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Abstract

Construction Cost Estimation Using
Case-Based Reasoning with
Hybrid Genetic Algorithm

Sangsun Jung
Department of Architecture

The Graduate School
Seoul National University

Estimates of project costs in the early stages of a construction project 

have a significant impact on the operator's decision-making in important 

matters, such as the site's decision or the construction period. However, 

it is difficult to carry out the initial stage with confidence because 

information such as design books and specifications is not available. In 

previous studies, case-based reasoning was used to estimate initial 

construction costs, and genetic algorithms were used to calculate the 

weight of the inquiry phase among them. However, some say that it is 

difficult to perform better than the current solution because existing 

genetic algorithms are calculated in random numbers. To overcome 

these limitations, correlation numbers using correlation analysis rather 

than random numbers are reflected in the genetic algorithm by method 

of local search, and weights are calculated using a hybrid genetic 



algorithm that combines local search and genetic algorithms. A 

case-based reasoning model was developed using the weights calculated 

and validated with the data. As a result, it was found that the hybrid 

GA-CBR applied with local search performed better than the existing 

GA-CBR.

Keyword : Cost Estimation, Case-Based Reasoning, Hybrid Genetic 
Algorithm, Local Search, Correlation Analysis 

Student Number : 2018-27135
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Chapter 1. Introduction

1.1. Research Background

Estimating the initial stage of the project in the construction project 

greatly affects the decision-making of the contractor in important tasks 

such as budgeting for the project or calculating the construction period. 

The initial construction cost estimation is carried out with only rough 

information without complete design drawings and specifications. 

Despite the fact that the initial stage construction cost estimation is a 

factor that determines the success or failure of the construction project, 

it is difficult to estimate the construction cost with confidence (An and 

Kang, 2005). Thus, existing studies to improve the accuracy of the 

initial estimation of construction cost developed estimative models in 

various ways.

 Typical techniques for predicting initial construction costs vary from 

statistical methods using traditional regression analysis, methods using 

expert systems, and methods using artistic natural networks<Table 1-1>.
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Methodol
ogy

Research
er Advantage Limitations

Regression 
Analysis

Chun and 
Park(2006)

Ÿ Weights can be 
obtained 
relatively quickly.

§ Data of construction cost 
have very little linear 
relationship.

§ Difficulty of regression 
formula and assumption.

Expert 
System

Lee and 
Lim(2011)

Ÿ Obtain certain 
rules from 
experts.

§ Difficulty in acquiring 
knowledge System 
maintenance and effort to 
add and expand 
knowledge

Artificial 
Neural 

Network
Kim and 
Ahn(2006)

Ÿ Unnecessary 
mathematical 
relationship of 
variables.

§ Necessary so many factor 
of human 
control(momentum, 
learning rate, learning 
frequency, number of 
nodes, etc)

Table 1-1. Research about cost estimation method

Among them, this research is conducted using Case-Based Reasoning 

(CBR), a method of presenting solutions to current problems (estimative 

outcomes) based on past examples (Kolodner, 1993). 

Case-Based Reasoning consists of four steps: retrieve, reuse, revision, 

and retain. The first of these, the retrieve, is a step in the Reasoning 

process to explore similar cases in the project case data (Goh and 

Chua, 2009). For a retrieve, attribute weights for the data must be 

determined, and similar cases resulting from how the weights are 

determined dependant on the accuracy of the Case-Based Reasoning 

(Dogan et al, 2006). 

There are several methods of weighting and each method has its pros 

and cons. 

Uniform weighting does not reflect the difference in importance 

between attributes because it gives all attributes the same weight.



3

The gradient descent method is a method of repeatedly exploring new 

points according to the gradient of the function, starting from a 

predetermined starting point. This depends on the starting point of the 

slope, and has the disadvantage that it is likely to fall into the local 

optimal point.

In the case of Analytic Hierarchy Process(AHP) analysis, the problem 

is that attribute weights change according to experts because they are 

based on subjective factors such as expert experience and knowledge.

In many prior studies using Case-Based Reasoning, genetic 

algorithm(GA) also were used as a method of calculating attribute 

weights (Park et al., 2010).

Genetic algorithm are representative optimization algorithm that mimic 

the principles of evolution and have been used to solve problems in 

various fields. Genetic algorithm perform optimizations with parameter 

selection, crossover, and mutation. However, there is a lack of 

relevance between the parameter and the characteristics of the data (Lee 

et al, 2005), only to be computed according to the set rules and 

formulas. In a typical genetic algorithm process, a new solution is 

created using random numbers at the time of the computation to form 

a group. 

Genetic algorithm is suitable for solving problems where continuous 

and discontinuous variables are mixed together because it does not 

require gradient information like other methods or is not constrained by 

differential possibilities.

Also, the mentioned optimization methods are explored with one of 
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the best solutions found, whereas genetic algorithms are explored with a 

population of candidate solutions, so a broader range of solutions can 

be found in finding solution as a collective concept.

Meanwhile, studies have been conducted using the statistical technique 

Correlation Analysis to derive factors for the impact of construction 

costs. Song et al. (2006) conducted an analysis of the correlation using 

Interpretive Structural Modeling(ISM) techniques to determine the degree 

and priority of various influencing factors in the construction cost on 

the total cost. In addition, Kim et al. (2013) constructed a summary 

construction cost calculation model by applying correlation analysis to 

multiple regression analyses. The degree of impact on construction cost 

can be expressed as correlation coefficient through the correlation 

analysis between attributes, which was used as an important factor in 

the development of the construction cost estimation model.
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1.2. Problem Statement

 There is a lack of relevance between the parameter and the 

characteristics of the data (Lee et al, 2005), only to be computed 

according to the set rules and formulas. In a typical genetic algorithm 

process, a new solution is created using random numbers at the time of 

the computation to form a group. However, simply using random 

numbers to repeat the operation makes it difficult to find any better 

solution than the current one (Hwang and Kim, 2010). In order to 

overcome these limitations and achieve better performance, studies are 

being conducted to combine genetic algorithm and local search for 

better estimative results (Hwang, 2010; Kang et al., 2002; E.K. Burke 

et al., 2007; R.Qu et al., 2008), which is defined as the hybrid genetic 

algorithm (Oh, 2004).

Authors Research Subject Methodology

Hwang and 
Kim(2010)

Integer Programming-based 
Local Search Technique for 
Linear Constraint Satisfaction 
Optimization Problem

Hill climbing search + 
Integer Programming

Kim and 
Choi(2009)

An Efficient Search Algorithm 
for Flexible Manufacturing 
Systems (FMS) Scheduling 
Problem with Finite Capacity

Best First Search + 
A* Algorithm

Cho and 
Kim(2007)

A hybrid genetic algorithm and 
bacterial foraging approach for 
global optimization

Bacterial Foraging 
Algorithm + Genetic 
Algorithm

Table 1-2. Research about hybrid genetic algorithm

 The hybrid genetic algorithm combining local optimization and 

general algorithm is used in fields such as computing, information 

sciences, industrial engineering <Table 1-2>. But it is rarely used in 
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construction cost estimation. Similarly, for the research on cost 

estimation using GA-CBR, general genetic algorithm as a global 

optimization technique is mainly used, and thus its performance is not 

fully utilized. Specifically, it is difficult to find a better solution than 

the current solution, (Hwang and Kim, 2010). Also its randomness in 

solving problems, it may or may not be solved quickly.
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1.3. Research Objective

  Thus, in this research, the property weight is calculated using a 

hybrid genetic algorithm that combines local search techniques and 

genetic algorithm using correlation numbers, and then the construction 

cost estimation is carried out using Case-Based Reasoning. The 

correlation coefficient is calculated using Pearson correlation analysis 

and the value is used as a local search method to apply it to the 

population creation process of each generation to improve the process. 

The purpose of this research is to verify the validity of the CBR 

construction cost estimation model through actual data based on the 

improved process.

 In this research, the hybrid genetic algorithm reduces the randomness 

of operators used in GA, thereby improving the accuracy of problem 

solving. Also, it is possible to overcome it by quickly converging the 

solution due to correlation coefficient by using the local search method 

presented in this research. And then using hybrid GA, It is used as a 

weight of Case-Based Reasoning's retrieve step, and it is used to 

estimate construction costs. 

1.4. Research Process
 This research is conducted in accordance with the following procedure.

First, the implications are derived through the analysis of the preceding 

study.

 Second, the principles and applications of Case-Based Reasoning, 

genetic algorithm and local search are considered for the development 
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of hybrid genetic algorithm.

 Third, correlative analysis is conducted on three case data of 

apartments, military barracks, and office buildings, and the 

corresponding correlation coefficient is derived for each property.

Fourth, a model for estimating Case-Based Reasoning construction costs 

is established using a hybrid genetic algorithm applied with local 

search.

