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Abstract -

Building permit applications usually consist of multi-
ple heterogeneous, unstructured, and non-machine-readable
data. To efficiently check and process applications, rele-
vant information must be extracted, and documents must
be classified and linked to the application and process steps
in the review. To address this, this study presents an end-
to-end method for generating ontology-structured informa-
tion containers from PDF-based building permit applications
by combining Large Language Models with a hybrid Re-
trieval Augmented Generation (RAG) layer. The proof-of-
concept demonstrates that the proposed pipeline can popu-
late OntoBPR entities while producing standard-compliant
container structures in accordance with ISO 21597. Re-
maining challenges relate to scalability, handling of ambigu-
ous regulatory language, and quantitative evaluation of the
pipeline. Overall, the study demonstrates the potential of
retrieval-augmented LLM pipelines for advancing automa-
tion and semantic integration in digital building permit pro-
cesses.
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1 Introduction

Building permit authorities typically receive application
submissions as heterogeneous collections of documents:
(scanned) PDF application forms, text-based reports,
drawings, exports from specialist software, and occasion-
ally models from Building Information Modeling (BIM)
serialized in the Industry Foundation Classes (IFC) [1]].
Even when these materials are available in digital form,
they are usually not structured to support automated
reasoning, traceability, or even code-compliance check-
ing [2]]. In particular, the formal review is identified as an
essential step in building permit review, because missing
documents and information delay the permit procedure,

as it is depicted in the study of Fauth et al. [3] reporting
that 65 % of building applications were delayed because of
missing or erroneous application documents. Moreover,
previous research has identified the relevant taxonomy for
the building permit process [4], which has been incorpo-
rated into an ontology representing processes, stakehold-
ers, and documents in the building permit review, denom-
inated as the OntoBPR framework. The OntoBPR frame-
work initially included a set of ontologies as the formal
semantic representation of permit-related terms [2]. In re-
cent research, this approach was integrated with the Infor-
mation Container for linked Document Delivery (ICDD)
to model not only the documents but also the interconnec-
tions between them [J5]], and here, in particular, between
the documents submitted in an application package. While
ICDD containers in the OntoBPR framework are generated
manually, the objective of this article is to automatically
generate information containers and ontology-based struc-
tures from the submitted documents and to classify the
submitted documents with metadata to facilitate formal
checks of the application’s completeness.

Recent advances in Large Language Models (LLMs)
and multimodal Al systems enable automatic extraction,
structuring, and semantic classification of information
from heterogeneous, unstructured documents [6]. These
capabilities allow for the generation of metadata and
knowledge representations that support automated reason-
ing, traceability, and completeness checks [7, |8]. The
capabilities to generate and summarize text, as well as
to adapt to additional given context, also known as few-
shot learning, are the significant benefits of LLMs that are
identified in the review of Ploennings et al. [9]], who an-
alyzed the potentials, challenges, and research directions
for applying LLMs and Large Vision Models (LVM) in
the Architecture, Engineering, and Construction (AEC)
domain. Moreover, document generation and compliance
checks were identified as one of the main use cases for
Large Language Models (LLMs) in the construction do-
main in a literature review by Kampelopoulos et al. [10].
Wu et al. [11]] argue that LLMs are trained on general
knowledge rather than AEC-specific knowledge. While
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training an LLM on AEC knowledge is an option, it is im-
practical due to the enormous costs and training time [[11]].
A solution to this issue is Retrieval Augmented Genera-
tion (RAG), in which information or documents are seg-
mented into smaller chunks, vectorized, and injected into
LLMs [11]. Based on the literature, this research aims
to employ LLMs and customize them for the use case of
analyzing building permit documents by a state-of-the-
art RAG implementation. Following up on this aim, the
research question formulated in this article is the follow-
ing: How can unstructured building permit applications
be converted into standard-compliant ICDD containers
and OntoBPR-aligned RDF metadata?

