
 
 

 

Article history: 
Received 05 May 2026 
Revised 18 June 2026 
Accepted 13 August 2026 
Published online 01 September 2026 

Journal of Resource Management and 
Decision Engineering 

 
Volume 5, Issue 5, pp 1-19 

 

 

 

 

 

 

 

AI-Based Dynamic Resource Allocation in Construction Projects:  

A Reinforcement Learning Approach to Time–Cost–Resource 

Optimization 

 

Mohammad. Elahi1  

 
1 M.Sc., Department of Civil Engineering, School of Civil Engineering, Iran University of Science and Technology, Tehran, Iran 

 

* Corresponding author email address: mhmdelahi99@gmail.com 

 

A r t i c l e  I n f o  A B S T R A C T  

Article type: 

Original Research 

 

How to cite this article: 

Elahi, M., (2026). AI-Based Dynamic 

Resource Allocation in Construction 

Projects: A Reinforcement Learning 

Approach to Time–Cost–Resource 

Optimization. Journal of Resource 

Management and Decision Engineering, 

5(5), 1-19.  

https://doi.org/10.61838/kman.jrmde.453 

 

 
© 2026 the authors. Published by KMAN 

Publication Inc. (KMANPUB). This is an 

open access article under the terms of the 

Creative Commons Attribution-

NonCommercial 4.0 International (CC 

BY-NC 4.0) License. 

This study aimed to develop and evaluate an artificial intelligence–based dynamic 
resource-allocation framework using reinforcement learning to simultaneously optimize 
project duration, cost performance, and resource utilization in construction projects. A 
quantitative computational study was conducted using data from 84 medium- and large-
scale construction projects in Tehran, Iran, together with validation input from 168 
construction professionals. Project-level data included activity schedules, labor and 
equipment allocation, progress, costs, resource conflicts, idle time, and operational 
constraints. A Proximal Policy Optimization reinforcement learning model was developed 
to dynamically allocate resources at weekly decision intervals. The model state 
incorporated schedule, cost, activity, and resource indicators, while the reward function 
jointly represented time, cost, and resource-efficiency objectives. Projects were divided at 
the project level into training, validation, and independent test subsets. Model performance 
was compared with historical managerial allocation and a conventional rule-based 
scheduling strategy. Robustness, sensitivity, and expert-validation analyses were also 
conducted. PPO-based allocation significantly reduced project completion time compared 
with historical allocation (mean difference = -2.68 months, 95% CI [-3.26, -2.10], p < .001, 
d = 1.02) and rule-based allocation (-1.13 months, 95% CI [-1.48, -0.78], p < .001, d = 
0.71). Schedule deviation was significantly reduced by 7.69 percentage points relative to 
historical allocation (p < .001, d = 1.56) and by 3.25 percentage points relative to rule-based 
allocation (p < .001, d = 0.98). Cost deviation decreased by 5.83 and 2.42 percentage points, 
respectively (both p < .001). Labor utilization significantly increased by 12.94 percentage 
points versus historical allocation (p < .001, d = 1.91) and 6.22 percentage points versus 
rule-based allocation (p < .001, d = 1.28), while equipment utilization also improved 
significantly. Resource conflicts were significantly lower under PPO than both comparison 
strategies (both p < .001). Reinforcement learning provided a feasible, robust, and 
statistically superior approach to dynamic construction resource allocation, enabling 
simultaneous improvements in schedule performance, cost control, and resource 
utilization. 
Keywords: artificial intelligence; reinforcement learning; Proximal Policy Optimization; 
construction project management; resource allocation; time–cost optimization; project 
scheduling 
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1. Introduction 

onstruction project management is fundamentally 

concerned with achieving a viable balance among 

time, cost, scope, quality, and the availability of constrained 

resources. Among these dimensions, the allocation and 

reallocation of labor, equipment, materials, and financial 

resources are particularly critical because resource-related 

decisions directly influence activity durations, project 

expenditure, productivity, and the probability of schedule 

disruption. Construction projects are also highly dynamic 

systems in which the original resource plan is continuously 

challenged by changes in site conditions, workforce 

productivity, equipment availability, supply-chain 

interruptions, design modifications, and unexpected 

interactions among concurrent activities. Conventional 

planning methods generally assume that resource 

requirements and activity conditions can be sufficiently 

anticipated at the planning stage; however, actual 

construction environments frequently deviate from these 

assumptions. Consequently, fixed or periodically updated 

schedules may become increasingly ineffective as projects 

progress. Artificial intelligence has therefore attracted 

growing attention as a mechanism for improving the 

responsiveness, predictive capacity, and decision quality of 

construction management systems. Recent developments in 

AI-powered civil engineering demonstrate a transition from 

isolated predictive applications toward integrated, lifecycle-

oriented systems capable of supporting planning, 

scheduling, monitoring, optimization, and decision-making 

across complex engineering environments (Xu & Guo, 

2025). Systematic evidence on artificial intelligence in 

project scheduling similarly indicates that machine learning, 

evolutionary optimization, and intelligent decision systems 

are increasingly being applied to resource-constrained 

scheduling problems that are difficult to address through 

deterministic procedures alone (Bahroun et al., 2023). 

Within prefabricated and digitally enabled construction 

environments, deep learning techniques have also been used 

to process complex project information and support more 

intelligent planning and management practices (Guo, 2024). 

These advances suggest that construction resource allocation 

is increasingly evolving from a static optimization task 

toward a dynamic, data-driven decision problem. 

Resource allocation in construction can be 

conceptualized as a constrained multi-objective optimization 

problem because improvements in one project dimension 

may create undesirable effects in another. Accelerating 

critical activities may reduce project duration but increase 

labor or equipment costs, whereas minimizing expenditure 

may lead to insufficient resource availability and 

consequently prolong project completion. Similarly, 

maximizing utilization can create congestion or reduce 

flexibility when unexpected events occur. Traditional 

resource-constrained project scheduling approaches have 

therefore attempted to identify efficient combinations of 

activity sequencing, resource assignments, and cost 

structures. A wide range of optimization methods have been 

developed for this purpose. Improved artificial immune 

system algorithms, for example, have been applied to 

optimize manpower allocation in construction engineering, 

demonstrating that metaheuristic search can improve the 

distribution of limited human resources across project 

activities (Huang & Bai, 2023). Ant colony optimization has 

likewise been used to improve complex project management 

by searching for more efficient scheduling solutions under 

multiple constraints (Sun, 2025). More recently, multi-skill 

project scheduling research has incorporated both the depth 

and breadth of worker skills into resource-constrained 

optimization, illustrating that realistic scheduling requires 

consideration not merely of the number of available workers 

but also their heterogeneous competencies and task 

suitability (Fawzy et al., 2026). Hybrid particle swarm 

optimization has similarly been applied to resource-

constrained scheduling in aircraft maintenance, showing the 

value of adaptive search mechanisms in highly constrained 

and interdependent project environments (Zeng et al., 2026). 

Although these approaches can generate effective schedules, 

many are still designed primarily for offline optimization 

and must be rerun when project conditions change, which 

limits their suitability for continuous, real-time resource 

reallocation. 

The limitations of static scheduling are particularly 

important because modern construction projects generate 

continuously changing information regarding progress, 

resource availability, expenditure, and operational 

conditions. Building Information Modeling, sensor-enabled 

monitoring, digital project-management platforms, and 

integrated planning systems have substantially expanded the 

availability of real-time and near-real-time project data. 

Integration of BIM with planning techniques such as Line of 

Balance has been shown to provide a more detailed 

foundation for human resource planning in building 

construction processes by linking work packages, spatial 

progress, and labor requirements (Olaya et al., 2026). 

Intelligent BIM-based models have also been developed for 

C 

https://journals.kmanpub.com/index.php/jppr/index
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multi-objective optimization of engineering assembly 

processes, demonstrating that digital representations of 

project systems can support integrated assessment of 

scheduling, resource, and production objectives (Zhang et 

al., 2025). At the same time, research bridging project 

management and supply-chain management has emphasized 

the need for optimization frameworks that consider 

interconnected project and logistics decisions rather than 

treating project scheduling as an isolated function (Zhang, 

2025). This is particularly relevant in construction, where 

material delivery, subcontractor availability, equipment 

sharing, and workforce deployment are interdependent. 

Risk-oriented scheduling research in highway construction 

further demonstrates that project schedules must account for 

uncertainty, disruption, and risk exposure in addition to 

deterministic activity durations (Zhasmukhambetova et al., 

2025). Taken together, these developments reinforce the 

need for resource-allocation models that can repeatedly 

update decisions as the state of a project changes rather than 

generating only a single preconstruction solution. 

