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ABSTRACT 
In this paper, application of heuristic and meta-heuristic 
to energy optimization of a post office building is 
presented. The target building was first optimized by a 
heuristic approach which was based on the expertise, 
experience and intuition of experts with the use of a 
whole building simulation tool, EnergyPlus. Then, the 
heuristic approach was compared to one of the meta-
heuristic approaches, Genetic Algorithm (GA), in terms 
of energy savings and the pros and cons of each 
approach. The meta-heuristic approach was completed 
in the MATLAB platform where EnergyPlus and GA 
are coupled. An M-script file was developed to 
automate execution of simulation runs (reading output 
files and writing input files) with GA. It should be noted 
that in this study, most design and simulation 
parameters were fixed and given by the client. 
Therefore, the simulationists were not allowed to make 
any significant change to the original design of the 
building.  
It is not surprising that GA is much better in finding a 
global optimum than the heuristic approach but it takes 
significant simulation run times and programming effort. 
The heuristic approach has advantages such as 
reflection of design context in decision-making and fast 
communication between stakeholders. 

INTRODUCTION 
While the depletion of energy resources and the 
environmental crisis caused from global warming is 
deepening, interest in building energy reduction has 
increased.  Therefore, enhancing efficiency and 
reducing the energy of buildings has emerged as an 
important goal in the design process. To achieve this 
goal, the use of a building energy simulation tool is on 
the increase. Designers have to rely on simulation tools 
to analyze the interaction between design variables, 
climates, occupants, and mechanical and electrical 
systems because the interaction among these elements is 
very complex (Caldas and Norford, 2002). With the use 
of simulation tools, simulation experts are engaged in a 
design practice for feedback loops between design 
decisions and assessment of their environmental impact. 
The heuristic approach that finds the optimal alternative 
based on expertise, experience, and intuition of the 
decision-maker is the most common method among 
feedback-based decision-making. The heuristic 

approach is used to speed up the process of finding a 
good-enough solution with an educated guess, an 
intuitive judgment, or expertise. In more precise terms, 
heuristics are strategies using readily accessible, though 
loosely applicable, information to control problem 
solving in human beings and machines (Pearl, 1983). 
The best solution cannot be found through heuristics, 
but heuristics can find a realizable solution with limited 
time and information. For design optimization using 
heuristics, however, an acceptable solution can be found, 
but there is no practical way of determining how close 
to a global optimum the final design is (Coley and 
Schukat, 2002). In addition, a heuristic approach leads 
to only a few design alternatives being evaluated 
because that approach is the scenario-by-scenario 
method (Caldas et al, 2003). 
In contrast to heuristics, meta-heuristics designate a 
computational method that optimizes a problem by 
iteratively trying to improve a candidate solution with 
regard to a given measure of quality. It can search very 
large option spaces of candidate solutions. 
In this paper, energy optimization of a post office 
building using a heuristic approach and genetic 
algorithm, one of the meta-heuristic methods, is 
presented. The target building is a part of the project 
hosted by a South Korean government agency in 2010. 
In this project, EnergyPlus was designated as a whole 
building energy simulation tool. In this research, the 
heuristic approach was compared to a genetic algorithm 
in terms of energy savings and the pros and cons of each 
approach are addressed. 

TARGET BUILDING AND CONSTRAINTS 
The target building was a three-story post office 
building with one underground floor, and its total floor 
area was about 978m2. The shape of the building was 
nearly rectangular and it faced northeast (rotated 34 
degrees clockwise from north). This northeast wall was 
the only wall that contained windows. Expanded 
polystyrene board (EPS, 250mm) was used as insulation 
of external walls of the aboveground floors, and 
extruded polystyrene board (XPS, 250mm) was 
insulation for the underground external walls. The target 
building’s roof had 300mm EPS board. Each room in 
the building had a Fan Coil Unit (FCU) or packaged air 
conditioner, and those terminal units used the Ground 
Source Heat Pump (GSHP) as a heat source. Each 
room’s ventilation was served by an Energy Recovery 
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Ventilator (ERV). The target building’s plan, elevation 
and EnergyPlus model is shown in Figure 1. 
 