 Fifth, the validity of this study is verified by comparing the 

estimateed accuracy of the hybrid GA-CBR model and the model using 

different weighting methods. 

Figure 1-1. Research Process
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Chapter 2. Preliminary Study

 Property weighting plays an important role in estimating performance 

in Case-Based Reasoning. In this research, optimizations are carried out 

with hybrid genetic algorithm that combine local search methods with 

genetic algorithm in order to improve the quality of calculating attribute 

weights. This chapter defines the concept of Case-Based Reasoning and 

discusses the principles of genetic algorithm and local search.
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2.1 Case-Based Reasoning

Case-based reasoning is a methodology for both reasoning and 

learning. A casebased reasoner learns in two ways. First, it can become 

a more efficient reasoner by remembering old solutions and adapting 

them rather than having to derive answers from scratch each time. If a 

case was adapted in a novel way, if it was solved using some novel 

method, or if it was solved by combining the solutions to several 

cases, then when it is recalled during later reasoning, the steps required 

to solve it won't need to be repeated for the new problem. Second, a 

case-based reason becomes more competent over time, deriving better 

answers than it could with less experience. One of case-based 

reasoning's fort6s is in helping a reasoner to anticipate and thus avoid 

mistakes it has made in the past. This is possible because it catches 

problem situations, indexing them by features that predict its old 

mistakes. Remembering such cases during later reasoning provides a 

warning to the reasoner of problems that might come up, and the 

reasoner can work to avoid them.Within AI, when one talks of 

learning, it usually means the learning of generalizations, either through 

inductive or explanation-based means. While the memory of a 

case-based reasoner notices similarities between cases and can therefore 

notice when generalizations should be formed, inductive formation of 

generalizations is responsible for only some of the learning in a 

case-based reasoner. Case-based reasoning achieves much of its learning 

in two other ways: through the accumulation of new cases and through 
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the assignment of indexes.

New cases give the reasoner more familiar contexts for solving 

problems or evaluating situations. A reasoner whose cases cover more 

of the domain will be a better reasoner than one whose cases cover 

less of the domain. One whose cases cover failure as well as 

successful instances will be better than one whose cases cover only 

successful situations. New indexes allow a reasoner to fine tune its 

recall apparatus so that it remembers cases at more appropriate times.

That is not to say that generalization is not important. Indeed, the 

cases a case-based reasoner encounters give it direction in the creation 

of appropriate generalizations, i.e., those that can be useful to its task. 

When several cases are indexed the same way and all predict the 

same solution or all can be classified the same way, the reasoner 

knows that a useful generalization can be formed. In addition, the 

combination of indexes and predicted solution or classification also give 

the reasoner guidance in choosing the level of abstraction of its 

generalizations. Some case-based reasoners use only cases, others use a 

combination of cases and generalized cases. Even when a case based  

reasoner does not use generalizations to reason, they are useful in 

helping the reasoner organize its cases. And, one can think of the 

generalization process as a way of evolving useful rules from cases that 

a rule-based reasoner could use. Rules could be used when they 

matched cases exactly, while cases would be used when rules were not 

immediately applicable. 

Remembering is the process of retrieving a case or set of cases from 
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memory. In general, it consists of two substeps:

Recall previous eases. The goal of this step is to retrieve "good" 

cases that can support reasoning that comes in the next steps. Good 

cases are those that have the potential to make relevant predictions 

about the new case. Retrieval is done by using features of the new 

case as indexes into the case base. Cases labeled by subsets of those 

features or by features that can be derived from those features are 

recalled.

Select the best subset. This step selects the most promising case or 

cases to reason with from those generated in step 1. The purpose of 

this step is to winnow down the set of relevant cases to a few 

most-on-point candidates worthy of intensive consideration. Sometimes it 

is a appropriate to choose one best case, sometimes a small set is 

needed.

One problem here is that sometimes two cases need to be judged 

similar even though they share few surface features. Football and chess 

strategies, for example, have much in common though the concrete 

features of the games are dissimilar. One is played on a board, the 

other on a field, one has pieces, the other people, one has teams 

competing with each other, the other individuals.

What they have in common is more abstract features, shared by 

competitive games. There are two sides in opposition, each wants to 

win, each wants the other side to lose, both games involve planning 

and counterplanning, both involve positions on a playing field, though 

it is an actual field with people for football and a board with pieces 
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for chess. Nevertheless, you might expect a football expert who knows 

how to plan a fork to notice a potential fork situation in a chess game 

he is playing and to plan a set of moves based on that. One way to 

deal with this problem is to use more than just the surface 

representation of a case for comparison. Cases must also be compared 

at more abstract levels of representation. The issue we must address is 

which of the abstract ways of representing a case are the right ones to 

use for comparisons (Birnbaum and Collins 1988, Collins 1987). 

Another problem is that a new situation and a case might share some 

derivable features while not sharing surface features. In predicting who 

will win a battle, for example, the ratio of defender strength to attacker 

strength is predictive but neither defender strength nor attacker strength 

by itself is. Cases need to be judged similar based on the ratio (a 

derived feature) rather than the individual values (surface features). 

Similarly in diagnosis. It is often the hypothesized disorders or 

conditions (derived features) that need to be compared in two cases to 

judge a current situation and previous case similar rather than the 

symptoms the patients manifest (surface features). The issue here is to 

come up with a way of generating derived features for cases in an 

efficient way. We need guidance in generating derived features because 

some are expensive to derive, and even if all were cheap, it would be 

expensive to generate all possible derived features of a case and of 

course we need to derive fast retrieval algorithms for massive libraries 

of cases (Kolodner 1984, 1988b).

These problems comprise what we have called the indexing problem. 
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Broadly, the indexing problem is the problem of retrieving applicable 

cases at appropriate times (despite all the problems cited above). In 

general, it has been addressed as a problem of assigning labels, called 

indexes, to cases that designate under what conditions each case can be 

used to make useful inferences.

These labels have been treated much like indexes in a book. Old 

cases are indexed by those labels, one uses a new situation as a key 

into that index and traverses appropriate indexing paths to find relevant 

cases. Researchers are working on specifying what kinds of indexes are 

most useful, designating vocabularies for indexes, creating algorithms 

and heuristics for automating index choice, organizing cases based on 

those indexes, searching memory using those indexes, and choosing the 

best of the retrieved cases. The tension between using indexes to 

designate usefulness and direct search while at the same time not 

allowing them to overly dominate what can be recalled is one of the 

most important issues in case-based reasoning.

Therefore, Case-Based Reasoning defines the storage of similar past 

cases and the reuse of information and knowledge in those cases to 

address new problems. The process is the same as in <Figure 2-1>, 

and a feature that distinguishes Case-Based Reasoning from other 

artificial intelligence techniques is, first, the use of concrete knowledge 

of past cases to solve new problems. Second, the new problem solved 

is that it is stored as a case-based historical case, so it can be used to 

solve future problems (Aamodt and Plaza, 1994).
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Figure 2-1. Case-Based Reasoning cycle 

(Aamodt and Plaza, 1994)

In this study, a similar case of construction cost data is extracted 

using the retrieve step during the process of Case-Based Reasoning to 

estimate the construction cost of the new data. The retrieve phase is to 

extract similar cases by comparing matching attributes of problems and 

past cases. Also, recent research on case-based reasoning has been used 

many fields. First, there is noise and maintenance, which are the main 

issues of recent construction. Secondly, there is weight, similarity 

measurement, as a component of CBR. Third, there is the convergence 

of AI technology and CBR. For more information, follow <Table 2-1> 

below.
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Author
s Research Subject Feature Category

Kwon et 
al(2019)

Compensation Cost 
Estimation Model for 
Construction
Noise Claims Using 
Case-Based Reasoning

Cost of compensation for 
noise levels is estimated 
using CBR The major 

issues in the 
construction 
fieldKwon et 

al(2019)

Preliminary Service Life 
Estimation Model for 
MEP Components Using 
Case-Based Reasoning 
and Genetic Algorithm

Estimating the life of 
building materials

Joseph 
Ahn et 
al(2017)

Covariance effect 
analysis of similarity 
measurement methods 
for early construction 
cost estimation using 
case-based reasoning

Research on the 
mesurement mehod of 
similarity in CBR Development 

about the 
components in 
CBR

Yan 
Aijun et 
al(2017)

Case-based reasoning 
classifier based on 
learning pseudo metric 
retrieval

Use Learning pseudo 
metrics (LPM) instead of 
Euclidean distance 
measuring method in 
Retrieve phase of CBR

Aditya 
Khampa
ria et 
al(2017)

A novel method of case 
representation and 
retrieval in CBR for 
e-learning

Artificial Neural 
Network(ANN) is used to 
find the connection 
between student 
characteristics and 
learning outcomes; DM 
is used to create cases; 
CBR is used for 
reasoning.

