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Abstract

In current practice, the deployment of artificial intelligence models for the optimization
of construction processes is highly complex and limited, primarily due to the lack of data
available for training models. Collecting real-world data is both time-consuming and
resource-intensive. This paper focuses on the development of a methodology and a model
for generating synthetic data intended for the subsequent training of artificial intelligence
models for optimizing construction machinery assemblies. The proposed synthetic data
generation process is based on simulation principles that employ queuing theory and the
stochastic Monte Carlo method. This approach enables the rapid creation of large-scale
synthetic datasets. The developed model and generator are specifically focused on the use
of construction machinery in earthworks. Selected generated data were compared with and
validated against real construction projects. The synthetic data demonstrated very good
agreement with the observed data across key performance indicators. For Total Cost, CO2

Emissions, Fuel Consumption, and Completion Time, deviations between synthetic and
real project data were generally within 5–7%, which is considered acceptable for construc-
tion process simulations. In contrast, the Number of Failures exhibited noticeably higher
deviations (approximately 10–15%), indicating the current model’s weaker predictive capa-
bility for this metric. The outcomes of this study can benefit contractors and construction
equipment manufacturers by improving design efficiency, reducing costs, and enhancing
machine performance.

Keywords: synthetic data generation; construction process optimization; technological
limits; work queuing; stochastic modeling; queuing theory; environment impact; Monte
Carlo method; data science; artificial intelligence models

1. Introduction
1.1. General Background

The construction industry is a highly significant sector of the national economy and
an integral part of everyday human life [1,2]. Since the emergence of humankind, con-
struction technologies have continuously evolved—from simple methods, such as the
construction of a hut, to the highly complex processes involved in the construction of a
nuclear power plant [3]. The capabilities of modern computing technology are nearly
limitless regarding volume, storage duration, and the preservation of essential information
for future generations [4]. At the same time, humanity faces a profound challenge—one
that is nearly insurmountable given the limits of the human brain: to navigate, comprehend,
and effectively utilize the vast amount of complex information available [5].
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Modern construction technologies are the result of a synthesis of various scientific
disciplines (mathematics, physics, chemistry, economics, etc.) [6]. The modeling and opti-
mization of construction processes are indispensable for improving construction outputs
and must rely on proven methods, procedures, and AI [7]. The integration of complex and
diverse construction indicators (e.g., activities; labor, energy, and material resources) into a
mathematical–technological AI model requires knowledge of specific technical capabilities,
mathematical methods, and precise algorithms [7]. Errors, inaccuracies, or inefficient se-
quencing of processes in a construction–technological project may affect the entire life cycle
of a building [8].

Construction production is typically an individualized process, carried out under
specific conditions and constraints (terrain, local, climatic, economic, technological, legal,
etc.) [6]. Even minor oversight or failure to consider decisive or less evident factors
can render a project suboptimal regarding economic, technological, environmental, or
occupational health and safety outcomes [8]. This reality underscores the urgent need to
optimize construction processes and to select optimal mechanized equipment assemblies
for the execution of construction works [9].

A construction project for a complex building may involve hundreds or even thou-
sands of individual process items, each containing highly sophisticated information (pro-
ductivity, costs, environmental impacts, interdependencies, safety risks, probability of
equipment failure, fuel consumption, CO2 emissions, process durations, etc.) [7]. Simula-
tion processes often fail due to the enormous computational power required, making it
impossible to achieve complete coverage of all processes and alternatives [9]. Predictive AI
models operate with a certain degree of accuracy; although the results may not be globally
optimal, they can significantly and rapidly improve the efficiency of the entire process [10].
Without the use of AI models, optimization steps cannot be effectively undertaken, effi-
ciency in construction production cannot be increased, and the negative environmental
impacts of construction cannot be mitigated [10].

1.2. Literature Review

The field of production process optimization is widely studied, while the application
of AI in the optimization of construction processes is still developing. Both researchers
and construction companies continue to develop AI models and seek effective methods for
their implementation in practice. Considerable research has been devoted to the modeling
of construction production and the application of mathematical methods in construction.
The origins of scientific inquiry in this field date back to the early 20th century, when,
following the Industrial Revolution, problems of labor efficiency became highly relevant.
The development of mathematical and subsequent economic frameworks enabled the
evolution of optimization methods [11–13]. Initially, simple methods and applications were
employed, but with advances in modern computing, increasingly complex and powerful
mathematical methods and optimization algorithms emerged.

The topic of mathematical modeling in construction has been addressed in various
ways. In the United States, Luenberger [14] laid the theoretical foundations for optimization
through his work on linear and nonlinear programming, which became fundamental to
later applications in engineering and construction management. Ackoff and Sasieni [15]
contributed to the development of operations research and its use in decision-making and
planning of complex industrial and construction processes.

In the Czech Republic, Jarský [16,17] conducted pioneering research on the mathemat-
ical modeling of construction processes and later introduced automation in the planning
and management of construction projects. His work established algorithmic and computer-
assisted approaches to process organization and optimization in construction practice.
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Motyčka et al. [18] extended these concepts through empirical studies, focusing on the
effective utilization of construction machinery—specifically tower cranes—based on time
efficiency and productivity analyses.

In Slovakia, Břoušek, Vávra, and Zapletal [19] contributed to the field through their
work on construction technology for civil engineering structures, emphasizing the tech-
nological and organizational aspects of construction production. Tažiková, Struková, and
Kozlovská [20] further advanced this area by analyzing real operation times on construc-
tion sites, highlighting data-driven optimization of workflows and equipment usage in
residential building projects.

In Russia, Puchov and Chatiashvili [21] developed mathematical models of tech-
nological processes aimed at improving the organization and efficiency of construction
production. Their research was complemented by Pontrjagin [22], whose mathematical
theory of optimal processes provided the theoretical background for optimization problems
later adapted to mechanized equipment assemblies and construction process control.

In Lithuania, Zavadskas [23] explored construction modeling and the application of
computer systems. Jarský made a significant contribution by introducing an automated
computer system into construction practice [24]. Additional international sources [25–31]
also provided valuable inspiration for this research. Based on an analysis of the current
state of the field and a thorough review of the literature, suitable methods for AI-based
modeling of construction processes and identification of optimal equipment assemblies
were selected.

Numerous systems for the planning of construction processes exist (e.g., Primavera P6
Professional 24, Procore Preconstruction 2025, Aconex Oracle 25, MS Project Professional
2024). Most software tools rely on relatively simple mathematical models of network
diagrams to identify the critical path and optimize the allocation of resources. However,
the area of optimal selection of mechanized equipment assemblies is still in its early stages,
and software tools enabling the easy optimization of equipment selection (considering
minimization of labor and costs, fuel consumption, construction duration, environmental
impacts, etc.), along with the corresponding data, are currently unavailable. The appli-
cation of AI for identifying the most efficient equipment assembly for specific tasks is
entirely lacking.

The principal barrier to the implementation of AI models in construction practice is
the critical lack of high-quality training data. The acquisition of reliable data records is
both time- and cost-intensive, posing a substantial obstacle to large-scale implementation.
Training AI models requires vast datasets composed of structured and validated informa-
tion. For predictive and optimization models to achieve high accuracy, datasets containing
millions of records are indispensable [32]. According to [33,34], the collection of a single
record from existing construction projects may represent as much as 2–3% of the overall
project cost and, on average, may require up to three months. As a result, the training
of AI models for the optimization of construction machinery on real-world data becomes
impractical. Consequently, the only viable pathway is the development of a synthetic data
generator [35], capable of producing the necessary datasets for subsequent model training.