 
(a) Plan 

 
(b) EnergyPlus model 

Figure 1 The target building’s plan and EnergyPlus 
model 

 

The hosted project was to analyze energy consumption 
of the target building in the final design stage using 
EnergyPlus and suggest alternatives to reduce energy 
consumption of the original design.  
 

Table 1 
Examples of input variables given by the host 

Room 
category 

Operation 
Time 

Min. 
OA 

(ACH) 

Internal 
Equipment 

(W/ m2) 

Heating 
Setpoint 

Cooling 
Setpoint 

A 09-18 0.7 12 20 26 
B 00-24 0.4 30 22 26 
C 09-18 1.0 3.1 20 26 
D 09-18 1.25 10 20 26 
E 09-18 0.7 3.1 20 26 
F 09-18 0.4 5 20 26 
G 00-24 0.4 25 20 26 
H 09-18 1.25 10 22 26 

* A(332.0m2): Lobby, Office room, Consulting Room / 
B(16.3 m2): Communication room / C(22.9 m2): Entrance 
space / D(37.3 m2): Officer lounge / E(41.2 m2): Lavatory / 
F(115.3 m2): Vault, Warehouse, Monument room / G(18.9 
m2): Supervisory data center / H(74.5m2): Automated 
counter, Preparation room, Loading bay 
 

Most input variables for the EnergyPlus simulation were 
given by the client such as the density and schedule of 

lights, occupants, equipment, building operation 
(setpoint temperature and relative humidity level in 
heating, cooling and intermediate seasons), ventilation 
rate, the angle and schedule of blind slats, etc (Table 1). 
The blind slats angle was maintained at 45 degrees from 
June to September, and the blinds were drawn up in 
other periods. Thus, the design variables that 
simulationists can propose to the client were limited to 
the thickness of insulation (wall, roof, underground wall 
and floor), location of blinds (exterior, interior), addition 
of LED lights, and glazing type(U-value only was 
specified, glazing type was not given by the host). These 
variables of original design are shown in Table 2. 
 

Table 2 
Design variables of original design. 
Variables Value 

Thickness and  
U-value of 
insulation 

B1 250mm(0.117W/m2K) 
1F-2F 250mm(0.118W/m2K) 
Roof 300mm(0.1W/m2K) 

Blind Not installed 
LED 

Lighting Not installed 

Glazing Glazing as a U-value of 
0.91W/m2K 

 

As a result of the EnergyPlus simulation of the original 
design, annual heating and cooling energy usage was 
11,723kWh (Heating: 1,378kWh, Cooling: 10,345kWh).  

OPTIMIZATION 
Heuristic approach 
During the project, a heuristic approach was applied 
first. This approach finds the optimal solution with 
decision-maker’s expertise, experience, and intuition. 
Project stakeholders (architectural designer, MEP 
engineer, energy consultants, EnergyPlus 
simulationists) suggested new design variables 
(thickness of insulation, location of blind, glazing type) 
based on their experience and expertise, and decided on 
the design alternative after consultation. After that, the 
economic analysis was conducted on the proposed 
design alternative, and it was adopted if there was no 
significant economic disadvantage. Also the design 
alternative with the LED lights was sent to the lighting 
engineer to check the lighting environment of the 
workplace and installation charges of the lights. 
The process of the above, that is to generate the design 
alternative, evaluate the energy retrofit, and generate the 
next alternative, was repeated numerous times. This 
process was the general collaborative process with the 
heuristic approach in the AEC industry (finding an 
optimal solution through trying, evaluating, and re-
trying). The target building of this project was small, so 
the evaluation result (modeling, simulation, analysis) of 
the design alternative was quickly obtained. However, if 
the target building was very large or complex, 
simulation runtime may exceed 10 hours, not to 
mention required time and effort for modeling and 
analysis. It will be not easy to evaluate various design 
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alternatives for a large complex building.  
Design variables decided from the heuristic approach 
are shown in Table 3. The annual heating and cooling 
energy usage was 8,944kWh (Heating: 1,240kWh, 
Cooling: 7,740kWh). There was a 24% reduction based 
on the sum of heating and cooling energy as compared 
to the original design (total of 11,723kWh =1,378kWh 
for Heating +10,345kWh for Cooling). 
 