Convergence of 
CBR with the 
latest 
technologies 
related to big 
data

Table 2-1. Research of recent research about Case-Based Reasoning

The determination of similar cases is performed by case-by-case 

scores, and the case-by-case diagram is determined by calculating the 

attribute-by-fact score and the attribute-weighted values. Property 

similarity is calculated by means of a formula or a rule between a 

property value in a past case and a property value in a problem case. 

Property weights are determined through historical case analyses, which 

help to ensure that high weights are assigned to critical input attributes 

when looking up similar cases, so that accurate retrieve can be induced 

(Lee, 2008). 
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Methods for calculating these attribute weights include the same 

weighting method, regression method, and genetic algorithm, as in the 

preceding studies in <Table 2-2>. In this study, hybrid genetic 

algorithm are used using correlations and local search to calculate 

attribute weights.

Weighting 
Method Research Content Author

Uniform 
weight

Extraction of similar cases using 
Fuzzy concepts in Case-Based 
Reasoning

Kim et 
al(1996)

Regression 
analysis

A cost estimating model for 
construction projects in the early stage 
using Support Vector Regression

Park and 
Kim(2007)

Financial index forecasting model 
using Case-Based Reasoning

Chun and 
Park(2006)

Genetic 
algorithm

A method of assigning weight values 
for qualitative attributes in Case-Based 
Reasoning cost model

Lee et 
al(2004)

Comparison of the accuracy between 
cost prediction models based on neural 
network and genetic algorithm 

Kim et 
al(2006)

Table 2-2. Methods for determining the weight of Case-Based Reasoning

2.2 Genetic Algorithm

Genetic algorithm is a typical global optimization algorithm, which is 

an evolutionary algorithm that uses Darwin's theory of evolution to find 

the best solution by evolution through the steps of operators of natural 

population initialization, selection, crossover, and mutation 

(D.E.Goldberg, 1989). 

As in <Figure 2-2>, the entire search for an optimal set of groups is 
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found, and parameters of selection, crossover, and mutation are utilized 

in the process. The data structures that represent the solutions are 

called genes, and the process of creating better and better solutions by 

transforming them can be expressed as evolution.

Figure 2-2. Search scope of global optimized 

solution 

The process of a typical genetic algorithm is the same as in <Figure 

2-3>. A group of initial solutions is required to use parameters to find 

the optimal solution. In general, genes are generated with random 

numbers to form an initial set of groups, and then the quality of all 

solutions in the group is calculated through fittness function. Based on 

suitability, selection, crossover and mutation will create a set of the 

next generation of solutions. 

If we repeat this process over and over again, the solutions are 

getting closer and closer to the optimal. Genetic algorithm need to go 

down many generations while maintaining a large population to save 
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the optimal solution and terminate the algorithm when the generation 

has progressed to a certain level or the solution has reached a certain 

range.

Figure 2-3. General genetic algorithm process

Studies using GA are also being conducted to estimate construction 

costs in the construction sector. Park et al. (2010) validated the 

performance of the genetic algorithm by comparing it with a model that 

calculated weights using a genetic algorithm and a model that used a 

method such as standardized regression coefficients and equivalent 

weights in the construction cost estimation field. 

Lee et al. (2010) improved estimative accuracy when data for 

Case-Based Reasoning included qualitative attributes by presenting a 

method for calculating the attribute weights for qualitative variables.

Kim et al. (2006) conducted a study to estimate construction costs by 
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combining neural networks and genetic algorithm, such as determining 

each parameter of the error-reversing neural network by genetic 

algorithm and implementing learning of the neural network using 

genetic algorithm. These existing studies apply the basic concept of 

genetic algorithm: how to perform computations using random numbers. 

This means that in seeking the optimized solution, the characteristics 

between the properties of the construction project are not reflected, and 

the solution is saved through the computation of random numbers. 

However, the disadvantage of creating a random value for a group of 

people is that it is difficult to find any better solution than the current 

one (Hwang and Kim, 2010). 

To compensate for these shortcomings, this study analyzes the 

correlation between each attribute of construction cost data rather than 

any value, and applies the result values in a local search method to 

each generation where the genetic algorithm is in progress.

2.3 Local Search Method
local search is a common meta heuristic that is located at the top of 

the local search procedure in the optimization algorithm and helps 

escape from the local minimum. 

Local search (LS) is the basis of most heuristic search methods. It 

searches in the space of candidate solutions, such as the assignment of 

one machine to each job in the above example. The solution 

representation issue is significant, though it is not the subject of our 

discussion here. Starting from a (possibly randomly generated) candidate 
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solution, LS moves to a “neighbor” that is “better” than the current 

candidate solution according to the objective function. LS stops when 

all neighbors are inferior to the current solution.

LS can find good solutions very quickly. However, it can be trapped 

in local optima-positions in the search space that are better than all 

their neighbors, but not necessarily representing the best possible 

solution (the global optimum). To improve the effectiveness of LS, 

various techniques have been introduced over the solutions. Simulated 

Annealing (SA), Tabu Search (TS) and Guided Local Search (GLS) all 

attempt to help LS escape local optimum. 

GLS is a meta-heuristic algorithm generalized and extended from a 

neural-network based method called GENET (Wang and Tsang, 1991, 

1994; Davenport et al., 1994; Tsang et al., 1999). GLS was inspired by 

ideas from the area of Search Theory on how to distribute the 

searching effort (e.g. see Koopman, 1957; Stone, 1983). GENET is a 

weighted method for constraint satisfaction. Though originated from 

neural networks, GENET resembles the min-conflict heuristic repair 

method by Minton et al. (1992). The principles of GLS can be 

summarized as follows. As a meta-heuristic method, GLS sit on top of 

LS algorithms. To apply GLS, one defines a set of features for the 

candidate solutions. When LS is trapped in local optima, certain 

features are selected and penalized. LS searches using the objective 

function as this is augmented by the accumulated penalties. The novelty 

of GLS is in the way that it selects features to penalize. GLS 

effectively distributes the search effort in the search space, favoring 
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areas where promise is shown. 

As mentioned earlier, GLS augments the given objective function 

with penalties. To apply GLS, one needs to define features for the 

problem. For example, in the travelling salesman problem, a feature 

could be “whether the candidate tour travels immediately from city A 

to city B”. GLS associates a cost and a penalty to each feature. The 

costs can often be defined by taking the terms and their coefficients 

from the objective function.

The basic principle is to explore the neighboring solution based on 

the current solution within the search area of the solution, such as 

<Figure 2-4>, to improve to the optimal solution by comparing the 

results of the target function. local search refers to changing the current 

solution to a near-target function within the local, rather than exploring 

the optimal solution for all solutions of the group, such as the global 

search method (Hwang and Kim, 2010).

Figure 2-4. Search scope of local 

optimized solution

The purpose function is to continue to be optimized for local search, 
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and the use of the target function aims to converge the next search 

away from the local minimum and into a better optimal solution. 

Setting the target function in local search is different for each 

problem, and the corresponding problem resolution is different. local 

search has been successfully applied to a number of optimization and 

exploration issues, such as the Vehicle Path Problem (Bruno De Backer 

et al, 1997), Human Resources Scheduling Problem (Tsang, E.P.K. et al, 

1997), Radio Link Frequency Allocation Problem (Vourdosis, C. et al, 

1998).

2.4 Hybrid Genetic Algorithm
In addition, a prior research was conducted to combine local search 

with other optimization methods. Hwang and Kim (2010) verified that 

better solution can be achieved by combining the method of 

Hill-Climbing Search and Integer Programming Method, one of the 

local search techniques. Difference reduction method is used for Hill 

Climbing Search. 

The difference is called hill climbing, and the way to reach a high 

goal, such as <figure 2-5>, is to go up. Hill climbing is a concept that 

if you continue along the road, you will reach the top of any hill that 

is lower than the highest point(global maximum).
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Figure 2-5. Hill climbing search

This is a way to approach the goal by reducing the difference 

between the current state and the target state. Specifically, it means 

changing the current state to a new one that is closer to the target 

state than to the current state by reducing the difference. The study 

will repeat the process of creating one neighbor and resetting it to the 

current solution until the termination conditions are met, as would the 

usual simple Hill Climb Search after the initial creation.

The application of the local search method is part of the application 

of the Integer Programming Method as a function for the generation of 

neighboring solution. After experimenting with the applied model in 

N-Queens Maximization Problem (J. Paredis, 1993), it was validated 

that the model applied with local search and Integer Programming 

Method produced better solution than other search techniques.