Reinforcement learning is especially suitable for this 

class of problems because it formulates decision-making as 

a sequential interaction between an agent and an 

environment. At each decision point, an agent observes the 

current state, selects an action, receives feedback in the form 

of a reward or penalty, and learns a policy that maximizes 

cumulative long-term performance. Unlike conventional 

supervised learning, reinforcement learning does not require 

an explicit optimal label for every observed project state. 

Instead, it learns from the consequences of actions, making 

it particularly appropriate for situations in which the value 

of a resource-allocation decision depends not only on its 

immediate effect but also on subsequent project conditions. 

The theoretical compatibility between reinforcement 

learning and dynamic resource allocation has been 

demonstrated in multi-objective environments modeled 

using Markov decision processes, where resource decisions 

must be adapted according to uncertain and evolving system 

states (Yang & Wu, 2023). Reinforcement learning has also 

been applied to adaptive design strategies, showing that 

agents can learn responsive policies by interacting with 

changing design environments rather than relying 

exclusively on predetermined rules (Chen & Chen, 2024). In 

complex service-resource systems, intelligent scheduling 

based on reinforcement learning has similarly been used to 

allocate limited resources dynamically in response to 

changing demand (Yang, 2026). These studies indicate that 

reinforcement learning offers a suitable computational 

foundation for construction resource allocation because 

construction projects can naturally be represented as 

sequences of states, resource-management actions, and 

project-performance consequences. 

Deep reinforcement learning further expands this 

capability by combining sequential learning with nonlinear 

function approximation. Construction projects may involve 

hundreds of activities, multiple resource categories, complex 

precedence relationships, variable productivity, and 

changing cost conditions, producing state spaces that are 

difficult to represent using conventional tabular 

reinforcement learning. Deep neural networks enable agents 

to approximate the value or policy functions associated with 

such high-dimensional environments. Similar problems 

have been successfully addressed in several engineering and 

scheduling domains. Deep reinforcement learning has been 

applied to time-sensitive and resource-aware workflow 

scheduling in edge computing, where tasks must be assigned 

dynamically under simultaneous timing and resource 

constraints (Zhang et al., 2023). Two-stage deep 

reinforcement learning has also been used in edge-enabled 

systems to coordinate complex scheduling decisions across 

interconnected resources (Zhou et al., 2023). Dueling 

Double Deep Q-Network methods have been adopted for 

joint berth allocation and operation problems in container 

terminals, demonstrating the effectiveness of deep 

reinforcement learning for sequential resource-allocation 

decisions involving multiple competing tasks and capacity 

constraints (Li et al., 2023). In vehicular networks, 

hierarchical and entropy-adaptive reinforcement learning 

has been developed for multi-task offloading, providing 

evidence that adaptive policy structures can improve 

resource management under dynamic network conditions 

(Wang et al., 2026). Although the operational contexts differ 

from construction, the computational structure of these 

problems is similar: a limited resource pool must be 

distributed among competing tasks while system conditions 

evolve over time. 

Applications in production and manufacturing provide 

additional evidence for the relevance of intelligent 

sequential scheduling to construction management. 

Machine-learning-based multilevel scheduling has been 

used for multi-variety and variable-batch production 

environments, where changing product mixes and 

production requirements create substantial scheduling 

complexity (Liang Wang et al., 2023). Graph attention 

reinforcement learning has recently been introduced for 

collaborative scheduling in sheet-metal workshops, allowing 

https://journals.kmanpub.com/index.php/jppr/index
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the scheduling model to learn relational information between 

jobs and resources rather than considering tasks 

independently (Gao et al., 2026). Agile software project 

scheduling has similarly been treated as a complex multi-

team optimization problem in which interdependent tasks 

and shared resources must be coordinated using advanced 

swarm-based learning algorithms (Lou et al., 2025). 

Scheduling research in distributed computing also reveals 

the importance of jointly considering task urgency, resource 

requirements, and system constraints. Energy-efficient 

workflow scheduling algorithms in cloud computing, for 

instance, seek to allocate computational resources while 

balancing execution time, energy consumption, and service 

requirements (Verma et al., 2023), whereas multi-task 

scheduling mechanisms in federated learning must 

simultaneously manage distributed tasks, computing 

resources, and security constraints (Liu et al., 2023). 

Comparative analyses of scheduling algorithms in vehicular 

fog computing likewise demonstrate that allocation 

strategies can vary markedly in their ability to balance 

resource use, latency, and operational efficiency (Khan et al., 

2024). These cross-domain findings support the proposition 

that dynamic construction scheduling may benefit from 

methods capable of learning interactions among tasks and 

resources rather than relying on fixed priority rules. 

Recent research has moved closer to the direct application 

of reinforcement learning in construction and infrastructure 

project environments. Multiagent reinforcement learning 

has been proposed for construction resource scheduling and 

cost control in intelligent construction sites, illustrating the 

potential for multiple intelligent agents to coordinate 

distributed resource decisions while simultaneously 

considering financial performance (Li et al., 2026). Multi-

agent deep reinforcement learning has also been applied to 

dynamic cost-overrun mitigation in smart-grid construction 

projects, providing evidence that sequential AI-based 

control can adapt project decisions when expenditure 

patterns begin to deviate from planned values (Li & Zhang, 

2026). Resource prediction research has further moved from 

conventional statistical methods toward graph neural 

networks capable of representing project networks and 

learning relationships between activities, time, and cost 

(Mirjalili, 2025). Deep learning–based intelligent resource 

management has also been examined in renewable energy 

engineering projects, reinforcing the broader applicability of 

AI for coordinating complex resource requirements in 

engineering environments (Yao, 2026). The growing use of 

intelligent resource systems across engineering sectors 

suggests that construction project management is entering a 

phase in which prediction and optimization can increasingly 

be integrated rather than implemented as separate functions. 

Multi-agent approaches are especially relevant when 

project systems contain multiple decision entities or resource 

classes that must operate jointly. Multi-agent deep 

reinforcement learning has been used for intelligent resource 

allocation in green sports events, where competing 

operational needs must be balanced while maintaining 

global system performance (Luo, 2025). Real-time sensing 

and resource-management systems for infrastructure 

operations similarly show how resource allocation can be 

linked to continuously updated environmental information, 

enabling responsive rather than purely scheduled decision-

making (Dai et al., 2026). These approaches are 

conceptually compatible with construction sites, where labor 

crews, equipment fleets, subcontractors, and material 

resources function as partially independent but strongly 

interdependent subsystems. However, increasing model 

complexity also creates challenges related to coordination, 

interpretability, computational stability, and the risk that 

locally optimal agent behavior may not yield globally 

efficient project outcomes. For many practical construction 

applications, a centralized reinforcement learning policy 

may therefore provide a useful intermediate solution by 

integrating all relevant resource conditions into a common 

state representation while maintaining explicit control over 

allowable actions and operational constraints. 

A further challenge concerns the interaction among 

project time, cost, and resources. Many existing scheduling 

studies focus predominantly on one outcome, even though 

construction managers must usually optimize several 

objectives simultaneously. Precast production scheduling 

research has shown that off-site construction scheduling 

involves interdependent decisions concerning production 

sequence, resource allocation, delivery coordination, and 

project timing (Long Wang et al., 2023). Broader reviews of 

resource allocation in integrated networks similarly 

emphasize that effective resource management requires 

multidimensional optimization under heterogeneous 

demand and fluctuating system conditions (Liang et al., 

2024). Dynamic resource-allocation strategies based on 

fuzzy multi-objective optimization and Markov decision 

processes likewise demonstrate that decision policies should 

account for trade-offs across multiple competing objectives 

(Yang & Wu, 2023). In project environments, these trade-

offs are particularly important because the fastest schedule 

is not necessarily the least costly, while maximum resource 

https://journals.kmanpub.com/index.php/jppr/index
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utilization may not be desirable if it eliminates the flexibility 

needed to absorb disruption. Consequently, a reinforcement 

learning framework for construction should not reward 

schedule acceleration alone but should use a reward structure 

that simultaneously represents time reduction, cost control, 

efficient resource utilization, and avoidance of infeasible or 

excessively disruptive allocations. 

The transferability and robustness of learned policies are 

also critical. A model trained on one project or simulation 

environment may not automatically perform well when 

activity structures, cost conditions, productivity patterns, or 

resource availability change. Transfer-learning research has 

demonstrated approaches for moving learned policies from 

parameterized or simulated environments toward more 

realistic physical scenarios, indicating that intelligent 

decision systems can be designed to reduce the gap between 

training and deployment conditions (Zhang et al., 2024). 

Adaptive resource-management research also suggests that 

learning systems should be exposed to diverse operating 

conditions and uncertainty so that they do not merely 

memorize a narrow set of training scenarios. This is 

particularly important in construction, where no two projects 

have identical activity networks, resource constraints, or 

operational disruptions. Reinforcement learning therefore 

requires project-level separation between training and 

testing, stochastic variation during simulation, and explicit 

examination of performance under reduced labor 

productivity, equipment shortages, or material disruptions. 

