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ABSTRACT: 
Construction logistics management plays a crucial role in the successful execution 
of construction projects. Building Information Modeling (BIM) supports scheduling 
processes by providing structured project data. The integration of Artificial 
Intelligence (AI) further enhances the impact of BIM by enabling automation, pattern 
recognition, and intelligent decision-making. Additionally, digital technologies such 
as the Internet of Things (IoT) can support data-driven adaptations during execution. 
This paper introduces a concept for a BIM-based, AI-enabled construction 
scheduling platform designed to address critical challenges in construction logistics 
planning. By leveraging BIM data as a foundation, the platform incorporates AI-
driven semantic enrichment to derive task relationships and dependencies, while 
employing advanced scheduling algorithms to generate optimized execution plans. 
The proposed system aims to enable dynamic, resource-constrained scheduling and 
facilitate real-time adaptation to disruptions. A preliminary implementation validates 
the feasibility of the concept and highlights its potential to improve transparency, 
efficiency, and responsiveness in construction logistics management. 
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1 INTRODUCTION 
Construction logistics management continues to 

present significant challenges, impacting efficiency 
and project outcomes. As noted by Sullivan et al. 
(2011), poor logistics management in construction 
can result in delays, cost overruns, and resource 
inefficiencies. With the aim of handling these risks, 
extensive and detailed scheduling of the 
construction processes is needed, which is, 
however, in many cases error-prone and time-
consuming (Wefki et al., 2024). Additionally, the lack 
of visibility over on-site materials, highlighted by 
Ergen et al. (2007) and Irizarry et al. (2013), 
complicates logistical coordination and planning. 

Efforts to reorganize construction logistics have 
demonstrated potential for improving performance 
(Sundquist et al., 2018). Simulation-based logistics 
management has been explored (Voigtmann & 
Bargstädt, 2010), while tools leveraging BIM and 
genetic algorithms have shown promise in 
optimizing project planning to minimize costs and 
timelines, albeit with long computation times 
(ElMenshawy & Marzouk, 2021). Recent 
advancements, such as mapping BIM elements, 
activities, and resources to existing work breakdown 
structures (Doukari et al., 2022) and employing 
graph neural networks for resource-constrained 
scheduling (Teichteil-Königsbuch et al., 2023), 
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illustrate the growing role of AI in addressing these 
challenges. 

The establishment of BIM as a foundational 
information source for construction projects, 
combined with rapid developments in AI (Pan & 
Zhang, 2023), underscores the potential for 
intelligent digital management tools to revolutionize 
construction logistics planning. Nevertheless, as 
noted by Zabala-Vargas et al. (2023), a significant 
knowledge gap persists in the application of AI 
within the construction sector. Future research 
should investigate how the combination of BIM and 
AI can be harnessed to support project logistics, 
particularly through smart decision support systems 
capable of enabling real-time, data-driven 
responses to disruptions (Liu et al., 2024). 
Therefore, this paper aims to address the question: 
How can AI and BIM be effectively applied to 
support construction logistics planning? 

 
2 OBJECTIVES 

This paper introduces a concept for a BIM-
based, AI-enabled construction scheduling platform 
designed to address critical challenges in 
construction logistics planning. By leveraging BIM 
data as the foundation, the platform incorporates AI-
driven semantic enrichment and advanced 
algorithms for efficient scheduling. Key objectives 
include: 

1. Optimizing scheduling to achieve minimal 
project durations while considering logistical 
constraints. 

2. Reducing on-site inventory levels and the 
number of deliveries required. 

3. Avoiding delays caused by logistical issues 
through precise and adaptive planning. 

The platform utilizes an unsorted task list as 
input, which the scheduling algorithm processes to 
generate packages, delivery schedules, and 
installation timelines. These results are visualized in 
a dashboard, providing metrics such as inventory 
levels, project duration (makespan), and overall 
logistics efficiency. 

 
3 METHODOLOGY 

This conceptual paper follows the approach 
outlined by Gilson & Goldberg (2015), synthesizing, 
and integrating recent research findings into a novel 
framework to address existing challenges. With this 
in mind, the following steps are adhered: 

1. Analyzing current challenges in 
construction logistics and scheduling. 

2. Identifying emerging technologies and their 
potential applications. 

3. Developing a comprehensive concept to 
resolve these challenges using advanced 
technologies. 

The feasibility of the proposed concept is 
validated by a partial demonstration application. It 
aims to showcase the potential benefits of the 
platform while identifying areas for further research 
and development. Based on that and feedback 
gained from publications the demonstrator will be 
further developed. 