In addition, Kim and Choi (2009) presented a solution to the 

scheduling problem by using A* Algorithm, one of the Best First 

Search techniques, to prevent any deadlock in the required tasks while 
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minimizing the total execution time. Best First Search is to make a 

first visit to a node that is believed to be on the best path to the goal 

according to the heuristic information about the characteristic of the 

problem. In this study, the number of nodes in the Reachability Graph 

used was high, which used the method of searching only the smallest 

nodes as a Best First Search technique, and thus the optimal schedule 

was calculated. It also validated the validity of reducing the number of 

node searches by 43.7% or more than the target using the existing 

algorithm.

As such, local search is a good way to search good solutions and 

can improve the performance of algorithm when applied within the 

optimization algorithm (R.Qu et al., 2008). In addition, the local search 

method is a method for local optimization and the above-mentioned 

genetic algorithm is a typical method for global optimization 

calculation. 

 The hybrid genetic algorithm combining local optimization and 

general algorithm is used in fields such as computing, information 

sciences, industrial engineering. But it is rarely used in construction 

cost estimation. Similarly, for the research on cost estimation using 

GA-CBR, general genetic algorithm as a global optimization technique 

is mainly used, and thus its performance is not fully utilized.

So this research combines the genetic algorithm's global solution-space 

search capability and the strength of local search using correlative 

analysis to calculate the weights with a hybrid genetic algorithm, 

perform construction cost estimation through Case-Based Reasoning, and 
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specifically explain the method in the following chapters.
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Chapter 3. Hybrid Genetic Algorithm 

Development

This research uses correlations of each attribute in the aforementioned 

concept of local search to determine the weight of GA-CBR. For this 

purpose, correlation numbers need to be derived through correlation 

analysis. This chapter determines the weight of the components to be 

used to develop the CBR model.

There are two parts in the genetic algorithm that apply the local 

search method. First, for the initialization of populations by existing 

genetic algorithm in any number, this research improves the method of 

population initialization by reflecting the correlation of each attribute in 

the existing population. Second, the next generation evolution is carried 

out by reflecting the correlation coefficient calculated for each gene in 

the immediately preceding the evolution of the generation within the 

gene algorithm. 

Unlike conventional genetic algorithm, these two can reflect the 

properties of construction properties in the algorithm by applying 

correlation factors in calculating weights, and expect good performance 

by applying correlations of each attribute rather than an arbitrary 

number.
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3.1 Correlation Analysis
The data on public apartments, military facilities and office buildings 

were collected for the construction and verification of the construction 

cost estimation model applied with the correlation analysis presented in 

this study. Attribute and information on the data used to estimate 

construction costs are the same as Table 3-1, Table 3-2 and Table 3-3 

for each example, and attributes have collected information available 

during the design phase.

Correlation analysis is performed between independent variables (total 

construction costs) and dependent variables (other attributes) among 

each attribute of the data to perform local search. The local search is 

conducted using the computed correlation coefficient and the optimized 

weight is calculated by combining it with the genetic algorithm. 

Pearson correlation is the covariance of the two variables divided by 

the product of the standard deviation. The total construction cost of the 

project was set to the x-axis and other attributes to the y-axis and the 

correlation was performed.

3.2 Case 1: Public Apartment
Case 1 Public Apartment Data used in this study used nine apartment 

construction units ordered by Construction A in Korea. There are 12 

data attributes, including the number of generations, floor space, 

elevator numbers and construction costs, and the total number of project 

data is 165. Each attribute information and its corresponding correlation 
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is as follows in Table 3-1.

No Attributes Type Correlation 
coefficient

X1 Number of households Numeric 0.8336
X2 Gross floor area Numeric 0.9701

X3 Number of unit floor 
households Numeric 0.6952

X4 Number of elevators Numeric 0.3865
X5 Number of floors Numeric 0.7290

X6 Number of piloti with 
household scale Numeric 0.4854

X7 Number of households of 
unit floor per elevator Numeric 0.4556

X8 Height between stories Numeric 0.5171
X9 Depth of pit Numeric 0.0166

X10 Roof type
Flat or 
inclined(1 or 
0)

0.4296

X11 Hallway type
Hall or 
corridor(1 or 
0)

0.4135

X12 Cost Numeric 1

Table 3-1. Information of case 1 attributes 

The analysis found that the four attributes, X1 (Number of 

households), X2 (Gross floor area), X3 (Number of unit floor 

households), and X8 (Height between stories) had a correlation with the 

total construction cost of 0.5 or more, and that the correlation was high 

at about 0.83, 0.97, 0.72, and 0.70. Conversely, X4 (number of 

elevators), X7 (number of households per elevator), X9 (depth of feet), 

and X11 (Hallway type) had a correlation of less than 0,5 and 

represented about 0.38, 0.45, 0.016 and 0.41, respectively, with 

relatively low correlation.
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3.3 Case 2: Military facilities
The data in Example 2 are the data for direct construction of the 

defense barracks in the three counties, and the attributes of the data are 

nine, including the number of inmates, floor space, interior department 

area, office area, and construction cost, and the total number of project 

data is 117. Each attribute information and its corresponding correlation 

is as follows in Table 3-2.

No Attributes Type Correlation 
coefficient

X1 Number of capacity Numeric 0.8263
X2 Number of floors Numeric 0.6830
X3 Gross floor area Numeric 0.9814
X4 Building area Numeric 0.9306
X5 Room area Numeric 0.0295
X6 Office area Numeric 0.2108

X7 Basement floor status Existence or 
Non(1 or 0) 0.2936

X8 Pit status Existence or 
Non(1 or 0) 0.4160

X9 Cost Numeric 1

Table 3-2. Information of case 2 attributes 

The analysis showed that the attributes of X1 (number of capacity), 

X3 (gross floor area), and X4 (building area) were related to the total 

construction cost at 0.7 or higher, and that the correlation was high at 

about 0.82, 0.98, and 0.93. Conversely, X5 (room area), X6 (office 

area), X7 (basement floor status) and X8 (pit status) had a correlation 

of less than 0.3 and represented about 0.02, 0.21 and 0.29, respectively, 
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and found relatively low correlation.
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3.4 Case 3: Office Building
The data in Example 3 collected data from general and large offices 

among the project types of Public Works data from the Public 

Procurement Service. The properties of building data are 10 such as 

land area, number of underground floors, number of ground floors, 

dryness rate, floor space rate and construction cost, and the total 

number of project data is 52. Each attribute information and its 

corresponding correlation is as follows in Table 3-3.

No Attributes Type Correlation 
coefficient

X1 Lot Area Numeric 0.1905
X2 Gross floor area Numeric 0.2512
X3 Building Coverage Ratio Numeric 0.0057
X4 Floor Area Ratio Numeric 0.0333

X5 Number of Underground 
Floor Numeric 0.2278

X6 Number of Ground Floor Numeric 0.2434

X7 Structure Type(RC) Existence or 
Non(1 or 0) 0.2717

X8 Structure Type(SRC) Existence or 
Non(1 or 0) 0.0965

X9 External Material Metal or 
Stone(1 or 0) 0.0518

X10 Cost Numeric 1

Table 3-3. Information of case 3 attributes 

The analysis found that the four attributes, X2 (gross floor area), X5 

(number of underground floor), X6 (number of ground floor), and X7 

(structural type:RC) had a relative high correlation with the total 

construction cost, with about 0.25, 0.22, 0.24, and 0.27. In contrast, the 



33

X3 (building coverage ratio) and X4 (floor area ratio) were less than 

0.04, representing about 0.005 and 0.033, respectively, and the 

correlation was relatively low.

 Correlation analysis of the data in case 1, case 2, and case 3 shows a 

common high coefficient of floor space. The computed correlation 

between attributes is used as a function of the purpose of the local 

search technique and is reflected in the form of multiplying the 

population and generation (weights) within the genetic algorithm 

process.

3.5 Applying Local Search
 

The initialization of populations in genetic algorithm is often the 

process of creating the first chromosome generation, using random 

number generators. This population initialization process is a process 

that forms the computation of the problem that the genetic algorithm 

will explore and can affect the performance and efficiency of the 

genetic algorithm depending on the configuration of the placement of 

each chromosome in space (Heilkki Maranen, 2007). 

This study therefore proceeds with the initialization of an improved 

population that reflects the correlation of each attribute in the existing 

initialized population in order to enhance the performance of the genetic 

algorithm.

 The application for population initialization is as shown in Equation 

(1).
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   Equation (1) 

The application of population initialization is as in Equation (1).   is 

 value of new population,   is  value of the random number group, 

  is  value of the correlation number group.

The first generation to be created like this carries out genetic 

algorithm. The hybrid genetic algorithm of this study for local search 

for each subsequent generation is the same as in <Figure 3-1>. Improve 

the group by reflecting correlations in the genes (weights by attributes) 

extracted through each operator (selection, cross-section, variation) by 

local search.

