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Application of expert systems in civil engineering

Expert systems represent “IF-THEN” algorithms that integrate human expert knowledge to 
solve complex problems. This area of research focuses on finding solutions to challenging 
situations that are often difficult to resolve using traditional methods. Expert systems 
have widespread applications in the field of construction. The paper presents some of 
these applications, including their use in building maintenance, inspection of water and 
sewage systems, geotechnical engineering, road maintenance, and the selection of 
appropriate construction materials. Artificial neural networks are effective in optimizing 
financial plans, estimating the duration of activities, assessing the productivity of work 
teams, and selecting contractors. Genetic algorithms find their application in resource 
allocation, selecting optimal solutions for task scheduling and project costs, as well as 
in building maintenance, while fuzzy logic aids in risk analysis, project management, 
and cost estimation. Expert methods can be integrated into information systems to 
provide consistent information necessary for the effective management of construction 
projects. A review of published papers on the application of expert methods in construction 
shows that these methods are already significantly represented across all sectors of the 
construction industry, but also indicates that there are still substantial opportunities for 
their future application.
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Pregledni rad

Ena Grčić, Marija Šperac

Primjena ekspertnih sustava u građevinarstvu

Ekspertni sustavi predstavljaju “IF-THEN” algoritme koji integriraju ljudsko ekspertno 
znanje radi rješavanja kompleksnih problema. Ovo područje istraživanja fokusira se 
na pronalaženje rješenja za izazovne situacije koje su često teško rješive klasičnim 
metodama. Ekspertni sustavi imaju veliku primjenu u građevinarstvu. U radu su 
prikazane neke od primjena: primjena kod održavanja građevina, inspekcije vodovodnih 
i kanalizacijskih sustava, primjena u geotehničkom inženjerstvu, održavanje prometnica 
te odabir odgovarajućih građevnih materijala. Umjetne neuronske mreže efikasne su 
kod optimizacije financijskog plana, procjene trajanja aktivnosti, procjene produktivnosti 
radne ekipe te izbora izvođača radova. Genetski algoritmi nalaze svoju primjenu u alokaciji 
resursa, odabiru optimalnih rješenja kod rasporeda zadataka i troškova projekata te 
održavanju građevina, dok fuzzy logika pomaže u analizi rizika, upravljanju projektima i 
procjeni troškova. Ekspertne metode mogu se integrirati u informacijske sustave kako bi 
pružile dosljedne informacije potrebne za učinkovito upravljanje građevinskim projektima. 
Pregled objavljenih radova o primjeni ekspertnih metoda u građevinarstvu pokazuje da 
su ove metode već značajno zastupljene u svim sektorima građevinarstva, ali također 
upućuje na to da postoje još velike mogućnosti za njihovu buduću primjenu.
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1. Introduction

Construction is a complex sector that faces numerous daily 
challenges and problems during all project phases [1]. Large 
construction companies are increasingly investing in the 
implementation of expert methods to more easily and quickly 
gain a competitive advantage in the labour market [2, 3]. 
Considering the economic importance of the construction 
sector, low labour productivity during construction processes 
represents a significant problem. This problem results in the 
inefficient use of manpower, material resources, and financial 
resources [4]. Construction activities play a key role in the 
economy; therefore, it is important to focus on improving 
the management of construction processes to increase 
productivity and improve the overall efficiency of products [5]. 
In this context, the construction sector is undergoing constant 
innovation towards digitisation to achieve significant progress 
in automation, productivity, and reliability. With the goal of 
launching real digital strategies in construction engineering, 
expert methods serve as the foundation for transforming 
construction projects. Although there has been a significant 
increase in the amount of engineering data in construction 
projects, the adoption of expert methods still lags behind that 
in other industries [4]. Therefore, there is significant interest 
in implementing different expert methods in the field of 
construction to take advantage of the valuable opportunities 
of digital evolution to achieve improved efficiency and 
profitability. 
Expert systems were introduced in various industries during 
the 1970s and 1980s that became important tools for solving 
specific problems. The first commercially successful expert 
system, XCON, was developed at Carnegie Mellon University 
to assist the Digital Equipment Company (DEC) in configuring 
their VAX computer systems [6]. The development of expert 
systems has accelerated, and many companies have started 
their own projects. For example, DuPont developed 100 
expert systems in 1988, achieving 
significant operational savings [7]. 
These systems have quickly become 
essential in various industries, 
including construction, as they provide 
sophisticated tools for solving complex 
engineering problems and optimising 
processes. 
This paper provides an overview of the 
application of expert systems in the 
maintenance of buildings, inspection 
of sewage and water systems, 
geotechnical engineering, roadways, 
and the selection of suitable building 
materials. The research analysis 
emphasises that the use of neural 
networks enables fast and precise data 

processing, which results in the efficient forecasting of future 
costs and a reduction in the risk of financial discrepancies. 
This study presents the application of neural networks in the 
construction industry, focusing on their ability to accurately 
predict costs, activity duration, labour productivity, and 
the selection of construction contractors. Furthermore, 
the various applications of fuzzy logic in construction are 
highlighted, from modelling work risks at the construction site 
to identifying the causes of project delays to predicting the 
final costs of projects. At the end of the paper, the application 
of genetic algorithms in resource allocation, project planning, 
the selection of optimal solutions, and building maintenance 
is investigated.

