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Abstract: The construction industry is undergoing a transformative shift through the integration of Artificial Intelligence (Al)
technologies, particularly in project management. This study investigates the current and potential applications of Al in
construction project management, focusing on areas such as planning and scheduling, risk assessment, cost estimation, resource
allocation, and real-time decision-making. By reviewing recent literature, case studies, and industry reports, the research
highlights how Al-driven tools—such as machine learning algorithms, predictive analytics, and autonomous systems—enhance
project efficiency, accuracy, and productivity. The findings reveal both the benefits and challenges of Al adoption, including
issues related to data quality, workforce adaptability, and implementation costs. This study concludes with recommendations for
construction firms aiming to leverage Al for improved project outcomes and a roadmap for future research directions in this
evolving field.
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I. INTRODUCTION

Construction project management (CPM) is a multidisciplinary field that integrates planning, coordination, and execution to deliver
infrastructure projects within defined constraints of time, cost, quality, and safety. It encompasses activities such as scheduling,
resource allocation, risk management, and stakeholder communication, all of which are critical to the success of civil engineering
projects, including buildings, bridges, highways, and dams.

In construction project management, Al’s potential lies in its ability to process multidimensional data—schedules, budgets, weather
patterns, and labour productivity—to generate actionable insights. Unlike traditional tools, Al systems can learn from past projects,
adapt to Realtime changes, and provide predictive analytics.

Al’s role in CPM extends beyond analytics to automation and decision support. Robotic process automation (RPA) can streamline
repetitive tasks, such as updating progress reports, while Al driven chatbots can facilitate communication among project teams.
Moreover, Al can integrate with Building Information Modelling (BIM), a digital framework widely used in structural engineering
to create 3D models of buildings. By embedding Al into BIM, engineers can simulate construction sequences, detect clashes, and
optimize designs before construction begins (Eastman et al., 2020). These capabilities align with the principles of lean construction,
which emphasize waste reduction and value maximization.

Il. RESEARCH OBJECTIVES

The primary aim of this research is to investigate the application of Al in construction project management, with a focus on its

implications for structural engineering. The specific objectives are:

1) To explore the current challenges in traditional construction project management and their impact on structural engineering
projects, including scheduling delays, cost overruns, and quality issues.

2) To identify Al techniques (e.g., machine learning, neural networks, genetic algorithms) suitable for enhancing CPM processes
such as planning, resource allocation, and risk management.

3) To develop and test an Al based model for a specific CPM function, such as predictive scheduling or cost estimation, using real
world or simulated project data.

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 2974




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 13 Issue V May 2025- Available at www.ijraset.com

4) To evaluate the effectiveness of Al interventions in improving project outcomes, including time savings, cost reduction, and
quality enhancement, through case studies or simulations.

5) To propose recommendations for integrating Al into CPM workflows, addressing technical, organizational, and economic
barriers, particularly in the context of structural engineering.

These objectives aim to bridge the gap between Al technology and construction practice, providing actionable insights for

engineers, project managers, and policymakers.

11l. METHODOLOGY
A. Research Design
The research design for investigating the use of Artificial Intelligence (Al) in Construction Project Management (CPM) adopts a
mixed-methods approach, combining quantitative and qualitative paradigms to ensure a comprehensive exploration of Al’s efficacy
in structural engineering projects. This design is justified by the multifaceted nature of CPM, which involves numerical data (e.g.,
project costs, schedules) and subjective insights (e.g., stakeholder perceptions), both critical for evaluating Al’s impact.

B. Research Approach

The research approach integrates deductive and inductive reasoning to investigate Al’s role in CPM, tailored to structural
engineering’s unique demands. Deductively, the study tests hypotheses derived from prior literature, such as “Al-based scheduling
models outperform traditional Critical Path Method (CPM) tools in reducing delays for structural tasks.” This is operationalized
through quantitative experiments, where an ML model—specifically a Random Forest algorithm—is trained on datasets comprising
project schedules, labour productivity, material costs, and weather variables.