Fig 3-1. Genetic algorithm with local search

The process of applying the local search method by generation is as 

follows. As shown in <Figure 3-1>, a set of weights is produced 

through a generation of operators such as conformity assessment and 

selection, crossover, and variation. The sequence is to apply region 
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exploration to the set of generated weights, first extracting the 

correlation coefficient of each attribute in the data, then multiplying the 

weight value of the property by the value of the correlation value of 

the value of the property. It then evolves to the next generation and 

repeats the same process to generate the optimum weight.

 Equation (2) shows the calculation formula for reflecting the 

correlation coefficient in the generational weights.

 
 Equation (2)

The formula for reflecting the weight of each generation is as shown 

in Equation 4.   is  value of new population,   is  value of the 

previous generation gene group,   is  value of the correlation number 

group.

Genetic algorithm are implemented based on the initialized population, 

evolving in the same way to reflect the correlation of each attribute in 

each generation, and evolving generations until the solution converges 

within a certain range. The population and each generation are 

improved to reflect project property information by applying data 

attribute correlations. This improved hybrid genetic algorithm is used to 

calculate weights and to apply them to the Case-Based Reasoning 

construction cost estimation model. In the next chapter, we develop a 

case-based cost estimating model using Hybrid Genetic Algorithm 

developed in this chapter.
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Chapter 4. Development of Cost estimating 

Model

 The construction cost estimation model of this research represent the 

process of using case-based Reasoning to extract past examples similar 

to the forecast target from the data set and to estimate the cost of the 

construction using the construction cost information in that example. 

The Case-Based Reasoning used in this study used the K-nearest 

neighborhood retrieve method (KNN). KNN is a methodology for 

estimating new data with information from the k neighbors closest to 

the existing data when given (Park et al., 2010). 

The process of developing a construction cost estimation model is as 

follows. First, the weights are calculated using a hybrid genetic 

algorithm with correlative numbers. Second, the construction cost 

estimation model is developed by combining similarity and attribute 

weight to calculate case similarity.
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4.1 Weighted value calculation

To determine the extent to which a case is similar, the degree of 

difference between the cases and the attribute weight must be 

determined. As described in Chapter 3, this study uses a hybrid genetic 

algorithm by applying the correlation coefficient of each attribute in 

construction cost data for optimal weighting. The ratio of operators 

(deficit survival, selection, crossover, and variation) of hybrid genetic 

algorithm was applied at 5 percent, 40 percent, 50 percent and 5 

percent, respectively, while generations repeated 100 generations to 

perform algorithm.
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4.2 Case Similarity

The data used in this study were divided into qualitative and 

quantitative data, and to quantitatively determine the degree of similarity 

between attributes, a method of measuring the distance of cases based 

on Euclidian distance was used (Ji et al, 2008). Euclidian distance 

measuring method is often used to find similarities between two objects 

by these attributes if they have multiple attributes in the field of 

artificial intelligence. As mentioned above, the score of the case 

similarity is obtained by multiplying the attribute weight by the 

similarity between each attribute calculated using this distance formula 

by the sum of the attribute weights and used Equation (3). 

∼   


 











  







  




    





         Equation (3)

  is weight of th attribute,    is th property value in th case, 

and   is th property value of the case you want to estimate. 

After measuring the similarity in each case, the scores are then 

drawn in a high order, either single or multiple similar cases. If 

multiple cases are extracted, a certain number of cases can be selected 

in order of their parent similarity score. In this study, multiple similar 

cases are extracted from three higher scores and the construction cost 

estimation model is learned.
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Chapter 5. Validation

 Of the three case data collected to verify the construction cost forecast 

model in this study, 30 percent of the total number of data was 

validated, excluding 70 percent of the data used in the development of 

the model. The performance of the construction cost estimation model 

shows the difference between the actual construction cost and the actual 

construction cost of the verification target, divided by the actual 

construction cost, and the error rate obtained. In addition, to determine 

the validity of the model, we compared the error rates of each 

construction cost estimation model carried out by the hybrid genetic 

algorithm, existing genetic algorithm, the same weighting method, and 

the regression method in this study.
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5.1 Result Analysis

<Table 5-1> is the value of the attribute weight resulting from the 

weighting calculation of each methodology in Case 1, Case 2, and Case 

3 and the average margin of error for the Case-Based Reasoning to 

estimate the cost of construction.

The case on each table is the test set data tested by 30% of the 

total data. Error(%) indicates the error rate of estimated construction 

cost and performance construction cost by case. In addition, the 

meaning of error mean the average value of Error(%) for each case of 

the test set estimated by the case-based reasoning.

 When the methodology of this study was applied in Case 1, the 

weighting of X2 (bounded area) was the highest with about 0.87 

among the optimized attributes. A Case-Based Reasoning was used to 

extract similar cases and estimate the cost of construction using optimal 

weights, resulting in an average error rate of 4.73% for each case. In 

the same way, Case 2 showed the highest weighting value of X3 

(relative area) at about 0.92, and the average error rate of 8.72 was 

obtained as a result of the construction cost estimation. For Case 3, the 

property weight value of X7 (structural type:SRC) was the highest at 

about 0.43, with an average error rate of 7.67%.

 When comparing this with the estimated accuracy of estimates defined 

by the American Association of Cost Engineers (AACE) by categorizing 

the project into five levels according to the amount of information the 

project has, the estimated accuracy of AACE was shown to be superior 
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to that of AACE when under-measuring (According to 1997 to 20%) 

and + 30% when over-measuring the project.

In addition, for the purpose of assessing the validity of the weighting 

method of this study, four predictive models, such as <Table 5-2>, 

<Table 5-3>, <Table 5-4> as well as hybrid GA-CBR, equal weighting, 

and regression analysis methods, were compared with actual construction 

costs. 

As a result, the average error rate of the construction cost prediction 

model was 4.73 / 8.25 / 11.18 / 8.76 in Example 1 (APT) in the order 

of mixed GA-CBR / Traditional GA-CBR / Equal Weighted / 

Regression.

The average error rate of the construction cost prediction model was 

8.72 / 14.87 / 19.24 / 9.03 (%) in Case 2 (Military) 

And in Case 3 (Office), the error rate (%) was 7.67 / 8.00 / 10.94 / 

8.82. It can be determined that the predictive model in this study 

represent higher accuracy than the predictive model using other 

weighting methods.
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Method
ology X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11 X12 Error 

rate(%)

Case
1
(APT
)

Hybrid 
GA-CBR

0.105
1

0.874
1

0.003
9

0.000
32

0.004
9

0.000
6

0.000
5

0.000
8

2.571
E-08

0.000
4

0.000
4

0.008
6 4.73

Existing
GA-CBR

0.125
4

0.147
9

0.041
2

0.014
47

0.142
0

0.007
9

0.141
7

0.132
5

0.007
7

0.042
0

0.133
5

0.063
1 8.25

Uniform
Weight

0.083
3

0.083
3

0.083
3

0.083
3

0.083
3

0.083
3

0.083
3

0.083
3

0.083
3

0.083
3

0.083
3

0.083
3 11.18

Regressi
on
Analysis

0.002 0.000
5

0.090
3

0.254
3

0.074
2

0.024
0 0.080 0.048

3
0.023
7

0.082
9

0.097
1

0.221
0 8.76

Case
2
(Mili
tary)

Hybrid 
GA-CBR

0.002
4

0.000
3

0.924
5

0.072
6

2.607
E-15

1.785
E-08

2.600
E-07

4.485
E-06 8.72

Existing
GA-CBR

0.163
2

0.154
0

0.181
1

0.193
1

0.099
5

0.071
2

0.028
9

0.109
1 14.87

Uniform
Weight 0.125 0.125 0.125 0.125 0.125 0.125 0.125 0.125 19.24

Regressi
on
Analysis

0.001
4

0.311
2

0.001
4

0.001
5 0.216 0.191

7
0.072
1 0.204 9.03

Case
3
(Offi
ce)

Hybrid 
GA-CBR

0.071
7

0.114
6

2.865
E-06

0.000
4

0.111
6

0.245
4

0.430
9

0.014
9

0.000
4 7.67

Existing
GA-CBR

0.077
3

0.215
5

0.075
9

0.073
2

0.229
1

0.073
9

0.116
7

0.137
9

0.000
5377 8.00

Uniform
Weight 0.111 0.111 0.111 0.111 0.111 0.111 0.111 0.111 0.111 10.94

Regressi
on
Analysis

2.99E
-06

5.42E
-06

8.53E
-05

0.089
5

0.025
4

0.371
0

0.430
5

0.021
4

0.061
8 8.82

Table 5-1. Weight set and error rate according to method
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Hybrid GA-CBR Existing GA-CBR Uniform Weight Regression 
Analysis

Case
Actual 
Cost

(천원)
Estimated 

Cost

Err
or
(%
)

Estimated 
Cost

Erro
r

(%)
Estimated 

Cost

Err
or
(%
)

Estimated 
Cost

Err
or
(%
)

A1 4,707,437 4,031,304 14.
36 3,721,210 20.9

5 3,853,584 18.
14 4,319,676 8.2

4

A2 2,889,350 2,758,302 4.5
4 3,415,602 18.2

1 3,800,988 31.
55 2,677,657 7.3

3

A3 3,047,139 3,141,282 3.0
9 4,331,251 42.1

4 4,331,251 42.
14 3,003,531 1.4

3

A4 3,504,668 3,570,193 1.8
7 3,476,952 0.79 3,402,633 2.9

1 3,864,799 10.
28

··· ··· ··· ··· ··· ··· ··· ··· ···

A49 3,418,988 3,283,438 3.9
6 3,476,952 1.70 3,615,971 5.7

6 4,148,977 21.
35

A50 2,735,539 2,758,302 0.8
3 3,541,578 29.4

7 3,541,578 29.
47 2,177,965 20.