2. Methodology

Figure 1 illustrates the methodology used in this study. 
Google Scholar, which contains the most published academic 
and scientific literature, was used for the literature search. 
During the process of selecting appropriate keywords, 
the term “decision support systems for construction 
optimization” was first searched using Google Scholar. 
Subsequently, several scientific papers were selected from 
2015 to 2024 to further identify and expand keywords 
and research directions, and to enable detailed research of 
current methods in the field. From the final list of keywords, 
204 relevant papers were identified. After a thorough 
review of the selected papers, an additional selection 
was made, whereby 102 papers were selected for a more 
detailed analysis and review that were most in line with the 
objectives, including 87 scientific articles, seven conference 
papers, and eight book chapters.
Figure 2 shows the distribution of the number of works used 
according to the period in which they were published. Of the 
works that were used, 80 % were published in the period from 
2011 to 2024.

Figure 1. Research methodology
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Figure 2.  Presentation of the number of papers used in this study 
according to the time periods in which they were published

3. Basic characteristics of expert systems

Expert systems focus on finding solutions for challenging 
situations that are often difficult to solve using classical 
methods [8]. Over the past 50 years, computer science 
researchers have made significant strides in developing 
expert systems to consider real-world dynamic problems that 
require fast and precise answers and are often challenging for 
traditional problem-solving approaches [5]. The most common 
structure of expert systems is rule-based systems, also known 
as production systems. This type of system uses knowledge 
that is formulated through production rules, using “IF-THEN” 
logic [9]. 
Figure 3 shows how the different components of the 
knowledge-processing system are integrated. A knowledge 
base containing rules (e.g. IF-THEN) and a database containing 
facts are connected to the inference engine. An inference 
engine uses rules and facts to make inferences. This 
information is sent to the user through a user interface. There 
is also a link between the explanation and inference engines, 
indicating that the system can explain how the conclusions 
were reached. Finally, the user interacts with the system 
through a user interface. The arrows in the diagram show the 
flow of information or the direction of interaction among these 
components.

Figure 3. Components of an expert system[9]

Table 1 lists the advantages and disadvantages of expert 
systems. Owing to the possibility of self-programming, expert 
systems allow users to build systems without the need for 
programmers, thereby enabling faster and more efficient 
application development. The ability to apply rules to large 
sets of information ensures reliability, consistency, and 
transparency. Expert systems are scalable, quick to update, 
capable of dealing with little knowledge, and can provide 
answers in complex situations. However, expert systems have 
significant drawbacks. They are designed to solve a specific 
range of problems, which makes them unsuitable for more 
general scenarios. However, the high costs of development, 
implementation, and maintenance contribute to their limited 

Advantages of expert systems Disadvantages of expert systems

Quick availability and the possibility of self-programming They cover only a narrow spectrum

Scalability High price

Reliability and consistency Lack of intuitive reasoning

Ability to utilize a considerable amount of knowledge Inability to adapt to changing environments

Robustness and efficiency They depend on symbolic input

Transparency Errors in the knowledge base

Table 1. Advantages and disadvantages of expert systems [9]
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applicability. Expert systems often lack intuitive reasoning, 
and may contain errors in their knowledge bases, resulting 
in incorrect choices. Furthermore, because of their fixed 
knowledge base, they find it difficult to adapt to changing 
situations without continuous updates. They rely on symbolic 
inputs, which limits their ability to understand ambiguous or 
incomplete data.

4.  Overview of the application of expert systems 
in construction

In the modern construction sector, where projects are 
increasingly complex and require a high level of precision, 
expert systems are becoming indispensable tools for process 
management and optimisation. The application of expert 
systems in construction can cover various aspects, from design 
and planning to construction and maintenance [10]. These 
systems can be used for resource scheduling optimisation, 
project cost forecasting, risk analysis, infrastructure 
maintenance, and many other applications. Their ability to 
provide fast, accurate, and efficient solutions often surpasses 
that of traditional methods, thereby contributing to the 
progress and efficiency of the construction industry [11]. 
Further in this study, the application of expert systems in 
the areas of building maintenance, sewage and water supply 
systems, geotechnical engineering, roads, and material 
selection is analysed.
During the maintenance phase, building maintenance teams 
often spend considerable time gathering information from 
various electronic and hard-copy documents. The activities of 
searching, sorting, checking, and recreating information are 
constantly repeated [12]. Minimising the impact of problems 
requires seamless electronic data exchange such that building 
maintenance teams have a comprehensive and accurate 
database [13]. Expert systems can significantly improve and 
accelerate facility maintenance.
A subcategory researched in this area is information integration 
using different techniques such as relational databases and 
real-time data [14, 15], data warehouses [16], cloud technology 
[17], web services based on the use of agents [18], the ontology 
of the semantic web [19], and the application of data mining 
techniques for the extraction of useful information from 
building information modelling (BIM) to support activities during 
the maintenance phase [20].
Other studies focused on the integration of different 
technological platforms. For example, information extraction 
based on the interaction of building information modelling and 
geographic information systems (GIS) [21, 22], integration of 2D 
barcodes and mobile devices [23], and integration of BIM with 
radio-frequency identification (RFID) [24, 25].
BIM and GIS are similar in that they model spatial information 
[26, 27]. To enable interaction between BIM and GIS, 
compatibility is required, which can be achieved through a 
suitable platform [28]. Mignard and Nicolle [29, 30] presented 