To answer this research question, the remainder of the
paper is structured as follows: First, related work on cus-
tomizing LL.Ms for specific document processing is pro-
vided. Second, the methodology and concept of this ap-
proach are described. Third, results from implementing
the conceptualized pipeline are presented, and, lastly, the
results are discussed and conclusions drawn.

2 Related Work

2.1 OntoBPR and Information Containers

Structuring building permit applications in information
containers was introduced with OntoBPR in [2] and offers
advantages, including facilitating formal checks on the ap-
plication, increasing transparency in the permit review by
sharing progress updates, and supporting decision-making
through rule-based checks of machine-readable reports.
The OntoBPR schema is implemented as an ontology,
which is available at https://w3id.org/ontobpr#. For struc-
turing the submission of a building application, the ontol-
ogy is instantiated in an ICDD container, which itself is
compliant with ISO 21597-1 [12].. Fig.[I|depicts an exem-
plary OntoBPR ICDD container of a submitted building
application in the file system

These ICDD containers have a predefined struc-
ture defined through ontologies, thus semantically de-
scribing documents and their interconnections. On-
toBPR is a semantic layer on top of the generic de-
scription of documents, adding context to the mean-
ing of documents and to the purpose of the infor-
mation container as a building application container.
Main classes that are relevant to this study are the
ct:Document class and its subclasses (c.f. [12]), as
well as the classes obpr:BuildingApplication and
obpr:Building from OntoBPR. The OntoBPR frame-
work and the ICDD use a shared technology stack compris-
ing the Resource Description Framework (RDF) and the
Web Ontology Language (OWL) for the formal descrip-
tion of the knowledge graph, and Shapes and Constraint
Language (SHACL) for validation [2].
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Figure 1. OntoBPR ICDD Container example
2.2 Extraction from Documents

Recent methodological developments have shifted in-
formation extraction in the AEC domain from rule-based
systems to approaches driven by LLMs. This transition
is primarily motivated by the need to handle heteroge-
neous, complex, and weakly structured data sources that
are common in construction projects. The extraction of
metadata from engineering drawings remains a longstand-
ing challenge due to limited standardization across docu-
ments. Recent research introduces multimodal processing
pipelines that combine lightweight Convolutional Neural
Networks with visual language models to detect and in-
terpret title blocks and embedded annotations. Empirical
evaluations demonstrate clear performance gains over clas-
sical optical character recognition techniques, particularly
in terms of robustness to layout variability [13].

A further emerging direction is the use of LLMs for
knowledge graph construction. This line of work focuses
on the automated extraction of entities and relations from
unstructured text to populate graph-based representations.
Recent studies demonstrate the direct generation of RDF
triples from natural language inputs and the population
of domain-specific ontologies through zero-shot and few-
shot prompting strategies. Applications include knowl-
edge models, e.g., for building materials, indicating the
growing maturity of generative approaches for semantic
structuring in the AEC domain [[14} (15} [16]].

2.3 Retrieval Augmented Generation (RAG)

Conventional RAG systems often exhibit limited per-
formance when operating on flat data representations (i.e.,
lacking explicit structural, relational, or semantic mod-
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eling). Therefore, recent research focuses on hybrid
retrieval-augmented generation to address the structural
complexity of heterogeneous documents that combine text,
tables, and code. Structure-aware RAG extends classical
pipelines by explicitly modeling structural relations. Ap-
proaches such as GraphRAG, StructRAG, and LightRAG
integrate knowledge graphs into the retrieval stage. Con-
text retrieval is no longer based on isolated text segments
but on linked entities and relations, such as document
hierarchies or citation networks. This strategy yields a
coherent, semantically connected context. The explicit
coupling of neural language models with symbolic knowl-
edge graph structures also aligns these approaches with
contemporary interpretations of neuro-symbolic artificial
intelligence. Empirical studies report improved answer di-
versity and superior performance on multi-hop reasoning
tasks compared to standard RAG [[17, [18]].
Ontology-guided retrieval augmented generation ad-
dresses domain-specific requirements by embedding for-
mal ontologies into the retrieval and generation pipeline.
Systems such as GrOWL RAG and OntologyRAG use struc-
tured domain knowledge to constrain and guide language
model outputs, which is particularly relevant for tasks that
require strict schema compliance, including document-
level relation extraction and code-to-concept mapping.
Reported results indicate reduced hallucination rates and
increased precision in specialized application scenarios
[19, 20]. Hybrid and collaborative RAG aims to over-
come the limitations of single retrieval strategies. State-
of-the-art systems combine sparse retrieval methods, such
as BM25 for lexical matching, with dense retrieval based
on vector embeddings for semantic similarity. This com-
bination improves recall and robustness across query types
[21,122]]. Recent work introduces a concept called retrieval
augmented retrieval, in which LLMs generate candidate
answers or query expansions prior to retrieval. This mech-
anism expands the effective query space and improves
zero-shot performance in low-resource settings [23]].

