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Abstract

Early-stage planning decisions exert a decisive influence on the cost, duration, and overall performance of
large construction projects. These decisions are typically made during the Front-End Loading (FEL) phases,
when project definition remains limited and uncertainty is high. Although alternative construction methods
such as modular and off-site construction have demonstrated significant benefits in terms of productivity,
safety, quality control, and schedule reduction, their selection is still predominantly guided by organizational
experience rather than systematic planning-based evaluation. Conventional early-stage schedules are often
highly aggregated and do not explicitly reflect the structural and temporal differences between construction
modes, thereby limiting informed decision-making. This paper proposes an artificial intelligence—based early-
stage planning framework that explicitly integrates conventional and modular construction methods within
the tactical planning context. The framework combines hierarchical construction planning principles with
reinforcement learning and Monte Carlo Tree Search (MCTS) to generate, evaluate, and iteratively improve
aggregated project schedules during the FEL2 and FEL3 phases. By modeling early-stage planning as a
sequential decision-making problem, the proposed approach enables systematic exploration of alternative
scheduling strategies without requiring exhaustive enumeration of all feasible plans.
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1. Introduction stakeholder  interdependencies amplify  the
consequences of early planning decisions [1-6]. It is

The construction industry plays a critical role in widely recognized that decisions taken during the

economic de\(elopmentf m.frast?*uc'ture provision, and initial phases of a project have a disproportionate
urban expansion. Despite its significance, the sector

i ' ) . impact on downstream performance, often
continues to face persistent challenges, including labor

o ‘ determining achievable cost and schedule outcomes
shortages, stagnant productivity growth, safety risks, long before construction activities commence.

cost overruns, and schedule delays. These challenges

are particularly pronounced in large construction Among the most influential early-stage decisions is the

projects, where complexity, uncertainty, and selection of the construction method. Conventional on-
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site construction remains the dominant approach due

to its familiarity, established workflows, and
widespread industry expertise [7]. However,
alternative  construction = methods—particularly

modular and off-site construction—have gained
increasing attention in recent years as potential
responses to industry inefficiencies. Modular
construction involves the fabrication of building
components or volumetric modules in controlled
factory environments, followed by transportation and
on-site assembly. This shift in production location
fundamentally alters the structure of construction
schedules, resource allocation patterns, and spatial
constraints.

Numerous studies and reports have
documented the advantages of modular construction,
including reduced construction duration, improved
quality consistency, enhanced worker safety, and
reduced exposure to weather-related disruptions.
These benefits are particularly attractive in the context
of large and complex projects. However, the
realization of these benefits is highly dependent on

industry

early-stage planning decisions [8]. Poor integration of
modular activities into early schedules can negate
potential advantages and introduce new coordination
risks related to logistics, sequencing, and interface
management between off-site and on-site operations.

Despite this dependence on early planning, the choice
of construction method is often made based on
organizational precedent, contractor expertise, or
perceived cost considerations, rather than through
systematic evaluation of planning alternatives. Early-
stage schedules developed during the FEL phases are
typically highly aggregated, focusing on major
milestones rather than detailed work packages [9-15].
While such aggregation is necessary due to limited
project definition, it also obscures the structural
differences between construction methods. As a result,
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planners lack tools capable of assessing how
alternative construction modes influence early-stage
schedules in terms of duration, sequencing flexibility,
and overall feasibility.

Hierarchical planning frameworks, such as those
formalized by the AACE schedule classification
system, recognize the evolving nature of schedule
detail as projects progress through definition phases.
Class 4 and Class 3 schedules, commonly developed
during FEL1 through FEL3, support feasibility
assessment and budget authorization. However,
existing hierarchical planning approaches implicitly
assume a fixed construction method and do not provide
mechanisms for generating or comparing schedules
that incorporate different construction modes. This
limitation becomes increasingly problematic as
modular construction gains relevance and complexity.