the concept of maintaining urban infrastructure facilities. 
The ACTIVe3D platform was used to integrate data from the 
BIM and GIS systems. Through the concept of maintaining 
urban infrastructure facilities, the integration of BIM and GIS 
through the ACTIVe3D platform enables the modelling of all 
relevant information about the city, including geographic 
elements. Kang and Hong [31] proposed a BG-ETL platform 
for the efficient integration of data from BIM and GIS. The 
data were arranged according to information and geometry. 
To enable the visualisation of numerous objects displayed 
through a geographic information system, the model was 
adapted using geometric data from industry foundation 
classes, and the information on properties was extracted and 
transformed. Research results [27-32]  show that such expert 
systems provide a clearer perception of the relationships 
between elements, reduce memory load, and improve system 
performance, which are crucial for large projects that contain a 
large amount of data, better connection of data from different 
sources, and provision of semantic queries for customised 3D 
views, thus enabling precise analysis.
Research [33-36] describes a computer system that integrates 
building model elements using BIM and RFID to improve 
building maintenance performance. Radio frequency tags are 
attached to the elements of the building, and each tag contains 
certain information about the elements obtained from the BIM 
database. Staff can record information, such as conditions, 
descriptions of problems encountered during maintenance, 
inspection results, recommendations, and dates. Research 
[33-36] shows that with minimal effort in the implementation 
of the proposed system, a significant improvement in the 
building maintenance process can be achieved compared with 
traditional methods, which is reflected in time, cost savings, 
and improved functionality [34,35]. Kameli et al. [34], based 
on the conducted research, claim that the reduction of total 
costs by more than 50 % was achieved during the maintenance 
process.
Lin et al. [37] presented a building maintenance process that 
included a two-dimensional (2D) barcode and BIM system. The 
system provides a platform for sharing building maintenance 
information. Within the framework of the study, the traditional 
method was compared with the proposed system, and the 
results of the conducted research clearly showed that the time 
required for basic building maintenance activities using BIM and 
2D barcode systems was significantly reduced.
To maintain the functionality and stability of urban infrastructure 
systems, inspection of sewage systems is unavoidable. It is 
important to regularly monitor and maintain the network of 
drains through which large amounts of wastewater pass, with 
the aim of avoiding possible unwanted consequences such 
as leaks, blockages, or even environmental disasters. Experts 
have used various techniques to assess the condition and 
functionality of sewage systems, identify potential problems, 
and implement appropriate measures to ensure long-term 
efficiency.
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Hahn et al. [38] created an expert system to determine the 
priorities for inspecting drainage systems. This system assesses 
potential risks and consequences, suggests appropriate 
inspection methods, and warns users when additional 
information is required to make more precise decisions.
The SCRAPS expert system was previously developed [39]. 
Four public institutions jointly developed a set of analyses 
of drainage systems and gathered three case studies 
based on their experiences. Their analyses focused on risk 
identification and failure mechanisms. Experts assessed 
risks with different degrees of probability, and criticality 
was determined using weighted factors. Based on this, 
sewage systems are categorised according to their risks. 
This process tested the accuracy of SCRAPS software 
and enabled experts to better plan the maintenance and 
management of drainage systems, improve efficiency, 
and reduce the risk of failure. Giovanelli and Maglionicio 
[40] used SCRAPS to predict critical segments of a sewer 
network. Data on the pipe diameter, flood frequency, 
root penetration, sediment accumulation, corrosion, pipe 
age, groundwater level, pipe depth, and other relevant 
parameters were entered into the SCRAPS database. It has 
been proven that the combination of SCRAPS and hydraulic 
modelling can be extremely useful for assessing sewer 
system data and planning the necessary inspections to 
maintain a constant level of system functionality.
pour la Gestion, L’Entretein et L’Exploitation du Reseaux 
d’Assainissement (APOGEE) analysis method and optimised 
programming for the management, maintenance, and 
exploitation of wastewater treatment networks. They developed 
this system to optimise the annual planning and renovation of 
the sewage network. This system, which consists of an expert 
system, database, and module for planning interventions and 
repairs, contributes to the construction industry by improving 
maintenance efficiency, reducing costs, and extending 
infrastructure life.
Tagherouit et al. [42] developed an expert system that helps 
in the renovation of sewer pipes by suggesting priority in the 
renovation of sewer pipes. A property index was calculated 
for each network segment. During the calculation, three key 
properties were considered: hydraulic, structural, and global. 
Using the property index, information is obtained regarding 
the condition of the sewer pipes, environment in which the 
sewer pipe is located, and hydraulic characteristics of the pipe. 
An accurate classification provides advantages in deciding 
which sewer pipes need to be renovated. The advantage of 
this evaluation system is not only in the inclusion of various 
parameters but also in the investigation of how they interact 
with each other.
Managing water supply systems is challenging because 
operators must react quickly to changes in demand and 
maintain stable conditions. While many decisions are made 
based on experience and intuition, mathematical models help 
optimise the system by considering various parameters such 

