
2026 European Conference on Computing in Construction
Corfu, Greece

July 12–15, 2026

Structuring Knowledge for AI-Driven Schedule Management in Digital Construction Twins
Tomas Lay Herrera1, Matthieu Gillet2, Mehrzad Shahinmoghadam3 and Simon Bee4

1Autodesk GmbH, Germany
2Autodesk France, France

3Autodesk Research, Canada
4Autodesk Ltd., United Kingdom

Abstract
Construction projects, which are prone to delays and
budget overruns, struggle to transform fragmented data
streams into coherent intelligence. We propose a novel ap-
proach to monitoring that combines onsite data capture,
agentic workflows and knowledge graph architecture to
provide a foundation for evidence-based progress track-
ing. This approach is built on an ontology for structured
schedule management that unifies concepts from domain-
specific ontologies andAutodesk Construction Cloud. Au-
tonomous AI-driven agents enable knowledge evolution
by interacting with a knowledge graph. This lays the
foundation for a living digital twin that adapts as new
data emerges, supporting consistency checking and cross-
system integration.

Introduction
Construction project execution involves large volumes of
heterogeneous data, including schedules, building infor-
mation models, and field reports, yet this information is
rarely transformed into timely and coherent project intel-
ligence. This gap continues to contribute to schedule de-
lays and cost overruns, particularly during the execution
phase where coordination and interpretation of evolving
site conditions are critical (Gómez-Cabrera et al., 2023).
In this context, effective schedule management depends on
continuously reconciling plan and actual status, identify-
ing emerging deviations, and relating observed site con-
ditions to the activities and building elements they af-
fect. Digital twins have been proposed as a means to ad-
dress these challenges by maintaining synchronized digi-
tal representations of physical assets and construction pro-
cesses. In construction, digital twin information systems
have been framed as closed-loop mechanisms that explic-
itly represent and compare project intent and project sta-
tus to support production control and decision making
(Sacks et al., 2020). Central to this perspective is the in-
terpretation of observations in relation to planned work.
Prior studies show that progress understanding and pre-
dictive analyses become possible when site observations
are grounded in a formalized project representation cap-
turing spatial and temporal structure (Lilis et al., 2017).
In practice, however, sustaining a “living” construction
digital twin remains difficult, as information is hetero-
geneous, incomplete, and distributed across tools and

stakeholders, complicating the maintenance of a coher-
ent and queryable project state. Recent work has increas-
ingly explored semantic and ontology-based approaches
to structure construction information for digital twin ap-
plications, highlighting the role of explicit representations
in integrating planning, monitoring, and derived knowl-
edge across systems. In parallel, knowledge-graph-based
approaches demonstrate how BIM data, schedules, and
site information can be fused into machine-interpretable
representations supporting analysis and downstream ser-
vices (Katsigarakis et al., 2022). Despite these advances,
many approaches either remain primarily representational
without clear operational workflows, or focus on analyt-
ics without maintaining an explicit, inspectable project
state over time. Building on these directions, this pa-
per proposes an ontology-grounded, agentic framework
for AI-driven schedule management in digital construc-
tion twins. The approach introduces the Intelligent Con-
struction (INTC) ontology, which provides a unified se-
mantic model integrating building topology, construction
planning, on-site observations, and construction manage-
ment concepts drawn from BOT, Digital Twin Construc-
tion (DTC), and Autodesk Construction Cloud (ACC).
The ontology governs a construction knowledge graph
that serves as persistent project state and supports explicit
representation of observations, evidence, and state asser-
tions. Over this shared representation, we define an agen-
tic knowledge workflow in which specialized agents in-
gest project data, align observations with planned activ-
ities and building elements, and derive evidence-backed
progress and deviation assessments. The framework is
evaluated through an observation-to-insight pipeline in-
stantiated in a controlled construction setting and validated
using competency-question-driven queries over the result-
ing knowledge graph.

