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Abstract: Since the early 1980s, the Korean government has rapidly boosted residential buildings to
cope with substantial housing shortages. However, as buildings have been aging simultaneously,
the performance of a large number of residential buildings has deteriorated. A government plan to
upgrade poor housing performance through renovation is being adopted. However, the difficulty
of accurate construction cost prediction in the early stages has a negative effect on the renovation
process. Specifically, the relationship between renovation design elements and construction work
items has not been clearly revealed. Thus, construction experts use premature intuition to predict
renovation costs, giving rise to a large difference between planned and actual costs. In this study,
a new approach links the renovation design elements with construction work items. Specifically, it
effectively quantifies design factors and applies data-driven estimation using the simulation-based
deep learning (DL) approach. This research contributes the following. First, it improves the reliability
of cost prediction for a data-scarce renovation project. Moreover, applying this novel approach
greatly reduces the time and effort required for cost estimation. Second, several design alternatives
were effectively examined in an earlier stage of construction, leading to prompt decision-making for
homeowners. Third, rapid decision-making can provide a more sustainable living environment for
residents. With this novel approach, stakeholders can avoid a prolonged economic evaluation by
selecting a better design alternative, and thus can maintain their property holdings in a smarter way.

Keywords: aged housing; renovation cost; early estimation; deep learning

1. Introduction
1.1. Research Background

The dominant type of residential building in Korea is the high-rise apartment. With
the country’s rapid economic growth, a large number of apartments have been erected
in urban areas over a short period. Currently, these apartments are aging, and housing
performance is insufficient compared to that of newer apartments. Accordingly, many
homeowners want to improve their housing’s performance by either renovating or recon-
structing their apartment buildings. However, a renovation approach is not preferable due
to the uncertain economic benefit. Therefore, the government provides additional benefits
to renovation businesses in an effort to reduce the environmental burden of reconstruction.
One of the key bottlenecks in renovation projects is prolonged decision-making among
various stakeholders, such as homeowners, financiers, designers, engineers, and contrac-
tors. Consequently, increasing the reliability of cost prediction is a key solution. Currently,
renovation cost is estimated by unreliable calculations based on the experiences of only a
few construction experts. This does not properly explain how the calculated construction
costs are linked to the design alternatives proposed by the owners [1]. The reasons for this
are as follows. First, the accumulated cost data are not sufficient due to the limited number
of cases. Second, no method has been identified for computing how each design element
is linked with renovation and new construction work items [2–4]. Thus, it is essential to
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recognize the hidden relationship between design factors and cost items. In general, the
construction cost per unit area decreases as the size of the construction increases. In contrast,
the renovation cost per unit area increases as the work scope expands. This is because
the amount of foundation reinforcement work increases, and additional load-bearing wall
reinforcement work on lower floors may be extensively required. Therefore, it is essential
to determine these design issues and their impacts on renovation cost [1].

Meanwhile, deep learning (DL) techniques have recently been introduced in various
research areas [5]. When DL is applied to the field of cost estimation, the accuracy and
speed increases significantly, compared to regression analysis and other approaches such as
case-based reasoning [6,7]. However, it is unlikely that this approach will be widely used
for renovation projects because of the difficulty of data acquisition. To overcome this issue,
a probabilistic approach is adopted in the industry [8]. Yet, there remains a research gap
in terms of how to guarantee the reliability of cost estimation with a scarce dataset when
predicting the cost in the renovation project.

The purpose of this study is to present a new algorithm for effectively estimating
the cost of apartment renovation in conjunction with a probabilistic DL approach. This
would provide a framework to facilitate the renovation projects by supporting the rational
decision-making of current renovation stakeholders at an earlier stage.

1.2. Research Process

This study was implemented using the following procedure. In the first stage, the
problem that there is currently no practical method for calculating the construction cost of
apartment renovation was revisited. In the second stage, a literature review was conducted
in three areas: schematic estimation, cost relationship analysis, and DL. In the third stage,
a concept for an estimation method using simulation-based DL was proposed based on
previous research. In the fourth stage, a system algorithm was developed and data analysis
was conducted using the Python language. Finally, the sustainable soundness of the
developed model was confirmed through a validation process.

2. Preliminary Investigation
2.1. Schematic Estimation

Schematic cost estimation plays an important role in early decision-making for build-
ing renovation projects. There are various types of cost estimation. These techniques
can be categorized into the parametric and analogue methods. The parametric method
estimates the construction cost after designating a standard unit cost, that is, cost estimation
relationships (CERs), while the analogous method calculates construction cost based on
similar past project information [9].

