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Abstract —

In the construction industry, critical safety
information is often scattered across numerous
documents, standards, and regulations, making it
challenging for practitioners to access and
comprehend safety knowledge in their daily
operations efficiently. To address this challenge, we
propose an intelligent and reliable question-
answering system for information retrieval and
response generation on the construction health, safety,
and environment documents via retrieval-augmented
generation. Specifically, our system combines a fine-
tuned LLaMA-3-8B base model with a vector
database constructed using embedding models,
enabling accurate information retrieval and
enhancing the generated responses' reliability. Initial
validation using cosine  similarity  analysis
demonstrates promising results, with our system
achieving a cosine similarity score of 0.936,
outperforming the LLAMAS3-8B base model's score
of 0.884 in processing construction safety
documentation. The preliminary findings show that:
1) our RAG-enhanced system provides safety
information access, and 2) our specialized
preprocessing techniques effectively synthesize and
retrieve safety information, reducing fragmentation
and access time.
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1 Introduction

Construction remains one of the most hazardous
industries globally, with persistent workplace accidents
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and injuries despite technological advancements [1]. A
significant challenge in ensuring construction safety lies
in the scattered nature of safety information across
numerous documents, standards, and regulations, making
it difficult for practitioners to efficiently access and
utilize comprehensive safety information in their daily

operations.
Current  approaches to construction safety
documentation  typically rely on traditional

documentation systems and manual searches, which have
proven inefficient and time-consuming for construction
practitioners [2]. These conventional methods often
require workers to navigate through extensive
documentation to find specific safety information, a
process that can be particularly challenging given the
dynamic and transient nature of construction operations
[3]. The construction industry would benefit from an
intelligent and reliable system that can quickly retrieve
relevant safety information from various sources and
present it in a user-friendly format through natural
language interaction.

Traditional ~ construction  safety  information
management relies heavily on manual document
searching and interpretation, which is time-consuming
and prone to human error. Current approaches lack the
capability to efficiently integrate multiple safety
information sources while providing natural language
interaction. To bridge this gap, this study leveraged large
language model (LLM), a type of artificial intelligence
system trained on vast amounts of text data, and retrieval-
augmented generation (RAG) technology to enable
precise information retrieval from various safety
document sources. By integrating LLM with RAG, our
system provides automated, accurate responses to safety-
related queries using construction safety documentation
as its knowledge base.

The key contributions of this research included: (1)


mailto:seanzhao@uw.edu
mailto:advik@ualberta.ca
mailto:fsethi@ualberta.ca
mailto:bmgue@pcl.com
mailto:qipei.mei@ualberta.ca
mailto:lingwu@uw.edu

42nd International Symposium on Automation and Robotics in Construction (ISARC 2025)

proposal and development of a novel RAG-based system
that enhanced construction safety information
accessibility through automated retrieval and natural
language generation, and (2) empirical validation of the
system's accuracy and effectiveness in a controlled
construction safety management environment.

The remainder of this paper is organized as follows:
Section 2 reviews relevant literature, Section 3 presents
the prototype development, Section 4 details system
validation and evaluation, with conclusions and future
directions discussed in Sections 5 and 6.

2 Literature Review

This section reviews the development and limitations
of safety information retrieval systems in construction,
focusing on the progression from traditional keyword-
based approaches to advanced language models. We
examine how different technological solutions have
attempted to address the challenges of efficient
information retrieval, particularly highlighting the
persistent limitations in query processing and response
generation that impact the practical utility of these
systems in construction safety applications.

Many natural language processing (NLP)
applications have been developed to retrieve construction
safety information, each with limitations. Early research
focused primarily on discrete tasks such as incident
report classification and safety information extraction
from unstructured text [4,5]. These traditional NLP
approaches have typically treated natural language
understanding (NLU) and natural language generation
(NLG) as separate components, resulting in fragmented
solutions. In 2023, Ricketts et al. highlighted that fully
automating safety processes through NLP could be
problematic without a strong underlying system [6],
particularly when handling complex safety queries that
require both accurate understanding and contextual
response generation.