3 Methodology and Concept

This article presents a proof-of-concept pipeline that
uses a hybrid RAG approach to ingest building applica-
tion documents and generate a compliant ICDD container
populated with the OntoBPR knowledge graph. There-
fore, a pipeline is implemented and evaluated using a use
case as a proof-of-concept. The hybrid RAG approach
was chosen after studying several methods of RAG that
are referred to in the literature in the previous section.

3.1 Ingestion and Preprocessing

The implemented pipeline comprises four main steps,
as shown in Fig. [2 which are described in detail. In

the first step, the ingestion component stages and cleans
a ZIP file containing a building application submis-
sion. The included files are copied into an ICDD-like
layout under a case-specific output directory Payload
documents/<CASE_ID>/. During this process, the sys-
tem constructs the ICDD container description (index.rdf)
using rdﬂilﬂ It creates a ct:ContainerDescription
individual for the container. Each payload file is regis-
tered as a ct: InternalDocument with arelative path and
MIME type derived from the file extension and heuristics.

The text extraction focuses on PDF documents identi-
fied in the first step of the MIME type analysis. The system
first attempts to use pdﬁninensi)ﬁ to read any text layer di-
rectly. If this yields insufficient output, an OCR fallback
is triggered: pages are rasterized using pdﬁimage{ﬂ and
pytesseracﬂ is applied to recognize text in the resulting
images. The extracted text is segmented into overlapping
chunks of configurable size. Each chunk is represented by
a TextChunk record that carries the case identifier, a docu-
ment identifier, page information, a sequence index, and a
generalized role specification inferred from the source file-
name using a small set of patterns. These chunks, stored
in a JSON Linesﬂ file, form the basis for retrieval.

3.2 Hybrid Indexing and Retrieval

The retrieval layer combines vector-embedded semantic
similarity search with a simple notion of document struc-
ture in a temporary knowledge graph. On the vector side,
each text chunk is encoded using a SentenceTransformers
model (all—MiniLM—L6—v2ﬂ The resulting embeddings
are stored and indexed for fast cosine-similarity search.
Given a textual query describing an information need (for
instance, “application reference” or “site address”), this
index returns chunks whose content is semantically simi-
lar, even when the exact query phrase does not appear. On
the graph side, a Neo4 database temporarily stores re-
lationships between cases, documents, and chunks. This
graph records which chunks belong to which document
and preserves their sequence. When answering a query,
the system can follow these edges to retrieve contextually
neighbouring chunks within the same document or sec-
tion, thereby complementing vector search with structural
context. A dual retrieval function draws from both the
vector index and the graph, merges the results, removes
duplicates, and orders them into a single context window.
This combined context is provided to the LLM for extrac-
tion in the next step.

lrdflib, v.7.1.4, https://github.com/RDFLib/rdflib

2pdfminer.six, v.20250506, https://github.com/pdfminer/pdfminer.six
3pdf2image, v.1.17.0, |ttps://github.com/Belval/pdf2image
4pytesseract, v.0.3.13, https:/github.com/madmaze/pytesseract