 
4 THEORETICAL BACKGROUND 

AI refers to the ability of a system to perform 
tasks that typically require human intelligence. A key 
characteristic of AI is its capacity to learn from data 
without being explicitly programmed for each 
specific task. This includes recognizing patterns, 
structuring unorganized data, and generating 
synthetic content (Ghahramani, 2015). AI systems 
increasingly operate as intelligent agents, which 
perceive their environment, make autonomous 
decisions, and execute actions based on those 
decisions. These agents function independently of 
continuous external instructions and are categorized 
based on their technological architecture and 
functional scope (Franklin and Graesser, 1997). 

In the context of construction project 
management, scheduling plays a central role. It 
involves the allocation of limited resources to project 
activities over time in a cost- and time-efficient 
manner (Bahroun et al., 2023). At its core, 
scheduling requires the identification and 
sequencing of project tasks, estimation of their 
durations, assignment of necessary resources, and 
definition of precedence constraints. Traditional 
methods such as the Program Evaluation and 
Review Technique and the Critical Path Method are 
widely used but often rely on sequential and iterative 
solution strategies, which can be computationally 
expensive (Doukari, Seck and Greenwood, 2022). 

More complex forms of scheduling include 
Resource-Constrained Project Scheduling 
Problems (RCPSP) and Time-Constrained Project 
Scheduling Problems , which focus on minimizing 
the makespan or optimizing resource allocation, 
respectively (Guldemond et al., 2008; Kolisch, 
2015). Both problem types cannot be solved in non-
deterministic polynomial time and are therefore 
classified as NP-hard, making the search for optimal 
solutions computationally intensive and often 
impractical for large-scale projects. 

In order to address these challenges, solution 
strategies have evolved significantly. Early systems 
were based on expert systems, which relied on 
manually coded decision rules. These were followed 
by heuristic approaches, including genetic 
algorithms and Particle Swarm Optimization (PSO), 
offering more flexibility and adaptability (Faghihi et 
al., 2015). More recently, AI advancements have 
introduced graph neural networks, reinforcement 
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learning, and Large Language Models (LLMs), 
which can handle complex dependencies and learn 
scheduling strategies from data. Despite these 
advances, several challenges remain unresolved: 

• How should construction activities be 
defined and structured? 

• How can precedence relationships between 
tasks be accurately represented? 

• How are resources effectively modeled and 
assigned within a system? 

• How can these components be integrated 
into a dynamic project schedule? 

 
5 EMERGING TECHNOLOGIES 

Recent years have witnessed a surge in the 
exploration of AI as a transformative force in project 
management, with a growing body of literature 
examining its potential to enhance decision-making, 
automate repetitive tasks, and improve overall 
project efficiency (Bahroun et al., 2023; Aladağ et 
al., 2024; Cheng et al., 2024; Egwim et al., 2024). 
These studies often adopt a literature review 
approach to systematically assess AI applications in 
scheduling, revealing both opportunities and 
limitations of emerging techniques. 

In industries such as robotics and multi-agent 
systems, similar scheduling challenges – 
particularly involving resource allocation, task 
sequencing, and adaptive decision-making – have 
already prompted the development of advanced AI-
driven coordination strategies. These insights 
provide a valuable foundation for analogous 
applications in the construction sector. 

Within the realm of project planning, new AI 
techniques have emerged for semantic enrichment 
and automated interpretation of planning data. 
Natural Language Processing approaches have 
been applied to extract tasks and dependencies 
from textual project documentation (Wu et al., 
2022), while machine learning models such as 
Support Vector Machines enable the fusion of 
diverse building information sources through 
classification (Li, 2021). LLMs, especially pre-
trained Bidirectional Encoder Representations from 
transformers (BERT) architectures, are being fine-
tuned to domain-specific vocabularies to improve 
activity identification, enhance the granularity of 
construction schedules, and reconcile 
inconsistencies in the level of detail across BIM 
models (Jung et al., 2024). However, scalability 
remains a critical issue due to the annotation-
intensive nature of model training. 