From a computational perspective, integrating
alternative construction methods into early planning
significantly expands the of feasible

scheduling alternatives. Even at an aggregated level,

number

the number of possible sequences grows rapidly as
different construction modes are assigned to work
packages. Traditional deterministic  scheduling
techniques, such as critical path analysis, are ill-suited
to this combinatorial solution space,
particularly under uncertainty and limited data
[16]. of
is computationally while

explore

availability Exhaustive  enumeration

alternatives infeasible,
heuristic rules risk biasing decisions toward familiar

construction practices.

Recent advances in artificial intelligence, particularly
reinforcement learning and Monte Carlo Tree Search,
offer promising opportunities to address these
challenges. These techniques have demonstrated
strong performance in complex decision-making
environments characterized by large search spaces and

delayed rewards. By framing planning problems as
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Class Level (% Final Use Method
of complete Used
definition)
Class 5 0% to 2% Concept Top-down
selection planning
Top-down
Class 4 1% to 15% Feasibility planmpg;
study Semi-
detailed
Budget Top-down
Class 3 10% to 40% | authorization | P lggﬁ:ig’
or control detailed
Control or Bogom—
Class2 | 30% to 70% | tendering/bid plamll)ing'
submission Detailed
50% to Control or Bogom—
Class 1 o tendering/bid P .
100% submission planning;
Detailed
sequential ~ decision  processes, learning-based

approaches can iteratively improve decision quality

through experience, without requiring explicit

enumeration of all possibilities. This paper builds on
these advances by proposing an Al-based early-stage
planning  framework to

specifically  tailored

construction  projects alternative

construction methods.

involving

Table 1 Definition of schedule classes, adapted
from (Aace International, 2010) [1]

The primary objective of this study is to demonstrate
the feasibility and potential value of learning-based
planning tools for early-stage construction scheduling.
Rather than optimizing a specific project instance, the
focus is on validating whether artificial intelligence
can systematically support planning decisions during
the FEL phases, when information is limited but
strategic flexibility remains high. By doing so, the
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paper aims to contribute to the emerging body of
research on Al-assisted construction planning and
provide a foundation for future development of
practical decision-support systems

Early-stage planning for large construction projects
has been widely studied in the context of project
management, operations research, and construction
engineering.

1.1 Hierarchical in
Construction Projects

Planning

Table 1 summarizes this classification system and
establishes the planning context relevant to this study.
Class 5 schedules, developed during the conceptual
phase, provide highly aggregated representations of
project phases with minimal detail. As projects
progress through the Front-End Loading (FEL) phases,
schedules evolve toward Class 4 and Class 3, which
support feasibility assessment, budget authorization,
and strategic alignment. These schedules typically
represent work at the level of work packages rather
than individual activities, reflecting the limited
availability of detailed engineering information.

Hierarchical planning frameworks are particularly
important for large construction and engineering
projects due to their scale, complexity, and
stakeholder diversity. Aggregated schedules
facilitate communication among decision-makers,
support high-level trade-off analysis, and enable
early validation of project objectives. However,
most hierarchical planning models implicitly
assume a fixed construction approach and focus
on sequencing predefined work packages without
considering alternative construction modes. As a
result, early-stage schedules often fail to reflect
the structural differences introduced by modular
or off-site construction.
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1.2 Planning Implications of Modular
and Off-Site Construction

Modular construction represents a fundamental
departure from traditional on-site construction by
transferring substantial portions of production to
factory environments. This shift alters not only
where work is performed, but also how it is
planned, sequenced, and coordinated. In modular
construction, off-site fabrication and on-site
assembly can occur in parallel, creating
opportunities for schedule compression but also
introducing new coordination challenges.

Numerous studies have highlighted the benefits of
modular  construction, including reduced
construction  duration, improved  quality
consistency, enhanced safety performance, and
reduced exposure to adverse weather conditions.
Industry reports from organizations such as the
Modular  Building Institute emphasize
productivity gains and waste reduction associated
with factory-based production. Academic studies
further confirm that modular construction can
deliver superior outcomes when integrated
effectively into project planning.

Traditional early-stage planning methods are
poorly equipped to capture these differences [23].
Aggregated schedules often represent modular
and conventional construction activities in similar
ways, obscuring the distinct temporal and spatial
characteristics of each approach. As a result,
planners lack tools to systematically evaluate how
alternative construction modes influence early-
stage schedules in terms of duration, flexibility,
and risk exposure.