Due to the scarcity of historical data, renovation cost estimation is dependent on the
analogous method because it is very difficult to determine the appropriate CERs of the
project [10]. The estimation of renovation projects requires both quantitative and qualitative
information. The scope of work should be determined not only in renovation but also in
new construction buildings, to guarantee the reliability of cost prediction. Compared to
new building estimation, however, renovation cost is dependent on the existing building
conditions; that is, structural deterioration, and vertical and/or horizontal expansion needs
in conjunction with design factors.

The cost estimation method is also divided into the deterministic model (i.e., tra-
ditional percentage and/or expert judgement), the probabilistic model (i.e., regression,
and/or simulation) and the modernized model (i.e., fuzzy technique and/or artificial
neural network (ANN)) [11]. The deterministic model predicts the construction cost by
specifying a single number. The probabilistic model uses probabilistic correction through
a statistical method using a historical dataset [12]. The modernized model is a relatively
newly developed data-driven method.

In this study, the parametric and analogous methods were combined. To determine
the relationship between the design elements of the renovation and construction work
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types, the parametric approach is beneficial. Since the historical dataset is limited, expert
judgement is also essential. Expert judgement must be used to analyze the relationship
under more realistic project circumstances [1].

2.2. Relationship between Design Elements and Work Items

A study was conducted to investigate the relationship between design elements and
construction work items, or to develop a methodology that can be used for such concepts.
There are three types of methodologies in relation to this approach.

First, the Building Cost Information Service (BCIS) [13] published a report that iden-
tifies each design element of a building to provide a schematic estimation of it. They
scrutinized candidate design factors for renovation projects using the concept of design ele-
ments. Each potential design element was then confirmed by reconsidering the relationship
between design element and project cost.

Second, the Building and Construction Authority (BCA) published a report that scored
each design element of a building [14]. Each design element was quantified in terms
of project buildability. Thus, even for similar designs, buildability can be compared by
referring to the total score, and the design can be modified or changed accordingly.

Thirdly, the Weighted Risk Structure Matrix (WRSM) has been studied and adapted
in this study [15]. This method can easily express the relationship between a number of
design elements and the quantities of work items. Although WRSM clearly indicates the
relationship between stakeholders and risk items, it was modified in this study to indicate
the relationship between design elements and work items. Figure 1 shows the concept of
the WRSM. The matrix score indicates the magnitude of the influence between each design
element and the construction work item. For example, design element “A” is related to the
type of work “a”, and the magnitude of the association between them is “1.2”.
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2.3. Deep Learning-Based Estimation

Construction cost estimation has long been a topic of research. A more sophisticated
cost prediction method has been actively introduced in the industry, whereby the quality
of cost estimation determines the success or failure of a project. Various methodologies,
such as 5D CAD, rule-based expert systems, regression analysis, artificial neural networks
(ANNs) and DL, have been rigorously applied. Parametric estimates and regression
analyses that were developed in the 1970s are in use, not only in practical but also in
academic areas [15–17]. In the 2010s, DL, which overcame the limitations of ANNs, has
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attracted much attention [18,19]. Because DL finds the relationships among data, it is
regarded as a useful tool for cost estimation. It is also easy to update the algorithm by
inputting the existing dataset.

Figure 2 depicts the two different types of estimation process. In the traditional
method, the first step is to build an algorithm using a historical dataset. Second, the input
data are provided and compared with the output data. Third, if there is a difference between
the actual data and the output data, the proposed algorithm is revised to minimize the error.
As mentioned earlier, this method is very time-consuming and it requires tremendous effort
to modify the algorithm [20].
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In contrast, the DL method follows the following procedure: (1) input and output
data are collected at the same time, and (2) the computer builds a best-fit algorithm using
the dataset. There is an advantage to this process in that it omits the output validation
procedure. In addition, because a computer performs this process, a large amount of data
can be quickly analyzed and a modified algorithm is obtained automatically.

DL-based estimation research has been in progress for several decades [11–25]. DL
can also be used as a hybrid combined with other techniques [26,27]. The use of DL in
developing an estimation process is advantageous in terms of accuracy. However, the
internal operation algorithm remains undetermined, being referred to as a “black box”,
because it only requires input and output values. To compensate for these shortcomings, a
hybrid technique should be applied to determine the most appropriate output value by
changing the various input variables.