38
Error mean 4.73 8.25 11.18 8.76

Table 5-2. Case 1 the comparison of actual construction cost and estimating models
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Hybrid GA-CBR Existing GA-CBR Uniform Weight Regression 
Analysis

Case
Actual 
Cost

(천원)
Estimated 

Cost
Error
(%)

Estimated 
Cost

Error
(%)

Estimated 
Cost

Error
(%)

Estimated 
Cost

Error
(%)

M1 2219,882 1,960,750 11.67 2,129,966 4.05 2,121,152 4.45 2,023,655 8.84

M2 977,369 995,926 1.90 1,009,753 3.31 995,926 1.90 867,252 11.27

M3 774,032 818,789 5.78 719,388 7.06 657,058 15.11 719,388 7.06

M4 1,053,153 1,097,053 4.17 1,013,964 3.72 995,926 5.43 867,252 17.65

··· ··· ··· ··· ··· ··· ··· ··· ···

M34 609,386 602,510 1.13 601,984 1.21 588,231 3.47 668,621 9.72

M35 571,788 589,644 3.12 579,274 1.31 579,274 1.31 579,274 1.31

Error mean 8.72 14.87 19.24 9.03

Table 5-3. Case 2 the comparison of actual construction cost and estimating models
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Hybrid GA-CBR Existing GA-CBR Uniform Weight Regression 
Analysis

Case
Actual 
Cost

(천원)
Estimated 

Cost
Error
(%)

Estimated 
Cost

Error
(%)

Estimated 
Cost

Error
(%)

Estimated 
Cost

Error
(%)

O1 552,285 655,661 18.72 595,408 7.81 599,447 8.54 686,552 24.31

O2 763,098 561,256 26.45 571,724 25.08 561,642 26.40 574,050 24.77

O3 510,173 483,344 5.26 530,690 4.02 672,515 31.82 621,040 21.73

O4 570,691 520,654 8.77 540,492 5.29 520,654 8.77 520,654 8.77

··· ··· ··· ··· ··· ··· ··· ··· ···

O14 492,610 574,050 16.53 580,446 17.83 608,799 23.59 574,050 16.53

O15 627,670 688,703 9.72 688,703 9.72 631,038 0.54 688,703 9.72

Error mean 7.67 8.00 10.94 8.82

Table 5-4. Case 3 the comparison of actual construction cost and estimating models
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Chapter 6. Conclusion

6.1 Summary and Contribution

The accuracy of the Case-Based Reasoning model is heavily 

influenced by the allocation of weights for each attribute. In the 

previous GA-CBR construction cost estimation model, random numbers 

and operators within the genetic algorithm were used to calculate 

weights. However, this method has the disadvantage of not finding any 

better solution than the current one when calculating weights. So, the 

hybrid genetic algorithm combining local optimization and genetic 

algorithm is used in fields. But it is rarely used in construction cost 

estimation. Thus, this research improved the process by presenting and 

combining local search methods using correlations in the process of 

calculating attribute weights using genetic algorithm. 

Subsequently, a model for estimating Case-Based Reasoning 

construction costs was developed by calculating attribute weights 

through improved hybrid genetic algorithm based on actual data. 

Validation of the model showed better performance than existing models 

such as the general GA-CBR, the same weighting method, and the 

regression method, which was judged to be more accurate than the 

estimation accuracy of the AACE.

This research used the hybrid GA-CBR to estimate construction cost. 

There is a contribution that has been improved by incorporating local 

optimization methods that were not previously used efficiently. Although 
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Hybrid Genetic Algorithms are used in various fields such as operating, 

information technologies, and industrial engineering, their use is 

insignificant in the construction cost estimation field, for which reason 

this research combines local search and genetic algorithm using 

correlation. This improved the academic value and mathematical and 

common logic of similarity measurement in estimating the cost of 

case-based reasoning.

6.2 Limitation and Further Study

This study has the limitation that although accurate and explanatory 

solutions can be calculated by reflecting the characteristics of 

construction data attributes in calculating weights by using local search 

methods in conjunction with genetic algorithm, the nature of the 

suggested local search methods can cause rapid convergence to fall into 

local optimality. Research is needed to develop different local search 

methods or to utilize other models together to complement these 

limitations in the future.

This research is meaningful that existing Case-Based Reasoning-related 

studies have improved their performance by presenting hybrid genetic 

algorithm that combine local search, compared with the most basic 

genetic algorithm. In addition, existing domain knowledge was reflected 

in the local search process by using the correlation coefficient of each 
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property and construction cost to influence the calculation of the 

optimum weight.
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Appendix

A. Hybrid genetic algorithm code of Case 1(APT) 

from sklearn.neighbors import KNeighborsRegressor
import pandas as pd
import numpy as np
import random
from sklearn.model_selection import train_test_split
import copy
from operator import itemgetter, attrgetter
from pandas import Series, DataFrame
import matplotlib
import matplotlib.pyplot as plt
from sklearn.neighbors import KNeighborsRegressor
import pandas as pd
import numpy as np
import random
from sklearn.model_selection import train_test_split
import copy
from operator import itemgetter, attrgetter
from pandas import Series, DataFrame
import matplotlib
import matplotlib.pyplot as plt
df = pd.read_csv('C:/Users/d/Desktop/개인연구
/GA/Data/use_data/data_apt_caseDB_original_.csv',encoding = 
"cp949",index_col=0)

df=np.array(df)
hang=len(df[0])-1
def correlation():
    correlation=DataFrame(df)
    corr=correlation.corr()
    corr=np.array(corr)
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    corr=corr[-1]
    corr=corr[0:-1]
    corr=abs(corr)
    return corr
#정규화
df1=df[:,0:-1]
df3=df[:,-1:]

df1= (df1-df1.min(axis=0))/(df1.max(axis=0)-df1.min(axis=0))
df=np.hstack([df1,df3])
 
cor=correlation()
def weightset():
    w=[]
    random.seed(15)
    for _ in range(100):
        L = []
        for _ in range(hang):
            L.append(random.random())
        w.append(L)
    weight=[]
    for i in range(100):
        weight.append(list(map(lambda x:x/sum(w[i]),w[i])))        
    #local optimization
    b=weight*cor
    localweight=[]
    for i in range(len(weight)):
        localweight.append(list(map(lambda x:x/sum(b[i]),b[i])))
    localw=np.sqrt(localweight)
    return localw, np.array(localweight)
 

def weightset2():
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    weight=[]
    weight=lastgeneration
    
    a=weight[:5]
    b=weight[5:]*cor
    localweight=[]
    for i in range(len(b)):
        localweight.append(list(map(lambda x:x/sum(b[i]),b[i])))
    localweight=np.vstack((a,localweight))
    localw=np.sqrt(localweight)
    return localw, np.array(localweight)
def K():
    Error = []
    for i in range(len(w)):
        df2=df.copy()
        df2[:,0:-1]=df2[:,0:-1]*w[i]
        df2_train, df2_test = train_test_split(df2, test_size=0.3, 
random_state = 0)
        
        X_Train=df2_train[:,0:-1]
        Y_Train=df2_train[:,-1]
        knn = KNeighborsRegressor(n_neighbors=3)
        knn.fit(X_Train, Y_Train)
        X_Test=df2_test[:,0:-1]
        Y_Test=df2_test[:,-1]
        
        prediction = knn.predict(X_Train)    
        Error.append(np.mean(abs(((prediction - 
Y_Train)/Y_Train)*100)))
        
    return np.array(Error)
def fitsort():
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    aaa=K()
    
    if np.array_equal(w , weightset()[0] ):
        temp=weightset()
    else :
        temp=weightset2()
        
    aaa=aaa.reshape(100,1)    
 
    fi=[]
    for i in range(len(temp[1])):
        fi.append((max(aaa)-aaa[i])+(max(aaa)-min(aaa))/3)
    
    WW=np.hstack((fi,aaa,temp[1]))
 