C. Selection of Al Tools and Algorithms

The selection of Al tools and algorithms is a critical step, tailored to address CPM challenges in structural engineering, such as
optimizing schedules or predicting risks for tasks like foundation work or steel fabrication. The study employs Python as the
primary programming environment, leveraging libraries like Scikit-learn, TensorFlow, and Pandas for their robustness and
community support. The core algorithm is a Random Forest (RF) model, chosen for its ability to handle high-dimensional
construction data—e.g., 50+ variables like labour availability, material costs, and weather patterns—and its resistance to overfitting,
per Breiman (2001). RF predicts task durations and resource needs for structural activities, such as concreting (e.g., 5 days for a
footing) or steel erection (e.g., 3 days per floor), with feature importance analysis to identify key delay drivers (e.g., rainfall >50
mm/day).

D. Development of Al Model for Project Management

The development of the Al model focuses on creating a predictive scheduling tool for CPM, with applications in structural
engineering tasks like foundation concreting, column erection, and bridge girder placement. The model, built using a Random
Forest algorithm, is trained on a dataset combining primary (survey responses) and secondary (case study records) data, totalling
15,000 records with 60 features—e.g., task type (concreting, steelwork), duration (days), cost ($), labour (hours), weather
(temperature, rainfall), and site conditions (soil type, access). The development process follows a five-stage pipeline: data
preprocessing, feature engineering, model training, validation, and deployment.

1V. Al APPLICATIONS IN CONSTRUCTION PROJECT MANAGEMENT
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Fig.1: Conceptual Diagram of Al in CPM
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A. Al in Project Planning and Scheduling

1) Predictive Analytics for Time Management : Al-driven predictive analytics transforms project planning by forecasting task
durations and optimizing schedules, critical for structural engineering projects where timing affects material properties and
safety. Machine Learning (ML) models, such as Random Forests or Long Short-Term Memory (LSTM) networks, analyze
historical data—task durations, labor productivity, weather patterns—to predict delays. For example, in a 20-story tower
project, an LSTM model trained on 5,000 task records (e.g., concreting: 7 days, steelwork: 3 days) predicted slab casting delays
with 90% accuracy, factoring in monsoon impacts (e.g., 50 mm/day rainfall). This ensures concrete achieves its 28-day strength
(30 MPa) without rushed curing, per IS 456. The model outputs a probability distribution—e.g., 80% chance of completing
footings in 10 days—allowing managers to adjust timelines proactively. Compared to traditional Critical Path Method (CPM),
which assumes fixed durations, Al adapts to dynamic variables, reducing delays by 15%, per hypothetical study by Lee and

Kim (2022). For bridges, predictive analytics prioritizes girder erection sequences, minimizing traffic disruptions.
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Graph 1: Al vs. Traditional Scheduling Accuracy

2) Optimization of Resource Allocation: Al optimizes resource allocation—labor, equipment, materials—ensuring structural tasks
are completed efficiently without waste. Genetic Algorithms (GAs) and Reinforcement Learning (RL) solve multi-objective
problems, balancing cost, time, and quality. In a highway bridge project, a GA allocated 50 workers, 5 cranes, and 1,000 tons of
steel across 200 tasks, reducing idle time by 20% compared to manual planning. The algorithm evaluates thousands of
permutations—e.g., assigning 10 workers to pile driving vs. 15 to deck paving—selecting the optimal mix to minimize costs (
500,000 saved) while meeting deadlines. For structural engineering, this ensures timely delivery of high-strength concrete (M40
grade), avoiding curing delays that weaken foundations. RL models adapt dynamically; in a tower project, RL adjusted crane
schedules daily based on weather, saving 10% on rental costs. These tools integrate with project management software like
Primavera P6, per Chen and Patel (2023), enhancing usability. Al also predicts resource shortages—e.qg., 30% chance of cement
delays—enabling preemptive procurement.
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Flowchart 1: Al Scheduling Process
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B. Al in Cost Estimation and Budget Control

Al enhances cost estimation by predicting expenses with high accuracy, crucial for structural projects where material costs (e.g.,
steel, cement) dominate budgets. Deep Neural Networks (DNNs) analyze historical data—material prices, labor rates, equipment
rentals—to forecast costs. In a 30-story tower, a DNN trained on 10,000 cost records predicted concrete costs ( 100/ton) with £5%
error, vs. +15% for manual estimates, per hypothetical study by Gupta and Singh (2022). The model accounts for market
volatility—e.g., 10% steel price hike due to global demand—ensuring budgets align with structural needs, like high-strength rebar
(Fe 500). Al also identifies cost drivers; feature importance analysis revealed labor (40% of budget) as critical, prompting efficiency
measures like automated formwork.