as water consumption, pressure, water quality, and energy 
efficiency [43].
Leon et al. [44] presented the EXPLORE expert system in their 
work. This system was developed to help manage water-supply 
networks. Its main objectives are to analyse daily water demand 
and adjust flow to ensure sufficient water without unnecessary 
loss or overconsumption, monitor and adjust water flow in 
tanks, maintain an optimal level considering daily demand, and 
optimise the use of pumps to reduce electricity costs, which 
contributes to the sustainability of the system. Their study 
indicated a significant reduction in electricity costs, achieving 
savings of 25 % [44].
Moglia et al. [45] developed a water pipe inspection 
prioritisation system (PARMS-PRIORITY) to help make 
decisions regarding pipe repairs and renovations. The system 
comprises five modules: risk calculation, failure prediction, 
cost estimation, scenario evaluation, and data exploration. 
Risk was calculated as a combination of the probability of 
failure and the associated costs. The main advantage of the 
PARMS-PRIORITY system is that it displays failure and cost 
forecasts for individual pipes or the entire system, allowing 
users to determine which pipes should be rebuilt first. It is 
integrated with a GIS system that makes it easy to quickly 
locate problem areas and provides detailed information 
about pipes such as their diameter, length, and soil type.
Fares et al. [46] presented an expert system for assessing 
the risk of water-pipe bursting. This expert system consists 
of four key categories: physical factors, operational factors, 
environmental impact, and consequences, each of which 
includes risk factors that affect the probability of water-pipe 
bursting. The proposed expert system enables engineers to 
analyse and evaluate each segment of a water pipe in detail, 
providing concrete risk information and recommendations for 
priorities in water pipe maintenance.
Sandeep and Rakesh [47] developed a system that uses 
simulations to generate knowledge for solving various real-time 
water maintenance situations. It integrates hydraulic modelling 
with expert knowledge using a unique CLIPS platform. In addition, 
it integrates computing platforms, such as MATLAB, GIS, and 
RDBMS, under a simple user interface. The results show that the 
proposed system is capable of advanced modelling, calibration, 
and simulation of water supply systems, providing a dynamic 
approach for the management of water supply networks.
Karasneh and Moqbel [48] developed a decision-making 
system to prioritise the restoration of water pipes. Based on 
the opinions of 23 experts, five main categories dominating 
the decision-making process were identified: physical, 
environmental, operational, sociocultural, and service quality. 
The developed system was tested on five water networks 
requiring renovation in Amman, Jordan. The test results 
indicated that the system successfully provided a clear list of 
priorities for the restoration of water networks.
Expert systems have significant applications in geotechnical 
engineering. This section provides an overview of their 
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applications in various aspects of geotechnical engineering, 
such as slope stability analysis, analysis of factors that cause 
landslides, landslide location, selection of the most effective 
method for the rehabilitation of collapsed slopes, and prediction 
of dry soil density.
Ana and Bauwens [41] highlighted the application of the 
Analyzes et Programmation Optimise
Physical models are often applied to analyse slope stability 
to prevent potentially catastrophic consequences of sliding. 
However, the application of such models can be time consuming, 
and because of their two-dimensional nature, they usually have 
to be repeated for each segment being investigated [49, 50]. 
In a previous study [51], a combined hydrology and stability 
model (CHASM) was implemented using GIS. Users can select 
a variety of input data, including information on precipitation, 
soil characteristics, infiltration, and topography. This expert 
system enables a quick analysis of slope stability without the 
need for detailed data preparation. The simulation results 
were automatically stored in a database and could be visually 
displayed for easier interpretation.
Muthu and Petrou [52] presented an expert system that 
identified factors that promote landslides. The first part of 
the system includes permanent factors, such as geological 
characteristics, landslide history, and other permanent 
conditions at a particular location. Based on these factors, the 
system assessed the potential severity of landslides. Another 
part of the system focused on changing factors such as 
precipitation and changes in land use. These changing factors 
were used to create a scoring system that identified the factors 
promoting landslides.
In [53], an expert system for assessing the occurrence of 
landslides using data from Satellite Pour l’Observation de la 
Terre (SPOT) images. Based on these recordings, the system 
builds a database containing information on landslide locations, 
characteristics (size and shape), and environmental conditions. 
An expert system analyses these data to identify areas with a 
high risk of landslides and enables the quick identification of 
potentially dangerous areas.
In another study [54], an expert system was used to create a map 
showing where landslides are most likely to occur on the island 
of Lefkada, Greece. The database was created by analysing data 
obtained from field research, such as lithological units, terrain 
slope, slope orientation, distance from hydrographic networks, 
and distance from traffic networks.
Adhikari et al. [55] developed a system whose task is to 
recommend the most appropriate rehabilitation method for 
collapsed slopes. It is used to rank different rehabilitation 
methods based on defined criteria in the system, such as 
the impact on traffic, durability, and speed of execution. 
The importance of the selection criteria for each method 
is calculated using the entropy method. Based on the data 
collected from experts and the importance of each specified 
criterion, the system uses a technique for preferential 