Table 3 
Design variables after heuristic approach. 

Variables Value 
Thickness 

of 
insulation 

B1 250mm 
1F-2F 250mm 
Roof 300mm 

Blind All external blind 
LED 

Lighting 
Installed in one rooms of each aboveground 

floor 

Glazing Every glazing: triple low-e glazing 
(U-value: 0.774W/m2K) 

 

Thickness of insulation is the same as the value of the 
original design, because the value was considered to be 
sufficient. As the location of the blinds, decision-makers 
expected that it would be more effective to block solar 
radiation flowing into the room when the blind was located 
outside. The increase of installation charges of LED lights 
was too high, so its installation was limited to two rooms that 
were expected to be used most frequently. In case of glazing 
type, the triple low-e glazing was chosen with the U-value of 
0.774W/m2K to achieve high energy performance. 

Meta heuristic: Genetic Algorithm 
A genetic algorithm is a robust optimization method 
especially when an optimal problem is not perfectly smooth 
and unimodal, or is not well understood, or the fitness 
function is noisy (Mitchell, 1997; Ooka and Komamura, 
2009). Genetic algorithm is selected in this study because the 
aforementioned optimal problem cannot be easily solved 
with a classical optimization technique such as gradient-
based methods.  
In a genetic algorithm, a population of strings, which encode 
candidate solutions to an optimization problem, evolves 
toward better solutions. There are a certain number of 
individuals in each population, and each individual is 
comprised of binary strings that reflect the design variables 
in the real world. The typical number of individuals in each 
population range from 30 to 200 (Grefenstette, 1986), and it 
was decided to have 30 in this study. The progress of genetic 
algorithm is as in the following: first, the initial population is 
generated. After the generation, values of variables are 
selected randomly between minimum and maximum 
constraint, and assigned to each individual as a form of 
binary numbers. After that, optimization is performed 
through the next five iterative processes. 

 Fitness evaluation: Evaluate each individual using a 
given objective function. The value of the function is 
the fitness of each individual.  

 Selection: Two randomly-selected individuals 
participate in the selection operation to reproduce 

offspring. The higher fitness, the more chance to be 
selected.  

 Recombination: Mixing of values occurs between 
selected individuals. It occurs stochastically, and as 
such may not take place. 

 Mutation: A probabilistic bit-wise mutation, in which a 
given gene value is flipped from 0 to 1, or vice versa, 
was adopted in this study. A larger space can be 
explored with this operation. 

 Elitism: In this research, we replace all solutions except 
the top two solutions having the highest fitness. This 
guarantees that the search does not diverge to a 
solution having a higher objective function than that 
already found by the search. 

As the genetic algorithm progressed, genetic algorithm 
operators were executed iteratively and improved each 
individual’s dominant character. The genetic algorithm was 
terminated when the termination criteria was satisfied. In this 
study, iteration stopped after the fixed number of generations 
(80) or there was no improvement on best individual during 
the last five generations. Each genetic algorithm operator 
was executed stochastically based on predetermined genetic 
algorithm parameters. A common consideration in choosing 
the algorithm parameters was the balance between the 
convergence reliability and the convergence speed (Back, 
1996). Also, a large volume of literature on the form and 
operation of genetic algorithms exists (Back, 1996; Back et 
al., 2000; Deb, 2000). In this research, we used the same 
operators and parameters as a preceding study (Table 4, 
Wright and Alajmi, 2005). 
  