1.3 Decision-Support Approaches for
Construction Method Selection

958

Several studies have attempted to support
construction method selection through decision-
support tools based on qualitative and quantitative
criteria. These approaches typically identify
factors influencing the suitability of modular
construction, such as project size, site constraints,
labor availability, transportation logistics, and
organizational expertise. Questionnaire-based
tools and  multi-criteria  decision-making
frameworks have been proposed to assist
managers in evaluating these factors.

Compute the value v of the
planning state thanks to
the neural network

Update rules

A1, N—N+1
O Wo>W+v
Q—->N/W
Fig 1.
An iteration of the MCTS

1.4 Artificial Intelligence in Construction
Planning

Recent advances in artificial intelligence have
opened new possibilities for addressing complex
planning problems in construction. Machine
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learning techniques have been applied to predict
project duration and cost based on historical data,
with neural networks often outperforming
traditional regression models. However, these
approaches typically focus on outcome prediction
rather than schedule generation and rely heavily
on large datasets from completed projects [25].

Learning-based  approaches to  schedule
generation are less common but particularly
relevant to early-stage planning, where data
scarcity and uncertainty limit the applicability of
supervised learning. Reinforcement learning,
which enables agents to learn optimal policies
through interaction with an environment, offers a
promising alternative. By framing planning as a
sequential decision-making problem,
reinforcement learning can iteratively improve
scheduling strategies without requiring labeled
datasets.

Monte Carlo Tree Search (MCTS) has emerged as
a powerful method for navigating large decision
spaces in sequential problems. The MCTS
algorithm  balances exploration of new
alternatives with exploitation of known high-
performing strategies through iterative tree
traversal. Figure 1 illustrates the four phases of an
MCTS iteration—selection, expansion,
simulation, and backpropagation—which
collectively  enable efficient search in
combinatorial spaces.

The integration of MCTS with neural networks, as
demonstrated in game-playing systems such as
AlphaGo, has shown remarkable success in
complex domains. In construction planning, this
integration enables the estimation of planning
state values and action probabilities, guiding the
search process toward promising scheduling
alternatives ~ while avoiding exhaustive
enumeration. However, existing applications of
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these techniques in construction have primarily
focused on operational-level sequencing or
component installation, rather than early-stage
aggregated planning.

2.1 Research Methodology

The objective of this research is to investigate whether
artificial  intelligence—based  approaches  can
effectively support early-stage construction planning
when alternative construction methods, such as
modular and conventional construction, are considered
simultaneously. Given the exploratory nature of this
objective and the limited availability of real-world
early-stage planning data, the study adopts a structured
yet flexible research methodology focused on model
development, controlled experimentation, and
rather than

comparative evaluation

validation on a single real project.

empirical

2.1.1 Research Design and Objectives

The research is designed as a methodological and
computational study aimed at proposing and validating
a novel planning framework rather than optimizing a
specific construction project. The primary research
objective is to develop a model capable of generating
aggregated construction schedules during the Front-
End Loading (FEL) phases
incorporating  alternative  construction
Secondary objectives include assessing the learning

while explicitly

modes.

behavior of the model, identifying key parameters
influencing performance, and comparing the proposed
approach with baseline planning strategies.

This methodological orientation reflects the current
state of practice in early-stage planning, where
uncertainty, limited project definition, and lack of
detailed data constrain the applicability of traditional
empirical validation methods. Instead of relying on
historical project schedules—which often reflect
implicit biases toward conventional construction—the
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study emphasizes controlled experimentation to isolate
the effects of learning-based planning mechanisms.

Step 1: Definition of the Planning
Model

Step 2: Development of the
Planning Tool

Step 3: Generation of Project
Instances for Experimentation

Step 4: Experimentation

Step 5: Model Validation

The overall research workflow is illustrated in Figure
2 of the thesis, which presents the sequential and
iterative structure of the methodology. The workflow
consists of five

| J
| J

Figure 2. Steps in the research method

main stages: definition of the planning framework,
development of the learning-based model, generation
of project instances, experimental evaluation, and
comparative validation.