Related Work
Construction Site Monitoring

Construction site monitoring research has largely fo-
cused on two complementary problems: capturing as-built
conditions and interpreting those conditions relative to
planned scope and sequence. Prior work shows that in-
tegrating multiple monitoring modalities with BIM im-
proves the completeness and reliability of project status ac-
quisition compared to any single technology alone (Hasan
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Figure 1: General overview of the INTC ontology

and Sacks, 2023). However, the central challenge remains
not sensing per se, but interpreting heterogeneous observa-
tions in relation to formal project representations. Vision-
based progress monitoring has received particular atten-
tion due to the practical availability of site imagery and
time-lapse feeds. While recent systems have progressed
beyond coarse, binary reporting toward richer state de-
scriptions, they continue to face challenges related to oc-
clusion, viewpoint variability, and robust mapping from
detected signals to the project’s formal objects and activi-
ties (Pal et al., 2023). As a result, visual signals alone often
fail to produce reliable, attributable progress assessments.
More recent work has explored lifting monitoring outputs
into structured project knowledge rather than treating them
as disconnected detections. Knowledge-graph based ap-
proaches demonstrate how BIM data, schedules, and site
observations can be fused into machine-interpretable rep-
resentations that support analysis and downstream services
(Katsigarakis et al., 2022; Pfitzner et al., 2024). However,
many such approaches either remain primarily representa-
tional, without clear operational workflows, or focus on an-
alytics without maintaining an explicit, inspectable project
state over time. This gap motivates our focus on persistent,
evidence-linked representations that support plan–vs–ac-
tual reconciliation and traceable progress interpretation.

Ontologies for Construction

Ontologies provide a standardized machine-readable ter-
minology to describe complex data and processes present
in the construction process, while also enabling semantic
interoperability across software capabilities involved in a
construction project. Construction ontologies are an active
research area, with multiple proposals that go from mid-
level ontologies, such as the Digital Construction Ontol-
ogy Suite (DiCon) (Zheng et al., 2021) or the Digital Twin
Construction Ontology (DTC) (Schlenger et al., 2025),
which attempt to cover all relevant aspects in the construc-
tion process, to domain-specific ontologies for schedul-
ing, BIM data management, compliance and real-time site

observations. Getuli (2020) presents a comprehensive
study on knowledge modeling in construction planning,
while Wu and Ma (2023) automatically generate construc-
tion schedules by combining constraint rules and genetic
algorithms and Avogaro et al. (2024) proposed an IFC-
based application for process scheduling. In the BIM data
management field, Balaji et al. (2016) presented a unified
schema for building elements, while Pauwels and Terkaj
(2016) proposed ifcOWL, an attempt to convert IFC EX-
PRESS schemas into a usable ontology. In an attempt to
address the practicality issues of ifcOWL, Rasmussen et al.
(2020) published BOT, a shallower ontology focused on
the topological relationships between building spaces. On-
tologies such as OntoBPR from Hagedorn et al. (2025), or
the Architecture, Engineering, Construction Compliance
Checking and Permitting Ontology (AEC3PO) from Dridi
et al. (2024) allow the modeling of compliance and per-
mitting process using semantic web tools. Sensor-related
ontologies like the Semantic Sensor Network Ontology
(SSN) fromHaller et al. (2018) or the lightweight ontology
for sensors, observations, samples, and actuators (SOSA)
from Janowicz et al. (2019) define a comprehensive vocab-
ulary that enables the modeling of site monitoring activi-
ties.

AI-driven Agentic Frameworks

Recent work has increasingly framed large language mod-
els as agents, systems that interleave reasoning with tool
use and state updates to support structured decision-
making. ReAct (Yao et al., 2022) formalizes this paradigm
by combining reasoning and acting in multi-step work-
flows, improving robustness and interpretability. While
subsequent frameworks extend these ideas with modular
orchestration, memory, and tool connectivity, most agent
stacks remain domain-general. In construction, effective
agent behavior requires grounding actions and inferences
in a formal domain model and a continuously maintained
project state, motivating our ontology- and knowledge-
graph-centered approach.