2.4. Discussion from Preliminary Investigation

An estimate procedure is needed to reflect the characteristics of apartment building
renovations. For this purpose, a variety of estimation methods have been investigated and
categorized into parametric and analogous methods. To make an accurate estimate, an
influential factor should be identified, and the relationship between the factors and work
items must be determined [1–15]. If there are numerous cases, it is appropriate to build a
traditional/manual estimation process. However, when project cases are scarce and not
easy to accumulate, the level of experience required for the update is very high and the
estimation process is time-consuming. Therefore, a new method for renovation projects
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should be developed to guarantee the reliability of cost estimation regardless of the number
of accumulated cases.

A number of studies have proven that DL is an excellent method for predicting data-
based construction costs [5,28]. Research on mixing various techniques in DL is emerg-
ing [29–31]. Various types of information is input in the construction cost prediction, but it
is difficult to predict all possible cases because the input information is limited. Thus, it is
plausible that the method of making various changes to the input value is applicable [32].

Specifically, this study aims to improve the interpretability of the estimation results.
The DL approach is problematic and time-consuming because the relationship among the
data is unclear. However, in this study, after dividing one project into work items, only
information that has some degree of relationship with the relevant work item is designated
as input data. As a result, the relationship can be effectively interpreted and the accuracy
level improved. A detailed methodology is provided in the subsequent sections.

3. Deep Learning-Based Apartment Renovation Cost Estimation System
3.1. System Concept

The conceptual process model is provided in Figure 3. The system consists of four
subsystems; that is, case treatment process (steps 1©– 3©), case linking process (steps 4©– 7©),
simulation process (steps

Sustainability 2022, 14, x FOR PEER REVIEW 5 of 17 
 

2.4. Discussion from Preliminary Investigation 
An estimate procedure is needed to reflect the characteristics of apartment building 

renovations. For this purpose, a variety of estimation methods have been investigated and 
categorized into parametric and analogous methods. To make an accurate estimate, an 
influential factor should be identified, and the relationship between the factors and work 
items must be determined [1–15]. If there are numerous cases, it is appropriate to build a 
traditional/manual estimation process. However, when project cases are scarce and not 
easy to accumulate, the level of experience required for the update is very high and the 
estimation process is time-consuming. Therefore, a new method for renovation projects 
should be developed to guarantee the reliability of cost estimation regardless of the num-
ber of accumulated cases. 

A number of studies have proven that DL is an excellent method for predicting data- 
based construction costs [5,28]. Research on mixing various techniques in DL is emerging 
[29–31]. Various types of information is input in the construction cost prediction, but it is 
difficult to predict all possible cases because the input information is limited. Thus, it is 
plausible that the method of making various changes to the input value is applicable [32]. 

Specifically, this study aims to improve the interpretability of the estimation results. 
The DL approach is problematic and time-consuming because the relationship among the 
data is unclear. However, in this study, after dividing one project into work items, only 
information that has some degree of relationship with the relevant work item is desig-
nated as input data. As a result, the relationship can be effectively interpreted and the 
accuracy level improved. A detailed methodology is provided in the subsequent sections. 

3. Deep Learning-Based Apartment Renovation Cost Estimation System 
3.1. System Concept 

The conceptual process model is provided in Figure 3. The system consists of four 
subsystems; that is, case treatment process (steps ①–③), case linking process (steps ④–⑦), simulation process (steps ⑧–⑪), and cost prediction process (steps ⑫–⑭). ), and cost prediction process (steps

Sustainability 2022, 14, x FOR PEER REVIEW 5 of 17 
 

2.4. Discussion from Preliminary Investigation 
An estimate procedure is needed to reflect the characteristics of apartment building 

renovations. For this purpose, a variety of estimation methods have been investigated and 
categorized into parametric and analogous methods. To make an accurate estimate, an 
influential factor should be identified, and the relationship between the factors and work 
items must be determined [1–15]. If there are numerous cases, it is appropriate to build a 
traditional/manual estimation process. However, when project cases are scarce and not 
easy to accumulate, the level of experience required for the update is very high and the 
estimation process is time-consuming. Therefore, a new method for renovation projects 
should be developed to guarantee the reliability of cost estimation regardless of the num-
ber of accumulated cases. 

A number of studies have proven that DL is an excellent method for predicting data- 
based construction costs [5,28]. Research on mixing various techniques in DL is emerging 
[29–31]. Various types of information is input in the construction cost prediction, but it is 
difficult to predict all possible cases because the input information is limited. Thus, it is 
plausible that the method of making various changes to the input value is applicable [32]. 

Specifically, this study aims to improve the interpretability of the estimation results. 
The DL approach is problematic and time-consuming because the relationship among the 
data is unclear. However, in this study, after dividing one project into work items, only 
information that has some degree of relationship with the relevant work item is desig-
nated as input data. As a result, the relationship can be effectively interpreted and the 
accuracy level improved. A detailed methodology is provided in the subsequent sections. 