ranking by the similarity of the ideal solution to choose the 
most effective method for the rehabilitation of the collapsed 
slope.
Albusoda et al. [56] used an expert system supported by 
MATLAB to predict the soil dry density. The following input 
data were used to create the system: yield strength, plasticity 
limit, plasticity index, moisture content, specific gravity, sieving 
accuracy of fine particles, total suspended particles, and 
organic materials. The results indicated that the predictions 
obtained using the expert system were very close to the actual 
experimental data.
Over the last few decades, expert systems have become key 
tools in various civil engineering disciplines, including road 
construction and maintenance. These systems play an important 
role in solving specific challenges faced by road engineers, which 
vary according to the conditions and circumstances in the field. 
Unique engineering experience is crucial for identifying these 
challenges and recommending optimal solutions that are often 
unavailable at all construction sites.
Mosa et al. [57] in their work presented an expert system in 
which a database was stored in the form of rules and coded 
in Microsoft Visual Basic, supported by a GIS compatible with 
Visual Basic. The developed ES-CCPRHP is a knowledge-
based system for managing problems in the construction of 
rigid roadways. The system underwent a thorough check and 
was validated in three ways: detailed testing, comparison of 
the system results with expert assessments, and analysis 
through case studies. It can be used as a database for 
archiving problems arising during the construction of rigid 
pavements, sharing engineers’ experience,, and transferring 
information to future generations of engineers.
Milad et al. [58] developed an expert system to maintain roads 
in tropical regions. The system is based on the knowledge and 
data provided by engineers whose specific areas of   expertise 
are road maintenance and road design. The IF-THEN technique 
was used to make recommendations, and the system was 
programmed in a hypertext preprocessor (PHP). The user 
interface of the system was built using the hypertext markup 
language (HTML) and cascading style sheets (CSS).
Al-Mansour et al. [59] developed a system that helps in 
selecting the most appropriate road maintenance method for 
Saudi Arabia. The user of the system can define criteria such 
as the traffic level, time period of analysis, and critical value for 
assessing the state of a road.
Pereira et al. [60] developed an expert system for prioritising 
highway sections in Brazil that required repair. This research 
was conducted to help authorities allocate funds to 20,315 
km of highway. The system ranks highway segments 
according to their geographic location and operational 
characteristics, considering socioeconomic and demographic 
data, transportation infrastructure, traffic, highway capacity, 
pavement conditions, drainage, and weather conditions. 
Experts participated in determining weighting factors for 
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prioritising funds. The system is reliable and provides data to 
support decision making, and the methodology can be applied 
to other regions.
In modern construction, the implementation of expert systems 
for the selection of building materials plays a key role in 
optimising construction and maintenance processes and 
achieving high standards of sustainability and efficiency. Jadid 
and Badrah [61] implemented an expert system that focused 
on material approval issues, selection criteria, and material 
information management with the goal of improving knowledge 
exchange among civil engineers. The system consists of a 
database and decision components that rely on the value-
optimisation method. The database improves the selection 
process by providing key information on material quality, 
durability, and maintenance.
Yang and Ogunkah [62] presented an expert system that aids 
in the selection of materials for the construction of ecologically 
sustainable buildings (green buildings) considering criteria 
such as costs, durability, environmental impacts, energy 
efficiency, availability, and aesthetics. This system enables 
the storage, management, and integration of material data 
using an analytical hierarchical process. The database was 
developed based on feedback from experts, a literature review, 
and feedback from construction companies, and database 
management was implemented using MS Excel.
Akadiri et al. [63] considered the problem of selecting 
sustainable building materials, i.e., materials that should 
have a positive impact on the environment, reduce resource 
consumption, minimize waste, have acceptable costs during 
their lifetime, and meet high standards of functionality and 
durability. An analytical hierarchical process was used for each 
of these key factors, which enabled their weighted numerical 
evaluation. Based on this numerical evaluation, the system can 
make concrete recommendations regarding which material is 
the best choice in the context of a specified project or task.

4.1. Artificial neural networks

Artificial neural networks are modelled after biological neural 
networks. Similar to biological neural networks, an artificial 
neural network consists of nodes connected in a neuron-like 
manner [64]. Each neural network has three key components: 
node characteristics, network topology, and learning rules 
[65]. An artificial neural network acquires knowledge through 
learning. There are two basic ways of learning: supervised and 
unsupervised. Different neural networks use different learning 
strategies, depending on the tasks they need to solve [66].
Figure 4 shows the architecture of an artificial neural network. 
The nodes in neural networks are organised into layers, of which 
three main types are distinguished: input, output, and hidden. 
The input layers of the artificial neural network represent the 
starting point and are used as the data input. The hidden layers 
are used for data processing, and the output layers represent 
the final processing results.