3see https://jsonlines.org/
Shttps://github.com/huggingface/sentence-transformers

7Neodj, v.5.25.0, https://github.com/neo4j/neod;

1389


https://github.com/RDFLib/rdflib
https://github.com/pdfminer/pdfminer.six
https://github.com/Belval/pdf2image
https://github.com/madmaze/pytesseract
https://jsonlines.org/
https://github.com/huggingface/sentence-transformers
https://github.com/neo4j/neo4j

Ingestion & Preprocessing

ﬁ User Submission ZIP

’—‘ Staging & MIME Analysis I

PDFs

IFC/XLSX

Text Extraction

Preview Extraction

pdfminer.six / Tesseract - -----------------oocomooooooooo g

chunks.jsonl

Hybrid Indexing & Retrieval

Vector Encoding
uses

KG Construction

Neo4j Database

IH

{ LightRAG

N
¢ Vector Index .npz
all-MiniLM-L6-v2

Cosine Sim
Extraction Query

Cypher/Traversal

Dual Retriever

Combined Context Window <€——

Semantic Extraction

Strict JSON

o am— LLM Inference

field_schema.py

[ v
¢ Structured Extraction

Qwen2.5-7B-Instruct

RDF Mapping Engine

Payload triples/OntoBPR.ttl

ICDD Assembly & Validation

» Generate Linkset Generate index.rdf <
Y

Doc_Application_ Links.rdf Payload documents/*

» Zip into Container <€

index.rdf

Final Container .icdd

Container.shapes.ttl

SHACLValidator cooncoooaome
Validation Report

Figure 2. Implementation overview

3.3 Semantic Extraction

In Step 3, the utilized Qwen 2.5-7B-Instrucﬁ LLM is
not required to generate novel RDF structures or arbitrary
JSON formats (c.f. also in Fig. ). Instead, the pipeline
relies on a predefined schema, which delineates all rel-
evant data fields. At the current development stage, this
schema covers application-level information, such as an in-
ternal identifier, application type, authority name, and site
address, as well as building-level information, including
the building’s intended use and, where available, simple
quantitative descriptors. For each case, the prompt pro-
vided to the LLM combines both the dual retrieval context
and the JSON schema. The accompanying instructions
emphasize that the model must rely exclusively on the
supplied context, leave fields blank when no information
is available, and produce syntactically valid JSON that
is schema-compliant. The result is a structured JSON
document containing the predicted values for all fields, or-
ganized under entities such as building_application
and building. These JSON files are stored alongside
the other case-specific outputs and subsequently serve as
inputs to the OntoBPR mapping and evaluation script.

The JSON extraction in Step 5 is then transformed
into an RDF graph aligned with the OntoBPR on-
tology. The mapping logic implemented using rd-
flib creates individuals representing the building ap-
plication and, where applicable, the building itself.
JSON fields are converted into datatype properties,
e.g., an extracted application reference is mapped to
ontobpr:applicationIdentifier or a site address to
ontobpr:siteAddress, while the building use type is
mapped to ontobpr:buildingUseType.

Moreover, for employing also the capability of the
LLM to classify the documents based on the ex-
tracted terms semantically, OntoBPR does include the
class ontobpr:DocumentClassification with a set
of named individuals with German and English la-
bels, such as ontobpr:ApplicationForm, ontobpr: -
EngineeringProofs, ontobpr:PlotRelatedPlans,
or ontobpr:Unclassified.

The mapping uses a fixed set of OntoBPR classes and
properties defined in code. The LLM therefore contributes
the values, but the ontology vocabulary and URI patterns
remain under deterministic control. This choice avoids the
common problem of LLMs inventing nonexistent ontology
terms (hallucinating) and keeps the RDF graph compliant
with OntoBPR for the implemented subset. The resulting
triples are written to a Turtle file in the output directory and
later included as part of the container’s semantic payload.

