”Applied Energy,
88(2011), 1386-1394.

[33] Evins R.,Pointer P.,Vaidyanathan R.,Burgess S.2012. “A
case study exploring regulated energy use in domestic
buildings using design-of-experiments and multi-objective

optimisation,” Building and Environment, 54(2012), 126-136.

210

[34] Gossard D.,Lartigue B., and Thellier F.2013. “Multi-
objective optimization of a building envelope for thermal
performance using genetic algorithms and artificial neural
network,” Energy and Buildings ,67 (2013), 253-260.

[35] Wright J.A., Loosemore H.A.,and Farmani R.2002.
“Optimization of building thermal design and control by
multi-criterion genetic algorithm,”Energy and Buildings, 34
(2002), 959-972.

[36] Shi X.2011. “Design optimization of insulation usage and
space conditioning load using energy simulation and genetic
algorithm,”Energy, 36(2011), 1659-1667.

[37] Wang W.M., Zmeurean R.,and Rivard H. 2005. “Applying
multi-objective genetic algorithmsin green building design
optimization,” Building and Environment, 40 (2005), 1512-
1525.

[38] Wang W.M., Rivard H.,and Zmeurean R.2006. “Floor shape
optimization for green building design,”Advanced
Engineering Informatics, 20 (2006), 363-378.

[39] Ooka R., Komamura K.2009. “Optimal design method for
building energy systems using genetic algorithms,” Building
and Environment, 44 (2009) ,1538-1544.

[40] Pernodet F., Lahmidi H., and Michel P.2009. “Use of genetic
algorithms for multicriteria optimization of building
refurbishment,” In 11" international IBPSA conference on
Building simulation, Glasgow, Scotland,188-195.

[41] Caldas L.2008. “Generation of energy-efficient architecture
solutions applying GENE_ARCH: An evolution-based
generative design system,” Advanced Engineering
Informatics, 22 (2008), 59-70.


http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=p_Authors:.QT.Molina,%20D..QT.&newsearch=true
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=p_Authors:.QT.Lu,%20C..QT.&newsearch=true
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=p_Authors:.QT.Sherman,%20V..QT.&newsearch=true
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=p_Authors:.QT.Harley,%20R.G..QT.&newsearch=true