Proposed Approach
The INTC ontology
Knowledge management in our approach is centered on
a construction knowledge graph whose topology is gov-
erned by the Intelligent Construction (INTC) ontology.
The INTC ontology acts as a connective tissue for four
main areas of interest in construction: building informa-
tion model (BIM), construction scheduling, on-site obser-
vations and construction management, the last one cov-
ered by Autodesk Construction Services (ACS), linking all
these fields in a simple yet robust way. See Figure 1 for
an overview of the INTC vocabulary and check (GitHub,
2026) for a version of the ontology, serialized in Turtle for-
mat. The BIM-related terminology is built upon an inte-
gration of the BOT and ifcOWL ontologies, to increase the
coverage of building elements while considering IFC as a
common input format for BIM data. The integration with
the DTC ontology provides the required scheduling terms,
while a one-to-one mapping with ACS concepts allows the
definition of construction management concepts at the on-
tological level. The vocabulary for on-site observations
is kept simple, focused less on sensor-related aspects and
more on the modeling of insights derived from captured
sensor data (see Figure 1 for an overview of the INTC
vocabulary). The integration with ACS and the insights-
driven on-site monitoring are the main reasons for the de-
sign on the INTC ontology.
INTC – ACS connection. ACS provides a comprehen-
sive set of tools to interact with construction data stored in
the Autodesk Construction Cloud (ACC). The ACC data
model is intrinsically linked to the ACS services; however,
there is no ontology to properly describe it. The INTC
fills that gap, bringing ACC concepts like roles, users, and
issues, among others, and adding semantic relationships
between them. In order to avoid replicating the ACC data
in the INTC knowledge graph, all entities related to ACC
define an URN parameter that links to the corresponding
resource for retrieval.
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Figure 2: Observations, evidences, and state assertions in the
INTC ontology

On-site observations in INTC. The sensor-related mod-
ule of the INTC ontology aims to describe insights from
on-site observations and how they connect with building
elements, schedule activities, and potential ACC issues

(see Figure 2). An important concept is the “Observa-
tion”, captured by a “Sensor” (a camera, a microphone
or any other sensing device) and used by a “Evidence”.
An “Evidence” leverages multiple “Observation” to sup-
port a “State Assertion” with a certain level of confidence.
“State Assertion” is another central concept in this mod-
ule and can be seen as a sort of update on the building
element and the corresponding task in the schedule that
targets it. An assertion might also eventually be related to
an ACC issue, thus connecting the on-site monitoring with
the ACC world. In summary, the core idea behind this de-
sign is that the progress of a task, associated with a build-
ing element, can be tracked through the associated state
assertions, which are supported by evidence built upon ob-
servations. The “Ontology Validation” chapter describes a
real-life scenario in which all these concepts are leveraged.

Agentic Knowledge Workflow
To operationalize AI-driven schedule management within
a digital construction twin, we define an agentic knowledge
workflow in which specialized agents operate on a shared
construction knowledge graph governed by the INTC on-
tology (see Figure 3). The knowledge graph serves as the
persistent project state and as the main coordination struc-
ture: agents record extracted information as typed enti-
ties and relations with provenance, timestamps, and confi-
dence. Coordination is event-driven rather than purely se-
quential, so updates to graph state can activate subsequent
processing steps while preserving an auditable record of
how project understanding develops over time. The agen-
tic workflow is decomposed into the following roles:
ACC Ingestion Agents (read-only). Retrieve authorita-
tive project artifacts from Autodesk Construction Cloud
(ACC) via Autodesk Platform Services (APS) and repre-
sent BIM/model artifacts, schedule structures, and docu-
mentation/specifications as INTC-aligned entities.
Semantic Linking Agent. Establishes and maintains the
links between building elements, tasks, and relevant doc-
umentation/specifications required for monitoring, while
preserving the provenance of these links.
Visual Observation Agent. Processes site images, regis-
ters each image as a DigitalAsset, and creates structured
Observation entities linked to the most likely building el-
ement and task, while retaining confidence for perception
and localization.
Progress and Deviation Agent. Uses newly added or
updated observations to build Evidence supporting State-
Assertion entities describing task progress and plan vs ac-
tual deviation. These outputs should be interpreted as
evidence-based assessments rather than as ground truth.
Conflicting evidence or assertions may coexist in the graph
with their provenance and confidence, allowing later evi-
dence or human review to refine the effective project state
without removing prior interpretations.
ACC Sync Agent. Propagates selected progress updates
back to ACC via APS. Synchronization is gated: low-
confidence or conflicting interpretations are held for hu-
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man review before write-back.
Overall, ACC provides the authoritative project context,
while the knowledge graph provides the semantic structure
through which site imagery is connected to observations,
evidence, and state assertions for progress tracking and de-
viation assessment.