8https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
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3.4 1ICDD Assembly and Validation

To maintain traceability between semantic data and
source documents, a simple linkset is generated using the
ICDD linkset vocabulary. This file expresses relation-
ships between documents and, where appropriate, between
documents and semantic entities. Before packaging, the
combined RDF graph, including the container description,
internal documents, linksets, and OntoBPR triples, is val-
idated using SHACL. The prototype employs pySHAClE]
together with SHACL shapes Container.shapes.ttl
derived from the ICDD standard validation resources. Fi-
nally, the container description, payload documents, on-
tology resources, linksets, and generated triples are assem-
bled into a directory and compressed as a .icdd file. The
overall pipeline and the assembly of generated artifacts are
displayed in detail in Figure[2]

4 Proof of Concept and Results

The current prototype has been tested on a representa-
tive real-world permit application (Ap1_25-04543-FULL).
The corresponding submission archive is approximately
25 MB in size and consists of twelve distinct files, includ-
ing text-based PDF forms, scanned or image-based PDFs,
and several additional attachments such as images and
spreadsheets (see Tab. [I). The documents exhibit typi-
cal characteristics of administrative practice: overlapping
content across versions, varying terminology for similar
concepts, and partial mixing of languages. Some infor-
mation is distributed across different sources, for exam-
ple, addresses that appear only in headers or footers, or
quantitative data that appears only in drawings.

The system was executed in an environment with a sin-
gle NVIDIA A100 GPU. Qwen-2.5-7B-Instruct was used
as the extraction model, and all-MiniLM-L6-v2 served as
the sentence embedding model for the vector index. The
hybrid retrieval layer combines dense vector search with
a small Neo4j-based document graph. The precise con-
figuration details (such as quantization settings or batch
sizes) are less critical for the analysis presented here than
the overall architectural pattern: retrieval-supported ex-
traction followed by deterministic mapping to RDF.

For the examined case, the pipeline successfully
produced an ISO 21597-1 container. The resulting
index.rdf file lists all payload documents as internal
documents, assigns the expected MIME types based on file
extensions, and attaches a container description node with
the required core metadata. SHACL validation against the
available container shapes confirmed that the basic struc-
tural constraints of Part 1 are satisfied for this example,
after the usual relaxation of strictly closed shapes to allow
additional metadata. A simple linkset was generated to

9pySHACL, v.0.30.1 https://github.com/RDFLib/pySHACL/
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Table 1. Composition of the submission archive

Type Count Description

Administrative 3 Application form, receipt of

documents application, and cover letter.

Planning 1 Planning Statement provid-

documents ing policy-based and contex-
tual justification.

Technical 3 Architectural and _technical

drawings drawings submitted as part of

and plans the application.

Supporting 6 Consultation,  notification,

documents and objection documents,
including schedules, pho-
tographs, and spreadsheets.

Total 13 6.53 MB zipped archive

demonstrate the integration of Part 2. The linkset asso-
ciates documents with each other and, where applicable,
connects them to semantic entities. In the tested con-
tainer, these links were successfully resolved to internal
paths, and the linkset passed the structural checks applied
in this prototype.

The OntoBPR payload produced by the mapping step is
intentionally modest in scope. For the examined case, the
pipeline created a ontobpr:BuildingApplication in-
dividual and associated it with a small number of datatype
properties, such as an application identifier, an authority
name, and a site address (see Fig. |3} lines 6-16). From a
purely syntactic and ontological point of view, the graph is
consistent in that it uses declared OntoBPR properties and
datatypes and does not introduce ad hoc vocabulary (hal-
lucination). However, this does not imply that all values
are correct or complete; it only confirms that the map-
ping logic respects the chosen subset of the ontology. The
behavior of the hybrid retrieval layer is best understood
through concrete examples. For fields whose mentions
are relatively explicit in the text, such as the application
identifier or the name of the authority, vector-based re-
trieval generally retrieves appropriate chunks from appli-
cation forms or covering letters. In such cases, the LLM
can fill the JSON schema with plausible values, and the
subsequent mapping to OntoBPR is straightforward.