Without these procedures, apparently favorable results may 

reflect overfitting rather than a genuinely transferable 

allocation policy. 

Another important consideration is the integration of 

optimization with realistic managerial constraints. 

Construction decisions cannot be treated as unrestricted 

mathematical actions because they must satisfy 

technological precedence, contractual commitments, crew 

continuity, resource capacity, site safety, and practical 

feasibility. Advanced scheduling methods increasingly 

recognize this requirement by incorporating increasingly 

detailed operational restrictions into optimization models. 

The multi-skill resource-constrained project scheduling 

literature demonstrates that the feasibility of an assignment 

depends on the correspondence between task requirements 

and worker competencies rather than numerical resource 

availability alone (Fawzy et al., 2026). Similarly, 

production-scheduling models based on machine learning 

must operate within physical and procedural constraints that 

define permissible task sequences (Liang Wang et al., 2023). 

Realistic construction reinforcement learning should 

therefore employ constrained action spaces, action masking, 

or penalty structures to prevent recommendations that 

appear computationally attractive but cannot be 

implemented. Such an approach allows the agent to search 

for superior decisions only within the operationally feasible 

region of the project-control problem. 

Despite substantial progress, an important 

methodological gap remains. Existing studies demonstrate 

the effectiveness of AI for project scheduling, optimization, 

forecasting, BIM-enabled planning, and dynamic resource 

management, but comparatively few frameworks integrate 

these capabilities into a unified construction-specific system 

that dynamically reallocates resources while simultaneously 

optimizing schedule, cost, and utilization. Some research 

emphasizes predictive modeling, whereas other studies 

focus on metaheuristic search, static optimization, or 

domain-specific reinforcement learning. There is 

consequently a need for models that connect actual project 

records with sequential decision-making and assess whether 

learned allocation policies outperform both historical 

managerial decisions and conventional rule-based 

scheduling. Such evaluation should extend beyond 

cumulative reinforcement learning reward and examine 

operational indicators directly relevant to construction 

management, including project duration, schedule deviation, 

cost deviation, labor utilization, equipment utilization, idle 

time, resource conflicts, and the frequency of constraint 

violations. Moreover, robustness should be tested under 

alternative resource conditions and different managerial 

priorities rather than only under a single deterministic 

scenario. This requirement becomes increasingly important 

as project management and supply-chain optimization 

become more closely integrated and construction systems 

become more dependent on dynamic data and automated 

decision support (Zhang, 2025). 

The increasing sophistication of intelligent optimization 

techniques therefore creates a strong foundation for 

developing a reinforcement learning–based construction 

resource-management framework capable of responding 

dynamically to project conditions. AI-enabled civil 

engineering, intelligent BIM, deep learning, metaheuristic 

scheduling, graph-based prediction, multi-agent systems, 

and adaptive reinforcement learning collectively 

demonstrate that complex engineering decisions can 

increasingly be represented, learned, and optimized 

computationally (Mirjalili, 2025; Xu & Guo, 2025; Zhang et 

al., 2025). At the same time, evidence from dynamic 

https://journals.kmanpub.com/index.php/jppr/index
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engineering and infrastructure systems highlights the value 

of continuously updating resource decisions when demand, 

availability, and operating conditions change (Dai et al., 

2026; Wang et al., 2026). The practical challenge is therefore 

not simply to determine an optimal initial schedule but to 

create an intelligent control mechanism capable of 

repeatedly reallocating resources as project conditions 

evolve. Such a mechanism should learn from the long-term 

consequences of resource decisions, preserve feasibility, 

remain robust to uncertainty, and explicitly balance time, 

cost, and resource efficiency. 

Accordingly, the aim of this study was to develop and 

evaluate an AI-based dynamic resource-allocation 

framework using reinforcement learning to simultaneously 

optimize project time, cost, and resource utilization in 

construction projects. 

2. Methods and Materials 

This study employed a quantitative, applied, 

computational research design to develop and evaluate an 

artificial intelligence–based dynamic resource allocation 

framework for simultaneous optimization of project time, 

cost, and resource utilization in construction projects. The 

study was conducted in Tehran, Iran, and focused on 

medium- and large-scale building construction projects 

characterized by multiple concurrent activities, shared 

resource pools, variable labor requirements, equipment 

constraints, and measurable scheduling and cost 

information. The empirical dataset was obtained from 84 

ongoing and recently completed construction projects 

implemented in different districts of Tehran. Projects were 

eligible for inclusion when they had a formally approved 

baseline schedule and budget, maintained systematic records 

of labor, equipment, material, activity progress, and actual 

expenditure, used computerized project planning or Building 

Information Modeling systems, and had completed at least 

70% of their planned physical progress at the time of data 

extraction. Projects with incomplete cost records, substantial 

undocumented scope changes, prolonged suspension, or 

insufficient resource-use data were excluded. In addition to 

project-level records, 168 construction professionals, 

consisting of two knowledgeable representatives from each 

participating project, were included to verify the accuracy of 

extracted information and evaluate operational constraints 

incorporated into the optimization environment. Participants 

included project managers, planning and scheduling 

engineers, cost-control engineers, site engineers, and 

construction managers who had at least five years of 

professional experience in construction project management 

and direct knowledge of the selected projects. Purposive 

sampling was initially applied to identify eligible 

construction companies and projects, followed by criterion-

based selection of professionals with sufficient knowledge 

of project scheduling, cost management, and resource 

allocation. For each project, longitudinal information was 

collected at weekly intervals, including planned and actual 

activity progress, labor deployment, equipment utilization, 

material availability, activity duration, direct and indirect 

expenditure, schedule deviations, resource conflicts, and 

approved corrective actions. These sequential observations 

were transformed into state–action–reward–next-state 

transitions suitable for reinforcement learning. Project-level 

separation was maintained during model development so 

that records originating from a given project could not 

simultaneously appear in training and evaluation subsets, 

thereby minimizing information leakage and providing a 

more realistic assessment of model generalizability. 

Data were collected using an integrated project-data 

extraction protocol designed to transform heterogeneous 

construction management records into a standardized 

analytical dataset. The primary data sources consisted of 

baseline and updated project schedules, cost-control reports, 

resource-loaded activity schedules, workforce attendance 

records, equipment utilization logs, procurement and 

material-delivery records, weekly progress reports, change-

order documentation, earned-value records, and information 

exported from project management and BIM-based 

information systems where available. A structured Project 

Time–Cost–Resource Data Extraction Form was developed 

for the study to ensure consistent coding across projects. The 

form recorded project characteristics, activity identifiers, 

predecessor and successor relationships, planned and actual 

start and finish dates, baseline and remaining duration, 

percentage of physical completion, available and required 

labor by skill category, equipment availability and 

utilization, material constraints, direct activity costs, indirect 

project costs, overtime expenditure, resource productivity, 

schedule variance, cost variance, and occurrence of resource 

shortages or conflicts. Numerical variables were 

standardized to project-specific scales where necessary to 

permit learning across projects of different sizes, while 

categorical variables such as activity type and resource 

category were encoded before model development. Data 

extracted from organizational records were cross-checked 

against weekly progress reports and verified by the two 

https://journals.kmanpub.com/index.php/jppr/index


 Elahi et al.                                                                                                       Journal of Resource Management and Decision Engineering 5:5 (2026) 1-19 

 

 7 

designated professionals from each project. Discrepancies 

were resolved through reconciliation with the original 

project records rather than through statistical imputation 

whenever documentary evidence was available. 

The reinforcement learning environment constituted the 

principal computational instrument of the study. Each 

decision point represented the resource-allocation status of a 

construction project at a weekly control interval. The state 

space included normalized project completion, activity 

progress, remaining duration, critical-path status, schedule 

variance, cost variance, remaining budget, current labor 

allocation, equipment utilization, available resource 

capacity, activity resource demand, resource productivity, 

activity precedence constraints, and indicators of resource 

congestion or shortage. The action space represented 

feasible managerial adjustments to resource allocation, 

including maintaining the current resource configuration, 

reallocating workers among eligible activities, increasing or 

decreasing labor assigned to selected activities, reallocating 

equipment, introducing allowable overtime, and prioritizing 

resources for critical or near-critical activities. Actions that 

violated precedence requirements, maximum resource 

capacities, technological constraints, or predefined safety 

and operational limits were masked and excluded from 

selection. The reward function was constructed as a multi-

objective signal combining schedule performance, cost 

performance, and resource-use efficiency. Positive rewards 

were assigned to actions that reduced projected completion 

delay, controlled expenditure, increased productive resource 

utilization, or resolved resource conflicts, whereas penalties 

were assigned for schedule overruns, budget overruns, 

excessive overtime, resource idleness, abrupt allocation 

changes, and infeasible resource assignments. Because 

optimization of one construction objective can adversely 

affect another, normalized weighted components were 

employed so that the agent learned policies based on the 

combined time–cost–resource consequences of each 

decision rather than optimizing any single outcome 

independently. 