1.3. Research Gap

A detailed review of the existing literature and scientific publications revealed that
a clearly defined and comprehensive methodology for generating synthetic data in the
context of construction machinery assemblies is currently lacking. Considering the growing
adoption of artificial intelligence (AI) systems, there is an urgent need to establish a well-
structured simulation process that can be potentially replicated across other industrial
sectors and adapted to different problem domains.
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1.4. Research Aim and Objectives

This article primarily addresses the mathematical modeling of a construction pro-
duction system for synthetic data generation for AI-driven optimization of construction
machinery assemblies. The developed mathematical model, including the associated
databases of mechanized equipment assemblies and the environmental impacts of con-
struction production, is intended to enable modeling, simulation, and selection of the
optimal mechanized assemblies. Synthetic data for AI training were generated for different
construction equipment assemblies using queuing theory [36], stochastic modeling with
the Monte Carlo method [37], and multi-criteria decision-making methods. For greater
credibility, synthetic data must be validated and compared against real-world data collected
from actual construction projects.

In ref. [32], the authors describe a methodology for collecting and verifying synthetic
data. Our primary objective is to apply this method to construction processes and to
develop a sophisticated mathematical model for data simulation. In ref. [38], the authors
address the use of synthetic data in the context of network management and analysis. Many
authors [39–42] have investigated the use of synthetic data in construction; however, their
research has been limited to autonomous construction machinery without addressing the
optimization of task competition or the number of units employed. The main objective
of the work in ref. [43] was to generate synthetic data for evaluating and monitoring the
performance of construction works, without application to the selection of an optimal
construction assembly.

1.5. Novelty and Contribution

In response to the persistent challenge of limited and costly real-world data in the
construction industry, this study proposes a novel methodology for generating synthetic
data to support the training of optimization models for construction machinery assemblies.
The proposed approach integrates queuing theory with stochastic Monte Carlo simulation
to efficiently produce realistic, large-scale datasets that capture the variability and uncer-
tainty of construction operations. The developed model and data generator were validated
against real construction project data, demonstrating their ability to provide a practical and
scalable solution for reducing data collection costs and enhancing the design efficiency and
operational performance of construction machinery, particularly in earthwork processes.

1.6. Structure of the Paper

The proposed model determines the mechanized equipment assembly for a given
task (defined by the task volume and specific technological requirements) with respect
to multiple criteria: price, costs, profit, labor intensity, fuel consumption, construction
duration, environmental impact, and equipment failure rates. Section 2 describes the
model for generating synthetic data. Section 3 includes verification of the model on a
real construction project, which involved the collection of statistical data on the progress
of construction (temporal data on machine movement within the construction site), the
modeling and simulation of synthetic system data, and subsequent comparison of the
simulation results. Finally, this article summarizes the main contributions of the developed
model, discusses its limitations and critical points, and proposes future directions for
improving the model.

2. Methods and Models
In this section, important methods and theories in the fields of mathematics, economics,

and technology that were employed in the development of the proposed system will
be described.
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Construction production involves a highly complex integration of diverse construction
processes. The individual processes are interconnected in various ways and operate within
their specific limits under given conditions. It is evident that the construction production
system cannot be precisely and fully described or transferred into a computational form
due to its sophisticated nature. The system must therefore be simplified to the extent that
it enables its straightforward implementation into a mathematical model, while ensuring
that the accuracy of representation affects the modeling results only within a certain small
permissible deviation.

There are numerous approaches to the mathematical modeling of construction pro-
cesses, reflecting the diversity and complexity of the systems involved. These models
can generally be classified as deterministic [14], such as linear programming or critical
path analysis; stochastic, including Monte Carlo simulation [37], queuing theory [36], and
Markov chain models [13]; or hybrid, which integrate simulation with optimization tech-
niques or machine learning algorithms. Markov chain models are valuable for capturing
state-dependent and sequential behaviors—for example, equipment operations, system
reliability, and transitions between different construction states over time. Each model
provides a formalized representation of a process by defining its specific input and output
parameters, boundary conditions, and optimization criteria from a particular analytical
perspective [44].

Each mathematical model examined in this study constitutes an isomorphic represen-
tation of a real physical object, incorporating certain abstractions that simplify the model
and emphasize selected properties and parameters (see Figure 1). In isomorphic systems,
the mapping of elements from one system S1 to another system S2 is bijective, and the
number of nodes, edges, and their degrees is identical. This condition fully satisfies the
requirements of accurate modeling of construction technological processes.

Figure 1. Isomorphic representation of real and model systems.

The modeling of construction processes has two important aspects. The first aspect
is the formal mathematical one, which precisely describes the objects entering the system
(relations, constraints). Any formal system is a simplification (an idealized conception) of a
real object. Consequently, for modeling, the second aspect—interpretation—is indispens-
able. In other words, it is necessary to define in advance the procedures for the transition
between a real object and a model (input→ model) and between a model and the result of
modeling (model→ output).

If many mathematical models of the same technological process are available, the
designer or contractor will face the problem of choosing the most appropriate one. Bell-
man’s principle of optimality [45] states the following: “An optimal policy has the property
that, whatever the initial state and initial decision are, the remaining decisions must con-
stitute an optimal policy with regard to the state resulting from the first decision.” This



Buildings 2025, 15, 4176 6 of 29

principle is applied in dynamic programming and, with a certain degree of reliability,
can also be employed in AI modeling and decision-making when selecting the optimal
machine configuration.

The process of AI-based modeling and simulation of construction processes can be
summarized in four fundamental phases in a linear process flow diagram (see Figure 2).

Figure 2. Linear process flow diagram of AI modeling and simulation of construction processes.

• Phase 01: The modeling of construction processes (mathematical, economic, and
technological analysis of the problem, as well as the analysis of the social behavior of
the production system).

• Phase 02: The simulation of synthetic data for AI training (the definition of limiting
constraints, the application of mathematical methods such as queueing theory and the
Monte Carlo method, and the simulation of processes).

• Phase 03: AI modeling (design of architecture and neural network, generation of
synthetic data, training, and verification).

• Phase 04: The implementation of the AI model (analysis, evaluation of results, and
selection of the optimal variant).

During the first step, a detailed economic, mathematical, and technological analysis
of the problem was carried out. This study considers the market of production inputs
in the construction industry from both macroeconomic and microeconomic perspectives.
Resources are limited at both the global and local level. The price of energy and production
input for the construction production process continues to rise. Therefore, the contractor
must place greater emphasis on the efficient management and utilization of the available
production factors. Implementing optimization steps in the selection of machine config-
urations is an indispensable requirement for the effective management of a construction
company and for maintaining its competitiveness in the market. Economists generally
assume that the primary objective of a company is the maximization of profit (the max-
imization of the difference between revenues and costs) [46]. The optimal arrangement
of machine configurations, not only regarding construction speed but also regarding the
minimization of costs and other parameters, is highly beneficial and efficient, particularly
due to the significant share of mechanized work in production.

The definition of a production function must be expressed as the relationship between
the factor inputs into the system and the maximum volume of outputs over a given
period [46]. The production function is expressed as follows:

Q = f (K, L), (1)
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where Q is the output per unit of time [units/sec], K is a production factor of capital
(machinery, technology), and L is a production factor of labor (human activity).

For the analysis of the entire system, it is possible to construct an isoquant that
describes all combinations of different inputs which result in the production of the same
output (see Figure 3).

Figure 3. Graphical representation of production isoquant.