The first stage involves defining a planning framework
suitable for early-stage construction projects. This
includes identifying the appropriate level of schedule
aggregation, determining how construction modes are
represented within work packages, and establishing
performance indicators for schedule evaluation.
Particular attention is given to ensuring compatibility

with Class 4 and Class 3 schedules as defined by the
AACE schedule classification system.

The second stage focuses on the development of the
learning-based planning model. This includes
formalizing early-stage planning as a sequential
decision-making problem, selecting

appropriate artificial intelligence techniques, and
implementing the computational architecture that
combines Monte Carlo Tree Search and a neural
network trained through reinforcement learning.
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2.1.2 Planning Context and Level of Detail

A critical methodological decision concerns the level
of planning detail addressed by the model. The study
focuses on early-stage tactical planning rather than
detailed operational scheduling. Work is represented at
the level of aggregated work packages, consistent with
Class 4 and Class 3 schedules. This choice reflects the
practical realities of early-stage planning, where
detailed activity definitions and resource assignments
are typically unavailable.

By operating at this level of aggregation, the model
supports  strategic  decision-making related to
construction method selection and high-level
sequencing, rather than day-to-day execution control.
This distinction is essential, as the primary goal is to
evaluate the planning implications of alternative
construction modes rather than optimize construction
operations.

2.1.3 Formulation of the Planning Problem

Early-stage planning is formulated as a sequential
decision-making problem in which planning decisions
are made incrementally. At each decision step, the
planner selects a work package and assigns a
construction mode, such as conventional on-site
construction or modular off-site construction. The
cumulative effect of these decisions determines the
structure and performance of the resulting aggregated
schedule.

This formulation enables the use of reinforcement
learning techniques, which are well suited to problems
involving delayed rewards and large decision spaces.
Rather  than complete  schedules
exhaustively, the model learns to prioritize decisions
that lead to higher overall planning performance,

evaluating

measured through composite indicators combining
schedule duration and planning feasibility.
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2.1.4 Use of Synthetic Project Instances

The use of synthetic project instances is a deliberate
methodological choice driven by both practical and
considerations. Real-world early-stage
schedules are often proprietary, incomplete, or biased
toward conventional construction practices. Moreover,

scientific

they rarely document alternative planning scenarios
that were considered but not adopted.

Synthetic instances enable systematic control over key
project characteristics, such as building size, number
of work packages, construction modes, and cost—
duration relationships. These instances are generated
using parameter ranges informed by industry practices
and literature, as summarized in Table 2. By
maintaining consistency across experiments, synthetic
instances support meaningful comparison of model
performance under varying conditions.

3. Proposed AlI-Based Planning Framework

This section presents the proposed artificial
intelligence—based framework for early-stage
construction planning that explicitly integrates

alternative construction methods within aggregated
schedules. The framework is designed to support
decision-making during the Front-End Loading (FEL)
phases, when project definition is limited but strategic
flexibility remains high. The objective of the
framework is not to produce a final execution
schedule, but to generate and evaluate feasible early-
stage planning alternatives that reflect different
construction modes and sequencing strategies.

3.1 Conceptual Foundations

Perspective

and Planning

The proposed framework is grounded in the
recognition that early-stage construction planning
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differs fundamentally from detailed operational
scheduling. At this stage, planners work with
incomplete information, high uncertainty, and
aggregated representations of work. Traditional
optimization-based scheduling approaches, which rely
on detailed activity networks and fixed resource
constraints, are therefore poorly suited to early
planning contexts.

To this the
conceptualizes early-stage planning as a sequential
decision-making process, in which planning decisions
are made incrementally as information becomes
available. Each decision corresponds to the selection
of a work package and an associated construction

address limitation, framework

mode, such as conventional on-site construction or
modular off-site construction. The cumulative
sequence of decisions defines an aggregated project
schedule. This perspective enables the use of learning-
based methods that can improve decision quality over
time through experience, rather than relying on
exhaustive enumeration of all feasible planning
alternatives. Importantly, it allows planners to explore
how different construction methods influence early-
stage schedule structure, overlap opportunities, and
overall project duration.