Table 4 
Operators and parameters for genetic algorithm 
Genetic 

Operator Applied Method Genetic 
Parameter 

Selection Tournament selection  

Recombination Uniform crossover 
An average of 50% 

Of the bits are 
swapped 

Mutation Bit-wise mutation 2% probability of 
mutation 

 

The genetic algorithm was performed on the MATLAB 
platform. In this study, IDF files were automatically 
generated, written, and analyzed by our own MATLAB 
M-Script (Figure 2). Every iteration is automatically 
executed by MATLAB (Figure 2a). An EnergyPlus IDF 
file regarded as each individual was and new design 
variables in the IDF file were generated in the course of 
a genetic algorithm. The result file generated from 
EnergyPlus was automatically analyzed as well. 
For this procedure, an IDF file, which contained IDF 
objects that were not to be changed during the genetic 
algorithm process, was firstly generated. This IDF file 
becomes a baseline IDF file, and when the MATLAB 
M-Script started, this file was loaded into memory first. 
When the next IDF file (individual) was generated, the 
content of the baseline IDF file was written first, and the 
IDF objects that deal with the design variables were 
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added following the baseline IDF content. In other 
words, iteratively changing new objects are just added 
to the end of the baseline IDF file. It should be noted 
that EnergyPlus engine does not consider the order of 
the objects inside the IDF file but recognizes the whole 
IDF file . With this practical way of IDF generation, the 
complicated process that MATLAB loads every IDF 
file, finds the location of object variables, changes the 
value of the variables, and outputs the IDF file can be 
simplified. It can also save the overall optimization 
runtime that generates individuals 2400 times (30 
individuals 80 generations). Also, the baseline IDF file 
is not loaded to the hard disk in every iteration, but 
loaded in RAM space so it can save the runtime as well. 
The overall genetic algorithm flowchart and the 
screenshot o the M-Script file executing this process is 
shown in Figure 2. 
 

Initial 
Population

Fitness Evaluation

Selection

Recombination

Mutation

Terminate?

EnergyPlus

Generate
Input File

Simulation
Result

MATLAB Platform

Yes

Terminate

No

 
(a) Flowchart of GA 

 

 
(b) Screenshot of the M-Script file 

Figure 2 Flowchart of genetic algorithm (a) and 
screenshot of the M-Script file (b). 

 

Discretization of design variables were made as shown 
in Table 5. The minimum values of insulation thickness 
refer to South Korean building codes (Ministry of Land, 
Transport and Maritime Affairs, 2010) and the 
maximum values are set to be the values of insulation 
thickness of the original design plus 100mm. Then, the 
insulation thickness is discretized with 10mm increment 
and the genetic algorithm finds the optimal insulation 

thickness at each floor. For blinds, there are three 
alternatives such as no blind, internal blind, and external 
blind, and each of the twelve windows is assumed to 
have a respective option. LED lights are assumed to be 
installed in one of fifteen rooms. Regarding the type of 
glazing, there are three options such as low-e triple 
glazing, low-e double glazing, and clear double glazing. 
And, each window is assumed to have respective 
glazing. In total, the possible number of design 
alternatives becomes about 6.3 1021 (293 28 312  
215 312, Table 5). Genetic algorithms can find optimal 
solutions even if the size of the solution space (the 
number of design alternatives) is very large (Wright and 
Farmani, 2001).  
The EnergyPlus simulation of the target building takes 
about four minutes with an Intel Core i5-750 quad core 
processor based PC, and this simulation was repeated up 
to 2400 times (30 individuals 80 generations). 
Therefore, the maximum runtime of optimization is 160 
hours, but the authors developed the M-Script to run 
three EnergyPlus simulations simultaneously (utilizing 
the quad core). This use of multi-threading could reduce 
the overall runtime to 54 hours.  
 

Table 5 
Design variables and constraints for GA. 