The emergence of LLMs has introduced new
possibilities for addressing these limitations. Unlike
conventional NLP methods, LLMs leverage pre-training
on vast, diverse corpora, enabling generalization across
various tasks without task-specific data preparation [7,8].
However, while LLMs have demonstrated superior
capabilities in analyzing safety incidents [9],
commercially available solutions remain too general-
purpose for specialized construction safety applications
and raise significant data security concerns.

Current construction safety information retrieval
primarily relies on manual searches and keyword-based
retrieval, which have shown significant limitations in
practice. Studies have demonstrated that these document-
centric systems require users to navigate through
multiple sources and extensive text documents to find
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specific safety information, thus failing to meet
construction workers' diverse needs [10,11]. For example,
when workers need to access relevant safety protocols
during on-site operations, they often need to search
through various safety manuals, regulatory documents,
and incident reports separately, making the process time-
consuming and risking incomplete information retrieval.

Recent research has demonstrated how RAG
technology can enhance model reliability by
incorporating accurate, context-specific information
during the generation process in healthcare, education,
and materials science domains [12-14]. In healthcare,
RAG has improved clinical decision-making,
pharmacogenomics interpretation, and disease-specific
information delivery through specialized applications
like GastroBot [12]. In education, RAG has enhanced
intelligent tutoring systems and domain-specific
knowledge delivery, particularly in technical fields like
geotechnical engineering [13]. In materials science, RAG
has supported engineering analysis and design processes
by enabling access to comprehensive materials databases
and enhancing knowledge graph integration [14]. Despite
these promising applications across various fields, no
study has implemented RAG to enhance construction
safety information retrieval, according to our knowledge.

To summarize, research gaps exist in the following
two critical aspects: 1) current approaches lack the ability
to integrate accurate information retrieval with natural
language interaction seamlessly, and 2) existing systems
are unable to effectively synthesize and retrieve safety
information from multiple sources, leading to fragmented
and time-consuming information access processes.

3 System Development

Our proposed system was built upon the LLaMA-3-
8B foundation model and integrated the BGE-large
embedding model for semantic search capabilities, as
shown in Figure 1.

The system architecture comprises three main
components: (1) a vector database powered by the BGE-
Large embedding model for semantic search
functionality, (2) a fine-tuned LLaMA3-8B language
model for natural language understanding and response
generation, and (3) a context integration module that
combines retrieved information with query processing.

The system processes user queries through these
components in a streamlined workflow. When a user
submits a query, it simultaneously triggers a semantic
search in the vector database to retrieve relevant safety
documentation while being processed by the language
model. The context integration module then combines
these elements to generate accurate, contextually
grounded responses based on the safety documentation.
This architecture ensures reliable safety information
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delivery while maintaining natural language interaction
capabilities.

The development of our system followed two
essential steps to ensure its effectiveness. First, we
established a comprehensive data processing pipeline to
prepare construction safety documentation for the system,
as detailed in subsection 3.1. Second, we conducted
careful model selection and fine-tuning to optimize the
system's performance in the construction safety domain,
as detailed in subsection 3.2.

Query
a e
Pre-processed User Finetuned LLM
data < LLAMA3-8B
Answer
Human
cross validation Similarity
search
Embedding €
model: Vector database
BGE-Large

Information retrieved
for LLM's context

Figure 1 System Design

3.1 Data Processing Pipeline

The data processing pipeline has three key
components: data collection, document pre-processing,
and information organization and retrieval. First, we
established a comprehensive health safety and
environment (HSE) information data source as our
foundation, as detailed in subsection 3.1.1. Next, a
document pre-processing layer converted these diverse
document  formats into  standardized JSON
representations  while preserving critical safety
information, as detailed in subsection 3.1.2. Finally, we
implemented an information organization and retrieval
system that enabled efficient access to safety information
through vector-based search and maintained traceability
to original documents, as detailed in subsection 3.1.3.

