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Abstract
The digital transformation of structural inspection has led
to the widespread use of image-based artificial intelligence
for automated damage detection. Deep learning models,
particularly convolutional neural networks, have demon-
strated strong capability in identifying surface-level de-
fects such as cracks from photographic data. However,
although these systems provide pixel-level predictions,
they lack mechanisms for semantic interpretation, cross-
domain data integration, and structured knowledge repre-
sentation. For deployment in civil engineering workflows,
AI-based inspection must move beyond detection toward
contextual reasoning and interoperable knowledge captur-
ing.

Introduction
This paper presents a conceptual cross-domain frame-
work that connects four layers of structural damage intel-
ligence: (1) damage detection and quantification, (2) se-
mantic damage captioning, (3) ontology-based data inte-
gration, and (4) knowledge graph population, as shown in
Fig. 1. The proposed framework aims to bridge geometric,
semantic, and relational representations of damage within
digital construction environments.

Methodology
The proposed framework facilitates not only the detection
and quantification of pixel-level damages and the expla-
nation of contextual relationships in overlapping damage
scenarios, but also the standardization of these damages
through the modification of an existing ontology. This en-
ables the population of a knowledge graph and, ultimately,
the development of a digital twin, as discussed in the fol-
lowing sections.

Damage Detection and Quantification
The first layer focuses on multi-label damage detection
from inspection images belonging to three different dam-
age domains: concrete, steel, and glass. These domains
differ in terms of damage type, causality, severity, com-
plexity, and relationships. Custom multi-label seman-
tic segmentation models are developed to detect damages
across these domains, with domain-specific models later
combined via deterministic orchestration or AI agents.
Currently, models have been trained and successfully in-
ferred on pre-existing concrete damage datasets like the

Figure 1: Proposed Methodology

DACL10k dataset introduced in Flotzinger et al. (2024)
and new benchmark dataset created for this purpose, as de-
scribed by Krefft et al. (2026).

Beyond 2D image analysis, the framework incorpo-
rates co-registration between image data and LiDAR-based
geometric models. By aligning segmented damage regions
with three-dimensional point clouds, damage localization
can be anchored in spatially accurate structural coordi-
nates. This integration enables the quantification of de-
fect dimensions, and spatial orientation, as demonstrated
by Krefft and Hoegner (2025). The result is a damage mask
and parametric damage metadata, which can then be linked
to a 3D model of the structure.

Semantic Damage Captioning
While detection provides spatial precision and quantifica-
tion, engineering interpretation requires contextualization.
The second layer introduces vision-language modeling for
damage captioning. These captions can explain the over-



lapping patterns, and relative pixel positions among de-
fects. Visual Language Models (VLMs) have been fine-
tuned on a curated image captioning dataset to explain the
context in overlapping concrete damages, and initial re-
sults have been presented by Dalvi et al. (2025). This layer
enhances interoperability by transforming geometric pre-
dictions into human-readable contextual descriptions.

Ontology-based Data Integration
The third layer addresses the challenge of interoperability.
AI outputs, whether masks or parametric data, must be
aligned with construction-specific information standards
to be usable. The proposed framework, therefore, incorpo-
rates ontology-based structuring of detected damages. The
existing Damage Topology Ontology (DOT), proposed in
Hamdan et al. (2019), is modified, and the detected dam-
age categories are mapped to standardized taxonomies
via ontology-aligned JSON templates and APIs and then
linked to structural elements within digital building mod-
els, as described by Dalvi et al. (2026).

By structuring semantic outputs into ontologies, dam-
age information becomes machine-readable and interoper-
able. This step enables alignment with Industry Founda-
tion Classes (IFC)-based models and facilitates integration
into a digital twin, a continuously coupled virtual repre-
sentation of a physical structure that integrates geometry,
damage observations, and structured knowledge to support
inspection, reasoning, and long-term maintenance. The
workflow assumes availability of a building model (e.g.,
IFC), but it can work with alternative structured data, such
as classified point clouds or other spatial representations.

Knowledge Graph Population
The RDF (Resource Description Framework) graph ex-
plicitly models multiple relation types, representing infor-
mation as a network of interconnected nodes and edges.
These include spatial relationships (e.g., adjacency, over-
lap, containment), inspection timestamps, and hierarchi-
cal associations between damages and structural elements.
Temporal evolution across inspections is represented by
connecting damage instances over time, enabling tracking
of progression, propagation, or mitigation effects.

In addition, the graph incorporates expert-defined
causal relations that link observed damage patterns to po-
tential causes, including environmental exposure, load-
ing conditions, and material degradation mechanisms.
Through this relational modeling, inspection data, dig-
ital building model information, and domain expertise
converge into a unified structure. The resulting knowl-
edge graph supports querying, and cross-project knowl-
edge capturing, enabling analysis of recurring defect pat-
terns, condition evolution trends, and intervention effec-
tiveness.

Conclusion
This approach aims to transform visual damage detection
into structured, explainable, and reusable infrastructure

knowledge within digital construction workflows. Future
work will focus on AI model orchestration, empirical val-
idation of the integrated pipeline, refinement of ontology
mappings, exploration of reasoning capabilities within the
constructed knowledge graph, and development of a front-
end application for visualizing all the detected damages
and attributes.
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