Variables Range Description 

Possible 
number 

of 
design 
options 

Thickness 
of 

insulation 
(mm) 

Wall 70-350 
Increment of 10mm 

interval 

293 

Roof 135-
400 28 

Blind 0-2 
0: No blind 

1: Internal blind 
2: External blind 

312 

LED 
Lighting 0, 1 0: Not installed 

1: Installed 215 

Glazing 0-2 

0: Low-e triple glazing 
(0.774W/m2K) 

1: Low-e double 
glazing 

(1.45W/m2K) 
2: Clear double glazing 

(2.52 W/m2K) 

312 

 

Extended Genetic Algorithm 
In the project, building energy consultants and other 
stakeholders participated at the time when the 
detailed design was completed, and the host 
restricted the changeable design variables as shown 
in Table 2. If, however, optimization of the building 
energy was performed at an earlier stage of design, or 
more design variables were changeable, the result of 
the optimization could be different. In this study, we 
assumed that the window-wall ratio was changeable, 
which was not allowed in the original project, and 
performed extra optimization. In this extended 
optimization study, the following assumptions were 
made:  
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 There was no addition to the number of 
windows,  

 Each window’s location (the wall in which 
each window is located) was the same as the 
original design.  

 The window-wall ratio varied from 1% to 
99%, and each window could have different 
window-wall ratio.  

Thus, there were about 5.6 1045 combinations of 
design alternatives (293 28 312  215 312 9912, 
where 99 is 1% increment of window-wall ratio). 

RESULTS AND ANALYSIS 
Heuristics vs. Genetic Algorithm 
The target building’s heating and cooling energy that 
was optimized using heuristics and genetic 
algorithms as shown in Figure 3 and Table 6. The 
amount of reduction in lighting energy by use of 
LEDs (installed in 2 rooms only) was considered 
insignificant, thus not included in the cost function. 
 

Table 6 
Comparison of heating and cooling energy between 

design alternatives 
Design 

alternatives 
Energy Use(kWh) 

Heating Cooling Total 
Original 
Design 1,378 10,345 11,723 

Heuristics 1,240 
(10% reduced) 

7,704 
(26% reduced) 

8,944 
(24% reduced) 

Genetic 
Algorithm 

471 
(66% reduced) 

7,375 
(29% reduced) 

7,847 
(33% reduced) 

* Figures in parenthesis refer to reduced energy 
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(a) Original Design
(b) Heuristics
(c) GA

 
Figure 3Comparison of annual heating and cooling 

energy 
 

There is 24% and 33% of heating and cooling energy 
reduction compared to the original design’s 
consumption by heuristics and genetic algorithms, 
respectively. Especially, there is no significant 
difference in cooling energy reduction between 
genetic algorithm and heuristics, but the genetic 
algorithm led to more reduction in heating energy. 
The design variables obtained from heuristics and the 
genetic algorithm are tabulated in Table 7. It is 
noteworthy that the insulation thickness of each floor 
from the genetic algorithm is different to each other 
varied. Also, the thickness of each floor was not 

toward its maximum or minimum value. It is 
speculated that the genetic algorithm found a 
converging optimal point between heat-gain and 
heat-loss. It should also be noted that the type of 
glazing for 12 windows from a genetic algorithm are 
not same together.  
  

Table 7 Comparison of design variables 

Design Variable 
Value 

Heuristics Genetic Algorithm 

Thickness 
Of 

Insulation 

B1 250mm 130mm 
1F 250mm 310mm 
2F 250mm 230mm 

Roof 300mm 385mm 
Blind All external blind All external blind 

Type 
Of 

Glazing 

1 

All low-e triple 
glazing 

Low-e double glazing 
2 Low-e triple glazing 
3 Low-e triple glazing 
4 Low-e triple glazing 
5 Low-e triple glazing 
6 Low-e double glazing 
7 Low-e triple glazing 
8 Low-e triple glazing 
9 Low-e double glazing 
10 Low-e triple glazing 
11 Low-e triple glazing 
12 Low-e triple glazing 