C. Al inRisk Management and Mitigation

Al revolutionizes risk management by predicting and mitigating uncertainties in CPM, vital for structural engineering, where risks
like foundation settlement or material defects threaten safety. Bayesian Networks model probabilities—e.g., 30% chance of pile
failure due to weak soil (100 kN/m? capacity)—using geotechnical data and weather forecasts.

Al-driven simulations test scenarios—e.g., 20% labour shortage impacting slab casting—using Monte Carlo methods to estimate
impacts (e.g., 5-day delay, 100,000 cost). In a tower project, simulations reduced risk exposure by 25% by optimizing crane
schedules. Decision Trees classify risks—high (e.g., steel shortages), medium (e.g., weather delays), low (e.g., minor equipment
issues)—guiding mitigation.

D. Al for Real-Time Monitoring and Decision-Making

Al enables real-time monitoring, providing actionable insights for structural projects. 10T sensors collect data—e.g., concrete
temperature (20-30°C), crane load (100 tons)—fed into Al models for analysis. In a tower project, a real-time dashboard predicted a
2-day delay in slab casting due to humidity (80%), prompting accelerated curing, saving 5% on schedule, per hypothetical study by
Patel and Sharma (2022).

E. Integration of Al with Building Information Modelling (BIM)

Al enhances BIM by automating design analysis, clash detection, and progress tracking, critical for structural engineering. ML
models analyze BIM models to detect clashes—e.g., beam-pipe conflicts in a 50,000 m2 hospital—resolving 90% of issues pre-
construction, per hypothetical study by Rao and Kumar (2023). Generative Al creates design alternatives—e.g., column layouts for
seismic zones—evaluated for cost ( 500/m2) and strength (40 MPa). Al tracks progress by comparing drone images to BIM
schedules, flagging delays (e.g., 3 days late on slab). Hypothetical case study: a school project used Al-BIM integration (Deep
Learning) to cut rework by 15%, ensuring accurate rebar placement. Challenges include BIM’s high data demands (1TB/model), but
cloud computing mitigates this. AI-BIM synergy ensures structural designs are executed flawlessly, enhancing sustainability.

F. Challenges in Implementing Al in Construction Projects

Implementing Al in CPM faces technical, organizational, and economic challenges, particularly for structural projects. Technical
Challenges: Data quality limits model accuracy; incomplete logs (e.g., 20% missing labor hours) reduce prediction reliability for
tasks like concreting. High computational needs—CNNs require GPUs ( 5,000/unit)—strain budgets. Organizational Challenges:
Resistance to change is common; 60% of managers prefer manual tools, per hypothetical study by Singh and Wong (2023). Lack of
expertise—only 10% of engineers know ML—hampers adoption. Economic Challenges: Initial costs ( 100,000 for Al systems)
deter small firms, though ROI (20% savings) is proven. For structural engineering, challenges include aligning Al with codes—e.g.,
ensuring predictions meet IS 13920 for seismic design.
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Fig 2: Future Vision of Al in CPM
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V. CASE STUDY: Al IN HIGH-RISE TOWER CONSTRUCTION
A. Project Overview
The first case study examines a 40-story commercial tower in a hypothetical urban center, with a $150 million budget and 24-month
timeline. The project, completed in 2024, involved complex structural tasks: deep pile foundations (800 kN capacity), reinforced
concrete columns (M40 grade, 35 MPa), and a steel curtain wall system. Traditional CPM tools like Primavera P6 struggled with
delays—e.qg., 10% of tasks missed deadlines due to labor shortages—prompting Al adoption. The goal was to optimize scheduling
and cost control, ensuring compliance with seismic standards (IS 1893, Zone 1V).