3.1.1 Data Collection

We obtained a comprehensive collection of health
safety and environmental (HSE) documentation from a
leading construction company for our information
retrieval system. The dataset comprised 1,299 pages and
327,336 words of safety protocols, guidelines, and
procedures, as shown in Table 1. This extensive
documentation set served as the source material for our
information retrieval system. According to industry
experts, our documentation set represents standard
industry HSE protocols and procedures.

Table 1 HSE Data Source

Document Type Count
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Core HSE Manuals 3
Operational Forms 23
PPE Specifications 11

3.1.2  Document Pre-processing

Our document pre-processing transformed raw safety
documents into structured data, as shown in Figure 2. The
process consisted of two main steps: content extraction
and visual processing.

In the content extraction step, we leveraged the
Unstructured library to systematically parse PDF
documents [15]. This library enabled precise extraction
of three types of content while maintaining the structural
relationships between different document elements:
tables, images, including diagrams and illustrations, and
text.

PDF
documents
Content 0 ’ q
extraction | Unstructure
- package
o
3
» Unstructured
data
[ Table L Image H Text J
A
N -
o GI.:TA' GPT-4
o i Vision
o | Visual
processing
Transform
to JSON

y
Structured
data

Figure 2 Document Pre-processing Layer

The extracted tables and images presented unique
challenges. We addressed these through the
implementation of GPT-4-Vision [16], which generated
detailed textual representations of the visual content. This
approach ensured that critical safety information
contained in visual formats was preserved and made
accessible for subsequent processing.

All processed content was then consolidated into a
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standardized JavaScript Object Notation (JSON)
structure. This transformation was crucial for
construction  safety documentation, where the

relationships between different content types (e.g.,
textual instructions, diagrams, and tables) often had
significant safety implications. The resulting structured
data served as the foundation for generating the fine-
tuning dataset and constructing the vector database.

3.1.3

The information retrieval process is the key
component of our system, implementing similarity
search and traceability mechanisms to effectively process
and access construction safety documentation.

Our information retrieval system utilizes the BGE-
large-en-V1.5 embedding model to convert HSE
document into high-dimensional vectors [17,18],
enabling similarity search capabilities. We selected this
model for its superior performance in capturing technical
and domain-specific relationships in construction safety
content.

To effectively manage and trace information and their
reference source, we developed a traceability framework
with multi-vector retrieval capabilities. We designed and
implemented a custom JSON mapping system that
preserves structural relationships while facilitating
efficient retrieval. Our system pre-processes documents,
extracts nodes, and preserves comprehensive metadata to
maintain bidirectional traceability between processed
content and source documents.

Information Retrieval

3.2 Model selection and Fine-tuning

Model selection and fine-tuning enhances our
system's capability from general knowledge to domain-
specific expertise in construction safety information
retrieval. Fine-tuning complements our RAG framework
by enabling the model to better interpret construction
safety  terminology, recognize  domain-specific
relationships, and effectively integrate retrieved content
into coherent responses. This synergy between fine-
tuning and RAG is essential, as neither component alone
would achieve the accuracy and relevance needed for
construction safety applications. This process consisted
of two main stages: base model selection and model fine-
tuning, as detailed in subsections 3.2.1 and 3.2.2.

3.2.1 Base Model Selection

Our base models were selected considering the
following reasons: 1) less than 8 billion parameters due
to GPU memory limitation of our training hardware
(RTX A6000), and 2) open source for data privacy
protection and security when processing construction
safety documents. Based on the context window and
massive multitask language understanding (MMLU)
score as listed in Table 2, we selected Llama-3-8B.
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MMLU score is a comprehensive benchmark that
evaluates models across 57 subjects, including science,
engineering, and professional knowledge.