Each point on this curve represents a combination of different labor and capital factors.
For each combination of factors, there is a specific and precise calculable criterion value
according to which optimization will be carried out. Any machine assembly examined
during the modeling process has certain properties and parameters (performance, cost of
use, fixed and variable costs, constraints, failure rate, fuel consumption, CO2 emissions).
The smooth course of an isoquant is an ideal case, which does not occur due to the limita-
tions of the production system and the factor market; in practice, it is a series of discrete
points located in the vicinity of the curve. The downward slope of the isoquant describes
the marginal rate of technical substitution (MRTS) and clearly determines the extent to
which a construction company can change and substitute inputs without altering the level
of outputs.

The main optimization task from an economic perspective was to develop an AI model
that enables the rapid selection of the optimal input combination and the production of a
given output at minimal cost with respect to the production function Q (1). The adjusted
production function for a single construction technological process and one construction–
technological crew (operating and operated resource) is expressed as follows:

Q = f (Ks, Kc), (2)

where Q is the output per unit of time per construction technology crew [units/sec], Ks is
the serving production factor of capital (resource), and Kc is the served production factor of
capital (resource).

The graph of the production isoquant (Figure 3) can be adjusted to illustrate the
dependence between the marginal product and the serving/served resource. For an
unambiguous determination of the optimum cost, it is necessary for each variant to define
an isocost (Figure 4), which specifies all combinations of inputs that can be acquired for
a given total cost (the minimum permissible for the respective variant). The entire set of
machine configurations ϑ can be expressed in vector form:

ϑ1...n = {[Ks1, Kc1], [Ks2, Kc2], . . . , [Ksn, Kcn]}, (3)

where ϑ1...n is the total set of machine configurations, Ks1, Ks2 . . . Ksn is the set of serving
machine configurations and Kc1, Kc2 . . . Kcn is the set of served machine configurations.
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Figure 4. Graphical representation of production isocost.

Each vector of a machine configuration is associated with additional parameters: price,
costs, fuel consumption, CO2 emissions, performance, failure rate, etc. For every analyzed
variant, it is possible to construct the corresponding isoquant and isocost.

The entire set of isoquant and isocost curves uniquely describes two mutually tangent
surfaces and the corresponding optimal points. In Figure 5, a continuous ideal surface of
the production function (the set of isoquant curves) is schematically illustrated. The total
costs, according to the isocost graph, for a given analyzed variant are described by the
following formula:

TC = s·Ks + c·Kc, (4)

where TC is the total cost, Ks is the number of units of serving resources, Kc is the number
of units of served resources, s is the cost of one unit of the serving resource, and c is the
cost of one unit of the served resource.

Figure 5. A schematic representation of the continuous ideal surface of the production function.

In Figure 5, the local and global extrema that determine the optimal points of the
mathematical model are evident. When the constraining conditions are incorporated into
the graph, the mathematical problem becomes unambiguously defined, and the optimum
cost within the examined range can be determined. It is evident that every company
behaves in the market according to the well-known Least Cost Rule and seeks an optimal
point within the entire feasible solution set. The developed AI model will be capable of
rapidly identifying one of the optimal points which, although not necessarily global, will
nevertheless be highly efficient.
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The following explanation contains the mathematical derivation of the marginal rate
of technical substitution (MRTS) and the determination of the optimal combination of
inputs [46]. The long-run production function is expressed by Relation (2). The marginal
products (MPs) of the serving and served capital resources are defined as follows:

MPKS =
δQ
δKS

, MPKC =
δQ
δKC

, (5)

The change in output resulting from the simultaneous variation in both inputs is given
by the total differential of the production function (2):

dQ =
δQ
δKS
· dKS +

δQ
δKC

· dKC, (6)

By substituting (5) into (6), we obtain the following:

dQ = MPKS · dKS + MPKC · dKC, (7)

If we move along the graph of a single isoquant while changing the combination of
inputs, the output remains constant, i.e., dQ = 0. Then, we obtain the following:

MPKS · dKS + MPKC · dKC = 0

which can be rearranged as follows:

MPKS · dKS = −MPKC · dKC

Further manipulation yields the marginal rate of technical substitution (MRTS) for an
infinitesimal change in inputs such as the ratio of their marginal products:

−dKC
dKS

= MRTS =
MPKS

MPKC

, (8)

where MRTS is the marginal rate of technical substitution between the serving and served
capital resources.

To determine the optimal combination of inputs, the Lagrange multiplier (λ) method
is applied. The cost optimum can be formulated in two ways: either as the minimization
of costs for a given output level or as the maximization of output for given costs. Each
formulation requires the construction of a specific Lagrangian.

For the case illustrated by the isoquant Q = f (KS, KC) = Q1, where the objective is to
minimize costs for a specified output, the Lagrangian is constructed as follows:

L = c · KC + s · KS + λ · [Q1 − f (KS, KC)] (9)

The necessary conditions to obtain the minimum are as follows:

δL
δKC

= c− λ · δQ
δKC

= 0 (10)

δL
δKS

= s− λ · δQ
δKS

= 0 (11)

δL
δλ

= Q1 − f (KS, KC) = 0 (12)
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Solving this system yields the minimum values of KS and KC required to produce Q1.
From Equations (10) and (11), we isolate λ as follows:

λ =
c
δQ
δKC

, λ =
s
δQ
δKS

.

Thus, the following must hold:

c
MPKC

=
s

MPKS

which can be rearranged as follows:

c
s
=

MPKC

MPKS

For the case illustrated by the isocost Q = f (KS, KC) = Q2, the objective is to deter-
mine the number of inputs that the firm must purchase to achieve the required output
under the following constraint:

TC− c · KC − s · KS = 0

The second Lagrangian is formulated as follows:

L = f (KS, KC) + λ · [TC− c · KC − s · KS] (13)

The first-order conditions are as follows:

δL
δKS

=
δQ
δKS
− λ · s = 0 (14)

δL
δKC

=
δQ
δKC
− λ · c = 0 (15)

δL
δλ

= TC− c · KC − s · KS = 0 (16)

From the first and second conditions, we obtain the following:

λ =

δQ
δKC

c
, λ =

δQ
δKS

s

The following holds:
MPKC

c
=

MPKS

s
which can be rearranged as follows:

c
s
=

MPKC

MPKS

Thus, the cost optimum is defined as follows:

MRTS =
s
c

, (17)

where s is the price of one unit of the serving resource and c is the price of one unit of the
served resource.
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The analysis of the economic model and key simulation parameters revealed the pres-
ence of both global and local minima and maxima within the entire set of feasible solutions,
which can be identified during the simulation process of machine assemblies. The eco-
nomic model is integrated into the simulation procedure, as illustrated in the algorithm’s
pseudo-code (see Appendix B), and is employed for evaluating the total system costs. For
simplification purposes, certain economic assumptions and influences were omitted in the
model simulation (e.g., additional costs associated with newly acquired resources and the
supply–demand relationship for resources). These factors and relationships may be ex-
plored in future research and are further discussed in the Discussion Section. Incorporating
extended economic parameters is expected to enhance the algorithm’s accuracy and reduce
deviations between synthetic and real-world data.

Construction production is a process composed of numerous activities. Each construc-
tion activity is subject to limiting boundaries: space, time, and technology. Construction
management should rationally select the necessary production factor, considering not only
the above-mentioned parameters but also the economic aspects. Each production factor has
its own performance and specific parameters (e.g., minimum working area, reach, fuel and
water consumption, repair and maintenance), as well as one-time acquisition costs (trans-
portation to and from the construction site, installation and removal of equipment, worker
training, i.e., the so-called initial entry into the work task). Moreover, each production
indicator has its own work schedule.