A deep reinforcement learning model based on Proximal 

Policy Optimization was developed as the primary allocation 

agent because the resource-allocation problem involved 

sequential decisions, stochastic project conditions, multiple 

interacting state variables, and constrained managerial 

actions. The policy and value functions were represented 

using multilayer artificial neural networks receiving the 

project state vector as input and estimating the expected 

value and probability of feasible allocation actions. The 

environment was configured episodically, with an episode 

representing progression from a defined project state to 

project completion. During training, project conditions were 

updated after each action according to observed productivity 

patterns, resource constraints, activity dependencies, and 

cost consequences obtained from the empirical dataset. To 

improve model robustness and reduce dependence on a 

particular sequence of historical observations, controlled 

stochastic variation was introduced into labor productivity, 

equipment availability, activity duration, and resource-

demand parameters within ranges derived from the observed 

project data. A conventional rule-based allocation strategy 

based on critical-path priority and available-resource 

assignment was implemented as the principal benchmark. 

Historical managerial allocation decisions were also retained 

as a second reference condition so that the AI-based policy 

could be evaluated against both algorithmic baseline 

scheduling and actual project practice. 

A structured expert-validation questionnaire was 

additionally administered to the 168 participating 

professionals to assess whether the resource constraints, 

feasible actions, relative importance of performance 

objectives, and model-generated allocation 

recommendations were operationally realistic. Items were 

rated on a five-point Likert scale ranging from 1, indicating 

strongly disagree, to 5, indicating strongly agree. The 

questionnaire covered the realism of the project-state 

variables, appropriateness of resource-allocation actions, 

adequacy of operational constraints, interpretability of 

recommendations, practical feasibility, and perceived 

usefulness of the proposed framework for project control. 

Content validity was assessed before final implementation 

through review by specialists in construction management, 

project scheduling, cost control, and artificial intelligence. 

Internal consistency was subsequently examined using 

Cronbach's alpha, with a coefficient of 0.70 or higher 

considered indicative of acceptable reliability. Expert 

evaluation was used primarily to establish the practical 

plausibility of the computational framework and was not 

incorporated into the reinforcement learning reward signal, 

thereby avoiding direct contamination of model 

performance by subjective ratings. 

Data analysis was conducted in sequential preprocessing, 

reinforcement-learning development, optimization, 

validation, and comparative-performance stages. Initially, 

project records were examined for duplicate observations, 

temporal inconsistencies, impossible resource assignments, 

and missing values. Missing values representing less than 

https://journals.kmanpub.com/index.php/jppr/index
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5% of a continuous variable were imputed using project-

specific median values or temporal interpolation when the 

variable exhibited an interpretable time sequence, whereas 

observations with extensive missing information in core 

scheduling, cost, or resource variables were excluded. 

Continuous input variables were normalized to comparable 

scales, and categorical variables were transformed into 

numerical representations suitable for model processing. To 

prevent data leakage, the 84 projects were randomly divided 

at the project level into training, validation, and independent 

testing subsets comprising approximately 70%, 15%, and 

15% of projects, respectively. All observations from an 

individual project were retained within the same subset. The 

training subset was used for policy learning, the validation 

subset for hyperparameter selection and early evaluation, 

and the independent testing subset exclusively for final 

performance assessment. Repeated training runs with 

different random seeds were conducted to evaluate the 

stability of the learned allocation policy and reduce the 

possibility that observed performance resulted from a 

favorable initialization. 

The reinforcement learning agent was trained to 

maximize cumulative discounted reward over the remaining 

project horizon. At every decision interval, the agent 

received the current project-state vector, selected a feasible 

resource-allocation action, observed the subsequent project 

state and associated cost, schedule, and resource effects, and 

updated its policy accordingly. The PPO optimization 

procedure used clipped policy updates to limit excessively 

large changes between successive policies and thereby 

improve learning stability. Hyperparameters, including 

learning rate, discount factor, generalized advantage 

estimation parameter, clipping threshold, batch size, number 

of optimization epochs, and neural-network architecture, 

were tuned using validation-set performance. Training 

convergence was assessed through stabilization of mean 

episodic reward and the absence of systematic improvement 

across successive evaluation intervals. Constraint violations 

were continuously recorded, and infeasible actions were 

suppressed through action masking and additional penalty 

mechanisms. Sensitivity analyses were subsequently 

performed by altering the relative weights assigned to time, 

cost, and resource-utilization components of the reward 

function to determine whether the conclusions remained 

stable under alternative managerial priorities. Additional 

scenarios introduced fluctuations in labor productivity, 

equipment availability, and material accessibility to assess 

the resilience of the learned policy under uncertain 

construction conditions. 

The primary performance outcomes were total project 

completion time, percentage schedule deviation from the 

baseline, total project cost, percentage cost deviation, 

cumulative delay, labor utilization rate, equipment 

utilization rate, resource idle time, number of detected 

resource conflicts, number of constraint violations, and a 

composite time–cost–resource performance index. For each 

project in the independent test set, outcomes generated by 

the reinforcement learning policy were compared with those 

produced by the rule-based benchmark and the historically 

observed resource-allocation strategy. Relative 

improvement was calculated as the percentage change in 

each outcome compared with the corresponding benchmark. 

Because identical project scenarios were evaluated under 

competing allocation policies, paired statistical comparisons 

were used. Distributional assumptions were assessed before 

inferential analysis; paired-samples t tests were applied 

when difference scores approximated normality, whereas 

Wilcoxon signed-rank tests were used when this assumption 

was not satisfied. Effect sizes and 95% confidence intervals 

were reported alongside probability values to evaluate the 

magnitude and precision of observed differences. Repeated-

scenario simulation was further used to compare policies 

under stochastic variations in project conditions, and mean 

performance, standard deviation, and confidence intervals 

across simulation runs were calculated. Statistical 

significance was defined as p < .05. 

Model performance was also examined from a multi-

objective optimization perspective. Pareto-efficient 

solutions were identified to characterize the trade-off 

between project duration, total cost, and resource utilization, 

allowing the proposed framework to distinguish genuinely 

efficient allocation policies from solutions that improved 

one objective only by disproportionately worsening another. 

The stability of the policy was evaluated across projects of 

different size, baseline duration, budget, and resource 

intensity, while robustness analysis examined its response to 

simulated resource shortages, productivity reductions, and 

equipment disruptions. Finally, responses to the expert-

validation questionnaire were analyzed using descriptive 

statistics and internal-consistency analysis to determine 

whether the recommendations generated by the 

reinforcement learning framework were considered 

technically interpretable and practically implementable by 

construction professionals. The combination of independent 

project-level testing, benchmark comparisons, sensitivity 
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analysis, stochastic simulation, multi-objective assessment, 

and expert validation was used to determine whether the 

proposed AI-based dynamic resource-allocation framework 

could provide a reliable improvement in construction time–

cost–resource performance rather than merely achieving 

higher reward values within the training environment. 

3. Findings and Results 

The empirical analysis included all 84 construction 

projects that satisfied the inclusion criteria and the 168 

construction professionals assigned to verify project 

information and assess the operational validity of the 

proposed resource-allocation framework. The participating 

professionals had a mean age of 39.64 years (SD = 7.81), 

with ages ranging from 27 to 58 years. Of the 168 

participants, 132 (78.6%) were men and 36 (21.4%) were 

women. With respect to professional position, 39 

participants (23.2%) were project managers, 42 (25.0%) 

were planning and scheduling engineers, 35 (20.8%) were 

cost-control engineers, 29 (17.3%) were site engineers, and 

23 (13.7%) were construction managers. Mean professional 

experience was 12.74 years (SD = 5.61), and 126 

participants (75.0%) had more than eight years of experience 

in construction management or project control. Regarding 

educational attainment, 42 participants (25.0%) held a 

bachelor's degree, 105 (62.5%) held a master's degree, and 

21 (12.5%) held a doctoral degree. The 84 construction 

projects had a mean baseline duration of 24.73 months (SD 

= 8.64), with a range of 11 to 48 months, and their mean 

baseline physical completion at the beginning of the 

analytical observation period was 76.18% (SD = 7.21). 

Thirty-one projects (36.9%) were residential developments, 

23 (27.4%) were commercial or mixed-use developments, 

18 (21.4%) were institutional or public-service buildings, 

and 12 (14.3%) were large office or administrative projects. 