Observation-to-Insight Pipeline
The observation-to-insight pipeline converts raw observa-
tions into evidence-grounded project knowledge that can
be compared against the plan to support activity-level
progress monitoring and issue surfacing. The pipeline as-
sumes an initialized project graph (from ACC ingestion
and semantic linking) containing Task (planned activities)
and BuildingElement entities, plus links to relevant re-
quirements (e.g., execution specifications). This aligns
with the DTC architecture that emphasize explicitly man-
aging planning information, monitoring inputs, and de-
rived knowledge in a unified structure (Schlenger et al.,
2025).
Figure 4 instantiates the pipeline in the context of image-
based progress monitoring as follows: For each new site
image, the system (i) registers the file as a DigitalAs-
set (URI/URN, timestamp, capture metadata), (ii) applies
a computer vision toolchain to extract candidate signals
(e.g., detected components, stage indicators, potential de-
fects), consistent with vision-based progress monitoring
trends in construction (Pal et al., 2023). Next, (iii) it in-
stantiates one or more Observation entities that are explic-
itly linked to the originating DigitalAsset and grounded
to the most likely BuildingElement and Task (preserving
uncertainty via confidence scores and, if needed, multiple
candidate links). This “data → structured knowledge →
metrics” flow is consistent with approaches that lift con-
tinuous image capture and object detection outputs into a
knowledge-graph representation for construction process
analysis (Pfitzner et al., 2024). Finally, with this pipeline
in place, (iv) we can consolidate observations over time to
maintain a current plan-vs-actual view at the activity level
and emits actionable exceptions as Issue entities (e.g., sus-
pected non-compliance or defect), each traceable through
an Issue → Observation → DigitalAsset evidence chain.
Where appropriate, issues can be exported back to ACC
(e.g., as ACC Issues) under guarded policies (confidence
thresholds and/or human approval).
While the individual stages of this pipeline (image cap-

ture, visual interpretation and progress reporting) are well
represented in prior work, the central challenge lies in the
alignment step: reliably mapping site observations into the
project’s object-activity model in a way that remains in-
spectable over time. In many existing systems, this align-
ment is either implicit (hard-coded mappings from detec-
tions to BIM objects, or transient (performed ad hoc for a
specific metric or dashboard), which limits both extensi-
bility and auditability. As a result, downstream “insights”
often collapse heterogeneous evidence into a single status
signal, obscuring how conclusions were reached and mak-
ing them difficult to contest or revise as new information
arrives.
The pipeline described here treats alignment as a persistent
knowledge modelling operation. Observations are explic-
itly instantiated as first-class entities that mediate between
raw digital artefacts and higher-level project claims. This
allows multiple, potentially competing interpretations of
the same evidence to coexist, each grounded in the project
graph with explicit confidence and provenance, rather than
forcing early commitment to a single explanation.

Experiments
Building on the pipeline logic introduced above (see Fig-
ure 4), we conducted a set of experiments focused on
progress tracking using time-indexed site imagery. We as-
sess the effectiveness of the ontology in: (i) grounding vi-
sually observable state changes in a knowledge graph in-
stance, and (ii) maintaining an evidence-linked and trace-
able representation of construction state updates. It should
be noted that our evaluation is intentionally scoped to the
pipeline’s semantic backbone rather than the end-to-end
performance of the agentic workflow.