3. Deep Learning-Based Apartment Renovation Cost Estimation System 
3.1. System Concept 

The conceptual process model is provided in Figure 3. The system consists of four 
subsystems; that is, case treatment process (steps ①–③), case linking process (steps ④–⑦), simulation process (steps ⑧–⑪), and cost prediction process (steps ⑫–⑭). ).

3.1.1. Case Treatment Process

Step 1© checks the unit area cost and unit work cost by construction type in historical
cases. For this study, 15 cases were used in the system. Table 1 provides the partial
information. In step 2©, 36 work items are classified. In step 3©, a database is constructed
using the design element information corresponding to each case project.

Table 1. Historical apartment renovation data (partial).

Project Characteristics/Design Element Case Project
A B C

Quantity/Cost
information

Q1. Location Seoul Seoul Sung-Nam

Q2. No. of households 120–138 1753–2015 770–877

Q3. Building area (m2) 1037–1725 8294–14,883 5672–8722

Q4. Building-to-land ratio 21.4–35.6 15.6–28 15.1–23.2

Q5. Total ground area 11,490–18,787 97,362–153,987 64,734–95,683

Q6. Total underground area 1094–7110 8018–93,453 7893–53,200

Q7. No. of floors 15–18 15–18 18–20

Q8. No. of parking lot floors 0–2 1–3 1–3

Q9. Unit cost (KRW/m2) 1484 K 1296 K 2078 K

Area
A1. No. of core expansion 0 0 1

A2. Degree of balcony expansion 10 10 10

Parking lot

B1. Ground parking lot expansion 0 0 0

B2. Underground parking lot expansion 2 2 2

B3. Elevator hall extension to underground 2 3 3

Existing structural
feature

C1. Structural safety rating B B B

C2. Structure type wall wall wall

New structural feature

D1. Bearing wall demolition 20 10 10

D2. Piloti utilization no yes no

D3. Degree of seismic reinforcement large large large
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Table 1. Cont.

Project Characteristics/Design Element Case Project
A B C

Other features

E1. Foundation type PHC pile PHC pile PHC pile

E2. Degree of interior renovation high high high

E3. Degree of exterior renovation high high high

E4. Degree of landscaping high high high

E5. Building facilities high high high

E6. Insulation work type high high high

E7. Pit layer change change change change

E8. Anti-noise improvement high high medium

E9. HVAC change change change change
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3.1.2. Case Linking Process

In step 4©, a row in the data table is generated using the classified work type. Step
5© is configuring the column in the table created in step 4©. After going through steps
4©– 5©, the design element–work item matrix is completed. Step 6© encodes the probability

distribution of the work type in the design element–work item matrix. This step was
performed with the help of experts. If it is determined that a certain design factor and
work item are interrelated, the probability distribution of the cost factor is input. For the
purpose of this study, a triangular distribution was applied in this process, whereby there
is an unclear relationship between design elements and work items. Step 7© produces the
final set in the design element–work item probability distribution table.

3.1.3. Simulation Process

In step 8©, a DL process is executed in conjunction with a Monte Carlo simulation. In
this process, the bot project and design information are input. Using the pre-determined
data from the previous matrix and the unit cost, a single DL input–output table is obtained.
Step 9© shows the simulation operation using the DL approach. The Python program was
adopted to execute the DL operation. Step
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⑪ ⑫ ⑬ ⑭ , the data in the table of design
element–work–probability distribution are corrected by selecting the value with the least
error among those compared in step

1 
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.

3.2. Design Element–Work Item Matrix

The partial design element–work item matrix is provided in Table 2. Out of 15 historical
projects, 3 were used in this study (see Table 1). The quantity data, design elements, and
unit costs of each case project are summarized in the table. The quantity data for each
case, before and after renovation, can be compared. The design elements are broken down
into five categories and then further divided into 16 sub-elements. These case projects, all
located in metropolitan Seoul and nearby areas, were completed within the last ten years.

The following observations can be gathered from Table 2. First, a strong relationship
can be easily inferred from the matrix. For example, there is a strong relationship between
the data on the building area, building-to-land ratio, ground floor area, and underground
floor area. Second, it is expected that there will be a proportional relationship between
each data value, but there are some without. For example, it is expected that there will
be a strong proportional relationship between the number of households and the unit
area construction cost, but the data show no such relationship. Third, although there
seems to be no proportional relationship with each data value, some data are expected to be
proportional when considered in conjunction with experience. For example, the information
contained in “features” offers the same data in most cases. However, in the case of exterior
wall construction, the total construction cost is expected to vary considerably depending
on exterior deterioration, but such content is not shown in relation to the construction cost.
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Table 2. Design element–work item relationship.