Other approaches leverage knowledge graphs to 
support adaptive work packaging, facilitating the 
intelligent grouping of tasks and enabling product-
to-activity mapping, although further research is 
required for complex systems like Mechanical, 

Electrical and Plumbing (MEP) installations (Li et al., 
2023). AI has also been applied to project 
forecasting, enabling more accurate predictions of 
task and project durations (Sklias et al., 2024). 
Additionally, generative AI – such as Generative 
Pretrained Transformer (GPT-4) – has shown 
potential in generating project plans, e.g. in digital 
domains like mobile application development. 
Although these generated plans often lack 
contextual richness and detail, they offer speed 
advantages and perform best in collaborative 
workflows with human oversight (Barcaui & Monat, 
2023). 

In the domain of scheduling and optimization, AI 
models – particularly Artificial Neural Networks, 
Bayesian Networks, and Reinforcement Learning 
(RL) – have been widely explored (Bahroun et al., 
2023). These techniques support both automation of 
scheduling tasks and enhanced decision-making 
under uncertainty (Zabala-Vargas et al., 2023). 
Notably, Markov Decision Process models have 
been adopted for dynamic production scheduling 
and control, enabling responsive adjustments to 
shifting project conditions (Paraschos & 
Koulouriotis, 2024). Deep Reinforcement Learning 
has demonstrated advantages over traditional 
algorithms such as Dijkstra and Monte Carlo 
methods in solving complex scheduling problems 
like RCPSP (Wu et al., 2023). Similarly, deep 
learning models have yielded promising results in 
combinatorial optimization problems such as job-
shop scheduling (Zhang et al., 2023). 

Despite these advances, several technical and 
practical limitations persist. RL and deep learning 
approaches often require extensive training and 
infrastructure. Also, a shortage of high-quality, 
labeled project data is as a major barrier (Aladağ et 
al., 2024). Data confidentiality in construction further 
limits access, necessitating the development of 
privacy-preserving or synthetic training data 
solutions. In addition, the opacity of AI decision-
making raises concerns about transparency and 
accountability in high-stakes project environments 
(Egwim et al., 2024). The integration of IoT data 
streams has been proposed to enable real-time, 
dynamic scheduling, though interoperability and 
data consistency pose substantial challenges 
(Rane, 2023). Furthermore, the implementation of 
AI technologies requires navigating high system 
complexity, seamless integration with legacy 
systems, and potential over-reliance on algorithmic 
outputs (Zabala-Vargas et al., 2023). 

Nonetheless, the potential benefits – particularly 
in terms of data-driven decision-making, real-time 
resource optimization, and disruption response – 
continue to drive research interest. As Bahroun et 
al. (2023) emphasize, dynamic scheduling under 

ConLogAI – Concept for an AI-enabled platform for construction logistics scheduling



 

The University of Strathclyde   4 

 

uncertainty remains an underexplored area and 
presents a critical avenue for future investigation. 

 
6 CONCEPT FOR AI-ENABLED SCHEDULING 
PLATFORM 

Building upon the emerging technologies and 
research insights discussed above, this section 
outlines a conceptual framework for an AI-enabled, 
BIM-based scheduling platform designed to support 
construction logistics management. The proposed 
approach specifically targets the RCPSP, with a 
focus on minimizing project makespan while 
automating and optimizing construction sequencing 
based on detailed BIM data. 

 
6.1 Bottom-up BIM-driven Scheduling 

The foundation of the platform is a bottom-up 
strategy, in which individual building components 
modeled within the BIM environment serve as the 
starting point for schedule generation (see Figure 1). 
Instead of relying on predefined activity lists, the 
system extracts construction-relevant elements 
directly from the BIM model. These components are 
then aggregated into logistical units (i.e., products 

and delivery packages), enriched with additional 
semantic and logistical metadata through AI-based 
semantic enrichment techniques. 

 
This enrichment process includes the 

classification of elements, inference of task 
dependencies, and the generation of precedence 
relationships, ultimately resulting in a detailed and 
structured activity list. Unlike conventional discrete 
event simulation models – which are 
computationally intensive and require complex 
modeling – the platform relies on AI-driven 
heuristics such as PSO or dedicated scheduling 
agents to generate optimized construction 
sequences. 