Installation of 
LED lighting 

Installed in 
2 rooms 

Installed in 
All rooms 

 

To validate the optimization results of GA (Table 7), the 
authors conducted simulation runs with different 
insulation thickness as shown in Figure 4 and Table 8. 
Cooling energy shows a slight decline with a minimum 
insulation thickness, but heating energy increases much 
more, so overall heating and cooling energy increases. 
In the case of maximum insulation thickness, both 
heating and cooling energy increases. It is inferred that 
thick insulation interrupts the solar heat transfer to the 
inside in heating mode, as well as the release of 
generated internal heat to the outside in cooling mode. 
In other words, thick insulation is not always 
advantageous, and the optimal value of it must be 
decided with the consideration of a building’s dynamic 
characteristics. It was very difficult to find the optimal 
insulation thickness of each floor through heuristics 
with designer`s intuition and experience, but it can 
relatively easily be found using a genetic algorithm. 
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(a) Minimum Thickness
(b) Thickness from Heuristics
(c) Maximum Thickness
(d) Thickness from Original GA

 
Figure 4 Annual heating and cooling energy by 

changing the insulation thickness 
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Table 8 
Annual heating and cooling energy by changing the 

insulation thickness 
Applied 

insulation 
Thickness 

Energy Use(kWh) 

Heating Cooling Total 

GA`s 
thickness 471 7,375 7,847 

Heuristics` 
thickness 

1,004 
(113% increase) 

7,381 
(0.08% 

increase) 

8,385 
(12% 

increase) 
Maximum 
thickness 

601 
(28% increase) 

7,468 
(1% increase) 

8,069 
(8% increase) 

Minimum 
thickness 

2,306 
(390% increase) 

6,902 
(6% reduced) 

9,208 
(23% 

increase) 
* Figures in parenthesis refer to relative difference compared to GA 
 

As shown in Table 7, the genetic algorithm decided to 
make all blinds external blinds and this was the same 
result of the heuristics. In heuristics, this decision was 
based on the intuition that external blinds were effective 
in blocking solar radiation.  
It was hard to analyze the reason why all glazing was not 
identical to low-e triple glazing but there are three low-e 
double glazing. To verify this result, the authors 
performed additional simulation runs by changing all 
glazing to low-e triple glazing. The result of this 
simulation shows that cooling energy is reduced with 
reduced solar heat gain, but heating energy increased 
much more, so overall annual heating and cooling energy 
increased (Figure 5, Table 9). This kind of optimization 
result (different type of glazing in different locations) is 
hardly achievable from experts’ expertise or intuition, but 
can be attributed to the strength of the genetic algorithm.  
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(a) All Triple Glazing
(b) GA's glazing

 
Figure 5 Annual heating and cooling energy by 

changing the type of glazing 
 

Table 9 
Annual heating and cooling energy by changing the 

type of glazing 
Applied 

glazing type 
Energy Use(kWh) 

Heating Cooling Sum 
GA`s glazing 

type 471 7,375 7,847 

All triple 
glazing 

578 
(23% 

increase) 

7,357 
(0.24% 

increase) 

7,935 
(1% increase) 

* Figures in parenthesis refer to relative difference with GA 

Extended Genetic Algorithm 
As mentioned above, design variables that are allowed 
to change are limited as shown in Table 2, but in this 
study, we assumed that the window-wall ratio was 
changeable, and performed another genetic algorithm 
optimization. Figure 6 and Table 10 shows the result of 
the comparison between the original genetic algorithm 
(Case 1) and extended genetic algorithm (Case 2). If we 
optimized the window-wall ratio, annual heating and 
cooling energy could be reduced by up to 9%.  
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(a) Case 1
(b) Case 2

 
Figure 6 Result of the simulation by changing the 

window-wall ratio 
 

Table 10 
Result of the extended optimization 

Case 
Energy Use(kWh) 