Figure 4. Architecture of an artificial neural network [67]

Effective financial management is the key to the smooth 
execution and timely completion of construction projects. Poor 
financial management can cause additional costs that create 
serious problems for contractors and investors, and in some 
cases, can lead to work stoppages owing to a lack of resources. 
With the help of neural networks, fast and precise data analysis 
is achieved, which enables efficient forecasting of future costs 
and reduces the risk of financial inconsistencies [68, 69].
ElSavy et al. [70] presented a neural network model using a 
backpropagation algorithm to predict the construction site 
overhead in Egypt. This study uses data from 52 real projects 
executed between 2002 and 2009 to train a neural network. The 
results showed a root mean square error value of 0.2764 and an 
accuracy level of 80 %. It was found that the model incorrectly 
predicted the site overhead percentage for only one project (20 
%) using the test sample.
Moselhi and El-Sawah [71] used neural networks with a 
backpropagation algorithm, probabilistic neural networks, 
generalised regression neural networks, and regression analysis 
models to estimate the costs of steel structures. The research 
results showed that the mean absolute percentage error of the 
neural network model ranged from 16.83 % to 19.3 %, whereas 
it was 23.72 % for the regression model. The linear regression 
model was more sensitive to the changes in the number of 
training data, while the probabilistic neural network was the 
most stable network among all three models, with a maximum 
difference in mean absolute percentage error of 2.46 %.
Yadav et al. [72] developed a cost-estimation technique based 
on artificial neural network principles to predict the structural 
costs of residential buildings. The cost data from 1993 to 2016 
were collected to train the network. The collected parameters 
included the costs of cement, sand, steel, aggregates, and skilled 
and unskilled workers. The parameters were simulated using 
NEURO XL version 2.1. The neural model predicted the total 
structural costs of the construction projects with a correlation 
coefficient (R) of 0.9960.
Pessoa et al. [73] presented a cost prediction neural network 
model consisting of 11 variables: building height, average height 
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between floors, average volume, useful building area, roof area, 
sanitary room area, open space value, number of floors, floor 
construction type, roof construction type, and base plate. An 
analytical model based on a multi-layer perceptron that can 
estimate the cost of residential buildings was presented.
The introduction of artificial neural networks in construction 
planning provides advanced possibilities for accurate duration 
prediction and activity management. The application of artificial 
neural networks in construction includes the prediction of 
the duration of concrete operations and the development of 
tools for estimating the duration of activities, such as placing 
reinforcement and concreting.
Maghrebi et al. [74] used an artificial neural network to predict 
the duration of concrete operations, focusing on ready-mixed 
concrete supply chain parameters. The available database 
includes deliveries of ready-mixed concrete over 4 months 
from 17 warehouses and more than 200 trucks. The model 
accurately predicted the productivity of concrete operations in 
the range 8–15 m3/h. However, for lower (less than 5 m3/h) 
and higher productivity levels (more than 15 m3/h), there was 
greater variation in the model predictions.
Golizadeh et al. [75] proposed a tool for estimating the duration 
of activities related to the structural elements of concrete-
frame buildings. Four neural models were developed to calculate 
the durations of column reinforcement, beam reinforcement, 
column concreting, and beam concreting. The correlation 
coefficients (R) for the four models–column reinforcement 
placement, column concreting, beam concreting, and beam 
reinforcement placement–were 0.9863, 0.9857, 0.9803, 
and 0.9604, respectively, indicating the excellent predictive 
performance of the model.
The introduction of artificial neural networks into the analysis 
of labour productivity in the construction industry represents 
a significant step towards process optimisation. Using a neural 
network to predict productivity, researchers have identified and 
analysed multiple factors that affect labour efficiency, including 
worker age, experience, site conditions, weather conditions, and 
availability of materials and equipment.
Aswed [76] used an artificial neural network to predict 
worker productivity based on 30 factors. Factors such as age, 
experience, health of the work crew, number of workers, wages, 
weather conditions, availability of materials, site conditions, 
wall length, wall height, mortar type, wall thickness, and 
site safety were used as input variables. The model predicts 
real labour productivity with reasonable accuracy, with a 
correlation coefficient of R = 86.28 %. The study concluded 
that the model can be used to predict labour productivity in 
any type of construction project using the listed influencing 
factors.
Another previous study [77] presented a neural network model 
for assessing the productivity of the work team in the execution 
of final works. Ten key factors, including age, experience, 
number of support workers, floor height, wall height, cladding 
size, safety conditions, health status of the work team, weather 

conditions, site conditions, and availability of construction 
materials, were used as input variables. The results showed that 
the network can predict productivity in the execution of final 
work with a correlation coefficient of 87.55 % and a prediction 
accuracy of 90.9 %. 
Choosing the right contractor for a project is crucial. To better 
assess the contractor’s ability, neural networks have been 
used to analyse information from tender documents. This 
information includes the number of bids, compliance with 
conditions, and the financial stability of the contractor [78]. A 
multilayer perceptron has been used with the NeuroSolution 
tool for analysis. Multilayer perceptron refers to a specific 
neural network architecture used for data modelling, whereas 
the NeuroSolution tool is a software tool that enables the 
implementation of a multi-layer perceptron and performs data 
analysis [79].