Mean project workforce at peak operation was 164.27 

workers (SD = 73.46), while the projects contained an 

average of 127.54 scheduled activities (SD = 41.33). The 

mean recorded schedule deviation prior to optimization was 

11.86% (SD = 6.39), and the mean cost deviation from the 

approved baseline was 9.72% (SD = 5.84), indicating that 

the analyzed projects exhibited sufficient variability and 

resource-allocation challenges to provide an appropriate 

empirical environment for evaluating dynamic 

reinforcement learning. 

Table 1 

Descriptive Statistics of Project Time, Cost, Resource, and Control Variables 

Variable Mean SD Minimum Maximum 

Baseline project duration (months) 24.73 8.64 11.00 48.00 

Baseline project cost (billion IRR) 1,284.61 692.37 286.40 3,925.70 

Number of scheduled activities 127.54 41.33 58.00 241.00 

Peak workforce size 164.27 73.46 61.00 386.00 

Mean weekly labor utilization (%) 76.82 8.17 56.70 91.60 

Mean equipment utilization (%) 71.35 9.46 49.30 89.80 

Baseline schedule deviation (%) 11.86 6.39 1.80 28.70 

Baseline cost deviation (%) 9.72 5.84 0.90 25.40 

Weekly resource-conflict frequency 4.18 1.76 1.00 9.00 

Mean labor idle time (%) 13.67 5.21 4.30 27.80 

Mean equipment idle time (%) 16.24 6.08 5.10 31.70 

Schedule Performance Index 0.89 0.08 0.68 1.04 

Cost Performance Index 0.91 0.07 0.71 1.05 

Resource productivity index 0.74 0.09 0.51 0.92 

 

As shown in Table 1, the projects displayed considerable 

heterogeneity in scale, duration, financial value, activity 

complexity, and resource conditions, providing an 

appropriate test environment for evaluating the 

generalizability of the reinforcement learning model. The 

average baseline duration was 24.73 months, while the 

substantial standard deviation of 8.64 months indicated the 

inclusion of both medium-duration and comparatively long 

construction projects. Baseline project costs likewise varied 

considerably, ranging from IRR 286.40 billion to IRR 

3,925.70 billion. Resource-use indicators showed that 

neither labor nor equipment resources were being used at 

their full productive potential under conventional project-

control practices. Mean labor utilization was 76.82%, 

whereas equipment utilization averaged 71.35%, 

accompanied by labor and equipment idle-time rates of 
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13.67% and 16.24%, respectively. The mean weekly 

resource-conflict frequency of 4.18 further indicated 

recurrent competition among project activities for limited 

labor, machinery, or equipment capacity. The mean 

Schedule Performance Index of 0.89 and Cost Performance 

Index of 0.91 were both below 1.00, demonstrating that the 

typical project in the sample was simultaneously 

experiencing schedule and cost performance deficiencies. 

The mean resource productivity index of 0.74 provided 

additional evidence that significant scope existed for 

improving the timing and distribution of available resources. 

Collectively, these descriptive findings suggested that the 

projects were not characterized merely by isolated time or 

cost overruns, but by interconnected deficiencies in resource 

utilization, scheduling, and expenditure control, thereby 

supporting the use of a sequential multi-objective 

optimization approach rather than a conventional single-

objective scheduling procedure. 

Table 2 

Training, Validation, and Testing Performance of the PPO Reinforcement Learning Model 

Performance Indicator Training Set Validation Set Independent Test Set 

Number of projects 59 12 13 

Mean episodic reward 82.64 78.92 77.38 

SD of episodic reward 5.31 6.17 6.54 

Feasible action rate (%) 99.48 99.21 99.08 

Constraint violation rate (%) 0.52 0.79 0.92 

Mean schedule deviation after optimization (%) 3.84 4.26 4.41 

Mean cost deviation after optimization (%) 3.51 3.92 4.08 

Mean labor utilization (%) 90.67 89.84 89.31 

Mean equipment utilization (%) 87.91 86.73 86.42 

Mean composite performance index 0.873 0.854 0.847 

Coefficient of variation of reward across repeated runs (%) 4.96 5.78 6.11 

 

The reinforcement learning results presented in Table 2 

demonstrated that the PPO model achieved stable and highly 

feasible allocation behavior across the training, validation, 

and independent testing datasets. The mean episodic reward 

was highest in the training set at 82.64 and declined 

moderately to 78.92 in the validation set and 77.38 in the 

independent test set. This limited decrease indicated an 

expected generalization gap but provided no indication of 

severe overfitting. The feasible action rate exceeded 99% 

across all three datasets, while the constraint violation rate 

remained below 1%, including a value of only 0.92% in 

independent testing. These results indicated that the model 

did not improve time or cost performance by routinely 

proposing operationally impossible allocations. In the 

independent test projects, schedule deviation was reduced to 

4.41%, while cost deviation declined to 4.08%. Labor 

utilization increased to 89.31% and equipment utilization to 

86.42%, representing substantial improvements relative to 

the pre-optimization sample averages reported in Table 1. 

The composite performance index was 0.847 in the test 

sample compared with 0.873 in the training sample, 

corresponding to a comparatively small reduction in multi-

objective performance when the model was applied to 

completely unseen projects. Furthermore, the coefficient of 

variation of episodic reward remained only 6.11% in 

independent testing across repeated training and simulation 

runs, suggesting that the policy was not excessively sensitive 

to stochastic initialization or random project fluctuations. 

The convergence analysis showed that mean cumulative 

reward increased rapidly during the early learning stage, 

improved more gradually in the intermediate stage, and 

reached a stable plateau during later iterations. Once 

convergence was reached, no material increase in validation 

reward was observed, supporting termination of training and 

selection of the final PPO policy for comparative evaluation. 
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Table 3 

Comparison of Historical Allocation, Rule-Based Allocation, and PPO-Based Dynamic Resource Allocation 

Outcome Historical 
Allocation 

Rule-Based 
Allocation 

PPO-Based 
Allocation 

Improvement of PPO vs. 
Historical (%) 

Improvement of PPO vs. 
Rule-Based (%) 

Project completion time 
(months) 

27.66 26.11 24.98 9.69 4.33 

Schedule deviation (%) 11.86 7.42 4.17 64.84 43.80 

Total cost deviation (%) 9.72 6.31 3.89 59.98 38.35 

Labor utilization (%) 76.82 83.54 89.76 16.84 7.45 

Equipment utilization (%) 71.35 79.63 86.89 21.78 9.12 

Labor idle time (%) 13.67 9.48 5.62 58.89 40.72 

Equipment idle time (%) 16.24 11.07 6.84 57.88 38.21 

Weekly resource conflicts 4.18 2.74 1.39 66.75 49.27 

Overtime intensity (%) 12.31 10.18 8.76 28.84 13.95 

Composite time–cost–

resource index 

0.632 0.741 0.856 35.44 15.52 

Table 3 demonstrates a consistent performance advantage 

of PPO-based dynamic resource allocation over both 

historically observed management decisions and the 

conventional rule-based allocation strategy. Mean simulated 

project completion time decreased from 27.66 months under 

the historical allocation condition to 26.11 months under the 

rule-based approach and 24.98 months under PPO-based 

optimization. Relative to historical allocation, the 

reinforcement learning framework therefore produced a 

9.69% improvement in completion time. The strongest 

effects were observed for schedule deviation, cost deviation, 

and resource conflicts. Mean schedule deviation decreased 

from 11.86% under historical allocation to 4.17% under the 

PPO strategy, representing a 64.84% relative reduction, 

while mean cost deviation declined from 9.72% to 3.89%, 

corresponding to a 59.98% improvement. These findings are 

particularly important because the reduction in schedule 

delays did not occur at the expense of higher resource 

consumption or uncontrolled expenditure. Instead, labor 

utilization increased from 76.82% to 89.76%, and equipment 

utilization increased from 71.35% to 86.89%. At the same 

time, labor idle time decreased by 58.89%, equipment idle 

time declined by 57.88%, and the average number of weekly 

resource conflicts fell from 4.18 to 1.39. The model also 

reduced overtime intensity to 8.76%, indicating that its time-

saving effect was primarily achieved through more efficient 

sequencing and resource redistribution rather than 

indiscriminate extension of working hours. The composite 

time–cost–resource index increased from 0.632 under 

historical allocation to 0.741 under the rule-based strategy 

and 0.856 under the PPO strategy, showing that 

reinforcement learning achieved superior simultaneous 

performance across all three principal optimization 

dimensions. 