Heating Cooling Total 

Case 1 471 7,375 7,847 

Case 2 419 
(11% reduced) 

6,723 
(8% reduced) 

7,142 
(9% reduced) 

* Figures in parenthesis refer to relative difference with 
Case 1 
 

It is noteworthy that as shown in Table 11, each 
window has different location of blinds, different 
type of glazing, and different window-wall ratio. 
There is significant decline in each window’s 
window-wall ratio, and it seems that the difference in 
energy usage between the two cases was mostly 
caused by the decline of the window-wall ratio. 
Case 2 has a more diversity in terms of location of 
blind and type of glazing. It was hard to clarify the 
reasons of these diversities. It can be inferred that 
GA considered complicated relationship as well as 
dynamic influences between the design variables 
during the search process... This shows the strength 
of meta-heuristic optimization compared to heuristic 
decision making based on expertise, experience or 
intuition of experts.  
We performed two additional simulations to investigate 
the optimization results of Case 2. The location of all 
blinds was changed to external blinds in one simulation, 
and the all types of glazing were changed to low-e triple 
glazing in the other simulation. The results are shown in 
Figure 7 and Table 12.  
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Table 11 Comparison of design variables for Cases 
1&2 

Design Variable Value of Variable 
Case 1 Case 2 

Thickness 
Of 

Insulation 

B1 Wall 130mm 100mm 
1F Wall 310mm 330mm 
2F Wall 230mm 320mm 

Roof 385mm 350mm 

Location 
of 

Blind 

1 

All external blind 

External blind 
2 No blind 
3 No blind 
4 External blind 
5 No blind 
6 External blind 
7 External blind 
8 Internal Blind 
9 External blind 
10 External blind 
11 Internal Blind 
12 External blind 

Type of  
Glazing 

1 Low-e double Low-e triple 
2 Low-e triple Clear double 
3 Low-e triple Clear double 
4 Low-e triple Low-e triple 
5 Low-e triple Low-e triple 
6 Low- double Clear double 
7 Low-e triple Low-e triple 
8 Low-e triple Low-e double 
9 Low- double Low-e triple 
10 Low-e triple Clear double 
11 Low-e triple Low-e double 
12 Low-e triple Low-e triple 

Window-
wall 

ratio and 
window 

area 

 WWR* Area WWR* Area 
1 11% 1.90m2 1% 0.17m2 
2 36% 1.90m2 1% 0.05m2 
3 38% 5.40m2 3% 0.41m2 
4 77% 7.52m2 17% 1.63m2 
5 34% 4.32m2 1% 0.10m2 
6 33% 2.26m2 10% 0.63m2 
7 15% 3.66m2 8% 1.90m2 
8 20% 1.91m2 2% 0.19m2 
9 24% 3.83m2 1% 0.14m2 
10 12% 1.68m2 1% 0.13m2 
11 17% 1.12m2 2% 0.12m2 
12 14% 1.2 m2 10% 0.84m2 

Installation of 
LED lighting 

Installed in 
All rooms 

Installed in 
All rooms 

*
 installed is weach windo that  wall theof Area

area  `  swindowEachWWR  
 

 
Table 12 Annual heating and cooling energy by 
changing blinds and glazing for extended GA 

Applied 
glazing type 

Energy Use(kWh) 
Heating Cooling Total 

Case 2 419 6,723 7,142 

All external 
blind 

478 
(14% 

increase 

6,658 
(1% reduced) 

7,135 
(0.1% reduced) 

All low-e 
triple glazing 

492 
(17% 

increase 

6,691 
(0.5% reduced) 

7,183 
(0.6% increase 
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Figure 7 Annual heating and cooling energy by 
changing blinds and glazing for extended GA 

 