4.2. Fuzzy logic

Fuzzy logic is a type of logic that differs from classical (bivalent) 
logic because it allows the existence of partial truth. Classical 
logic uses only two values: true and false–while fuzzy logic 
uses a continuous spectrum of values   between zero and one to 
describe the truth of a statement. Sets are a basic component 
of fuzzy logic and represent a method of modelling uncertainty 
and ambiguity [80, 81]. Fuzzy logic is a powerful tool for 
modelling and solving problems that are not black or white. 
This allows us to use vague information to make decisions and 
draw conclusions in situations in which classical logic may be 
insufficient [82].

Figure 5. Steps of fuzzy logic [83] 
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Figure 5 illustrates the steps of the fuzzy logic. Clear inputs are 
specific values entered into the process. This is followed by a 
fuzzification process, in which clear inputs are transformed 
into fuzzy inputs. In the rule evaluation process, fuzzy inputs 
are converted into fuzzy outputs. During the defuzzification 
process, the fuzzy outputs are transformed into final results or 
clear outputs representing the response of the system.
Assessment of occupational risks is important for the safety 
of workers at construction sites. This process uses various 
parameters; however, obtaining precise information is often 
difficult. Traditional methods are often insufficiently accurate 
for determining risks and proposing preventive measures. 
Fuzzy logic has been used to develop a model for occupational 
risk assessment [84]. Using advanced inference and analysis 
techniques, the model provides tools that help construction 
companies make informed decisions and effectively manage 
safety risks [82].
Liu and Tsai [85] proposed a method that uses two-level tables 
to apply a quality function to show the relationships among a 
group of construction works, the type of hazard, and the cause 
of the hazard. A fuzzy analytical network process was applied to 
identify the most important types of hazards and their causes, 
and to assess the risk of these causes.
Janackovic et al. [86] proposed a fuzzy analytical hierarchical 
process for ranking the criteria used to assess the level of 
safety at a construction site. The basic requirements for safety 
at work (risk, costs, and social responsibility) were identified 
as criteria, factors that influence the quality of safety at work 
(technical, human, organizational, and external environmental 
factors) as sub-criteria, and key indicators of safety at work 
were identified as alternatives. A case study was conducted 
on road construction companies, and the results showed that 
organizational factors had the greatest influence on the quality 
of the occupational health and safety management system.
Seker and Zavadskas [87] presented a new approach for 
occupational risk assessment at construction sites that helps 
project managers adopt appropriate preventive strategies 
to avoid accidents at construction sites. The proposed fuzzy 
method reveals the relationships between factors and rank 
criteria according to the type of relationship and the intensity of 
their effects on each criterion.
In addition to being used for risk analysis, fuzzy logic has also 
been applied in the management of construction projects. 
Construction project delays are common and inevitable. When 
there is a delay in an activity, the engineer managing the project 
must determine the duration of the delay and how it will affect 
the rest of the project schedule. It often happens that even 
if the engineer managing the project knows that there is a 
problem of delaying work on a certain activity, he may not be 
able to accurately estimate how long the delay will last, what 
the consequences will be, and whether it will cause a delay 
in the final completion of the project. Therefore, it is useful in 
project management to have tools to help update the project 
plan based on delay analysis.

Oliveros and Fayek [88] presented a fuzzy logic model that 
integrated the daily site reporting of activity progress and delays 
with a schedule update system and construction monitoring 
and control. The developed model helps analyse the impact of 
delays on the project completion date and consists of several 
components: a database of the performed state integrated 
with the project schedule, a list of potential causes of delays, 
a delay categorisation procedure, a method for estimating the 
duration of the delay using fuzzy logic, a procedure for updating 
the schedule, and a procedure which assesses the impacts and 
likely consequences of delays on the progress of activities.
Gunduz et al. [89] presented a tool that uses fuzzy logic together 
with a relative importance index method to help construction 
contractors estimate the probability of project delay. Based on a 
literature review and interviews with civil engineers, 83 factors 
that could cause delays were identified that were divided into 
9 main groups. The importance of these factors was measured 
using the relative index method, and the factors and groups 
were ranked according to the extent to which they affected 
the delay. The most important delay factors were analysed 
according to the results of this project, and the model showed 
satisfactory results.
Cost overruns in construction projects are a very common 
phenomenon that occur because of poor quality and insufficient 
planning. Cost overruns can have a large effect on the financial 
structure and timeline of a project; therefore, it is very important 
to conduct early analysis and cost control [90]. Karla and Aminah 
[91] developed a model based on fuzzy logic to calculate the 
extent to which the final costs of a project will be higher or lower 
than the contracted price. The model performs estimations 
based on the project characteristics. It considers factors such 
as the scope, complexity, and duration of the project, as well 
as resource requirements. Furthermore, the model considers 
potential risk events. Delays, lack of resources, changes in 
requirements, and unforeseen complications are examples of 
risk events.