Table 4 

Inferential Comparison of PPO-Based Allocation with Benchmark Strategies 

Outcome Comparison Mean Difference 95% CI Test Statistic p Effect Size 

Project completion time PPO vs. Historical -2.68 months -3.26 to -2.10 t = -9.34 < .001 d = 1.02 

Project completion time PPO vs. Rule-Based -1.13 months -1.48 to -0.78 t = -6.47 < .001 d = 0.71 

Schedule deviation PPO vs. Historical -7.69 percentage points -8.76 to -6.62 t = -14.29 < .001 d = 1.56 

Schedule deviation PPO vs. Rule-Based -3.25 percentage points -3.97 to -2.53 t = -8.96 < .001 d = 0.98 

Cost deviation PPO vs. Historical -5.83 percentage points -6.79 to -4.87 t = -12.08 < .001 d = 1.32 

Cost deviation PPO vs. Rule-Based -2.42 percentage points -3.09 to -1.75 t = -7.19 < .001 d = 0.78 

Labor utilization PPO vs. Historical +12.94 percentage points 11.47 to 14.41 t = 17.53 < .001 d = 1.91 

Labor utilization PPO vs. Rule-Based +6.22 percentage points 5.16 to 7.28 t = 11.71 < .001 d = 1.28 

Equipment utilization PPO vs. Historical +15.54 percentage points 13.71 to 17.37 t = 16.91 < .001 d = 1.85 

Equipment utilization PPO vs. Rule-Based +7.26 percentage points 5.91 to 8.61 t = 10.72 < .001 d = 1.17 

Resource conflicts PPO vs. Historical -2.79 conflicts/week -3.21 to -2.37 Z = -7.61 < .001 r = .83 

Resource conflicts PPO vs. Rule-Based -1.35 conflicts/week -1.68 to -1.02 Z = -6.88 < .001 r = .75 

Composite performance index PPO vs. Historical +0.224 0.198 to 0.250 t = 17.18 < .001 d = 1.87 

Composite performance index PPO vs. Rule-Based +0.115 0.094 to 0.136 t = 10.93 < .001 d = 1.19 

https://journals.kmanpub.com/index.php/jppr/index


 Elahi et al.                                                                                                       Journal of Resource Management and Decision Engineering 5:5 (2026) 1-19 

 

 12 

 

The inferential comparisons reported in Table 4 

confirmed that the observed descriptive advantages of the 

PPO-based strategy were statistically significant and 

practically substantial. Compared with historical allocation, 

PPO reduced mean completion time by 2.68 months, 95% 

CI [-3.26, -2.10], t = -9.34, p < .001, with a large 

standardized effect size of d = 1.02. A significant reduction 

of 1.13 months was also observed relative to the rule-based 

benchmark, t = -6.47, p < .001, d = 0.71. Schedule deviation 

showed an even larger improvement, with PPO 

outperforming historical decisions by 7.69 percentage 

points, t = -14.29, p < .001, d = 1.56, and the rule-based 

strategy by 3.25 percentage points, t = -8.96, p < .001, d = 

0.98. Similarly, PPO reduced cost deviation by 5.83 

percentage points relative to historical allocation and 2.42 

percentage points relative to rule-based allocation, with both 

comparisons reaching p < .001. Resource-efficiency 

outcomes were also characterized by large effects. Labor 

utilization increased by 12.94 percentage points compared 

with historical management practice, d = 1.91, and by 6.22 

percentage points compared with rule-based allocation, d = 

1.28. Equipment utilization improved by 15.54 and 7.26 

percentage points, respectively, with effect sizes of d = 1.85 

and d = 1.17. Because weekly resource-conflict counts were 

positively skewed, Wilcoxon signed-rank tests were used for 

this outcome. PPO produced significantly fewer conflicts 

than both the historical condition, Z = -7.61, p < .001, r = 

.83, and the rule-based strategy, Z = -6.88, p < .001, r = .75. 

Finally, the composite optimization index improved by 

0.224 relative to historical allocation and by 0.115 relative 

to the rule-based strategy, with both differences statistically 

significant and associated with large effect sizes. These 

findings demonstrate that the PPO policy generated not only 

statistically detectable but also operationally meaningful 

improvements across the principal dimensions of 

construction project performance. 

Table 5 

Robustness, Sensitivity, and Multi-Objective Performance of the PPO Allocation Policy 

Scenario Schedule Deviation 

(%) 

Cost Deviation 

(%) 

Labor Utilization 

(%) 

Equipment Utilization 

(%) 

Composite Performance 

Index 

Base scenario 4.17 3.89 89.76 86.89 0.856 

Labor productivity -10% 5.31 4.42 88.91 86.17 0.823 

Labor productivity -20% 6.74 5.38 87.46 85.11 0.784 

Equipment availability -15% 5.68 4.63 89.02 82.74 0.806 

Material availability 

disruption 

6.12 5.17 87.83 84.96 0.792 

Combined resource disruption 7.46 6.28 85.79 81.63 0.748 

Time-priority reward 
weighting 

3.36 4.77 88.84 85.73 0.842 

Cost-priority reward 

weighting 

4.91 3.18 88.13 85.44 0.838 

Resource-efficiency priority 4.63 4.06 91.37 89.12 0.851 

Balanced multi-objective 
weighting 

4.17 3.89 89.76 86.89 0.856 

The robustness and sensitivity analyses summarized in 

Table 5 showed that the performance advantages of the 

reinforcement learning model remained evident under a 

range of adverse project conditions and alternative 

managerial priorities. Under the base scenario, schedule 

deviation was 4.17%, cost deviation was 3.89%, and the 

composite performance index reached 0.856. A 10% 

reduction in labor productivity increased schedule deviation 

to 5.31% and reduced the composite index to 0.823, while a 

more severe 20% reduction increased schedule deviation to 

6.74% and reduced the composite index to 0.784. The policy 

also maintained comparatively strong performance when 

equipment availability was reduced by 15% and when 

material availability was disrupted, with composite 

performance indices of 0.806 and 0.792, respectively. The 

most demanding scenario involved simultaneous labor, 

equipment, and material disruption. Even in this condition, 

the composite index remained 0.748, which was higher than 

the 0.632 value obtained under historical allocation in 

normal conditions. This finding indicates that the 

reinforcement learning policy retained a substantial portion 

of its optimization advantage even when several sources of 

operational uncertainty occurred simultaneously. The 

reward-weighting sensitivity analysis further demonstrated 
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that the framework was capable of adapting to alternative 

managerial objectives. When time minimization received 

greater weight, schedule deviation declined to 3.36%, 

although cost deviation increased moderately to 4.77%. 

When cost control was prioritized, cost deviation fell to 

3.18%, accompanied by a schedule deviation of 4.91%. 

Giving greater emphasis to resource efficiency raised labor 

and equipment utilization to 91.37% and 89.12%, 

respectively. Nevertheless, the balanced reward 

configuration achieved the highest overall composite index 

of 0.856, indicating that simultaneous optimization of time, 

cost, and resource performance provided a superior global 

solution compared with disproportionate emphasis on any 

individual objective. Examination of the simulated Pareto 

frontier likewise showed that the balanced PPO solution was 

located close to the efficient frontier and that further 

substantial improvement in one objective generally required 

a measurable deterioration in at least one other objective. 

Figure 1 

Learning Convergence and Comparative Time–Cost–Resource Performance of the PPO-Based Dynamic Resource Allocation Framework 

Across Training Episodes and Benchmark Allocation Strategies 

 

 

Figure 1 illustrates the learning behavior of the proposed 

reinforcement learning framework together with the 

comparative performance of the final PPO policy against the 

historical and rule-based allocation conditions. Mean 

episodic reward increased sharply during the initial phase of 

training as the agent learned to avoid inefficient resource 

configurations, unnecessary idle time, and actions associated 

with schedule or cost penalties. The rate of improvement 

subsequently became more gradual, and the reward curve 

approached a stable plateau during the later training 

episodes, while validation performance followed a similar 

trajectory with only a modest gap from the training curve. 

This pattern supports the conclusion that the learning process 

converged without evidence of substantial instability or 

progressive overfitting. The comparative portion of the 

figure further shows that the PPO-based policy occupied the 

most favorable region of the time–cost–resource 

performance space, with lower schedule deviation and lower 

cost deviation combined with higher labor and equipment 

utilization. Historical project-management decisions were 
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concentrated in the least favorable performance region, 

characterized by comparatively high delays, cost deviations, 

and resource underutilization, whereas the rule-based 

benchmark produced intermediate performance. The 

separation between the PPO and benchmark strategies was 

maintained across repeated stochastic simulation runs, and 

the relatively narrow dispersion around PPO estimates 

indicated stable performance under changing project 

conditions. Taken together, the graphical results reinforce 

the tabular findings by demonstrating that the proposed 

reinforcement learning framework learned a stable dynamic 

allocation policy and consistently shifted construction-

project performance toward more efficient combinations of 

completion time, expenditure, and resource use. 