Cooling energy was reduced in both simulations (all 
external blinds, all low-e triple glazing), but heating 
energy increased. In case of the all low-e triple 
glazing, decreased solar radiation flowing into the 
room decreased cooling energy in the cooling season 
and increased heating energy in the heating season. 
When modifying of blind location, annual heating 
and cooling energy was reduced by 7kWh in 
comparison with the optimal solution of Case 2 
derived from the genetic algorithm. 
It can be said that in this optimization, GA finds a sub-
optimal solution instead of global optima. In general, 
Genetic algorithms are global search procedures and are 
often to locate the global minimum for the problem. 
However, it is reported that GA has a difficulty in 
succeeding in very local searches and the search can get 
very close to the global minimum without actually 
finding it. In other words, a genetic algorithm usually 
converges on a near-optimal solution, but has 
difficulties obtaining the exact solution (Caldas and 
Norford, 2002; Palonen et al., 2009). The optimization 
result of Case 2 seems to converge to a near-optimal 
solution, and the number of maximum generations (80) 
is thought to be insufficient to find the extended solution 
space that includes the variables concerning the 
window-wall ratio. However, although the genetic 
algorithm couldn’t find the exact optimal solution in this 
case, the algorithm seemed to find a sufficiently good 
solution.  
In this study, additional genetic algorithm 
optimization expanded the optimization variables by 
including only the window-wall ratio. However, if 
the optimization is performed in an earlier stage of 
design, for instance, which deals with the orientation 
and shape of the building or the location of windows, 
control of building systems, there will be significant 
potentials of building energy conservation. 

CONCLUSIONS 
In this paper, we compared the optimization methods 
(heuristics, GA) for building design. In the project, there 
were strict limitations on the design variables. The 
genetic algorithm was performed on the MATLAB 
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platform, which generated the EnergyPlus input file and 
analyzed the output file in an automatic fashion.  
There was 24% and 33% of heating and cooling energy 
reduction against the original design’s consumption by 
heuristics and the genetic algorithm, respectively. We 
could find out that the genetic algorithm was superior to 
heuristics for the search of optimal design. For instance, 
the genetic algorithm made the thickness of insulation 
on each floor different. Also, the type of glazing and the 
location of blinds varied from window to window, 
which cannot be achieved expert’s judgment or intuition. 
This nature of the genetic algorithm is an obvious 
advantage in contrast to heuristics, which must rely on 
the expertise, experience, and intuition of an expert. 
In the heuristics optimization, an increase of 
construction costs with the installation of LED lights 
was considered too high and LED lights were installed 
in just two rooms. Such qualitative consideration of 
design contexts like the above is hard to be reflected in 
a genetic algorithm thus the advantage is heuristics. 
Also, the genetic algorithm was executed iteratively 
until it converged or reached a maximum generation, 
so it took a longer running time than heuristics. On the 
other hand, heuristics were performed based on the 
expertise and intuition of experts, so it could be 
finished quickly in a limited amount of time.  
In this study, an extra genetic algorithm optimization 
was performed with the additional optimization 
variable, window-wall ratio. As a result there was 9% 
annual heating and cooling energy reduction compared 
with the original genetic algorithm optimization, 
which didn’t contain the window-wall ratio as an 
optimization variable. It seemed that the decrease of 
window-wall ratio caused the most reduction of 
energy usage. There were significant changes in the 
type of glazing, the location of blinds, and the 
thickness of insulation with the decrease of window-
wall ratio, compared to the results of an original 
genetic algorithm. However, the extra genetic 
algorithm failed to find the rue global optima. It seems 
that the reason for this failure was caused by the 
feature that genetic algorithms have a difficulty in 
succeeding in very local searches and an insufficient 
maximum population of 80. But there was an obvious 
additional reduction in heating and cooling energy 
(9%), and it was concluded that there are more 
opportunities to the design of low-energy building. 
In the future, we plan to apply the two optimization 
methods in this study (heuristics, genetic algorithm) to 
other buildings which have a different use/scale/shape, 
and analyze the difference in the pros and cons 
compared to this case study.  We also plan to analyze 
the pros and cons when the search space is larger (i.e. 
there are more design variables to optimize) than that 
of this case study 
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