For more distributed or abstract fields, such as building
use type (see Fig.|3| line 20), the benefit of combining vec-
tor and graph retrieval becomes more apparent. When the
relevant information is spread across a design statement
and other supporting documents, vector search alone may
return passages that are topically related but do not con-
tain a clear, machine-readable statement of the use type.
In these situations, extending the context with structurally
neighboring chunks from the same document, identified
via the graph, can provide the model with enough conti-
nuity to extract a meaningful value. This observation is


https://github.com/RDFLib/pySHACL/

1 @prefix bp-app: <https://example.org/Apl_25-84543-FULL#> .

2 @prefix obpa: <https://w3id.org/obpa#> .

3 @prefix ontobpr: <htt d.org/ontobpr#> .

4 @prefix rdf: <http:/A 3.0rg/1999/02/22-rdf-syntax-ns#> .

5

6 bp-app:BA_Apl_25-04543-FULL

7 rdf:type obpa:BuildingApplication ;

8 rdfitype ontobpr:BuildingApplication ;

9 obpa:includes bp-app:Project_Apl_25-04543-FULL ;

10 ontobpr:applicationIdentifier "PP-13765429" ;

11 ontobpr:applicationType “"variation of condition” ;

12 ontobpr:buildingauthority "centralplanningteam@westminster.gov.uk" ;
13 ontobpr:hasApplicationbocument bp-app:Doc_5 ;

14 ontobpr:hasBuildingapplicationcontainer bp-app:Container_Apl_25-04543-FULL ;
15 ontobpr:siteAddress "3 Anonymous Street, London, WU 3QG" ;

17 bp-app:Building Apl 25-04543-FULL
18 rdf:type obpa:Building ;

19 rdf:type ontebpr:Building ;

20 ontobpr:buildingUseType "Mixed-use" ;

21 ontobpr:hasBuildingDocument bp-app:Doc_1 ;
22 ontobpr:hasBuildingDocument bp-app:Doc_11 ;
23 ontobpr:hasBuildingDocument bp-app:Doc_2 ;
24 ontobpr:hasBuildingDocument bp-app:Doc_3 ;

26 bp-app:Project_Apl_25-04543-FULL
27 rdf:type obpa:ConstructionProject ;
28 obpa:hasBuilding bp-app:Building_Apl 25-94543-FULL ;

30 bp-app:Doc_1
31 ontobpr:hasDocumentClassification ontobpr:TechnicalDrawing ;

33 bp-app:Doc_10
34 ontobpr:hasDocumentClassification ontobpr:Unclassified ;

36 bp-app:Doc_11
37 ontobpr:hasDocumentClassification ontobpr:BuildingDescription ;

39 bp-app:Doc_12
40 ontobpr:hasDocumentClassification ontobpr:Unclassified ;

Figure 3. Excerpt of the generated OntoBPR-KG

qualitative but suggests that structural information helps
guide the model toward relevant parts of long documents.

The classification of documents (see Fig. [3] lines 30ff.)
according to OntoBPR classified ~39 % of the submitted
documents, while eight documents remain unclassified af-
ter the procedure. While this classification is not the main
achievement of this research, it requires a dedicated eval-
uation on a large-scale dataset and with variations in the
classification descriptions in future work.

The complete pipeline during the case study execution
required approximately 170 seconds on the described hard-
ware, with retrieval preparation accounting for the major-
ity of the overall runtime (see Tab. [2). Preprocessing
of PDF documents, particularly OCR for scanned pages,
accounts for a substantial portion of the overall runtime.
Building the vector index and populating the Neo4j graph
adds additional overhead but remains manageable for a sin-

Table 2. Reported runtime for the test case

Pipeline Component Runtime (s)

Ingestion and staging 0.12
Text extraction and chunking 28.00
Retrieval preparation 135.50
Retrieval query execution 3.84
LLM extraction and OntoBPR mapping 1.85
Container generation and validation 0.42
Total Runtime 169.73

gle case. LLM inference for the relatively small schema
used here contributes comparatively little to total runtime.