A production factor can fulfill a construction task only if certain technological con-
straints are satisfied. Construction production is not standardized; each construction project
is, in its own way, unique. It is executed according to a specific project and under varying
geographical, climatic, and situational conditions. Technological constraints are clearly
defined by the boundaries of technological feasibility. Every technology requires strict
adherence to an exact technological procedure, which subsequently determines the require-
ments for the type of production factor, the duration of the process, and the climatic and
external conditions (i.e., standardized conditions at the workplace). In certain cases, tech-
nological constraints may become dominant and decisive for the selection of a production
factor. Technological capabilities can generally be extended only at additional costs (e.g.,
the use of special concrete additives for winter construction). These additional costs may
be interpreted either as a specific process that shortens the technological downtime or, from
the cost perspective, as a coefficient that increases the efficiency of the production factor.
Safety requirements can also be included, as they define the lower and upper limits for the
number of machines or crews.

The contractor usually has only a limited working area—the construction site—and
must cope with a wide range of concurrent construction processes in various terrain
conditions. These processes often intersect and interfere with one another. Furthermore,
each production indicator requires a minimum working space on the site. The ratio of
the minimum working space to the total working space for a given production factor
determines the working front coefficient, one of the fundamental limiting parameters in
the spatial structure of a construction project. The minimum working front defines the
lower boundary of the number of machines or crews that construction management can
allocate to complete a given task [47]. The working front coefficient is calculated according
to Equation (18) and is usually expressed as a percentage.

fij =
M
C

, [%] (18)

where f is the working queue coefficient [%], M is the minimum working queue, and C is
the total working queue.
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Another important concept is labor productivity (sometimes referred to as the norm
of output), which is determined as the volume of production of a given process produced
per unit of time, according to Equation (19) [47]:

Pr =
Q
T

, [units/hours] (19)

where Pr is the labor productivity [units/hours], Q is the production output resulting
from a given process, expressed in physical or monetary units [units], and T is the time in
temporal units (typically hours).

The time norm specifies, in time units (minutes, hours, etc.), how much time a worker
or crew requires to complete a given task (e.g., processing, transport, execution) [47].

The actual labor input is the total amount of work required to produce a certain
quantity of output from a specific process. It is calculated according to Equation (20) and is
measured in labor hours [47]:

Ps =
Q · Nt

n
, [hours] (20)

where Ps is the actual labor input [hours], Q is the production output resulting from a
given process, expressed in physical or monetary units [units], Nt is the time norm, i.e., the
standard consumption of working time of one worker or one machine per unit of output
[hours/units], and n is the norm intensity coefficient (the ratio between the actual and
standard labor input of a given process).

The duration of a partial process can be calculated using the following equation:

t =
Ps

d · h · s , [days] (21)

where t is the duration of a partial construction process in days [days]; Ps is the actual
labor input [hours]; d is the number of workers or machines in mechanized construction
processes; h is the number of working hours per shift [hours/shift]; and s is the shift factor,
i.e., the number of shifts per day.

In the second step, the model generates synthetic data required for the training process
of the AI model and calculates the number of necessary resource units under the assumption
that the resources assigned to the task operate according to a uniform work schedule (work
contour: flat). Based on the findings in ref. [17], the following mathematical methods and
theories were applied: queueing theory and Monte Carlo.

Queueing theory (theory of mass service) deals with the study of systems with service
channels, where queues are formed and subsequently serviced by service centers. The
primary objective of queueing theory is to determine the laws governing the functioning of
the system and to develop the most accurate possible mathematical model that accounts
for various probabilistic factors influencing the entire process [45,48].

A construction process can be examined both from the perspective of the customer
waiting in line, who is primarily interested in the waiting time, and from the perspective of
the service centers. A waiting entity decides which queue to join or whether to leave the
system altogether. From the perspective of the service center, the priority is to determine
the utilization of service channels and the probability of failure, including repair time. The
service center must also be able to reliably estimate the service time of a customer with
respect to the current construction task.

For the optimization of construction processes, a closed system (Figure 6) is more
suitable, in which customers return to the system and rejoin the queue after a certain period
following service completion. A closed process is understood as a situation in which the
source of requests is finite. The queue length is limited, and customer requests are processed
according to the FIFO principle (first in–first out). An example of such an application is
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the optimization of construction machinery in the earthworks stage, where loaders or
excavators (number C) act as service centers, and trucks or dumpers (number D) enter the
system as customers. For the maximum queue length, the following relation applies:

D− C ≥ 0 (22)

Figure 6. Closed queueing service system.

Monte Carlo is a class of algorithms for the stochastic simulation of systems. The
method relies on the random generation of pseudorandom numbers. It is commonly used
for the evaluation of integral, especially multidimensional, systems, where conventional
methods fail or are inefficient. The Monte Carlo method also has wide applicability for
solving differential equations. For modeling random processes in construction activities, the
Monte Carlo method appears to be the most suitable regarding both speed and the quality
of results. The underlying idea is simple: given random draws, one estimates the expected
value of a quantity that results from a random process. Implementing a computational
model of such a process is relatively straightforward today, and after performing enough
simulations, the data can be processed using classical statistical methods to obtain the mean
and the standard deviation [13,45].

The Monte Carlo method requires constructing a model of a real system that possesses
the same probabilistic characteristics as that system (randomness is induced via random
numbers). The model must then be refined using various coefficients and stochastic
influences that affect the entire system. The experimenter can subsequently analyze the
model repeatedly and iteratively calibrate its behavior.

When generating random values in a Monte Carlo simulation, one must employ an
appropriate probability distribution. The developed system allows the user to specify the
type of distribution either from predefined options (normal, exponential, gamma, Erlang)
or from user-defined types.

By combining the Monte Carlo method with queueing theory, several alternative
solutions are obtained that satisfy the specified task. For each alternative, the optimization
parameters are computed. The synthetic data generated in this way is then used in the
subsequent step for training the AI model.

The last two steps of modeling (the development of the AI model and the imple-
mentation of the developed model into the real environment) are not the subject of the
present study; they only outline the subsequent procedure for system development and the
application of the generated synthetic data. The following section will provide a detailed
description of the functionality of the developed model for the generation of synthetic data
for the AI model aimed at optimizing construction machine configurations.

3. Generation of Synthetic Data for Model Optimization
The following section provides a detailed step-by-step description of the workflow

for generating synthetic data for the model designed to optimize machine configurations,
with a specific focus on earthworks in construction. An example of a simulation calculation
using queueing theory is provided in Appendix A. The source code of the generator



Buildings 2025, 15, 4176 14 of 29

(written in PHP version 8.2.15 as web application [49]) is available in a publicly accessible
repository [50]. The data are stored in a MySQL (MariaDB version 5.5.68) database, and the
database structure is made available in a publicly accessible repository in SQL format [50].

Figure 7 presents a block diagram illustrating the fundamental steps involved in
synthetic data generation, including the key components of the Data Governance Policy.

Figure 7. The fundamental steps in synthetic data generation.

The real large-scale construction project CTU—New Building Device (NBD) was se-
lected as a case study to demonstrate the sample simulation of the synthetic data presented
in this manuscript. Based on the project’s bill of quantities, the total task volume reached
3350 m3 (7537 t). The excavation and transport processes were modeled for a large construc-
tion site using various machine assemblies. This case study offers a step-by-step simulation
of the generated synthetic data, which is further verified in Section 4.