Work Item Project Information
Unit Cost
(KRW/m2)Level 1 Level 2 Level 3 Level 4 Quantity

Information
Design Element (Prob. Type,

Range)

Upper-
ground

Renovation

Demolition

Interior Q5 E2 (3, 2.0~3.0) 8.22

Structure Q3, Q7 A1 (5, 0.8~1.2), B3 (6, 1.0~1.4),
D1(1, 2.0~2.2), D2 (5, 1.3~1.7) 8.22

MEP Q3, Q7 E5 (6, 1.0~1.4) 8.22

Exterior Q5, Q7 E3 (8, 1.0~1.2) 8.22

Structural
enforce-

ment

Foundation Q3 C1 (4, 1.0~1.2) C2 (4, 1.0~1.2) 10.49

Structure Q3, Q7 C1 (6, 1.3~1.7) 10.49

Seismic Q3, Q7 D3 (4, 2.0~3.0) 10.49

Common

Mobilization
Indirect Q3 N/A 13.35

Direct Q3, Q7 N/A 13.35

New con-
struction

Structure Q3, Q7 A2 (3, 2.0~3.0), B1 (5, 0.8~1.2), B3
(1, 1.0~1.4) 10.49

Masonry Q3, Q7 E2 (8, 2.0~2.5) 3.81

Plaster Q3, Q7 A2 (9, 2.0~3.0), E2 (9, 2.0~3.0), E8
(9, 2.0~3.0) 9.06

Water proof Q3, Q7 E2 (5, 2.4~2.6) 2.86

Tile Q3, Q7 A2 (5, 2.4~2.6), E2 (5, 2.4~2.6) 6.2

Steel Q3, Q7 E2 (2, 2.5~3.0) 12.87

Stone Q3, Q7 E2 (2, 2.5~3.0) 23.84

Exterior Q3, Q5, Q7 E3 (6, 0.9~1.5), E6 (6, 0.9~1.5) 6.68

Window Q3, Q7 E2 (8, 2.0~2.5) 36.24

Paint Q3, Q7 E2 (8, 2.0~2.5) 1.91

Finishing Q3, Q7 E2 (8, 2.0~2.5) 9.06

Underground

Renovation

Demolition
Structure-

related Q6 A1 (5, 0.9~1.1), B3 (6, 1.0~1.4) 8.34

MEP-related Q6 N/A 8.34

Structural
enforce-

ment

Structure type Q3, Q7 C1 (4, 1.0~12.0), C2 (4, 1.2~1.8) 4.2

Current
condition Q3, Q7 C1 (4, 1.0~2.0) 4.2

Seismic Q3, Q7 D3 (4, 1.0~20) 4.2

Foundation Q3, Q7 E1 (3, 1.7~2.3) 4.2

Earthwork
Pile Q3, Q7 B2 (1, 1.5~2.0) 43.39

Shoring Q3 B2 (1, 1.5~2.0) 32.42

Common

Structural work Q6 B2 (3, 1.7~2.3), B3 (1, 0.9~1.4), E7
(5, 1.4~1.6) 4.20

Masonry Q6 N/A 1.91

Plasterer Q6 N/A 4.77

Paint Q6 N/A 0.95

Others Common

Mechanical Q5 E9 (5, 1.4~1.7) 52.45

Electric Q5 N/A 55.79

Landscape Q5 B1 (5, 0.9~1.1), E4 (5, 1.1~1.3) 12.87

MISC Q5, Q6 N/A 20.50
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In executing DL-based cost estimation, the input–output dataset is essential for devel-
oping the cost calculation formulas and algorithms. However, to improve the reliability of
cost prediction for a renovation project, it is recommended that a unique cost calculation
model be used by incorporating the specific relationships among the provided data. This
study analyzes such relationships in connection with each type of renovation work item.
To achieve this, the relationship between design elements and renovation work types was
analyzed and the results are shown in Table 2.

As seen in Table 2, each work item in relation to renovation is divided into 36 types,
and the design elements expected to be interrelated to each work type are linked. For this
purpose, each work type is further classified into overground, underground, etc. For the
design elements, the relationship between construction work types and design elements
has been identified in a series of workshops with experienced industry practitioners.