Table 2 Model Selection Criteria and Performance

Context MMLU
Model Window
LLaMA-3-8B 8K 66.6
Gemma-7B 8K 64.3
GPT-Neo-2.7B 2K 25.0

3.2.2

Our model’s fine-tuning consists of two main steps:
(1) Q-A pairs generation from structured dataset using
Langchain Tuna, and (2) model fine-tuning through
LLAMA Factory. Figure 3 illustrates this fine-tuning
pipeline.

First, we utilized Langchain Tuna to generate high-
quality training data from our structured construction
safety dataset. This tool created 11,837 structured
question-answer (Q-A) pairs that comprehensively cover
various aspects of construction safety protocols [19].
These Q-A pairs are designed to maintain technical
accuracy and contextual relevance for safety
documentation. Figure 4 presents an example of these
generated Q-A pairs.

Model Fine-tuning

Structured Langchain LLAMA3-8B
dataset Tuna
Q-A Pairs LLAMA Finetuned
generated Factory model

Figure 3 Fine-tuning steps

As our second step, our model’s fine-tuning leverages
the LLAMA Factory framework [20] to enhance the
LLaMA-3-8B model's understanding of construction
safety protocols. We chose Low-Rank Adaptation
(LoRA) technology [21] for the fine-tuning, as it enables
efficient domain adaptation while preserving the model's
fundamental capabilities. We used LLAMA Factory
using GPUs with CUDA v12 (RTX A6000), with
carefully selected hyperparameters shown in Table 3

based on empirical experiments and model
characteristics:
Table 3 Fine-tuning Parameters
Parameter Value
Batch Size 2
Learning Rate 5.00E-05
Training Epochs 3
LoRA+ Ratio 16
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Question: What is the pre-job
safety instruction (psi) designed for?

Answer: The Pre-Job Safety

Instruction (PSI) is designed as a pre-task
planning tool to increase

productivity and decrease the possibility of an
incident, as well as a tool to

help recognize, minimize and control potential

hazards.

Figure 4 An example of Q-A Pairs generated by
Langchain Tuna

While our system architecture incorporates both RAG
and fine-tuning, it is important to clarify their distinct yet
complementary roles in enhancing construction safety
information retrieval. RAG primarily addresses the
challenge of information access by retrieving relevant
context from the vector database, while fine-tuning
addresses the challenge of domain understanding by
adapting the model to construction-specific terminology
and concepts. Fine-tuning is essential in our approach
because construction safety documentation contains
specialized terminology, regulatory references, and
technical concepts that general-purpose models may not
adequately understand. Without domain adaptation
through fine-tuning, even a model with perfect retrieval
capabilities would struggle to correctly interpret
construction-specific queries or synthesize retrieved
information into coherent, domain-appropriate responses.

4  Validation and Evaluation

We compared our model with the base LLaMA-3-8B
model to evaluate its performance. Our validation and
evaluation followed three steps: test case selection,
quantitative analysis, and qualitative analysis, as detailed
in subsections 4.1, 4.2, and 4.3.

4.1 Test Case Selection

For test case selection in our validation and
evaluation, we identified a representative scenario
focusing on crisis response protocols from a safety
operational manual. We used one specific test question
("What are the steps for Crisis Response?") as our
validation case. This case was specifically selected to
evaluate our system's ability to handle complex
procedural information—a seven-step protocol with
sequential dependencies and decision points. Such
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protocols represent a particularly challenging test case
for safety information systems as they require both
accurate retrieval of each procedural step and correct
preservation of the sequential relationships between steps.
This type of complex procedural information is abundant
in construction safety documentation and essential for
proper safety management. By successfully processing
this challenging protocol, our system demonstrates its
reliability for handling the diverse information needs in
construction safety applications. This case was chosen to
evaluate our model's comprehensive understanding
capabilities in two key aspects: (1) the ability to process
and interpret complex textual information in safety
procedures, and (2) the capability to accurately
comprehend and convert visual flowchart representations
into structured data. The source information was
originally presented as a visual flowchart (Figure 5),
which was pre-processed using GPT-4V for text
conversion and subsequently stored in our vector
database.