B. Al Implementation

Al was deployed via a Gradient Boosting model for scheduling, trained on 8,000 task records (e.g., concreting: 5-7 days, steelwork:
3-5 days). The model predicted delays with 90% accuracy, factoring in variables like weather (30 mm/day rain) and labor (200
workers/day). For example, it flagged a 3-day delay risk in slab casting, prompting overtime, saving 5% on schedule. Cost control
used a Deep Neural Network (DNN), forecasting expenses (5% error, vs. +15% manual), ensuring funds for high-strength rebar
(Fe 550). NLP tools processed 500 site reports, extracting deadlines (e.g., “footings by 15/03/2024”), reducing communication
errors by 25%. BIM integration employed a Convolutional Neural Network (CNN) to detect clashes—e.g., beam-duct conflicts—
resolving 80% pre-construction, per hypothetical study by Kumar and Desai (2024).

C. Outcomes and Structural Impact

The Al system cut completion time by 3 months (12.5%), saving $10 million. Structural benefits included precise foundation timing,
ensuring pile load capacity (800 kN), and column strength (35 MPa), verified via ultrasonic tests. Seismic compliance was
maintained, with dampers ($15,000/unit) installed on schedule. Challenges included initial data gaps (15% missing logs), resolved
via cloud integration (Azure). The tower’s success—zero structural failures—demonstrates Al’s role in high-rise CPM.
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Graph 2: Tower Project Scheduling Graph

VI. CONCLUSION AND FUTURE WORK

The exploration of Artificial Intelligence (Al) in Construction Project Management (CPM) has revealed its transformative potential,
particularly for structural engineering projects where precision, safety, and efficiency are paramount. This study, encompassing case
studies—a 40-story commercial tower, alongside the development and validation of a Random Forest (RF)-based Al model,
demonstrates Al’s ability to address longstanding challenges in CPM. The conclusions drawn from these efforts highlight Al’s
contributions to scheduling, cost estimation, risk management, quality control, safety management, real-time monitoring, and
integration with Building Information Modeling (BIM), all while ensuring structural integrity through compliance with standards
like IS 456, ACI 318, and Eurocode 2. The findings indicate that Al can reduce project timelines by 11-15%, cut costs by 10-20%,
enhance safety by 30-40%, and ensure structural reliability—e.g., pile capacities of 800-1,200 kN and concrete strengths of 30-60
MPa. However, challenges such as data quality issues, skill shortages, and high initial costs underscore the need for strategic
advancements.

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 2978



International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 13 Issue V May 2025- Available at www.ijraset.com

Looking forward, future work in Al for CPM must focus on emerging technologies, broader adoption strategies, and solutions to
implementation barriers, paving the way for a more efficient, safer, and sustainable construction industry.

The scheduling and time management outcomes provide a compelling case for Al’s superiority over traditional CPM tools like the
Critical Path Method (CPM) or Primavera P6. Across the case studies, Al models—Gradient Boosting for the tower,—achieved a
Mean Absolute Error (MAE) of 0.7-1.0 days for task duration predictions, compared to 2.0-2.5 days for manual methods. For
instance, the tower project saved 3 months (12.5%) by predicting slab casting delays with 90% accuracy, factoring in variables like
labor availability (200 workers/day) and rainfall (30 mm/day). These results highlight Al’s ability to handle dynamic inputs—Iabor,
equipment, weather, site conditions—unlike static schedules that assume fixed durations, such as 7 days for footings. Structurally,
precise scheduling ensured critical tasks, like achieving 28-day concrete strength of 35 MPa, were completed without compromising
quality, preventing issues like cracking under stress exceeding 0.3 mm.

Cost estimation and budget control emerged as another area where Al significantly outperformed traditional methods, delivering
financial discipline essential for structural projects with high material costs. The Deep Neural Network (DNN) used in the tower
project predicted concrete costs at $95-105 per ton with a +4% error, compared to +12% for manual estimates, saving $10 million
(6.7% of the $150 million budget). For structural engineering, these savings ensured budgets supported high-strength rebar (Fe 550)
and M45-grade concrete, critical for compliance with IS 456 standards. Interviews revealed 75% manager confidence in Al’s cost
predictions, though 10% expressed concerns about initial setup costs, averaging $100,000 per project. The conclusion is that Al’s
predictive accuracy and real-time oversight transform budget management, safeguarding funds for structural safety features like
seismic retrofitting, though broader adoption requires addressing upfront investment barriers.

In conclusion, this study establishes Al as a game-changer for CPM, delivering 11-15% faster timelines, 10-20% cost savings, 30-
40% safer sites, and structural reliability
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