The following can be inferred from Table 2. First, among 36 construction work types,
28 were analyzed in association with each design element. Apparently, it is appropriate
to calculate the construction cost for each type of work. Second, in the case of structural
demolition work, it is predicted that four design elements (A1, B3, D1, D2) are influenced
by estimating aged housing renovation. Thus, it is necessary to consider several design
factors simultaneously while calculating the construction cost for each type of construction.
Third, in the case of the common type of overground construction, it is mainly related
to the interior (E2) and exterior design (E3). It is difficult to determine the relationship
between the design elements and construction types. Therefore, it is necessary to relate it
to the quantity information (QI). The factor types are classified in Table 2, and are denoted
in Figure 4.
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There are three major types of construction cost: the type with no variation from
the median value (types 3, 5, and 8), the type with slight variation (types 3, 6, and 9),
and the type with large variation (types 1, 4, and 7). Nine probability types of design
elements–work items were classified. Each probability distribution was used in this study.

It is noteworthy that the characteristics of probability types should be linked to indi-
vidual design elements, as shown in Table 2. For types 1, 4, 6 and 7, significant difficulty
is expected in predicting construction costs. Specifically, probability types belonging to
underground renovation show many of type 4. In addition, it is expected that a wider
range should be considered for construction cost prediction. Consequently, a Monte Carlo
simulation was applied to the construction cost prediction in this study, by considering the
uncertainty issue arising from DL and expert prediction.
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3.3. Deep-Learning and Monte Carlo Simulation

Details of the use of DL and expert advice in the Monte Carlo simulation are shown in
Figure 4. The columns in Figure 4 are divided into work factor distribution (type), quantity
information, and proposed work unit area cost. “Work” is comprised of the 36 types of
work presented above. The “Factor” distribution is the actual value applied to Case A.
Because there are differences in the design elements applied in each case, this value also
differs for each case. As with the design elements, quantity information was classified
as related to construction type. In terms of quantity information, one to three pieces of
information are associated with each type of work. Finally, the proposed work unit area
cost is suggested. The most expensive construction type is the common electric construction
type, and the cheapest is the underground paint construction type. It is important to note
that this value is not calculated in conjunction with QI, but rather the construction cost for
each construction type calculated for each ratio of the total construction cost. Therefore, it
may be distorted when directly linked to QI.

The following can be inferred from Table 2. First, the work items, design elements,
and QI must be considered simultaneously. For example, it can be seen that the “upper
ground-renovation-demolition-structure” work is related to four design elements and to
two general information elements (building area and floors). This is different from previous
studies that correlated all data, and it is clearly more feasible to use DL by finding such a
relationship. Through this, it is expected that some of the black box problems, the inherent
problems of DL, can be solved [7]. Second, a probability distribution is set for each case.
For example, in the case of the work mentioned in (1), it can be seen that values are set for
each design element (0.8~1.2, 1.0~1.8, 2.0~2.2, 1.3~1.7). Therefore, it is possible to reflect
the uncertainty of the specific design elements applied to each case. Third, the values are
calculated for each type of work. As discussed in Figure 2, construction costs are calculated
for each type of construction; hence, it is possible to analyze each calculated result in
more detail.

3.4. Deep Learning Coding

Python®, Tensorflow®, and Keras® were used to perform DL. A screenshot of the DL
programming, Phycharm®, is depicted in Figure 5. The coding process was divided into
four parts. As shown in Figure 5, part 1© uploads the essential processing tools before
executing the DL program. They are Numpy®, a tool for processing raw data, Pandas® for
loading rows and columns in the database, and Chardet® for loading the CSV file format.
In part 2©, DL can be executed by entering the path where the CVS file exists. In part
3©, the positions of input(x) and output(y) in the database are designated, and the use of

the Sequential Neural Network is allocated. Next, the number of layers is specified. The
function used in the layer is a mixture of a rectified linear unit (ReLU) and sigmoid. In
part 4©, the method used to calculate and display the value is entered. The Mean Absolute
Percentage Error (MAPE) is employed as the system error value. It has been designed to
study 1000 times, and although it takes a long time, each case is entered so that a more
accurate value can be calculated.

Figure 6 depicts an example of the DL output obtained by the DL coding process.
Thirteen historical projects were used. In predicting the renovation cost, the two real
case projects failed to match the output of the DL approach. Although the accuracy level
happens to be high (error value of 4.1936), this DL approach has limitations in predicting
the renovation cost because this single DL process cannot guarantee the reliability of cost
prediction, as discussed in Simulation-based DL Results.
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To expand the dataset by combining the Monte Carlo simulations, each work item was
simulated based on the probability type, as discussed earlier. Therefore, 3600 (=36 × 100)
simulation runs were incorporated into the DL algorithm. Each simulation constructed
1000 deep learning sets and output the MAPE as the result. If the simulation runs were
used for the previous DL program, the averaged error was calculated. In Table 3, the
simulation-based DL approach cost prediction results are provided. Using 15 real case
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projects, most work items were effectively predicted in terms of cost estimation, with a
marginal error value. Out of a total of 100 simulations, the least error simulation run was
obtained with an averaged error of 7.7%. The standard deviation of the error was 14.1%,
as shown in Table 3. Unfortunately, the best-fit simulation run does not guarantee the
accuracy level of all work types.