    WW=sorted(WW, key=itemgetter(1),reverse=False)
    return WW
#우수유전자남기기
def elitism(a):
    WW=fitsort()
    elite=[]
    for i in range(a):
        elite.append(WW[i][2:])
    return elite
#룰렛휠
def selection(b):
    WW=fitsort()
    select=[]
    
    num=True
    while num:
        ssum = 0
        sumoffitness = 0
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        for i in range(len(WW)):
            sumoffitness += WW[i][0]
        point=random.uniform(0, sumoffitness)
        for j in range(len(WW)):
            ssum += WW[j][0]
            qwer=WW[j][2:]
            qwer=qwer.tolist()
            if ssum > point:
                if not(qwer in select):
                    select.append(qwer)
                elif qwer in select:
                    continue
                break
        
            if len(select)+1 == b:
                num=False
    return select
##crossover 
def crossover(c):
    WW=fitsort()
    ww=[]
    for i in range(len(WW)):
        ww.append(WW[i][2:])
    cross=[]
    qwe=[]
    check=0
    for i in range(c):
        for j in range(hang):
            qwe.append((ww[i][j]+ww[i+1][j])/2)
            
    for i in range(c):
        cross.append(qwe[hang*i:hang*(i+1)])
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    return cross
 
#mutation
def mutation(d):
    WW=fitsort()
    ww=[]
    mutate=[]
    for i in range(len(WW)):
        ww.append(WW[i][2:])
    for _ in range(d):
        aa=[]
        ee=random.choice(ww)
        if ee[0]<0.5:
            ee=ee+0.01
        else:
            ee=ee-0.01
        for i in range(len(ee)):
            aa.append(ee[i]/sum(ee))
        mutate.append(aa)
    return mutate
 
def newgeneration(a,b,c,d):
    
    newgeneration=[]
    
newgeneration=np.vstack((elitism(a),selection(b),crossover(c),mutati
on(d)))
    return newgeneration
def GA(a,b,c,d,e):
    wlist=[]
    kk=[]
    for i in range(e):
        global lastgeneration
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        if i == 0:
            lastgeneration=weightset()    
            #print('generation_number:',generation_number)
            global w
            w=lastgeneration[0]
            global weight
            weight=lastgeneration[1]
        
            lastgeneration=newgeneration(a,b,c,d)    
            wlist.append(np.sqrt(lastgeneration))        
        else:
            #print('generation_number:',generation_number)
            #print(weight)
            nextweight=weightset2()
            w=nextweight[0]
            weight=nextweight[1]
            
            lastgeneration=newgeneration(a,b,c,d)    
            wlist.append(np.sqrt(lastgeneration))           
            
        w=wlist[i]
        k=np.min(K())
        #print(lastgeneration)
        print(k)
    return lastgeneration
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B. Hybrid genetic algorithm code of Case 2(Military 

Facility) 

from sklearn.neighbors import KNeighborsRegressor
import pandas as pd
import numpy as np
import random
from sklearn.model_selection import train_test_split
import copy
from operator import itemgetter, attrgetter
from pandas import Series, DataFrame
import matplotlib
import matplotlib.pyplot as plt
from sklearn.neighbors import KNeighborsRegressor
import pandas as pd
import numpy as np
import random
from sklearn.model_selection import train_test_split
import copy
from operator import itemgetter, attrgetter
from pandas import Series, DataFrame
import matplotlib
import matplotlib.pyplot as plt
df = pd.read_csv('C:/Users/d/Desktop/개인연구
/GA/Data/use_data/data_military_case.csv',encoding = 
"cp949",index_col=0)
#df = 
pd.read_csv('C:/Users/samsolutiong/eclipse-workspace/datasetU.c
sv',encoding = "cp949",index_col=0)
df=np.array(df)
hang=len(df[0])-1
def correlation():
    correlation=DataFrame(df)
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    corr=correlation.corr()
    corr=np.array(corr)
    corr=corr[-1]
    corr=corr[0:-1]
    corr=abs(corr)
    return corr
#정규화
df1=df[:,0:-1]
df3=df[:,-1:]
df1= (df1-df1.min(axis=0))/(df1.max(axis=0)-df1.min(axis=0))
df=np.hstack([df1,df3])
cor=correlation()

def weightset():
    ## len(df.loc[1]) 이 행의 수
    w=[]
    random.seed(15)
    for _ in range(100):
        L = []
        for _ in range(hang):
            L.append(random.random())
        w.append(L)
    weight=[]
    for i in range(100):
        weight.append(list(map(lambda x:x/sum(w[i]),w[i])))        
    #local optimization
    b=weight*cor
    localweight=[]
    for i in range(len(weight)):
        localweight.append(list(map(lambda x:x/sum(b[i]),b[i])))
    localw=np.sqrt(localweight)
    return localw, np.array(localweight)
def weightset2():
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    weight=[]
    weight=lastgeneration
    
    
    #local optimization
    
    a=weight[:5]
    b=weight[5:]*cor
    localweight=[]
    for i in range(len(b)):
        localweight.append(list(map(lambda x:x/sum(b[i]),b[i])))
    localweight=np.vstack((a,localweight))
    localw=np.sqrt(localweight)
    return localw, np.array(localweight)
def K():
    Error = []
    for i in range(len(w)):
        df2=df.copy()
        df2[:,0:-1]=df2[:,0:-1]*w[i]
        df2_train, df2_test = train_test_split(df2, test_size=0.3, 
random_state = 0)
        
        X_Train=df2_train[:,0:-1]
        Y_Train=df2_train[:,-1]
        knn = KNeighborsRegressor(n_neighbors=3)
        knn.fit(X_Train, Y_Train)
        X_Test=df2_test[:,0:-1]
        Y_Test=df2_test[:,-1]
        
        prediction = knn.predict(X_Train)    
        Error.append(np.mean(abs(((prediction - 
Y_Train)/Y_Train)*100)))
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    return np.array(Error)
def fitsort():
    aaa=K()
    
    if np.array_equal(w , weightset()[0] ):
        temp=weightset()
    else :
        temp=weightset2()
        
    aaa=aaa.reshape(100,1)    
    fi=[]
    for i in range(len(temp[1])):
        fi.append((max(aaa)-aaa[i])+(max(aaa)-min(aaa))/3)
    
    WW=np.hstack((fi,aaa,temp[1]))

    WW=sorted(WW, key=itemgetter(1),reverse=False)
    return WW
#우수유전자남기기
def elitism(a):
    WW=fitsort()
    elite=[]
    for i in range(a):
        elite.append(WW[i][2:])
    return elite
#룰렛휠
def selection(b):
    WW=fitsort()
    select=[]
    
    num=True
    while num:
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        ssum = 0
        sumoffitness = 0
        for i in range(len(WW)):
            sumoffitness += WW[i][0]
        point=random.uniform(0, sumoffitness)
        for j in range(len(WW)):
            ssum += WW[j][0]
            qwer=WW[j][2:]
            qwer=qwer.tolist()
            if ssum > point:
                if not(qwer in select):
                    select.append(qwer)
                elif qwer in select:
                    continue
                break
        
            if len(select)+1 == b:
                num=False
    return select
##crossover 
def crossover(c):
    WW=fitsort()
    ww=[]
    for i in range(len(WW)):
        ww.append(WW[i][2:])
    cross=[]
    qwe=[]
    check=0
    for i in range(c):
        for j in range(hang):
            qwe.append((ww[i][j]+ww[i+1][j])/2)
            
    # 가중치의 개수씩 배열묶음



67

    for i in range(c):
        cross.append(qwe[hang*i:hang*(i+1)])
        
    return cross
#mutation
def mutation(d):
    WW=fitsort()
    ww=[]
    mutate=[]
    for i in range(len(WW)):
        ww.append(WW[i][2:])
    for _ in range(d):
        aa=[]
        ee=random.choice(ww)
        if ee[0]<0.5:
            ee=ee+0.01
        else:
            ee=ee-0.01
        for i in range(len(ee)):
            aa.append(ee[i]/sum(ee))
        mutate.append(aa)
    return mutate
def newgeneration(a,b,c,d):
    
    newgeneration=[]
    
newgeneration=np.vstack((elitism(a),selection(b),crossover(c),mutati
on(d)))
    return newgeneration
def GA(a,b,c,d,e):
    wlist=[]
    kk=[]
    for i in range(e):
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        global lastgeneration
        if i == 0:
            lastgeneration=weightset()    
            #print('generation_number:',generation_number)
            global w
            w=lastgeneration[0]
            global weight
            weight=lastgeneration[1]
        
            lastgeneration=newgeneration(a,b,c,d)    
            wlist.append(np.sqrt(lastgeneration))        
        else:
            #print('generation_number:',generation_number)
            #print(weight)
            nextweight=weightset2()
            w=nextweight[0]
            weight=nextweight[1]
            