We designed the test case query as "What are the
steps for Crisis Response?” This query was selected to
assess the model's capabilities in: comprehending and
articulating complete protocol sequences, handling
interconnected steps in safety procedures, and
maintaining accuracy in complex information retrieval
scenarios.

The selection of this test case is based on the real-
world case, as protocol-based information represents a
substantial portion of construction safety documentation.
The ability to accurately retrieve complete step
sequences is crucial for maintaining safety compliance in
real-world applications.

We present the comparative responses from the
LLaMA-3-8B model and our model in Figure 6 and

Figure 7, respectively, demonstrating their
performance differences in handling this complex query.
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Figure 5 An example adapted from the graph
information in the PDF document

4.2  Quantitative Analysis

To evaluate our model's performance quantitatively,
we employed two complementary approaches: ROUGE
(Recall-Oriented Understudy for Gisting Evaluation) for
assessing text generation quality [22], and cosine
similarity for measuring semantic relevance between
responses and reference documents [23].

The ROUGE metrics we adopted provide a
comprehensive evaluation framework that includes
precision (accuracy of generated content), recall
(coverage of reference content), and F1 score (harmonic
mean of precision and recall). This multidimensional
analysis through ROUGE metrics offers a complete view
of the system's performance beyond simple text overlap.
Our evaluation examined three ROUGE variants:
ROUGE-1 calculates unigram overlap to assess content
coverage, ROUGE-2 measures bigram overlap to
evaluate fluency, and ROUGE-L employs the longest
common subsequence algorithm to evaluate structural
similarity. Additionally, cosine similarity provides a
direct measure of semantic alignment between the
model's outputs and the source safety documentation.

Following standard practice in NLP evaluation [24],
we pre-processed all texts for consistent tokenization and
normalization. As shown in Table 4, the experimental
results demonstrate substantial improvements across all
metrics, indicating that our model better captures both
content accuracy and structural coherence in construction
safety responses.

As shown in Table 4, our model demonstrates
substantial improvements across all evaluation metrics. It
is important to note that each ROUGE score reported
represents the F1 measure, which balances precision (the
percentage of generated content that is accurate) and
recall (the percentage of reference content successfully
captured). The significant improvements in ROUGE
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scores (44.9%-60.4%) indicate that our model not only
produces more accurate content but also achieves
superior coverage of the essential safety information.
These comprehensive metrics collectively validate our
system's  effectiveness  for  construction  safety
information retrieval and response generation tasks.

The cosine similarity improvement from 0.884 to
0.936, while appearing modest in absolute terms, is
particularly meaningful considering the high baseline. As
visualized in Figure 6 and Figure 7, this enhancement
manifests in the model's responses being more focused
and domain aware. The base model's responses (Figure 6)
tend to be more generic, while our model (Figure 7)
provides more precise, construction safety-specific
responses with clear source references.

Table 4 Model Selection Criteria and Performance

. Our Base Improvem
Metric Model Model ent
ROUGE-1 70.8% 10.4% 60.4%
ROUGE-2 47.6% 2.7% 44.9%
ROUGE-L 67.7% 7.3% 60.4%
Cosine 93.6% 88.4% 5.2%

Similarity

4.3  Qualitative Analysis

From a qualitative perspective, the comparison between
model responses (Figure 6 and

Figure 7) clearly demonstrates the superiority of our
model. When processing the crisis response flowchart,
our model accurately captured and reproduced the exact
procedural steps and decision points from the source
documentation. As shown in Figure 7, our model
provides direct references to the original safety
documentation, with each reference corresponding to
specific sections in the source HSE manuals. These
references enable users to verify information and access
additional context from the original documents, thereby
enhancing the traceability and reliability of the provided
information.