For the necessary functionality, it is essential to introduce input parameters into the
system that describe both the contractual project and the characteristics of the construction
site and construction machinery, including stochastic and optimization coefficients:

• Task parameters: Task volume, start and completion dates, maximum available work-
ing area, shift length, variable costs, and machine productivity coefficients according
to project complexity.

• Machine parameters (machine catalog): Average machine performance, average cycle
time, maximum available number of units, minimum working area, variable cost,
fixed cost, probability of failure, mean time to repair, average cost of failure removal,
energy consumption, and CO2 emissions.

• Kendall’s classification of queueing systems (X/Y/c) for data generation [51].
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• Stochastic parameters: Randomness of failures, randomness of weather conditions,
randomness of traffic complications, randomness of emergency states, and randomness
of human factors.

An example of synthetic data generation is presented in Table 1. The number of
synthetic data records is calculated according to the following formula and is limited by
the computational performance available for the generation of the synthetic data:

Nsd = Dd ·Cd · Pd, (23)

where Dd is the number of admissible variants of served machines, Cd is the number
of admissible variants of serving machines, and Pd is the number of task variants to be
completed by the production factor.

Table 1. An example of synthetic data generation for 25,000 process input cycles.

N Serving/Served Units Avg Input
Time [min]

Avg Serving
Time [min]

Avg Waiting
Time [min] Avg Queue Max

Queue
Total Time

[min]

1
Caterpillar
300.9D/Tatra T815
4 × 4

4 + 38 1.458 2.600 0.002 0.001 1 36,490

2
Caterpillar
300.9D/Tatra T815
4 × 4

3 + 38 1.503 2.780 0.031 0.001 1 38,363

3
Caterpillar
300.9D/Tatra T815
4 × 4

4 + 37 1.477 2.676 0.000 0.001 0 36,940

4
Caterpillar
300.9D/Tatra T815
4 × 4

3 + 37 1.514 2.732 0.020 0.001 2 38,638

5
Caterpillar
300.9D/Tatra 163
Jamal

3 + 20 2.417 3.833 0.008 0.003 1 34,574

6
Caterpillar
300.9D/Tatra 163
Jamal

2 + 20 l 3.843 0.731 0.310 4 44,126

7
Caterpillar
300.9D/Tatra 163
Jamal

3 + 19 2.440 3.659 0.009 0.004 2 34,987

8
Caterpillar
300.9D/Tatra 163
Jamal

2 + 19 2.429 3.712 0.858 0.354 8 46,878

The volume of synthetic data can reach hundreds of millions of records, and for each
variant, a stochastic simulation of construction processes is performed based on repeated
execution of work cycles. Data synthesis may therefore require significant computational
capacity. A training dataset generated for testing purposes contained 17,280,000 records [50].
The individual simulation results according to variant 6 (Table 1) are presented in Table 2
and Figure 8.

Figure 8 presents a graphical representation of the simulation for the first 200 ticks
in the scenario with two service lines. Each tick corresponds to one minute of simulation
time. During each tick, a customer may enter the system. If service lines are available, the
service process begins (blue area). Upon completion of service, the customer leaves the
queue, releases the service line, and performs a work cycle, after which they rejoin the end
of the queue. If all service lines are occupied, the customer joins the queue and waits until a
line becomes available (red area). Table 1 presents the average time values for the complete
simulation (25,000 process input cycles). The total task completion time is calculated as:
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(Average Input Time + Average Waiting Time) × Number of process input cycles = Total
Time task completion. The parameters of the simulated queue are also calculated, including
the Average Waiting Time in the queue, as well as the Average and Maximum Queue
length. Table 2 illustrates the status of the service lines and the queue during each tick of
the simulation.

Table 2. The simulation and computation for variant 6: Caterpillar 300.9D (2 units)/Tatra 163
(20 units).

Timeline
[min]

Input Time
[min] Input Link 1

[min]
Link 2
[min]

Queue 1
[min]

Queue 2
[min]

Queue 3
[min]

Task
Completion

20 3 + 5 8 1 3 0.06%
21 1 + 3 9 3 2 0.07%
22 2 + 10 10 2 1 10 0.08%
23 2 + 10 10 1 0 10 0.08%
24 1 + 14 11 10 14 0.08%
25 4 + 7 12 9 13 7 0.09%
26 4 + 7 12 8 12 7 0.09%
27 4 + 7 12 7 11 7 0.09%
28 4 + 7 12 6 10 7 0.09%
29 1 + 1 13 5 9 7 1 0.10%
30 2 + 3 14 4 8 7 1 3 0.11%

Figure 8. Simulation of queue length and service time.

The resulting simulation record contains the calculated optimization parameters (Table 3).
The table summarizes the performance of different equipment configurations in terms of total
cost, completion time, CO2 emissions, fuel consumption, and the number of failures. Each
scenario represents a distinct combination of serving and served units, reflecting variations in
machine allocation. The results indicate that configurations with a higher number of serving
units tend to reduce completion time and emissions, while also maintaining a lower number
of failures. However, this improvement is often accompanied by a moderate increase in total
cost, highlighting the trade-off between efficiency and operational expenses.
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Table 3. The calculated optimization parameters.

N Serving/Served Units Total Cost [USD] Completion
Time [hour] CO2 Emissions [kg] Fuel Con-

sumption [L]
Number of

Failures

1
Caterpillar
300.9D/Tatra
T815 4 × 4

4 + 38 1,188,524 609 6919 2582 17

2
Caterpillar
300.9D/Tatra
T815 4 × 4

3 + 38 1,220,089 640 8083 2643 16

3
Caterpillar
300.9D/Tatra
T815 4 × 4

4 + 37 1,174,232 616 6834 2550 17

4
Caterpillar
300.9D/Tatra
T815 4 × 4

3 + 37 1,198,489 644 7954 2595 16

5
Caterpillar
300.9D/Tatra
163 Jamal

3 + 20 904,012 577 8289 3093 14

6
Caterpillar
300.9D/Tatra
163 Jamal

2 + 20 1,115,922 736 11,336 3857 17

7
Caterpillar
300.9D/Tatra
163 Jamal

3 + 19 875,268 584 7997 2984 13

8
Caterpillar
300.9D/Tatra
163 Jamal

2 + 19 1,134,318 782 11,457 3902 17

4. Verification and Validation of Synthetic Data
Every theoretical insight must be verified in practice. A theory or scientific research

gains value only when it can be applied in the real world. The functionality of the developed
synthetic data generator for subsequent training of the AI model, aiming to optimize
construction machine configurations, was verified on a real large-scale construction project:
CTU—New Building Device (NBD).

Verification was carried out during the construction stage “Site Preparation” for the
processes “Loading of topsoil and subsoil and transport to landfill within 20 km”, “Loading
and transport of demolished asphalt materials for recycling within 20 km”, and “Loading
and transport of demolished materials to an intermediate landfill within 20 km”. According
to the bill of quantities, the task volume was 3350 m3 or 7537 t.

The primary real-world measurements were conducted using the provided time-lapse
recording (Figure 9). The time-lapse was carried out with two cameras placed outside the
construction site [33]. These data served as a reference for comparing the synthetic data
with the actual execution of construction work.

To increase the reliability of verification and validation, an additional 10 construction
projects were analyzed, carried out between 2020 and 2025 in the Czech Republic. These
were anonymized projects of residential and civil construction. The aggregated comparative
data, including parameter deviations, are presented in Table 4. The overall deviation was
calculated as a weighted average of the individual deviations, assuming equal parameter
weights. The overall deviation of actual data from synthetic data for the 10 projects analyzed
did not exceed 13%.
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Figure 9. Time-lapse recording from a camera (CTU–New Building Device).