            lastgeneration=newgeneration(a,b,c,d)    
            wlist.append(np.sqrt(lastgeneration))           
            
        w=wlist[i]
        k=np.min(K())
        #print(lastgeneration)
        print(k)
    return lastgeneration
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C. Hybrid genetic algorithm code of Case 3(Office) 

from sklearn.neighbors import KNeighborsRegressor
import pandas as pd
import numpy as np
import random
from sklearn.model_selection import train_test_split
import copy
from operator import itemgetter, attrgetter
from pandas import Series, DataFrame
import matplotlib
import matplotlib.pyplot as plt
from sklearn.neighbors import KNeighborsRegressor
import pandas as pd
import numpy as np
import random
from sklearn.model_selection import train_test_split
import copy
from operator import itemgetter, attrgetter
from pandas import Series, DataFrame
import matplotlib
import matplotlib.pyplot as plt
df = pd.read_csv('C:/Users/d/Desktop/개인연구
/GA/Data/use_data/data_office_caseDB.csv',encoding = 
"cp949",index_col=0)
#df = 
pd.read_csv('C:/Users/samsolutiong/eclipse-workspace/datasetU.c
sv',encoding = "cp949",index_col=0)
df=np.array(df)
hang=len(df[0])-1
def correlation():
    correlation=DataFrame(df)
    corr=correlation.corr()
    corr=np.array(corr)
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    corr=corr[-1]
    corr=corr[0:-1]
    corr=abs(corr)
    return corr
#정규화
df1=df[:,0:-1]
df3=df[:,-1:]

df1= (df1-df1.min(axis=0))/(df1.max(axis=0)-df1.min(axis=0))
df=np.hstack([df1,df3])
cor=correlation()
def weightset():
    w=[]
    random.seed(25)
    for _ in range(100):
        L = []
        for _ in range(hang):
            L.append(random.random())
        w.append(L)
    weight=[]
    for i in range(100):
        weight.append(list(map(lambda x:x/sum(w[i]),w[i])))        
    #local optimization
    b=weight*cor
    localweight=[]
    for i in range(len(weight)):
        localweight.append(list(map(lambda x:x/sum(b[i]),b[i])))
    localw=np.sqrt(localweight)
    return localw, np.array(localweight)

def weightset2():
    
    weight=[]
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    weight=lastgeneration
    
    
    #local optimization
    
    a=weight[:5]
    b=weight[5:]*cor
    localweight=[]
    for i in range(len(b)):
        localweight.append(list(map(lambda x:x/sum(b[i]),b[i])))
    localweight=np.vstack((a,localweight))
    localw=np.sqrt(localweight)
    return localw, np.array(localweight)
def K():
    Error = []
    for i in range(len(w)):
        df2=df.copy()
        df2[:,0:-1]=df2[:,0:-1]*w[i]
        df2_train, df2_test = train_test_split(df2, test_size=0.3, 
random_state = 0)
        
        X_Train=df2_train[:,0:-1]
        Y_Train=df2_train[:,-1]
        knn = KNeighborsRegressor(n_neighbors=3)
        knn.fit(X_Train, Y_Train)
        X_Test=df2_test[:,0:-1]
        Y_Test=df2_test[:,-1]
        
        prediction = knn.predict(X_Train)    
        Error.append(np.mean(abs(((prediction - 
Y_Train)/Y_Train)*100)))
        
    return np.array(Error)
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def fitsort():
    aaa=K()
    
    if np.array_equal(w , weightset()[0] ):
        temp=weightset()
    else :
        temp=weightset2()
        
    aaa=aaa.reshape(100,1)    
    fi=[]
    for i in range(len(temp[1])):
        fi.append((max(aaa)-aaa[i])+(max(aaa)-min(aaa))/3)
    
    WW=np.hstack((fi,aaa,temp[1]))

    WW=sorted(WW, key=itemgetter(1),reverse=False)
    return WW
#우수유전자남기기
def elitism(a):
    WW=fitsort()
    elite=[]
    for i in range(a):
        elite.append(WW[i][2:])
    return elite
#룰렛휠
def selection(b):
    WW=fitsort()
    select=[]
    
    num=True
    while num:
        ssum = 0
        sumoffitness = 0
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        for i in range(len(WW)):
            sumoffitness += WW[i][0]
        point=random.uniform(0, sumoffitness)
        for j in range(len(WW)):
            ssum += WW[j][0]
            qwer=WW[j][2:]
            qwer=qwer.tolist()
            if ssum > point:
                if not(qwer in select):
                    select.append(qwer)
                elif qwer in select:
                    continue
                break
        
            if len(select)+1 == b:
                num=False
    return select
##crossover 
def crossover(c):
    WW=fitsort()
    ww=[]
    for i in range(len(WW)):
        ww.append(WW[i][2:])
    cross=[]
    qwe=[]
    check=0
    for i in range(c):
        for j in range(hang):
            qwe.append((ww[i][j]+ww[i+1][j])/2)
            
    for i in range(c):
        cross.append(qwe[hang*i:hang*(i+1)])
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    return cross
#mutation
def mutation(d):
    WW=fitsort()
    ww=[]
    mutate=[]
    for i in range(len(WW)):
        ww.append(WW[i][2:])
    for _ in range(d):
        aa=[]
        ee=random.choice(ww)
        if ee[0]<0.5:
            ee=ee+0.01
        else:
            ee=ee-0.01
        for i in range(len(ee)):
            aa.append(ee[i]/sum(ee))
        mutate.append(aa)
    return mutate
def newgeneration(a,b,c,d):
    
    newgeneration=[]
    
newgeneration=np.vstack((elitism(a),selection(b),crossover(c),mutati
on(d)))
    return newgeneration
def GA(a,b,c,d,e):
    wlist=[]
    kk=[]
    for i in range(e):
        global lastgeneration
        if i == 0:
            lastgeneration=weightset()    
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            #print('generation_number:',generation_number)
            global w
            w=lastgeneration[0]
            global weight
            weight=lastgeneration[1]
        
            lastgeneration=newgeneration(a,b,c,d)    
            wlist.append(np.sqrt(lastgeneration))        
        else:
            #print('generation_number:',generation_number)
            #print(weight)
            nextweight=weightset2()
            w=nextweight[0]
            weight=nextweight[1]
            
            lastgeneration=newgeneration(a,b,c,d)    
            wlist.append(np.sqrt(lastgeneration))           
            
        w=wlist[i]
        k=np.min(K())
        #print(lastgeneration)
        print(k)
        
    return lastgeneration
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국 문 초 록

  건설프로젝트 초기 단계의 사업비 추정치는 사업지의 결정이나 

공사 기간과 같은 중요한 사항에서 사업자의 의사결정에 상당한 

영향을 미친다. 그러나 초기 단계는 설계도서나 시방서 등의 정보가 

부족한 채로 진행되기 때문에 신뢰도 있게 수행하기 어렵다. 기존 

연구에서는 초기 공사비를 예측하기 위해 사례기반추론을 

사용했으며, 그 중 조회단계의 가중치를 계산하는 방법으로 유전자 

알고리즘을 사용했다. 

   유전자 알고리즘은 대표적인 전역해 탐색 기법이며 기존 유전자 

알고리즘은 임의의 수로 연산하기 때문에 현재해보다 좋은 성능을 

내기 힘들다는 한계가 있다. 그래서 이것은 지역 최적화 방법과 

혼합해 사용했을 때 성능이 향상된다는 것이 다른 분야의 기존 

연구들을 통해 증명되었다. 하지만 유전자 알고리즘을 사용해 건설 

공사비를 예측하는 기존 연구들은 지역 최적화 방법과 혼합하지 

않은 전역탐색 방법으로써의 유전자 알고리즘을 사용한다.

  이러한 한계를 극복하기 위해 임의의 수가 아닌 상관분석을 

이용한 상관계수를 지역탐색의 방법으로 유전자 알고리즘에 

반영하고, 지역탐색과 유전자 알고리즘을 결합한 혼합형 유전자 

알고리즘으로 가중치를 산정한다. 산정한 가중치를 사용하여 

사례기반추론 모델을 개발하고 데이터를 통해 유효성을 검증하였다. 

유효성 검증에는 각 공공 아파트, 군 시설물, 업무시설의 데이터를 

사용하였다.

그 결과, 지역탐색을 적용한 혼합형 GA-CBR이 기존 
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GA-CBR보다 우수한 성능을 보인 것으로 확인되었고, 뿐만 아니라 

동일가중치법, 회귀분석법같은 기존의 방법론보다 성능이 좋은 

것으로 확인되었다.

 

   

주요어: 공사비예측, 사례기반추론, 혼합형 유전자 알고리즘, 

지역탐색, 상관분석

학  번: 2018-27135
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