4.3. Genetic algorithms

The best answer is typically determined from a limited number 
of available choices. The search space refers to the set of 
all conceivable options. Each point in the area represents a 
potential solution, which can be evaluated based on its degree 
of adaptability. Genetic algorithms are heuristic methods 
for exploring the space to determine an ideal solution, such 
as minimisation [92]. However, obstacles in this context 
often include the presence of local minima and difficulties in 
initiating the search. Genetic algorithms exhibit several key 
characteristics. First, they are stochastic algorithms, implying 
that they involves certain elements of randomness. Algorithm 
selection and replication procedures rely heavily on randomness 
[93]. Using the principles of natural selection, multiple solutions 
can be combined to obtain superior results. Robustness is 
another important feature of genetic algorithms. They are 
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highly adaptable and can be used to solve various problems 
without requiring additional criteria [94].
Figure 6 shows the working process of a genetic algorithm 
that starts with a randomly generated population of solutions. 
The selection of the optimal solutions from the population 
serves as a parent to create a new generation of solutions. 
Thus, information is recombined to create new individuals. 
Subsequently, a mutation process is performed to preserve 
the population diversity. Each individual is evaluated according 
to the criteria and the optimal solution is the output of the 
genetic algorithm. This process is iteratively performed until the 
stopping criterion is satisfied.

Figure 6. Genetic algorithm working process [95]

The proper allocation of resources is essential for project 
success and process improvement. Resource allocation and 
levelling are complex tasks, particularly when they must be 
optimized simultaneously [96]. Using a genetic algorithm to 
solve these problems involves five steps: defining the genetic 
structure, setting the criteria for gene evaluation, creating 
an initial population, choosing a method to generate new 
generations, and implementing the procedure in a computer 
program. Paper [97] proposes a genetic algorithm that improves 
existing schedules created with the help of commercial project 
management tools.
Genetic algorithms have found their application in various areas 
of optimization, including planning and project management in 
construction, have been applied to various areas of optimisation. 
Zhang et al. [98] developed a genetic algorithm to optimise 
task scheduling with minimal project costs by considering 
deterministic and stochastic task durations. Their genetic 
algorithm generates a schedule of tasks and issues guidelines 

for their execution through stochastic distribution simulations. 
The results show that the genetic algorithm can reduce the 
total cost up to 19.57 % under deterministic conditions. Also, 
it significantly reduced execution time by approximately 66 %. 
Altanany et al. [99] presented a mathematical model that used 
matrices to represent project activities and applied a genetic 
algorithm to optimise project duration and costs. The authors 
introduced a new mathematical approach for the optimisation 
of linear projects using matrices, which allows for better 
scheduling of activities and determination of optimal schedules.
Genetic algorithms have proven to be powerful tools for 
automatically determining optimal architectural structures 
in BIM systems. Tafraour et al. [100] proposed an innovative 
approach based on a genetic algorithm to automatically 
determine the optimal structure for a certain architectural 
configuration in a BIM system. The methodology is based on 
a multicriteria optimisation process that generates an initial 
population of potential configurations that satisfy architectural 
constraints and general structural rules. The results show that 
the proposed approach is highly effective in generating optimal 
structures that meet the defined criteria and structural design 
requirements.
In the field of building maintenance, genetic algorithms integrated 
with discrete event simulations represent an advanced model 
for optimising maintenance plans. Nili et al. [101] presented 
a new model that integrated a genetic algorithm and discrete 
event simulation to identify an optimal bridge maintenance 
schedule considering manpower constraints. The framework 
focused on minimising agency and user costs in a bridge repair 
project by considering practical limiting factors such as resource 
and work crew limitations. Ward and Savić [102] used a genetic 
algorithm for drainage system maintenance. The model included 
minimising construction costs, maximising structural condition 
improvements, and minimising failure risk, and its effectiveness 
was tested on sewer systems in Devon, Cornwall, Dorset, and 
Somerset in the UK.

5. Conclusion

This paper analysed the application of expert methods in 
the construction sector for the period from 2000 to 2024, 
with special emphasis on building maintenance, inspection 
of sewage and water supply systems, geotechnics, traffic 
engineering, project cost forecasting, project duration, risk 
reduction on construction sites, and workforce productivity. 
The goals of this study were achieved through a detailed 
analysis of the application of expert construction methods. The 
research showed that expert systems, such as SCRAPS and 
EXPLORE, are crucial for optimising the maintenance process 
of facilities and infrastructure. The integration of BIM, GIS, 
and RFID technologies has enabled advanced data analyses, 
resulting in cost reduction and increased efficiency. Neural 
networks can successfully predict site overheads and material 
costs, reduce variations, and improve the productivity of work 
operations. Fuzzy logic enables more precise risk analysis, 
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