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Abstract: Plant Engineering-Procurement-Construction (EPC) industry is one of the 
complex industries going through various stages from bidding to engineering, 
construction and operation and maintenance (O&M). A systematic management 
system is needed to address these complexities. However, many EPC companies in 
Korea are having difficulty managing their projects due to the lack of data-based 
systematic decision-making, and are suffering heavy losses in overseas projects. 

 The AI-based engineering big data integrated analysis system proposed by this 
study aims to minimize project losses and eventually to enhance the technical skills 
and competitiveness of the Korean plant industry through decision-making support, 
combining big data and AI in the entire EPC project life cycle. In this study, 
knowledge base was established to utilize various data generated during the entire 
EPC project life cycle in AI-based engineering big data integrated analysis systems. 
And a machine learning integrated platform specialized in the engineering industry 
was developed to support feature engineering, model learning and model operation 
processes. Using various algorithms from the machine learning integration platform 
and the knowledge base, five main decision-making applications were developed: 
analyzing bidding documents, predicting design costs, analyzing design errors, 
analyzing change order, and plant equipment prediction maintenance. 

 Based on the predicted information, the system could help EPC project managers 
identify and manage risks at each stage of the project in advance to make decisions 
that minimize project loss. Furthermore, the information predicted at each stage 
may be circulated or used as feedback for decision making at other stages.  

Keywords: Plant Project, Engineering, Construction Lifecycle, Smart Decision-
making support system, Big-Data, Artificial Intelligence. 

1 INTRODUCTION 
The plant industry is made up of large, complex industries having various phases, 

ranging from bidding to engineering, construction, operation and maintenance, as well 
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as high-tech manufacturing technologies, and technology-intensive industries that 
require knowledge services such as design, production and finance. 

However, many EPC companies are having difficulties in Life-cycle construction 
management because they do not have a data-based, systematic decision-making system 
such as a track record. In addition, insufficient management of unknown risks such as 
Country Risk and Schedule Risk often results in losses in construction. 

In addition, in order for Korean EPC companies to survive the competition with 
major global EPC companies, it is imperative to secure competitiveness against plant 
value chains, including high value upstream parts such as Project Management 
Consultancy (PMC) and Front-End Engineering Design (FEED). 

Therefore, in order to lay the foundation for securing the competitiveness of the 
Korean plant industry, we suggest AI-based engineering big data integrated analysis 
system technology that enables optimal decision making and execution in the pre-plant 
cycle process so that Korean EPC companies could predict and respond to risks in the 
bidding, execution, construction and maintenance phases of the project in advance. 

To support decision-making by project stage, the research team built a knowledge 
base ranging from ITB (Invitation to Bid, bid document) analysis at the bidding stage to 
plant facility forecast maintenance of the O&M stage, select-ed features, and combined 
algorithms of machine learning platforms to create a machine learning solution. 

The following Table 1 shows the five modules of this engineering decision-making 
technology development. 

 

Table 1: Summary of five study parts. 

Project Stage Module Contents 

Bidding Engineering design cost 
prediction 

Analysing past engineering design man-hour 
and cost to predict accurate engineering design 

man-hour of new project 

Bidding 

 
Engineering ITB 

analysis 

 
Establish bidding strategy through analysis of 

con-tract key issues and respond to risks through 
analysis of risk clause 

Engineering Engineering Design 
Error Analysis 

Analysis of design error report (crash, missing 
report) information to provide proactive design 

risks and types of equipment and equipment with 
high potential for design delay and error 

Engineering 
&Construction 

 
Engineering Change 

Order Analysis 

 
Analyse the causes of design changes and pre-

sent risk impact and trend by types, and provide 
information that can be reflected in contract, 

design, purchase, and construction work. 

Operation 
&Maintenance 

Plant Equipment 
Predictive Maintenance 

Predict maintenance items for major plant 
facilities 

 
In addition to introducing the above five key decision support modules in Section 3, 

this Paper will cover one of the decision support modules in Section 4 in more detail. 



Development of AI-based engineering Big Data integrated analysis system for decision-making support in 
the Engineering-Procurement-Construction (EPC) industry 

60 | Proceedings CIB W78, August 2020 | São Paulo, Brazil 

2 LITERATURE REVIEW 
In recent years, the construction industry has become more complex, and the need 

for advanced project management is increasing. As a result, there are a growing number 
of cases and studies that apply big data, AI, and machine learning algorithms to the 
construction industry. [1] James. D(2005) of AACE present-ed a correlation and 
prediction study between equipment and plant engineering design man-hours using 
regression analysis. [2] Mohamed Marzouk(2016) developed a water treatment plant 
construction estimating model using the Artificial Neutral Network Method in 2016. 
[3]Sphurti S. Arage (2017) and [4] Igor Pesko (2017) developed a Civil Construction Cost 
Estimation model by applying machine learning algorithms in their respective studies. 