Table 4. The aggregated comparative data (synthetic/real).

Project Number of
Tasks

Total Cost
[USD × 103]

Completion
Time [hour] CO2 Emissions [kg] Fuel Con-

sumption [L]
Number of

Failures Deviation [%]

1 3 1150/1090 820/900 12,200/13,500 4550/5750 11/13 12.1
2 6 980/1025 760/810 11,000/11,800 3950/4300 9/10 7.1
3 5 450/380 400/470 4200/5000 1500/1950 5/7 20.2
4 7 1300/1480 910/1050 14,000/16,200 5050/6350 14/10 19.9
5 4 800/820 700/750 9000/9800 3100/3500 8/9 8.0
6 3 250/235 300/340 3500/3900 1200/1350 4/5 11.9
7 5 900/840 760/880 10,800/12,300 3900/4600 10/12 13.0
8 6 1500/1620 950/1100 15,500/17,600 5500/6400 15/18 12.7
9 4 170/165 180/200 2000/2200 700/800 2/3 13.6
10 6 600/635 520/600 7200/8100 2600/3000 6/7 11.5

49 7.2% 11.2% 10.9% 15.0% 20.6% 13.0%

The quality of data is particularly crucial when it comes to synthetic data. The vali-
dation process assesses the data’s accuracy, consistency, realism, and utility to ensure it is
genuinely suitable for the intended task. This process helps mitigate the risks associated
with synthetic data that has not undergone rigorous testing. Table 5 presents the final
statistical evaluation of the synthetic dataset in comparison with the real dataset, conducted
across ten projects and forty-nine independent construction tasks. The analysis employed
correlation analysis (R2, Pearson correlation), comparison of key statistical indicators Root
Mean Square Error (RMSE), as well as the F-test and the Kolmogorov–Smirnov test to assess
the normality of the data distribution. A comprehensive report detailing the statistical
evaluation of synthetic data quality is provided in ref. [52].

The model demonstrates very high accuracy for Total Cost (R2 = 0.96), CO2 Emissions
(R2 = 0.93), Fuel Consumption (R2 = 0.90), and Completion Time (R2 = 0.87). In contrast,
the Number of Failures metric shows poor performance, with a low R2 value (R2 = 0.15)
indicating that the model explains only a small fraction of its variance. The RMSE values
for the first four metrics are reasonable relative to their respective scales, whereas the RMSE
for Failures (RMSE = 1.70) suggests higher relative errors. The synthetic and observed
values exhibit strong positive Pearson correlations for all metrics except Number of Failures
(correlation = 0.38), confirming poor linear agreement in that case. Statistical validation
further supports these findings. For Total Cost, Completion Time, CO2 Emissions, and
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Fuel Consumption, F < Fcrit, indicating that the model’s regression results are statistically
significant and valid. Conversely, for Number of Failures, F > Fcrit, showing that predictions
are not statistically significant. The Kolmogorov–Smirnov test confirms that residuals for
the first four metrics satisfy normality assumptions (K–S < K–Scrit), whereas for Number of
Failures, K–S > K–Scrit, implying that residuals deviate from normality and thus reduce
model reliability for this variable. Figure 10 presents a graphical representation of the
Kolmogorov–Smirnov statistical test for the following metrics: Total Cost, Completion
Time, Fuel Consumption, and CO2 Emissions.

Table 5. Summary of Model Performance Metrics.

Metric Total Cost Completion Time CO2 Emissions Fuel Consumption Number of Failures

Observations 49 49 49 49 49
RMSE 25.89224137 34.40455594 380.6546456 201.9042004 1.702339327
R-squared 0.959115609 0.866353155 0.932646442 0.900973609 0.14698364
Pearson
correlation 0.979344479 0.930780938 0.965736217 0.949196296 0.383384455

F-Test 0.870728 < Fcrit 0.8241 < Fcrit 0.8562 < Fcrit 0.6679 < Fcrit 0.2881 > Fcrit
K–S Test 0.14442 < K–Scrit 0.14384 < K–Scrit 0.12117 < K–Scrit 0.12665 < K–Scrit 0.21617 > K–Scrit

 

Figure 10. Kolmogorov–Smirnov statistical test.

5. Conclusions
Summary of main results: This study introduces a novel methodology for generating

synthetic data to train optimization models for construction machinery assemblies. The
approach combines queuing theory and Monte Carlo simulation to produce realistic,
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large-scale datasets efficiently. The developed model and generator, validated against real
construction data, provide a practical and scalable solution that reduces data collection costs
and supports improved design and performance of construction machinery in earthworks.
The generator enables large-scale simulation and data generation for AI model training
aimed at optimizing construction machine configurations. The system demonstrated
the following:

• High computational efficiency that is capable of generating tens of millions of records.
• The implementation of queueing theory and Monte Carlo simulations to model stochas-

tic construction processes.
• Practical verification on 10 real construction projects, where the maximum deviation

between synthetic and real data did not exceed 13%.
• Each large-scale project comprises between three and seven independent construction

tasks. For each task, real-world data were independently collected and evaluated.
In total, 49 comparisons were conducted, and the outcomes were aggregated and
synthesized into ten consolidated project-level records.

• Based on statistical verification using correlation analysis (R2, Pearson correlation),
comparison of key statistical indicators (RMSE, F-test), and the Kolmogorov–Smirnov
test, the generated synthetic data demonstrate good model performance for Total Cost
(R2 = 0.96), CO2 Emissions (0.93), Fuel Consumption (0.90), and Completion Time
(0.87). However, the model shows poor performance for the Number of Failures, as
indicated by a low R2 value, weak correlation, lack of statistical significance, and
non-normal residuals.

6. Discussion
6.1. Limitations

While the results are promising, the present study represents only an initial step in
developing specialized optimization software. Several limitations have been identified:

• The mathematical model relies on simplifications that may not fully capture the
complexity of real construction processes.

• Verification has so far been limited to 10 construction projects (49 tasks), restricting the
generalizability of the findings.

• The current set of optimization indicators, while comprehensive, may not fully cover
all relevant factors in diverse construction contexts.

• The generator does not incorporate an economic model that accounts for the marginal
cost associated with each additional resource. Consequently, the model operates
without estimating these marginal costs, which does not fully represent real-world
conditions and could be improved in future work.

6.2. Future Directions

Further research is required to extend and validate the model:

• Refining the mathematical framework to better approximate actual technological
processes and improve generation ability for metric Number of Failure.

• Expanding verification to a broader set of construction projects to demonstrate univer-
sality and robustness.

• Incorporating additional optimization criteria, including advanced environmental
indicators and safety parameters.

• Validate the model results through cross-national comparisons to enhance external validity.
• Validate the model results through model-based testing (utility testing) and expert review.
• Examine and compare alternative algorithms for generating synthetic data in construction

processes (e.g., Markov chains).
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6.3. Implications and Significance

Although the developed system is not yet perfect, it carries significant potential for
practical application. Its real-world deployment is expected to refine and improve the math-
ematical model further, making it a valuable tool for both operational and strategic planning
in construction management. By simplifying AI model training and enabling optimization
of mechanized processes, the generator can help reduce costs, shorten construction times,
and mitigate environmental impacts in the construction industry. Beyond cost reduction
and efficiency gains, the model also has implications for urban land-use efficiency, tax
policy, and sustainable development. When applied to public or urban construction, its
optimization outcomes could influence land valuation, zoning density, and regional tax
revenues, thereby affecting local fiscal planning. Integrating such data-driven optimization
into urban policy frameworks can thus enhance not only construction performance but also
the institutional and sustainability dimensions of urban growth. More efficient construction
cycles and resource utilization can also lead to a more adaptive and sustainable urban form,
consistent with the goals of the EU Green Deal and sustainable urban mobility frameworks.