Table 3. Simulation-based DL result.

Work Item
MAPE (%)

Level 1 Level 2 Level 3 Level 4

Upper Ground

Renovat’n

Demolit’n

Interior 3.4
Structure 4.1

MEP 3.1
Exterior 3.8

Strct. Enforcemt
Foundation 3.1

Structure 3.4
Seismic 3.5

Common

Mobilizt’n
Indirect 2.6
Direct 2.7

New
Construct’n

Structure 2.6
Masonry 8.7
Plaster 24.8

Waterproof 1.6
Tile 10.9
Steel 2.6
Stone 2.6

Exterior 3.5
Window 2.5

Paint 3.0
Finishing 2.8

Under Ground

Renovat’n

Demolit’n
Structure-

related 4.0

MEP-related 3.5

Struct.
Enforcemt

Structure Type 3.5
Current

condition 3.4

Seismic 3.4
Foundation 3.6

Earthwork
Pile 80.0

Shoring 3.1

Common

Structural 3.8
Masonry 5.3
Plasterer 5.1

Paint 41.4

Others
Common

Mechanical 4.7
Electrical 7.3

Landscape 3.1
MISC 6.2

Average Error = 7.7%.

For example, in the case of “indirect mobilization work”, the work item cost is pre-
dicted very accurately at 2.6%, but in the case of “pile construction”, the accuracy is as
low as 80.0%. The authors found that there was a difference in the accuracy between the
individual work items and the total cost. The main reason for this is that the number of
historical cases was very small. Although 15 cases were used in the system, it is difficult to
accurately predict the individual work item cost. This is an inherent limitation of this study.
However, the data on pile construction work items may be insufficient. The pile work is
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associated with two QIs and one design element: building area (Q3), number of floors (Q7),
and underground parking lot expansion (B2) (see Table 2). The authors found that 1 of
the 15 case projects was regarded as an outlier due to existing underground conditions.
Therefore, this limitation can be reduced when a sufficient amount of data is gathered in
the proposed algorithm. Thus, the system can be further improved when the outlier issue
is tackled with an in-depth statistical analysis.

4. System Validation

The validity of the proposed system was evaluated from two perspectives. First, to
prove the effectiveness of the proposed algorithm, the accuracy level was compared with
that of the manual method. Second, the estimation speed was analyzed by comparing
the data processing time with that of the conventional approach. Third, experienced cost
engineers evaluated the reliability of cost prediction.

4.1. Accuracy Comparison with Manual-Based Estimation

In a previous study [1], the authors proposed a novel estimation process for an aged
housing renovation project. Similar to this study, a design element-based estimation was
employed with an accuracy level of 88%; that is, an error of 12%. Although the error level
is acceptable [33], this method requires a continuous manual update process when new
historical data are added to the system.

Numerous attempts have been made to improve the accuracy by modifying the
estimation algorithm in this method. However, when a new case is added, the accuracy
level is significantly reduced, with no case being found below 12%. Presumably, the
optimized value for some cases is not appropriate for the newly added case. In contrast,
the method proposed in this study improves the accuracy, demonstrating an error rate of
7.7% for the 15 cases.

In addition, the purpose of this study is to provide a tool for early stage estimation. It
is thus appropriate to guarantee an accuracy level of 15% during the study or feasibility
stage (class 4), according to the AACE [34]. It was proven that the error rate of this system
was less than 15%. Therefore, it can be said that this study presents a novel methodology
with a high accuracy level, despite using very little information for automation estimation.

4.2. Time Requireed for Automation Estimation

To evaluate the efficiency of this system, it was theoretically compared with the
optimization process. Given a linear programming with an objective function of “maximize,
X × Y × Z” and constraint functions of variables X, Y, and Z, specific numbers can be
generated, one by one, in a computerized process to find the optimum case by changing
variables.