962

3.1.1 Overall Architecture of the Framework

The overall architecture of the proposed framework is
illustrated in Figure 3. The framework integrates three
main components:

e arepresentation of the planning environment,

e aMonte Carlo Tree Search (MCTS) engine for
exploring planning alternatives, and

e a neural network trained through
reinforcement learning to guide the search

process.

MCTS Search Tree

Neural Network

D Computes work batch
S . probabilities and planning
state values

+ Represents all scheduling possibilities

« Enables selection of work batch
to plan in each iteration

Figure 3. Overall Mode

3.1.2 Analogy with Game-Theoretic Decision

Processes

A key conceptual contribution of the framework is the
analogy between early-stage construction planning
and single-player games with perfect information. In
this analogy, the planner acts as a player making

sequential moves in a deterministic environment,
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where each move corresponds to a planning decision.
The objective of the game is to maximize a
cumulative  reward that reflects planning
performance, such as minimizing overall project
duration or improving schedule feasibility.

This analogy provides a theoretical foundation for
applying MCTS and reinforcement learning
techniques that have been successfully used in
strategic games. Unlike competitive games, early-
stage planning involves no adversary; instead,
uncertainty arises from incomplete information and
the combinatorial nature of planning alternatives. The
game-theoretic framing allows the planning problem
to be decomposed into manageable decision steps
while retaining the ability to evaluate long-term
consequences of early decisions.While MCTS
provides a powerful mechanism for search, its
effectiveness depends on the quality of state
evaluation and action selection. To enhance these
capabilities, the framework incorporates a neural
network trained through reinforcement learning. The
neural network serves two complementary functions:
estimating the expected value of a planning state and
predicting the probability distribution over feasible
actions. The value estimate provides an
approximation of how favorable a given partial
schedule is in terms of expected final performance.
This estimate enables the MCTS engine to prioritize
branches of the search tree that are likely to lead to

high-quality schedules.
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The action probability estimate guides exploration by
suggesting which work package and construction
mode combinations are most promising at a given
planning state. The integration of the neural network
with MCTS significantly reduces the computational
burden associated with search and accelerates
learning. Rather than relying solely on random
simulations, the framework leverages accumulated
experience to inform future planning decisions. The
learning process follows an iterative reinforcement
learning paradigm. Initially, the neural network has
limited knowledge of the planning environment and
provides relatively uninformed guidance to the
MCTS engine. As simulations are performed and
planning outcomes are evaluated, data generated
during search iterations are used to update the neural
network parameters. This iterative process enables
progressive improvement in planning performance.
Over successive iterations, the framework learns to
recognize patterns in planning decisions that lead to
better schedules, such as effective sequencing of
modular and on-site activities or favorable
combinations of construction modes. The result is a
planning tool that adapts to the characteristics of the

problem rather than relying on fixed heuristics.

4. Results and Discussion
This section presents and interprets the experimental

results obtained from applying the proposed Al-based
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early-stage planning framework to the generated
project instances. The discussion focuses on learning
behavior, sensitivity to key parameters, comparative
performance against baseline approaches, and the
implications of the findings for early-stage
construction  planning  involving  alternative
construction methods.

4.1 Validation of Learning Behavior

The first objective of the experimental analysis is to
verify whether the proposed framework exhibits
meaningful learning behavior over successive
training iterations. Learning behavior is assessed by

observing the evolution of the composite planning

score as the model undergoes repeated cycles of
Monte Carlo Tree Search exploration and neural

network training.

Figure 4 illustrates the progression of the planning
score as a function of training iterations. The results
show a clear upward trend during the initial iterations,
indicating that the model rapidly acquires useful
information about effective planning decisions. This
phase corresponds to the neural network learning
basic relationships between planning states,

construction modes, and schedule outcomes.

Evolution of the score based on the number
of iterations
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Iteration

Figure 4 Evolution of the score as a function of the number of iterations

As training progresses, the rate of improvement
gradually decreases, and the planning score stabilizes,
suggesting convergence toward a locally optimal

planning policy. This convergence behavior is
consistent with reinforcement learning paradigms
applied to large but finite decision spaces.
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Importantly, the absence of oscillatory or erratic
behavior in the score trajectory indicates that the
learning process is stable and not dominated by
stochastic noise.