Experimental Setup
Our experiments are based on the ongoing construction of
a real-scale mock-up room conducted in one of the Au-
todesk Technology Center in Boston. Figure 5 shows the
3D BIM representation of the room. The workshop floor
is instrumented with multiple fixed cameras positioned
to capture time-lapse sequences of construction activities
from different angles.
Our setup takes Neo4j, a graph database following the La-
belled Property Graph (LPG) as the storage solution for the
construction knowledge graph. The INTC ontology is rep-
resented in RDF and serialized using the Turtle syntax, and



Figure 4: Logic and data flows of the observation-to-insight pipeline in the context of image-based progress monitoring; Steps 1–3
represent agentic enrichment of ingested imagery, while Step 4 establishes evidence and writes state assertions to the knowledge graph

Figure 5: 3D model of the mock-up room

Figure 6: Subset of the building elements (gray nodes) of the
mock-up room in Neo4j, connected to their corresponding

ontology classes (orange nodes)

we leverage Neo4j’s Neosemantics package to import it
into the graph, forming the ‘’TBox’’ (vocabulary) layer in
the database. In order to link the instance data (‘’ABox’’)
with the vocabulary, we label the instance nodes with a sin-
gle ‘’Instance’’ label and link them with the correspond-
ing class in the ‘’TBox’’ with an ‘’instanceOf’’ predicate,
and ensure that all created relationships comply with the
restrictions defined in the vocabulary, thereby leveraging
ABox consistency while preserving key RDF semantics
within an LPG environment (see Figure 6).

Figure 7 demonstrates instantiation of the main INTC on-
tology constructs, where the main subject of monitoring
is the progress (stateType=‘‘PercentComplete’’) of one of
the wall elements. An overview of instantiating the ontol-
ogy artiacts for imagery observations is as follows:
Incremental ingestion: The camera captures from the
the monitoring interval are represented as Observation in-
stances (with stable external storage identifiers). Note that
other sources of information in different formats, such as
the site inspection report (text file), can be also represented
as observation nodes (see top-left of Figure 7).
Agentic enrichment: The frames from the start and end
of the current interval are fed to the image enrichment
pipeline (see Figure 4), where a Vision Language Model
(VLM) first compares the images to detect visible state
changes. Then, the ACC/BIM agent (LLM-based) uses the
generated structured change descriptions (in JSON format)
and queries the BuildingElement nodes within the Neo4j
instance to retrieve a set of likely BIM entity candidates
that are set to be visible within the camera’s field of view.
Finally, it uses annotated overlays (pre-computed) tomatch
each change to the correct BIM GUID by re-invoking the
VLM for entity grounding.
Evidence establishment: The enriched observation arti-
facts become materialized as EvidenceItem nodes. Main-
taining this explicit evidence layer is critical because mul-
tiple observations may support/contradict a single asser-
tion (derived conclusion), and a single observation may
be re-used to support multiple conclusions (e.g., element-
level status and task-level completion). Evidence units can
also carry indicators and references to intermediate out-
puts (e.g., confidence, image segmentation masks gener-
ated throughout enrichment steps).
State assertion: We use StateAssertion nodes to represent
time-scoped and evidence-backed claim about the evolv-
ing condition of a subject entity. Each assertion node is as-
sociated with a set of key properties, e.g., StateType label
(here ‘‘PercentComplete’’), state value (here percentage
float), validity time (instant or interval), and provenance
metadata (e.g., pipeline version). In the scenario depicted
in Figure 7, we can see how multiple evidence units (orig-
inating from different sources at different times) can sup-
port a new assertion about the task’s completion and su-
persede an existing one, while preserving the auditability
chain from drawn conclusions back to raw observations.
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Figure 7: Example of ontology instantiation illustrating observation-to-insight pipeline in an experimental setting

Table 1: Summary of ontology validation competency questions

Category Validation Purpose Example Competency Question

Effective
Progress State

Resolve multiple associated assertions into a single
effective state (via validAt, confidence, etc.)

What is the current effective progress
state of a given BuildingElement?

Temporal
Reconstruction
& Trajectories

Reconstruct progress as-of time C (via validAt);
progress state evolution as a time series (trajectory,

rates, stagnation)

What was the progress state and
completion rate of a BuildingElement as

of a time C?