6.4. Legal and Ethical Positioning of Synthetic Data

The dataset utilized in this paper comprises exclusively synthetic data, rigorously
validated against anonymized and non-sensitive reference sources. This methodological
approach ensures that no information can be re-associated with any identifiable natural or
legal person. All machine assembly registration identifiers, corporate logos, and proprietary
symbols were systematically removed during the data preprocessing and sanitization
phase. In accordance with the General Data Protection Regulation (GDPR, Regulation (EU)
2016/679), such data are considered to fall outside the regulatory scope of personal data
processing, provided that the anonymization process is irreversible and the probability
of re-identification remains negligible (Recital 26, GDPR). Nonetheless, a residual risk of
re-identification cannot be entirely excluded, particularly if the synthetic data generation
process closely reproduces statistical patterns inherent to the original dataset. To mitigate
this potential risk, controlled parameterization of the generative model and systematic
post-generation validation procedure was implemented. These measures were designed to
minimize model overfitting and prevent the inadvertent disclosure or reconstruction of
original data distributions.

The EU Artificial Intelligence Act (Regulation (EU) 2024/1689) underscores the crit-
ical importance of robust data governance, transparency, and accountability in artificial
intelligence systems, even in contexts where no personal data are directly processed. In
accordance with these principles, the present paper emphasizes the traceability and repro-
ducibility of the synthetic data generation pipeline. While the question of data ownership
is comparatively attenuated in the case of synthetic datasets—since no original data sub-
jects can assert rights over generated samples, the issues of algorithmic bias and model
accountability remain of paramount significance. Consequently, the proposed approach
incorporates quantitative bias assessment metrics and model explainability mechanisms,
thereby advancing responsible AI development in alignment with the EU’s risk-based
regulatory framework.

Funding: This research was funded by the Czech Technical University in Prague, Faculty of
Civil Engineering, Student Grant Competition, under grant number SGS23/148/OHK1/3T/11,
Increasing the sustainability of masonry and concrete structures using robots, and grant number
SGS25/115/OHK1/3T/11, Technological procedures for treatment and processing of deposited CCP
products containing primary and secondary gypsum.
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Appendix A
This appendix contains the results of the simulation and the calculation of a construc-

tion machine configuration using queueing theory.
The input parameters of the mathematical model:

• Construction process: Excavation works and foundation pit.
• Task volume: 6000 m3; excavation class: 3; extending coefficient, Kn = 1.25 [47,53].
• The total soil volume is therefore calculated as follows:

Qtot = 6000·1.25 = 7500 m3

Truck (dumper) parameters are presented in Table A1, based on [54]. A dumper with
a loading capacity Vbody of 15 m3 is considered. The average round-trip time from the
construction site to the disposal area is 40 min. The financial costs of machine operation
include fixed costs of CZK 3000 and variable costs of 1000 CZK per hour. The maximum
number of available dumpers is 15. The probability of failure is 2% per day, with an average
repair time of 2 h [54]. The service connection time to the excavator is 2 min.

Table A1. The input parameters for the truck.

Parameter Value

Load capacity, m3 15
Average travel time (travel loop 25 km), min 40
Average unloading time, min 2
Average loading time, min 15 × 60/P
Fixed costs, CZK 3000
Variable costs, CZK/hour 1000
Probability of failure, %/day 2
Average repair time, min 60
Maximum number of dumpers 15

A work shift is TS = 8 h per day, 40 h per week. The time limit for the construction
task is a maximum of 2 weeks (TM = 80 working hours, i.e., 4800 min). The basic time unit
is the minute.
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Excavator input parameters are given in Table A2, based on [54]. Most parameters
are either specified by the manufacturer or estimated based on field observation and
monitoring. The required hourly performance of the excavator, excluding random failures,
is calculated as follows:

Preq =
Qtot

TM·N
=

7500
80·1 = 93.75 m3/h

Table A2. The input parameters of the excavator.

Parameter Value

Bucket capacity, m3 2
Average cycle time, min 0.83
Average productivity Pexc, m3/h 100
Fixed costs, CZK 5000
Variable costs, CZK/hour 2000
Probability of failure, %/day 2
Average repair time, min 60

The average cycle time of the dumper TC without random factors is calculated as follows:

TC = 40 + 2 +
15·60
100

= 40 + 2 + 6 = 48 min

The hourly productivity Ptruck of the dumper is calculated as follows:

Ptruck =
Vbody

TC
·60 =

15
48
·60 =

12.50 m3

h

The minimum number PV of dumpers required to fully utilize the excavator, ignoring
random factors, is calculated as follows:

PV =
N·Pexc

Ptruck
=

100
12.5

= 8.0⇒ 8 dumpers

Further calculations concerning stochastic influences are performed within the simula-
tion software. After incorporating random variables (machine failures) into the mathemati-
cal model, simulations indicate an extension of service times TN :

TN = 6 + 0.058 = 6.058 min

The intervals between service TV entries are likewise extended:

TV = 42 + 0.052 = 42.052 min

The average dumper cycle time TC including failures is calculated as follows:

TC = 42.052 + 6.058 = 48.11 min

This computation is summarized in Table A3. The service cycles of excavators and
dumpers are interdependent at the loading point. Due to random inter-arrival intervals of
dumpers, queues inevitably form. Therefore, queuing theory is suitable for analyzing the
interaction between the transport system and the excavator.

For optimal machine fleet design, further parameters of queuing theory are required:

• Service intensity:
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µ =
1

TN
=

1
6.058

= 0.1651 min−1

• Arrival intensity:

λ =
1

TV
=

1
42.052

= 0.02378 min−1

• System load factor:

ρ =
λ

µ
=

0.02378
0.1651

= 0.1441

The queuing calculations in Table A3 demonstrate that processing an excavation
volume of Qtot = 7500 m3 within 80 working hours (4800 min) requires 11 dumpers
(Qtot ≤ Q).

Table A3. The queuing calculations for processing an excavation volume.

n n·ρ S (n·ρ) V L M I N TF [min] TC [min] T [min] Q [m3]

1 0.1440 1.144 0.8740 0.8740 0.1259 0.1259 0.0000 0.0000 48.11 36,083 998
2 0.2881 1.3296 0.8604 1.7208 0.2791 0.2479 0.0312 0.7628 48.87 18,327 1964
3 0.4321 1.5746 0.8444 2.5332 0.4667 0.3649 0.1018 1.6909 49.80 12,450 2892
4 0.5762 1.9073 0.8255 3.3022 0.6977 0.4757 0.2220 2.8278 50.94 9551 3769
5 0.7202 2.3738 0.8034 4.0174 0.9825 0.5787 0.4038 4.2271 52.34 7851 4586
6 0.8643 3.0518 0.7778 4.6670 1.3329 0.6723 0.6606 5.9525 54.06 6758 5327
7 1.0084 4.0775 0.7484 5.2391 1.7608 0.7547 1.0060 8.0750 56.19 6020 5980
8 1.1524 5.6993 0.7154 5.7235 2.2764 0.8245 1.4518 10.667 58.78 5510 6533
9 1.2965 8.3893 0.6793 6.1141 2.8858 0.8808 2.0050 13.790 61.90 5158 6979