However, compared to other industries, the plant industry is relatively slow in 
applying machine learning and quantitative statistical analysis. In particular, researches 
for predicting plant engineering design man-hours are not actively con-ducted, and each 
EPC company or Engineering company adheres to the tradition-al method of estimating 
and calculating quantities. Therefore, this study intends to present engineering design 
man-hour prediction model after collecting historical data and performing quantitative 
analysis.  

3 FIVE DECISION SUPPORT MODULES INTRODUCTION 
As mentioned above, this study consists of five modules, such as engineering design cost 
prediction, engineering design error analysis, engineering design change analysis, 
engineering ITB analysis, and plant facility forecasting maintenance, and this section 
provides a summary of the objectives and development methods of these five modules. 

3.1 Engineering Design Cost Prediction  
Estimating design costs is the work performed in the initial bidding phase of the project 
and has a great impact on the decision making of the project participants. EPC Company 
or Engineering Company shall estimate accurate design costs and reflect them in the 
schedule and expense plan before embarking on plant design work. However, since there 
is limited information available at the beginning of the project, qualitative factors such as 
the experience of the engineers in charge are often reflected, and hence the accuracy of 
the estimate has been often less accurate. Thus, this research team collected about 40 
past EPC plant project data consisting of drawing list, equipment list and project 
information, etc. and con-ducted analysis from a big data perspective. As a result, a 
model was developed to estimate the engineering design man-hour using information 
from the beginning of the project, and a function was implemented to select and provide 
useful reference data to project participants. 

3.2 Engineering Design Error Analysis  
In plant projects, where a large amount of complex design is executed in a short period 
of time, design errors and omissions often occur. These design errors and omissions are 
one of the main risk factors that cause schedule delay, cost in-creases, and quality 
degradation during the subsequent construction phase, and not just during the design 
phase. Therefore, in this module after collecting historical plant project data, we 
developed an automatic classification system of design errors and an algorithm to predict 
the risks from the cost aspects of each type in order to minimize a project risk due to 
design errors by utilizing big data statistical analysis and machine learning. 
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3.3 Engineering Change Order Analysis  
Due to the nature of long-running plant projects, design changes are often caused by 
internal causes of the project, such as scope, function and use, and by external factors 
such as political, economic and environmental changes. However, it is not uncommon 
for compensation from owners for delays and increases in costs caused by design 
changes to be paid improperly. And this leads to a loss to project participants. Therefore, 
this module developed a design change type automatic classification system and severity 
prediction algorithm by classifying de-sign changes by type and calculating the severity 
by type based on historical data so that users can proactively recognize and cope with 
the risks of design changes occurring. 

3.4 Engineering ITB Analysis  
The bidding phase of a plant project is a very important period for project participants. 
Early detection of potential risk conditions on bid documents and prevention of losses is 
a prerequisite for successful project execution within a limited period of time, and is 
generally required by a large number of experts in each field. In this module, the 
NLP(Natural Language Process) and text-mining technology, and machine learning are 
used to prepare systematic procedures for the extraction of risk clauses on bid documents, 
and to automate tasks to enable more objective and quick review of bid documents. 

3.5 Plant Equipment Predictive Maintenance  
Ensuring the stability of plant facility system operation is of paramount importance to 
prevent major accidents. Although preventive maintenance and parts replacement are 
carried out regularly to prevent the failure of the facility system, such existing methods 
are limited in preventing the sudden failure. Therefore, to minimize the loss of plant 
operators, this study developed a technique for predicting equipment failure by using 
anomaly detection and machine learning techniques. By using the developed prediction 
algorithm, accurate pre-diagnosis can reduce unnecessary maintenance costs, increase 
the stability and reliability of the system, and prevent system failures and accidents. 

4 ENGINEERING DESIGN COST PREDICTION 
This section dwells on the design cost prediction module, one of the five modules 

introduced above. The purpose of this study is to identify the correlation between 
information (Basic Drawing list, Equipment list, Line list, etc.) that can be used in the 
initial bidding stage of a project and actual design man-hour, and to create a prediction 
model. 