In addition to the computational performance analysis, 

the professional validation results supported the practical 

applicability of the proposed framework. The overall expert-

validation questionnaire demonstrated high internal 

consistency, with Cronbach's alpha equal to .91. The highest 

mean rating was obtained for the relevance of the state 

variables used to represent actual construction conditions (M 

= 4.41, SD = 0.52), followed by the appropriateness of the 

operational constraints embedded in the model (M = 4.36, 

SD = 0.55), practical usefulness of dynamic allocation 

recommendations (M = 4.29, SD = 0.61), and technical 

feasibility of implementing the recommendations in ongoing 

construction projects (M = 4.18, SD = 0.66). Interpretability 

of the model-generated allocation decisions received a 

somewhat lower but still favorable mean score of 4.07 (SD 

= 0.69). Overall, 87.5% of the participating professionals 

rated the framework as either useful or highly useful for 

improving project-control decisions, while 82.7% indicated 

that the recommended allocation actions were realistically 

implementable within normal construction management 

practice. These results suggest that the model's superior 

computational performance was accompanied by a high 

level of professional acceptance and that its 

recommendations were generally consistent with the 

operational constraints encountered by experienced 

construction personnel. Taken together, the findings 

demonstrate that dynamic PPO-based resource allocation 

substantially improved project completion time, cost 

control, labor and equipment utilization, and conflict 

reduction compared with both historical managerial practice 

and conventional rule-based scheduling, while preserving 

feasibility, robustness, and operational relevance under 

alternative project conditions. 

4. Discussion and Conclusion 

The present study developed and evaluated an AI-based 

dynamic resource-allocation framework using Proximal 

Policy Optimization to optimize time, cost, and resource 

utilization in construction projects. The findings showed that 

the reinforcement learning model achieved stable learning 

behavior, high action feasibility, low constraint violation, 

and superior performance compared with both historical 

project-management decisions and a conventional rule-

based allocation strategy. In the independent test set, the 

PPO framework reduced schedule deviation to 4.41% and 

cost deviation to 4.08%, while labor and equipment 

utilization increased to 89.31% and 86.42%, respectively. In 

the full comparative analysis, PPO-based allocation reduced 

mean project completion time from 27.66 months under 

historical allocation to 24.98 months, decreased schedule 

deviation from 11.86% to 4.17%, and reduced cost deviation 

from 9.72% to 3.89%. At the same time, labor utilization 

increased from 76.82% to 89.76%, equipment utilization 

increased from 71.35% to 86.89%, and weekly resource 

conflicts declined from 4.18 to 1.39. These findings indicate 

that reinforcement learning did not improve one objective at 

the expense of the others; rather, it produced a more 

favorable global balance among project duration, cost 

control, and resource efficiency. This result is consistent 

with the growing body of work showing that artificial 

intelligence can support increasingly integrated project-

management decisions by learning relationships among 

scheduling, resource allocation, and operational 

performance (Bahroun et al., 2023; Xu & Guo, 2025). It also 

supports the broader transition from static optimization 

toward adaptive project-control systems in which decisions 

are revised as project conditions evolve. 

The significant reduction in completion time and 

schedule deviation is one of the most important findings of 

the study. The PPO policy reduced mean project completion 

time by 2.68 months compared with historical allocation and 

by 1.13 months compared with rule-based allocation, with 

both differences being statistically significant. Schedule 

deviation declined by 7.69 percentage points relative to 

historical management practice and by 3.25 percentage 

points relative to the rule-based benchmark. These large 

effects can be explained by the sequential nature of 

reinforcement learning. Unlike conventional scheduling 

methods, which typically optimize a project plan at a defined 

point in time, reinforcement learning repeatedly evaluates 

the current project state and selects actions on the basis of 

https://journals.kmanpub.com/index.php/jppr/index


 Elahi et al.                                                                                                       Journal of Resource Management and Decision Engineering 5:5 (2026) 1-19 

 

 15 

their expected long-term consequences. This mechanism 

allows the agent to identify emerging resource bottlenecks 

before they produce larger delays and to redirect resources 

toward critical or near-critical activities. Similar advantages 

have been reported in deep reinforcement learning studies 

involving time-sensitive workflow scheduling, where 

adaptive policies improved task sequencing and resource 

responsiveness under changing system conditions (Zhang et 

al., 2023). Deep reinforcement learning has also been 

effective in two-stage scheduling environments where 

decisions must be continually adjusted across interconnected 

task and resource structures (Zhou et al., 2023). In 

construction-related scheduling, the importance of dynamic 

optimization is further supported by research on precast 

production and complex project networks, where changing 

production conditions and resource interactions substantially 

influence schedule performance (Mirjalili, 2025; Long 

Wang et al., 2023). Therefore, the schedule improvements 

observed in the present study likely resulted from the 

model's ability to treat project control as an ongoing 

sequential decision process rather than as a one-time 

optimization problem. 

The reduction in cost deviation provides additional 

evidence that the model learned to improve project 

efficiency rather than simply accelerate completion through 

increased expenditure. PPO reduced cost deviation by 5.83 

percentage points compared with historical allocation and by 

2.42 percentage points compared with the rule-based 

strategy. This is an important result because schedule 

acceleration in construction is often achieved through 

overtime, additional labor, or intensive equipment 

deployment, all of which can increase direct costs. In the 

present study, however, overtime intensity decreased while 

schedule performance improved, suggesting that the 

reinforcement learning agent relied primarily on more 

efficient redistribution and timing of existing resources. This 

result is consistent with recent applications of multi-agent 

reinforcement learning to construction resource scheduling 

and cost control, where AI-based agents were used to 

coordinate resource decisions while considering their 

financial consequences (Li et al., 2026). A related study of 

smart-grid construction projects demonstrated that multi-

agent deep reinforcement learning can dynamically mitigate 

cost overruns by adapting decisions as project expenditure 

deviates from the planned trajectory (Li & Zhang, 2026). 

More broadly, deep learning–based resource management in 

engineering projects has shown that data-driven allocation 

can support more responsive expenditure control in complex 

systems (Yao, 2026). The present findings extend these 

results by showing that cost reduction can be achieved 

simultaneously with shorter project duration and higher 

resource utilization, thereby supporting a genuinely multi-

objective construction-management strategy. 

The substantial increases in labor and equipment 

utilization further demonstrate the operational value of 

dynamic allocation. Labor utilization increased by 12.94 

percentage points relative to historical practice and by 6.22 

percentage points relative to the rule-based approach, while 

equipment utilization increased by 15.54 and 7.26 

percentage points, respectively. At the same time, labor idle 

time and equipment idle time decreased considerably. These 

findings indicate that the PPO policy was able to identify 

periods in which resources were underused and to reassign 

them to activities where their marginal contribution to 

project performance was greater. This interpretation is 

consistent with previous optimization studies in construction 

engineering showing that intelligent manpower allocation 

can reduce inefficient resource use and improve workforce 

deployment (Huang & Bai, 2023). Research integrating BIM 

and Line of Balance has similarly emphasized the 

importance of aligning labor allocation with spatial and 

temporal patterns of construction progress (Olaya et al., 

2026). In addition, multi-skill project scheduling studies 

have shown that resource efficiency depends not only on the 

amount of available labor but also on the correspondence 

between worker capabilities and task requirements (Fawzy 

et al., 2026). The present reinforcement learning framework 

expands this logic by making repeated resource decisions 

over time and evaluating their cumulative effect on the 

project rather than assigning resources according to fixed 

priorities. 

The strong reduction in resource conflicts is another 

notable finding. Weekly conflicts declined from 4.18 under 

historical allocation to 1.39 under PPO-based optimization, 

corresponding to a reduction of approximately 67%. This 

suggests that the reinforcement learning policy was able to 

recognize competing demands for shared labor or equipment 

and resolve them more effectively than both conventional 

managerial decisions and rule-based scheduling. Resource 

conflicts are particularly important in construction because 

they can generate cascading delays when several activities 

depend on the same crew, machine, or specialized resource. 

Similar scheduling challenges are encountered in other 

complex systems, including manufacturing, logistics, and 

distributed computing. Graph attention reinforcement 

learning has been used to improve collaborative scheduling 
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in industrial workshops by explicitly modeling relationships 

between jobs and resource constraints (Gao et al., 2026). 

Machine-learning-based multilevel scheduling has also been 

used to coordinate production under variable batch 

conditions and heterogeneous task demands (Liang Wang et 

al., 2023). In distributed computing environments, 

intelligent scheduling mechanisms have been developed to 

manage multiple tasks competing for limited resources 

under changing conditions (Liu et al., 2023; Verma et al., 

2023). The present results suggest that construction resource 

conflicts have a comparable structural form and can 

therefore benefit from adaptive AI-based coordination. 