10 1.4405 13.085 0.6411 6.4110 3.5889 0.9235 2.6653 17.482 65.59 4919 7318
11 1.5846 21.736 0.6020 6.6222 4.3777 0.9539 3.4237 21.741 69.85 4763 7559
12 1.7287 38.575 0.5634 6.7616 5.2383 0.9740 4.2643 26.520 74.63 4664 7718
13 1.8727 73.244 0.5266 6.8467 6.1532 0.9863 5.1668 31.734 79.84 4606 7815
14 2.0168 148.72 0.4924 6.8948 7.1051 0.9932 6.1118 37.276 85.39 4574 7870
15 2.1608 322.37 0.4613 6.9200 8.0799 0.9968 7.0830 43.042 91.15 4558 7899

Table A3 describes queueing system performance metrics. Column n represents the
number of parallel links (e.g., machines or operators). n·ρ indicates the total system load
factor (utilization), showing the overall load on all links combined. S (n·ρ) is a performance
or efficiency factor reflecting how system effectiveness changes with increasing utilization.
V denotes the service efficiency, or the proportion of time servers are actively working. L
is the average number of entities (such as trucks or tasks) present in the system, while M
represents the average number currently being serviced. I shows the average number of idle
servers, and N is the average queue length, i.e., the number of entities waiting for service.
TF [min] refers to the total flow time, the average time an entity spends in the system
including both waiting and service. TC [min] is the cycle time per entity, representing
one complete operational cycle (e.g., travel, load, unload, and wait). T [min] indicates the
average service time for a single operation, and Q [m3] is the total processed or transported
volume in cubic meters corresponding to the configuration.

The initial cycle increases due to queueing delays and continues to extend overtime.
The performance of the transport system does not grow linearly with the number of
dumpers (see Figure A1).
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Figure A1. The performance of the transport system.

Finally, the financial cost analysis is performed. The optimal configuration corresponds
to the solution with the lowest total costs.

Appendix B
This appendix contains the pseudocode of the simplified synthetic data generator

for the optimization of construction machine assemblies. The functions implementing
the queuing theory–based simulation, the computation of economic parameters for the
variants, and the incorporation of stochastic effects are presented solely in an input/output
format. The detailed implementations of these functions are provided in ref. [50]; each
comprises several hundred lines of source code, which are not practical to represent in
pseudocode form.

START
1. IMPORTS

import table/CSV library (e.g. pandas)
2. LOAD INPUT DATA

task_table ← read CSV “data_input/task.csv”
machines_table ← read CSV “data_input/machine.csv”

3. BUILD MACHINE VARIANTS
//customer/transport machines:
SET customer_table ← filter machines_table where group == customer
//operator/loading machines:
SET operator_table ← filter machines_table where group1 == operator

4. SIMULATION PARAMETERS
SET task_bins, volume_min, volume_max
SET travel_bins, travel_min, travel_max
SET operator_min, operator_max
SET customer_min, customer_max
//count of total number of variants
COMPUTE total_variants←

travel_bins
* task_bins
* (operator_max − operator_min + 1)
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* (customer_max − customer_min + 1)
* ROW_COUNT(operator_table)
* ROW_COUNT(customer_table)

5. PREPARE OUTPUT HEADER
SET columns← [“model”, “volume”, “travel_time”, “lambda”, “mu”,
“rho”,

“operator_id”, “operator_count”, “customer_id”,
“customer_count”,
“input_count”, “input_time”, “service_time”,
“waiting_time”,
“queue_avg”, “queue_max”, “total_time”, “total_cost”,
“total_co2”, “total_fuel”, “total_failure”]

OPEN CSV file “data_output/synthetic_data.csv” FOR writing
WRITE columns AS first line (comma-separated)

6. MAIN GENERATION LOOP
SET record_counter, default_model_id, default_unload_time_s
FOR EACH operator_row IN operator_table:

//extract machine parameters
SET operator_db_id← operator_row[“id”]
SET operator_productivity←
operator_row[“work_output_unit_h”]
SET operator_bucket← operator_row[“units_count”]
SET operator_cycle_sec← operator_row[“work_cycle_sec”]
SET operator_price_usd← operator_row[“machine_price_usd”]
//extract economic parameters FC—Fixed Cost, VC—Variable Cost
SET operator_FC← operator_row[“machine_FC”]
SET operator_VC← operator_row[“machine_VC”]
//extract technical parameters Failure, Fuel consumption, CO2
production
SET operator_failure_rate← operator_row[“machine_
failure_rate”]
SET operator_repair_rate← operator_row[“machine_
failure_repair”]
SET operator_fuel_h← operator_row[“machine_ failure_fuel_h”]
SET operator_co2_h← operator_row[“machine_ failure_ co2_h”]

END FOR
FOR EACH customer_row IN customer_table:

//extract machine parameters
SET customer_db_id← customer_row[“id”]
SET customer_productivity←
customer_row[“work_output_unit_h”]
SET customer_bucket← customer_row[“units_count”]
SET customer_cycle_sec← customer_row[“work_cycle_sec”]
SET customer_price_usd← customer_row[“machine_price_usd”]
//extract economic parameters FC—Fixed Cost, VC—Variable Cost
SET customer_FC← customer_row[“machine_FC”]
SET customer_VC← customer_row[“machine_VC”]
//extract technical parameters Failure, Fuel consumption, CO2
production
SET customer_failure_rate← customer_row[“machine_
failure_rate”]
SET customer_repair_rate← customer_row[“machine_
failure_repair”]
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SET customer_fuel_h← customer_row[“machine_ failure_fuel_h”]
SET customer_co2_h← customer_row[“machine_ failure_ co2_h”]

END FOR
//iterate over task volumes
SET volume_step← (volume_max − volume_min)/(task_bins − 1)
FOR volume FROM volume_min TO volume_max STEP volume_step:

//number of transport cycles needed to reach this volume
SET input_count← FLOOR( volume/load_capacity )
//iterate over travel times
SET travel_step← (travel_max − travel_min)/(travel_bins − 1)

FOR travel_time FROM travel_min TO travel_max STEP
travel_step:

//iterate over operator fleet size
FOR operator_count FROM operator_min TO
operator_max:

//iterate over customer fleet size
FOR customer_count FROM customer_min TO
customer_max:

//Service intensity (mu):
//how fast the “service” can process arriving
loads
SET mu← (customer_bucket *
60)/operator_productivity
//Arrival intensity (lambda):
//arrivals are limited by transport + unload time
SET lambda← 1/(unload_time + travel_time)
//System load factor
SET rho← lambda/mu
//build output row (same order as columns)
SET total_time = FUNCTION_TIME(row)
SET total_cost = FUNCTION_COST(row)
SET total_fuel = FUNCTION_FUEL(row)
SET total_co2 = FUNCTION_CO2(row)
SET total_failure = FUNCTION_FAILURE(row)
SET row← [default_model_id, volume,
travel_time,

lambda, mu, rho,
operator_row_index, operator_count
customer_row_index,
customer_count, input_count,
total_time, total_cost, total_fuel,
total_co2, total_failure]

WRITE row TO CSV
END FOR

END FOR
END FOR

END FOR
7. OPTIONAL POSTPROCESS

//Data Governance Policy
FUNCTION_DATA_GOVERNANCE(all row)

END PROGRAM
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45. Klvaňa, J. Modelling 20, 3rd ed.; Vydavatelství ČVUT: Prague, Czech Republic, 2005; ISBN 80-01-03263-9.
46. Soukupová, J. Microeconomics, 3rd ed.; Management Press: Prague, Czech Republic, 2002; ISBN 80-7261-061-9.
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