 
6.2 Cooperative Multi-Agent System 
Architecture 

To ensure scalability, adaptability, and data 
privacy, the system is conceptualized as a 
cooperative multi-agent system. Within this 
architecture, different AI agents specialize in distinct 
subtasks – such as semantic enrichment, activity 
generation, or adaptive scheduling – while 

Figure 1 Workflow of AI-enabled scheduling platform 
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interacting through a shared knowledge base. This 
distributed intelligence enables the platform to 
combine domain-specific knowledge with data-
driven optimization strategies. For reliable operation 
of the system, it must be ensured that there are no 
communication loops between the agents. 

In order to address concerns over proprietary or 
sensitive project data, the system supports 
federated learning or project-specific agent 
instances. Each construction project is handled by a 
dedicated AI agent trained either via transfer 
learning or in a RL environment tailored to the 
project's unique characteristics. This not only 
preserves data confidentiality but also enhances 
contextual relevance and adaptability of the 
scheduling output. 

 
6.3 Dynamic Rescheduling and Disruption 
Response 

The initial schedule is generated with the 
assumption of stable project conditions, focusing 
solely on makespan minimization without 
accounting for uncertainty or disruptions. However, 
the platform integrates real-time process monitoring 
and reactive AI agents capable of automatically 
adapting the schedule in response to disturbances. 
In case of execution-level deviations – such as 
resource unavailability or process delays – the 
system triggers the AI scheduler to revise task 
sequences and regenerate feasible, time-efficient 
plans. This dynamic adjustment includes: 

• Rescheduling the order of operations, 

• Recomputing activity start and end dates, 

• And updating the overall project timeline in 
near real time. 

 
Furthermore, based on the updated construction 

schedule, logistics deadlines (e.g., material delivery 
dates) are derived and communicated to the 
logistics coordination module. This enables just-in-
time booking and provisioning of on-site resources 
and deliveries, reducing storage requirements and 
enhancing operational efficiency. 

 
6.4 Design Considerations and Open Questions 

Several key design questions remain open and 
merit further exploration: 

• Should the initial schedule generation be 
fully heuristic-driven, or should predefined 
project milestones and constraints (e.g., 
regulatory inspections) be incorporated from 
the outset? 

• What is the optimal division of responsibility 
between heuristic models and AI agents – 
should the agent merely control execution, or 
also handle primary scheduling? 

• How should the AI scheduling agent be 
trained: as a generic model across multiple 
projects, through fine-tuning on specific 
datasets, or via project-specific training 
using reinforcement learning? 

 
7 DEMONSTRATIVE IMPLEMENTATION 

For the purpose of the validation of the 
conceptual framework and the illustration of its 
practical applicability, a demonstrative 
implementation has been integrated into the 
architecture of the digital twin for construction 
logistics – referred to as ConLogTwin. This digital 
platform enables the virtual representation, 
monitoring, and planning of construction logistics 
processes through the integration of building 
information, process data, and AI-based planning 
tools. 

 
7.1 Workflow Integration 

The demonstrator allows for the upload of 
building models in the Industry Foundation Classes 
format, providing a standardized entry point for 
information extraction (see Figure 2 left). In the 
current implementation, the system is bound to two 
specific component types – windows and doors – 
which are automatically extracted from the BIM 
model. These components are then grouped into 
logistical units (i.e., products and delivery 
packages), forming the basis for further planning 
processes. To generate a construction schedule, 
the user provides simplified resource information, 
namely: 

• The number of available work teams, and 

• The estimated processing time per 
component. 

 
Based on these inputs, a basic serial scheduling 

algorithm is executed, allocating tasks sequentially 
and calculating the corresponding project timeline. 
From this initial schedule, delivery and ordering time 
points for each logistical unit are derived, ensuring 
alignment between material supply and on-site 
demand. Furthermore, the implementation allows 
for the calculation of two key indicators: 

• The stock level on the construction site, and 

• The total project duration, based on the 
generated schedule (see Figure 2 right). 

 
These outputs provide users with an intuitive 

overview of the logistical performance and resource 
utilization of the construction project. 

 

7.2 Outlook: Integration of AI Agents 
While the current version of the demonstrator 

primarily relies on rule-based logic and simplified 
scheduling, the architecture is designed to support 
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the future integration of AI agents for both semantic 
enrichment and advanced scheduling. The platform 
follows a microservice-based architecture, in which 
AI functionalities can be developed and deployed as 
independent services. These services will 
communicate with the central ConLogTwin 
database via standardized interfaces, enabling 
access to building information, planning data, and 
real-time process states. Once integrated, the AI 
agents will enable: 

• The semantic enrichment of BIM 
components, including task inference and 
dependency recognition. 