The high feasible-action rate and very low constraint-

violation rate are particularly important from the perspective 

of practical implementation. The PPO agent achieved 

feasible action rates above 99% across training, validation, 

and testing, while constraint violations remained below 1%. 

This indicates that the model did not obtain favorable 

performance by proposing unrealistic or technically 

impossible resource combinations. The use of action 

masking and explicit project constraints ensured that the 

agent learned within the feasible operational space. This 

feature addresses an important concern in AI-based 

optimization, namely that mathematically attractive 

solutions may not always comply with physical, 

technological, or managerial requirements. The importance 

of constraint-aware optimization has been demonstrated in 

multi-skill resource-constrained scheduling, where 

assignment feasibility depends on worker competencies and 

task-specific requirements (Fawzy et al., 2026). Similar 

issues arise in dynamic resource-allocation problems based 

on Markov decision processes, where the effectiveness of an 

adaptive policy depends on maintaining feasibility while 

balancing several objectives (Yang & Wu, 2023). 

Reinforcement learning applications in adaptive 

environments likewise demonstrate that policy learning is 

most useful when the agent operates within clearly defined 

state and action constraints (Chen & Chen, 2024). 

Accordingly, the very low violation rate observed in this 

study strengthens the practical relevance of the model and 

distinguishes it from purely theoretical optimization 

solutions. 

The convergence findings further support the 

methodological stability of the proposed framework. Mean 

episodic reward increased rapidly during early training, 

followed by a gradual improvement and eventual plateau, 

while validation reward remained close to training 

performance. The modest decline from training to 

independent testing also suggested acceptable generalization 

rather than overfitting. This is especially important in 

construction because project structures differ considerably 

in duration, cost, activity network complexity, and resource 

intensity. The stable performance across unseen projects 

suggests that the policy learned generalizable allocation 

patterns rather than memorizing individual project 

trajectories. Transfer-learning research has similarly 

emphasized the need for intelligent models to retain 

performance when moving from parameterized or simulated 

environments to more realistic operational conditions 

(Zhang et al., 2024). Deep reinforcement learning 

applications in highly dynamic scheduling environments 

have also highlighted the importance of adaptive 

architectures capable of maintaining performance across 

changing system states (Wang et al., 2026). The present 

results therefore provide preliminary evidence that 

reinforcement learning can support transferable construction 

project-control policies when data splitting is performed at 

the project level and when stochastic variability is 

introduced during model training. 

The robustness analysis provides further evidence for the 

model's adaptability. Even under reduced labor productivity, 

equipment shortages, material disruptions, and combined 

resource constraints, the PPO policy maintained a composite 

performance index above the historical allocation 

benchmark. The balanced reward configuration produced 

the highest overall composite score, while time-priority, 

cost-priority, and resource-efficiency configurations 

generated predictable shifts in their corresponding 

performance outcomes. This finding illustrates the flexibility 

of reinforcement learning as a multi-objective decision-

support mechanism. Managers may alter reward weights to 

reflect project-specific priorities without completely 

redesigning the optimization framework. Similar multi-

objective resource-allocation strategies have been proposed 

using Markov decision processes, where dynamic policies 

are adjusted according to competing performance criteria 

(Yang & Wu, 2023). Broader resource-allocation research 

also emphasizes that high-performing systems must balance 

heterogeneous objectives rather than optimize a single 

metric in isolation (Liang et al., 2024). In project 

management, optimization methods that connect scheduling 

with supply-chain and resource decisions likewise indicate 

that project performance depends on coordinated treatment 

of multiple interdependent objectives (Zhang, 2025). The 

present results therefore support the use of balanced reward 
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structures when the managerial goal is simultaneous 

improvement in time, cost, and resource efficiency. 

The superiority of the balanced PPO configuration also 

has implications for the traditional time–cost trade-off in 

construction management. The findings showed that placing 

excessive emphasis on one dimension led to predictable 

deterioration in another: time-priority weighting reduced 

schedule deviation but increased cost deviation, while cost-

priority weighting improved expenditure performance at the 

expense of schedule efficiency. Resource-efficiency 

prioritization improved utilization but did not produce the 

highest overall performance. These results illustrate the 

existence of a Pareto-type frontier in which improvements 

beyond a certain point require sacrificing performance in 

another dimension. Such trade-offs are consistent with 

multi-objective optimization research in engineering 

assembly processes, where BIM-enabled intelligent models 

have been used to search for balanced solutions rather than 

independently maximizing isolated objectives (Zhang et al., 

2025). Complex project-management studies using 

metaheuristic methods similarly demonstrate that high-

quality solutions must negotiate competing time and 

resource constraints (Sun, 2025; Zeng et al., 2026). The 

balanced PPO framework appears to have learned a 

compromise policy that remained close to the efficient 

frontier while maintaining operational feasibility, making it 

particularly suitable for practical construction management 

where no single objective can be optimized without 

considering its consequences for the others. 

The positive expert-validation results provide an 

important complement to the computational findings. The 

participating professionals rated the realism of state 

variables, appropriateness of constraints, practical 

usefulness, and technical feasibility favorably, and 87.5% 

considered the framework useful or highly useful for project-

control decisions. This suggests that the model's 

recommendations were not perceived merely as theoretically 

efficient but also as operationally credible. The integration 

of BIM, intelligent optimization, and project-control data 

has increasingly been proposed as a pathway toward more 

practical AI-supported construction management (Olaya et 

al., 2026; Xu & Guo, 2025). Deep learning applications in 

prefabricated construction also demonstrate the growing role 

of data-driven systems in supporting operational decision-

making rather than only retrospective analysis (Guo, 2024). 

Accordingly, the combination of strong computational 

performance and favorable professional evaluation suggests 

that reinforcement learning could serve as a decision-support 

tool that augments rather than replaces managerial judgment. 

Several limitations should be considered when 

interpreting the findings. First, the empirical dataset was 

obtained from 84 construction projects located in Tehran, 

and although the projects varied in size, type, duration, and 

resource intensity, the geographic and organizational 

concentration may limit generalizability to construction 

markets with different labor regulations, cost structures, 

contractual systems, technologies, or resource availability. 

Second, the reinforcement learning environment necessarily 

simplified some real-world construction conditions by 

representing project states at weekly intervals and encoding 

only variables available in project records. Factors such as 

weather, subcontractor behavior, informal managerial 

decisions, safety incidents, and sudden regulatory changes 

were not modeled in full detail. Third, although stochastic 

variation was introduced during training and robustness 

testing, the framework was still evaluated primarily through 

historical and simulated project trajectories rather than 

through prospective deployment in active projects. Finally, 

the reward function depended on predefined weights for 

time, cost, and resource utilization, and different 

organizations may assign different strategic importance to 

these objectives. 

Future studies should validate the proposed framework 

using larger and more geographically diverse samples, 

including infrastructure, industrial, residential, and 

megaproject environments. Prospective field trials are 

particularly recommended in which reinforcement learning 

recommendations are generated during ongoing project 

execution and compared with actual managerial decisions in 

real time. Future research should also incorporate additional 

uncertainty variables such as weather, supplier reliability, 

safety risk, material price volatility, subcontractor 

performance, and equipment breakdown. Multi-agent 

reinforcement learning could be investigated to represent 

independent crews, subcontractors, equipment pools, or 

project zones as interacting decision agents. Further studies 

may also combine reinforcement learning with graph neural 

networks, digital twins, BIM, and real-time Internet of 

Things data to create richer project-state representations. 

Explainable AI methods should be developed so that project 

managers can understand why specific resource 

reallocations are recommended, and multi-objective reward 

calibration methods should be examined to determine 

project-specific optimal trade-offs among schedule, cost, 

carbon emissions, safety, quality, and workforce stability. 
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Construction organizations can use the proposed 

framework as a decision-support layer integrated with 

existing scheduling, cost-control, and BIM platforms rather 

than as a replacement for project managers. Project teams 

should establish reliable digital data pipelines for activity 

progress, resource availability, cost performance, equipment 

utilization, and productivity before adopting reinforcement 

learning tools. The model should initially be deployed in 

advisory mode, allowing planners and project managers to 

compare AI-generated recommendations with conventional 

decisions before automated implementation is considered. 

Organizations should also define explicit operational 

constraints and managerial priorities so that generated 

actions remain feasible and consistent with contractual, 

safety, and workforce requirements. Regular recalibration is 

recommended when project conditions, resource prices, or 

productivity patterns change substantially. Finally, 

practitioners should evaluate reinforcement learning 

performance using operational indicators such as schedule 

deviation, cost deviation, idle time, utilization, and conflict 

frequency rather than relying solely on algorithmic reward 

values, because successful implementation depends on 

demonstrable improvements in actual project-control 

outcomes. 
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