The collected drawing list was reclassified into 27 design activities using SMEs, and 
Unit man-hour was calculated for each activity. Then, the design man-hour trend was 
analysed according to the project country, duration, and scale. User can calculate the 
general design man-hour by inputting the required quantity based on the 27 design 
activity lists. The developed correction factor can be used to increase the accuracy of the 
estimate according to the characteristics of the user project. In addition, a similar project 
recommendation function using the CBR technique was implemented. The step-by-step 
flow is summarized in Figure 1 below, and each of these steps is described in detail in the 
following sections. 
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Fig. 1: Engineering design man-hour prediction algorithm development flow 

 

4.1 Data Collection 
Many historical plant project data have been collected. 
This section introduces historical plant project data collected from project 

participants. In particular, this study focused on collecting and analysing data related to 
piping design, which takes up 40-50% man-hour of the plant's overall design work 
volume and 25-34% of the total construction cost of the plant. Data from 40 projects 
comprising drawing list, equipment list, and project information were collected.(Figure 

2,3 below). 
 

Fig. 2: Drawing List Sample 
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Fig. 3: Equipment List Sample 

4.2 Standard Master Drawing Register for piping development and data 
standardization 

4.2.1 Standard Master Drawing Register (SMDR) 

Standard Master Drawing Register (SMDR) was developed and the collected data was 
standardized.  

Drawing lists of the collected projects were reorganized to the same standards in 
collaboration with plant engineers with more than 20 years of experience. And database 
was built (Table 2 below). Based on the unit man-hours of drawing list of each project, 
the average value for each of the 27 standardized design activities was calculated as the 
standard unit man-hour. Table 2 below shows 27 design activity lists and unit man-hours. 

Table 2: SMDR (Standard Master Drawing Register) 

No. Design Activity List Unit Man-hour(hours) 

1 Line list & Tie in List 123 

2 Piping Information drawing 215 

3 Vendor Print Review & Data sheet 499 

4 UFD & PNID Review 91 

5 Plot Plan & Equipment Arrangement drawing 91 

6 Utility Station & Safety Shower Location Plan 18 

7 Steam Tracing Diagram 28 

8 Tracing Circuit drawing 4 

9 Stress Geometry drawing 4 

10 Pulsation Study Diagram 45 

11 B/M Sketch drawing & MTO with key Punch 2 

12 Key plan drawing. 17 

13 Standard & Special Support Detail drawing 4 

14 Stress Geometry drawing 4 

15 Stress analysis_Specialty item data sheet for stress 5 

16 Stress analysis_Piping Flexibility analysis_Critical 239 

17 Stress analysis_Piping Flexibility analysis_Non Critical 162 

18 Stress analysis_AIV&FIV analysis & report 97 

19 Conceptual Piping Design_Process Area 76 

20 Conceptual Piping Design_P/R & Off site area 60 

21 Conceptual Piping Design_U/G area 23 

22 PDMS Modeling(Equipment) 55 

23 PDMS Modeling(Layout) 207 
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4.2.2 Data Standardization 

The collected data was standardized in the same form.  
For the convenience of comparison and analysis, all project data were converted as 

follows. The period was calculated on a monthly basis and the project areas were 
classified into Korea, Middle East Asia, and Southeast Asia. Project scales (project cost) 
were converted to Dollar in 2019 using the CPI(Consumer Price Index). In the case of the 
equipment list, information on the quantity of equipment considered to affect the design 
time was calculated. The Fig 4 below show the standardized data set form. 

 

 
Fig. 4: Standardized data set example 

4.3 Adjustment Factor Development 
Adjustment factors were developed to reflect trends in design man-hour according to 

project characteristic information. After setting the project characteristic classification 

24 PDMS Model Review 80 

25 ISO drawing & BM Generation 2 

26 3D Piping plan drawing Generation 13 

27 Piping Engineering follow up(INCL. AS Built) 450 
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criteria (Table 3) through the SME(Subject Matter Expert)s survey technique, the factor 
was calculated by comparing relative increments and reductions.  

Currently, the country factor, period factor, and scale factor have been developed, 
and detailed development methods are as follow. User can apply by multiplying each 
factor according to the user's project condition by the standard de-sign man hour value 
calculated using the SMDR of 4.2section 

Table 3: Project Characteristic Classification Criteria 

4.3.1 Country Factor 

The country factor was developed to reflect the design man-hour change by country 
condition. An engineering man-hour prediction regression model was developed for 20 
projects conducted in Korea. After that, the characteristic information variables of other 
country project were inputted into the Korean project regression prediction model, and 
the increase/decrease rate was regarded as a difference according to the country of the 
project. The regression model for Korea Project results and developed factors are shown 
in Table 4 below. 