From an early-stage planning perspective, this result
is significant. It demonstrates that even at an
aggregated level of detail, where information is
limited and uncertainty is high, learning-based
approaches can identify consistent planning strategies
that outperform uninformed decision-making.

4.2 Influence of Monte Carlo Tree Search
Parameters

0.17

0.165

0.16

Score 0.155

0.15

0.145

0.14

1. 3 &5 J 9 11
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Nl N

13 15 17 19 21

The second set of experiments examines the
sensitivity of the framework to key Monte Carlo Tree
Search parameters, particularly the number of
simulations performed at each decision step. These
parameters directly affect the balance between
solution quality and computational effort.

Figures 5 and 6 present the impact of varying the
number of MCTS simulations on planning
performance. As expected, increasing the number of
simulations leads to improved planning scores,
reflecting deeper exploration of the decision space
and more of planning
alternatives. However, the marginal gains diminish
beyond a certain threshold, indicating diminishing

accurate evaluation

returns from additional simulations.

23 25 27 29

Itération
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Figure 5 Evolution of the score as a function of the variation in numEps
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Figure 6 Evolution of the score according to the variation of the update threshold

This observation highlights a practical trade-off
for early-stage planning applications. While
deeper search improves decision quality,
computational efficiency is a critical consideration
during FEL phases, where planners may need to
evaluate multiple scenarios rapidly. The results
suggest that moderate simulation counts can
deliver substantial performance improvements

without incurring prohibitive computational costs
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4.3 Sensitivity to Training Dataset Size

Another important factor influencing learning
performance is the number of training examples
generated during each iteration. Larger datasets
provide richer information for neural network

training but increase computation time.
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Figure 7 Evolution of the score as a function of the variation of numMCTSSims

Figure 7 illustrate the effect of training dataset size
on convergence behavior. The results show that
insufficient training data can lead to slow or
unstable learning, as the neural network struggles to
generalize from limited examples. Conversely,
excessively large datasets provide diminishing
improvements to their

performance relative

computational cost.

These findings underscore the importance of
carefully selecting learning parameters to balance
model accuracy and efficiency. For practical
deployment in early-stage planning contexts,
parameter tuning should consider both available
computational resources and the desired level of
planning accuracy.
the framework

However, learning-based

demonstrates superior performance in scenarios

where modular construction introduces
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opportunities for parallelization and schedule
overlap. In these cases, the framework identifies
planning strategies that leverage off-site fabrication

more effectively than fixed

heuristics. This capability is particularly valuable
during early-stage planning, where the benefits of
modular construction are not always intuitively

apparent.

5. Conclusion

This paper presented an artificial intelligence—
based framework for early-stage construction
planning that explicitly incorporates alternative
construction methods within aggregated project
schedules. By combining hierarchical planning
principles with reinforcement learning and Monte
Carlo Tree Search, the proposed framework
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addresses a critical gap in existing planning
approaches, which typically assume a fixed
construction method during the Front-End Loading
phases. Through controlled experimentation using
synthetic project instances, the study demonstrated
that the framework exhibits stable learning
behavior and consistently outperforms random
planning strategies. The results further showed that
learning-based planning can identify scheduling
strategies that effectively leverage modular
construction when planning conditions
favorable, while also highlighting scenarios in
which  conventional  construction  remains
competitive. The primary contribution of this work
lies in demonstrating the feasibility and potential

arc

value of Al-assisted planning tools for early-stage
construction  decision-making.  Rather than
prescribing a single optimal solution, the
framework enables systematic exploration of

planning alternatives and supports informed
evaluation of construction methods under
uncertainty.

As the construction industry continues to evolve
toward greater technological integration and
alternative production methods, decision-support
tools capable of addressing early-stage planning
complexity will become increasingly important.
This study provides a foundation for future research
and development in this area and contributes to the
broader discourse on the role of artificial

intelligence in construction technology and
management.
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