In terms of container generation, the prototype was able
to create basic link relations from the semantic layer back
to the primary application document, and SHACL valida-
tion showed no structural violations for these links. This
demonstrates that the principle of traceability from seman-
tic statements to source documents can be implemented
within the ICDD framework.

5 Discussion and Conclusions

OntoBPR was introduced in prior work as an ontology-
based framework to support digital building permit review
processes. This study extends that work by operationalis-
ing OntoBPR through standardized semantic information
delivery using the Information Container for linked Doc-
ument Delivery (ICDD) and by integrating a retrieval-
augmented generation (RAG) approach to support infor-
mation access during the building permit phase. Rather
than proposing a new ontology, the study demonstrates
how OntoBPR can be embedded into an interoperable,
Al-supported submission and review mechanism that ad-
dresses fragmentation in digital building permitting.

Many digital permitting approaches remain limited to
isolated functions, particularly automated code checking,
and rely on document-centric information exchange. Inte-
grating OntoBPR with ICDD bundles heterogeneous doc-
uments, datasets, and models into a semantically enriched
container, where relationships between regulations, sub-
mitted evidence, and procedural steps are explicitly repre-
sented using RDF. This shifts the building application from
a static document collection to a machine-interpretable in-
formation package that supports validation, traceability,
and reuse. The integration of a RAG approach further
extends this capability. By using the structured seman-
tic content of ICDD containers as a trusted knowledge
base, RAG enables context-aware retrieval and synthesis
of relevant regulatory provisions and decision-relevant in-
formation, supporting building officials while maintaining
transparency through semantic grounding.

The pipeline can generate an ISO 21597-1 container
with an embedded OntoBPR application graph for a re-
alistic building-permit submission, passing all SHACL
checks. The results of this study must be interpreted in
light of several intentional design constraints and limita-
tions of the prototype implementation. OntoBPR is em-
ployed in a deliberately restricted manner. Only a subset
of classes and properties related to the building application
and core building attributes is instantiated. More expres-
sive components of the ontology, such as workflow stages,
involved actors, decision-making processes, and explicit
representations of building-code knowledge graphs, are in-
tentionally excluded in the first step of this research. Con-
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sequently, the findings should be understood as a proof-of-
concept for semantic extraction and representation using
LLMs with the presented hybrid RAG approach, rather
than a comprehensive OntoBPR instantiation.

The evaluation dataset is small, and the quantitative
metrics produced by the evaluation script should therefore
be considered indicative rather than statistically conclu-
sive. The reported values primarily demonstrate overall
feasibility and expose typical error patterns in document
restructuring, attribute extraction, and semantic mapping.
Although the ingestion pipeline is conceptually capable
of handling heterogeneous document types, the current
experimental focus is predominantly on PDF-based sub-
missions. Other common artifacts in building permit ap-
plications include IFC models, which are central to the
future development of digital building permitting. These
artifacts are not yet analyzed with comparable semantic
depth. Extending the pipeline towards multimodal extrac-
tion and tighter integration of model-based information
remains an important avenue for future research, particu-
larly given IFC’s role in digital building permitting.

While this study is a first approach towards the au-
tomatic processing of building applications in practice,
larger and more heterogeneous datasets in a real-world
scale will be required to enable statistically meaningful
evaluations and comparative benchmarking, which will be
provided in future work. Finally, although the system can
operate in a fully automated manner once configured, the
generated ICDD containers and RDF graphs still require
expert review for critical or legally relevant use. Integrat-
ing systematic human-in-the-loop refinement mechanisms
for assessing the quality of the generated container and
annotations would not only increase trust and adoption
but also enable iterative quality improvement through ex-
pert feedback loops. Future research must therefore focus
on empirical validation through pilot deployments with
building authorities, assessing the scalability, usability,
and acceptance of OntoBPR-enabled ICDD submissions
and RAG-based decision support.
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