Table 4: Summary of Korea Project Regression Model and Country Factor 

4.3.2 Duration Factor 

Similar to the above method, we created a regression model that predicts man-hours 
for projects ranging from 13 to 24 months. And design man-hour was predicted by 

Adjustment Factors Classification 

Country Korea (Standard) Korea 

Middle East Asia Malaysia 

Southeast Asia Saudi Arabia 
Iran 

Duration 0 - 12 months 

13 - 24 months (Standard) 

25 - 36 months 

37 - 48 months 

Scale Less than $1 million 

More than $1 million and less than $4 million 
(Standard) 

More than $4 million and less than $6 million 

More than $6 million 

Regression Model for Korea Project Country Factor 

MAPE(%) R-squared P-value Korea Middle East 
Asia 

Southeast 
Asia 

11.41 0.94  1.0 1.20 0.83 
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inputting variables of different period groups. Like the Country Factor, the difference 
between the predicted and actual values was considered to be due to the duration of the 
project. The regression result and developed factors are summarized in the table5 below. 

Table 5: Summary of Normal Duration Project Regression Model and Duration 
Factor 

 
 
 
 
 
 
 

4.3.3 Scale Factor 

Scale factors have also been developed similar to the above method. After generating 
a man-hour prediction regression model with a project of the general scale, the design 
man-hour was estimated using small-scale and large-scale data as in-put variables. The 
difference between the design man-hour value and the actual value of the two project 
scale groups predicted by the model was considered to be due to the tendency to follow 
the group. The regression model result and developed factors are shown in Table6 below. 

Table 6: Summary of Normal Scale Project Regression Model and Scale Factor 

 
 
 
 
 
 
 
 
 
 
 

4.4 Historical Similar Project Recommendation  
In addition, similar project suggestion function using CBR method has been 

developed. CBR method is a technique that finds the most similar cases among past cases 
and uses that for problem solving. In this study, the priority of each factor in judging 
project similarity was investigated through SME questionnaire. These factors refer to the 
standardized project data set introduced in section 4.2. The survey results of SME were 
used to establish similar project selection criteria and the criteria in-formation is shown 
in Table 7 below. 

 
 

Regression Model Normal Duration 
Project 

Duration Factor 

MAPE(%) R-squared P-value 
0-12 

months 
13-24 

months 
25-36 

months 
37-48 

months 

19.40 0.87  0.93 1.0 1.13 1.35 

Regression Model for Normal Scale 
Project 

Scale Factor 

MAPE(%) R-squared P-value 
Less than  

$ 1 
million 

More than 
$ 1 

million 
and less 
than $ 4 
million 

More than 
$ 4 million 

and less 
than $ 6 
million 

More 
than  
$ 6 

million 

12.87 0.90  0.83 1.20 1.17 1.37 
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Table 7: Similar Project Selection Criteria and Survey Result 

 
When the user enters a project information variable, the similarity score is calculated 

by the designed similar project selection criteria. The three projects with the highest 
scores are selected and provided with basic information such as plant type, duration and 
scale, and details such as plumbing drawings and man-hour information. 

5 CONCLUSION 
In this study, a man-hour prediction algorithm and tool for plant piping design was 

developed. The development process is as follows. 
Step 1. Data collection: About 40 historical plant project data were collected. 
Step 2. Develop a standard pipe design model and build a database: A database was 

built by standardizing the collected plant project data in a consistent format. The user 
can estimate the typical design man-hour by simply entering the required quantity. 

Step 3. Development of correction factors: Country, Duration, and Scale Factors were 
developed using a machine learning algorithm. 

By applying the coefficient to the general design man-hour value calculated in Step 2, 
we can obtain the design man-hour value that reflects the difference according to the 
project characteristics. 

Step 4. Similar project recommendation function: select similar projects with the 
user's project based on project characteristic information and present as a reference. 

This study is meaningful as it collects historical data and applies statistical analysis 
and machine learning algorithms in quantitative terms. Using the developed algorithm, 
project performers, such as EPC Company or Engineering Company, can relatively 
easily calculate design man-hours using limited information at the beginning of the bid. 

6 LIMITATION AND FUTURE WORKS 
As mentioned above, the scope of this study is basically to predict only the design 

man-hours corresponding to the piping discipline, and the other disciplines are replaced 

SME Result 
#1 

Result 
#2 

Result 
#3 

Result 
#4 

Result 
#5 

Weight Factor for each 
characteristic 

(Average Value of 
distributed points) 

On shore/ 
Off shore 

35 25 30 30 30 30 

Project 
Country 

20 25 20 20 15 20 

Plant Type 20 20 25 15 20 20 

Project 
Duration 

15 10 10 5 10 10 

Scale Total 5 10 10 15 10 10 

Equipment 
Quantity 

5 10 5 15 15 10 
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by the method using the ratio of design time between the discipline of commercial data. 
However, the correlation between project factors (period, etc.) and design time may vary 
depending on the type of work. Therefore, data on other types of work will be collected 
in the future, and studies should be conducted to find out the correlation between project 
types and overall design man-hours as well as each type of work. If data can be collected 
on a project basis, design man-hour trends by plant type and a customer can also be 
investigated. Existing regression and correction factors can also be improved. 
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