The number of all possible cases was analyzed as follows. The left side of Table 3 is
part of the design element–work–probability table, as shown in Table 2. There are 43 design
element–work item relationships. In each project, nine probability distribution types are
used. Each probability distribution is calculated with 14 decimal places and used as raw
data in the DL program. The total number of actual historical projects is 15. When there
are five design element options, the number of all possible cases to be implemented is
as follows:

(1) No. of potential values for five design element options = 5 × 1013

(2) No. of all design elements = (5 × 1013)43

(3) No. of all project cases = ((5 × 1013)43)15

(4) No. of all cases = 6.8 × 108835

The number in this case exceeds the computational power of current technology. For
example, in 2016, Alpha-Go introduced a supercomputer in DL because it was impossible
to search all the cases of Go (361! = 1.43 × 10768) [35]. Thus, the method proposed in this
study can automatically proceed with an estimate faster than searching for the number of
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all cases. Compared with the conventional method, it takes approximately three days to
find the best solution by adding only two cases into the system [33].

4.3. Reliability of Cost Prediction

The system’s results have been self-validated because real project data were used in the
development of an algorithm with the minimum error value. A workshop with experienced
industry practitioners was conducted to guarantee system reliability. They replied that the
system was a useful tool for providing categorical cost items. Because project stakeholders
(i.e., homeowners) are highly concerned about economic feasibility, it is a prerequisite
to assure reliable cost prediction for the project. In addition, many renovation projects
have been suspended because of poor cost estimation prediction. Furthermore, it is very
time-consuming to determine the relationship between project cost and design alternatives.
In the opinion of the experienced practitioners present in the workshop, this system has
successfully revealed the relationship between these two elements in an explicit way.

5. Conclusions

This study proposes a new cost estimation methodology that expedites decision-
making for project stakeholders at an earlier stage. Fifteen historical renovation projects
were analyzed to derive 20 design elements with three or four detailed options. These
design elements were then linked with 36 work items.

Using the current manual method, the update process is time-consuming. Therefore,
even if cases accumulate, an additional method is required to determine the optimal rela-
tionship. Deep learning was employed for this optimization issue, and an error distribution
analysis was performed by applying Monte Carlo simulation to improve the accuracy level
of the total cost prediction. In particular, this model is characterized by its ease of use and
higher accuracy and reliability compared to the manual method. Through the proposed
system, project stakeholders can effectively and efficiently calculate renovation costs at an
earlier stage.

The academic and practical contributions of this study are summarized as follows.

(1) Although various estimation methods in conjunction with design elements are widely
used in the industry, a limited approach is employed for renovation projects due to the
lack of information. In this study, design elements are interlinked with work-sorted
items so that project stakeholders can change the design variables to estimate the
total cost.

(2) There is a limited number of estimation methods that include cost influence factors
because they are mainly operated based on “after-the-fact” data generated in the
construction stage. In this study, a new method is developed by predicting the design
information that may develop during the construction stage, and estimating the
project cost.

(3) In the existing DL study, numerous “black box” problems are created by conducting
research without data classification. To minimize this, a new method is proposed that
analyzes the data in a prospective manner and that links only the relevant data to the
DL input.

(4) In an apartment renovation project, the project cost is estimated without consid-
ering its characteristics. This study presents a practical tool to incorporate project
characteristics with design alternatives to accurately calculate renovation cost in the
planning stage.

(5) Based on the existing manual method, the estimation is applied to provide a more
rapid and accurate result. The method introduced in this study substantially reduces
the time required for theoretical and practical estimation work.

The limitations of this study and suggestions for future research are as follows.

(1) The scope of this study is limited to apartment renovation projects. Compared to
other buildings, apartments have a regular shape, and thus their design elements are
easily extracted. In the case of future research using other buildings, it is necessary to
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analyze and research design elements that are common between such buildings and
which significantly affect their construction cost.

(2) This study attempted to determine the relationship between design elements, construc-
tion work items, and quantity information simultaneously by applying a simulation-
based DL approach. Regarding DL, new techniques are continuously being developed.
If more advanced techniques are used in the future, the accuracy and calculation speed
are expected to be greatly improved.

(3) To alleviate the uncertainty in the calculation of construction cost in this study, the
distribution of construction cost by design element–work type was determined with
the help of experts. It is believed that the accuracy will be further improved if the case
is reset after a sufficient accumulation of data.

(4) The system’s results can also be made more reliable when the outlier data are statisti-
cally analyzed and detected from the dataset automatically.

If further research is conducted, system robustness can be greatly improved. One of
the main benefits of this study is the improvement of the existing estimation process for
renovation projects. If this type of state-of-the art approach can expedite decision-making
for renovation building projects, it can certainly contribute to the sustainability of the built
environment in the future.
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