• The generation of optimized construction 
schedules based on resource constraints 
and project objectives. 

• The dynamic adjustment of execution plans 
in response to process disruptions, using 
evaluated sensor data from the digital twin 
environment. 

 
This flexible and modular architecture ensures a 

scalable and extensible framework that can evolve 
alongside advancements in AI technologies and 
adapt to different project contexts. 

 

8 LIMITATIONS 
The following limitations must be taken into 

account, partly due to the conceptual nature of the 
paper: 

First, the current system is restricted to a narrow 
scope, processing only two component types within 
the digital twin. This significantly limits the 
generalizability of the results, as broader 
applicability across diverse building elements and 
construction scenarios has not yet been 
demonstrated. Further development is needed to 
scale the system to handle complete building 
models and to validate the approach using real 
construction project data. 

Second, while the conceptual architecture 
outlines the integration of AI agents for semantic 
enrichment and scheduling, the specific training 
strategies, data requirements, and operational 
mechanisms of these agents remain to be fully 
defined and implemented. This includes the design 
of suitable training environments, especially for 
reinforcement learning approaches, and methods to 
ensure robustness and adaptability across projects. 

Finally, the current study lacks quantitative 
performance benchmarks to support claims related 
to scheduling efficiency, resource optimization, or 
responsiveness to disruptions. Future work should 

Figure 2 Interface of the demonstrative implementation 
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incorporate standardized metrics and comparative 
analyses to empirically validate the effectiveness 
and optimality of the proposed system under 
realistic conditions. 
 

9 MAIN CONCLUSIONS 
The demonstrative implementation of the 

proposed AI-enabled, BIM-based scheduling 
concept provides strong initial evidence of its 
technical feasibility and potential to enhance 
construction logistics management. Key 
conclusions drawn from this preliminary stage 
include: 

1. Proof of Capability: The implemented 
system successfully demonstrates the ability 
to process unsorted construction tasks and 
transform them into structured execution 
schedules, logistical work packages, and 
coherent delivery timelines based on 
resource constraints and BIM-derived data. 

2. Identified Development Needs: While the 
prototype confirms the validity of the bottom-
up approach and the integration into a digital 
twin environment, it also reveals several 
areas for further development. These include 
the expansion of the scope to additional 
building components, the implementation of 
AI-based semantic enrichment for task 
inference and dependency recognition, and 
the enhancement of scheduling logic through 
advanced optimization techniques. 

3. Necessity of Dedicated AI Platform: The 
complexity and non-deterministic nature of 
construction scheduling under resource 
constraints underscore the importance of 
developing a dedicated AI platform for 
training and testing RL models. Such a 
platform is essential to ensure robustness, 
scalability, and the ability to generalize 
across varying project contexts. 

 
Overall, the prototype serves as a proof of 

concept for the envisioned platform, validating both 
the architectural setup and the bottom-up 
scheduling workflow. It demonstrates that the 
combination of BIM data and intelligent scheduling 
approaches offers significant promise for digitalizing 
and optimizing construction logistics planning. 

 
10 FUTURE WORK 

Building on the findings of this study, future work 
will focus on completing and scaling the proposed 
system. Key directions include: 

• Development of a Reinforcement Learning 
Training Environment: A customizable 
simulation environment will be developed to 
enable the training and evaluation of RL 

agents for scheduling decisions. This 
environment will reflect the constraints, 
dynamics, and uncertainties of real-world 
construction projects to ensure applicability 
and robustness. 

• Integration of Semantic Enrichment using 
Generative AI: Pretrained LLMs will be fine-
tuned to perform semantic enrichment tasks, 
such as extracting and classifying 
construction activities from BIM models and 
associated documentation. This will enhance 
the granularity and accuracy of activity 
recognition, supporting the automation of 
task planning. 

• Scalability and Use Case Expansion: The 
platform will be extended to support a 
broader range of component types, 
construction disciplines, and project 
typologies. Additionally, real-time adaptation 
mechanisms based on IoT sensor inputs will 
be implemented to enable dynamic 
rescheduling and proactive logistics 
coordination. 

 
With these developments, the proposed AI-

enabled scheduling platform aims to become a 
foundational tool for data-driven, adaptive, and 
intelligent construction logistics management. 
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