For instance, when asked about emergency response
procedures, our model correctly identified the sequence
"Initial Assessment — Hazard Evaluation — Response
Selection" without introducing additional, unsourced
steps or procedures. In contrast, the base model tended to
supplement the flowchart information with general safety
protocols do not present in the original documentation,
demonstrating hallucination tendencies. The base
model's responses often included generic safety
knowledge and theoretical frameworks that, while
potentially valid, were not part of the source material.
Our model's ability to strictly adhere to the source content
while maintaining the logical flow of the cyclic graph
structure showcases its enhanced reliability for safety-
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critical information retrieval tasks.

>>> What are the steps for Crisis Response

Crisis response is a structured approach to managing
unexpected events or crises that threaten an organi
zation,

its reputation, or its stakeholders. The following s
teps outline a comprehensive crisis response plan:

1. **Detection and Initial Response:

* Identify the crisis situation quickly.

* Activate the crisis management team (CMT)
or incident response team.

* Establish communication channels with affe
cted parties (e.g., employees, customers, media).

* Provide initial guidance and reassurance t
o stakeholders.

2. x*xAssessment and Situation Analysis*x:

* Gather facts about the crisis situation.

* Assess the severity of the crisis and its
potential impact on the organization.

* Identify key stakeholders affected by the
crisis (e.g., employees, customers, regulatory agenc
ies).

3. **xCommunication Strategy#**:

* Develop a clear and consistent communicati
on strategy to address stakeholder concerns.

* Designate a single point of contact for me
dia inquiries and other external communications.

* Establish protocols for internal communica

Figure 6 Answer from llama3-8B base model

The steps for Crisis Response are:

formation

ssignments

Figure 7 Answer with source references

5 Discussion and Conclusion

This study addressed the critical challenge of
efficiently retrieving and processing construction safety
information, traditionally hindered by complex
documentation structures and technical terminology
barriers. We proposed an RAG architecture that
combines fine-tuned LLaMA-3-8B with specialized
document preprocessing capabilities. Our system
demonstrated  superior performance in handling
construction safety queries through a natural language
interface while maintaining high accuracy in information
retrieval.

Unlike previous studies that rely on commercial
LLMs with data privacy concerns, our approach
leverages a locally deployable, smaller model (LLaMA-
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3-8B) enhanced through domain-specific fine-tuning and
RAG architecture. Our approach provides enhanced
security for sensitive safety information and greater
customizability through construction-specific adaptation.

The reliability of our system was systematically
validated through multiple complementary approaches.
The quantitative evaluation showed substantial
improvements across all metrics, with our model
achieving significantly higher ROUGE scores than the
base model and improved cosine similarity from 88.4%
to 93.6%. These technical improvements manifested in
more precise, construction safety-specific responses with
better source reference integration, as evidenced in our
system's outputs (Figure 7). Particularly noteworthy was
our system's ability to correctly process and present the
seven-step crisis response protocol, demonstrating its
capability to handle complex procedural information
with high fidelity. This performance validates both the
retrieval capabilities of our RAG architecture and the
domain understanding provided by fine-tuning.

This research addresses critical gaps in construction
safety information management through two key
contributions: (1) the development of a RAG architecture
that seamlessly integrates accurate information retrieval
with natural language interaction, enabling intuitive
access to safety information, and (2) the implementation
of specialized document preprocessing techniques that
effectively synthesize and retrieve safety information
from multiple sources, significantly  reducing
information fragmentation and access time.

This research has the following limitations. First,
while the system excelled at information retrieval, it did
not address broader information management challenges
such as information creation, organization, and updating.
Additionally, its performance varied across different
types of construction safety documentation, and its
effectiveness in actual construction site conditions
needed further validation. Second, the system's
capabilities were confined to English-language
documentation, restricting its utility in international
construction contexts. These limitations suggested
opportunities for future research in developing more
comprehensive and multilingual implementations.
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