Traceability &
Evidence

Enable auditability: trace assertions to evidence,
sensors, and raw data references

What evidence (observations) support a
specific progress update?

Revisions &
Updates

Track non-destructive revisions and state
assertions history (when, what, who)

Was a progress state revised? what was
the updated value? who initiated?

Spatial Context Contextualize progress spatially (aggregate/filter
by Zone/Space)

What is the progress of a given
BuildingElement within a given Space?

Figure 8: Example of CQ queries: retrieving latest state assertion and its chain of evidence for the data depicted in Figure 7



Validation
We adopt a Competency Question (CQ) methodology
(Wiśniewski et al., 2019) to validate whether our proposed
knowledge structuring can support the core representa-
tional requirements of the intended agentic workflow. The
CQs were derived by first distilling the recurring informa-
tion needs implied by the observation-to-insight pipeline
(e.g., grounding, provenance) and then refining and pri-
oritizing them through discussions with the domain re-
searchers involved in the mock-up room deployment. A
summary of the key patterns studied here is presented in
Table 1. Each CQ is instantiated as Cypher query state-
ments executed over the Neo4j instance, which contains
data from the observation enrichment pipeline, as well as
synthetic data needed to support the monitoring of the
wall’s construction progress. An example query associ-
ated with the scenario depicted in Figure 7 and it corre-
sponding results are shown in Figure 8. To facilitate repro-
ducibility of the validation results, QC evaluations are rep-
resented in a native LPGmodel (not RDF-based). The full
list of questions studied in our experiments can be found
in a designated public repository (GitHub, 2026).

Discussion
Our experiments indicate that our proposed ontology can
support essential query patterns such as, “what changed,”
“why do we believe it changed,” and “when did this belief
become valid/invalid,” using explicit representations. One
of the key practical implications of our proposed ontology
can be attributed to its support for traceable and auditable
progress monitoring updates. First, it separates raw ob-
servations from interpreted claims about progress, which
allows the system to retain historical assertions (includ-
ing potentially conflicting ones) while updating the cur-
rent estimate as further evidence becomes available. Sec-
ond, the explicit linking of assertions to evidence and in-
ference provenance makes each reported progress state in-
spectable: a user (or downstream analysis) can retrieve
the originating sources (e.g., images, site logs), the inter-
mediate evidence artifacts (enriched observation), and the
method used to generate the claim (e.g., agent’s model ver-
sion). These aspects are crucial for construction practice,
since field teams and project managers often have access
to large volumes of signals (images, site reports, sched-
ule logs), but the bottleneck lies in converting those sig-
nals into accountable estimates (state assertions) that can
be traced back to evidence and acted upon. Moreover,
progress updates and issue reports routinely require justi-
fication, especially when they trigger downstream actions
such as schedule replanning, payment approvals, or rework
decisions.
Our proposed representation is intended to be applica-
ble across two complementary consumption modes. First,
it can support deterministic workflows through formal
queries embedded in conventional software. Second, it of-
fers a structured representation for AI-enabled components
and agentic workflows. Importantly, this dual use is en-

abled by a representation that remains relatively minimal:
it captures the constructs required for traceability of evolv-
ing states without imposing an extensively granular design
that can cause scalability issues for the broader system.
Finally, our evaluation primarily validates CQ answer-
ability, however, does not directly quantify the advan-
tage of the proposed model over existing data structures
used in conventional schedule tracking systems. Although
we demonstrate that the representation supports critical
query patterns, we have not yet measured downstream im-
pacts. In addition, our evaluation setup focuses on the
construction of wall elements in a controlled environment.
While this scenario can provide a clear sequence of visu-
ally observable states, other trade activities (e.g., mechan-
ical/electrical rough-ins) may exhibit subtler visual indi-
cators and greater ambiguity in mapping observations to
relevant subjects or require additional sensing modalities.
As such, the present contribution should be interpreted as a
novel approach towards deviation assessment in construc-
tion progress.

Conclusions and Future Work
This paper introduced a semantic backbone for construc-
tion digital twins in the context of progress tracking. The
proposed ontology provides a principled way to ground
heterogeneous site observations into the planned project
context by linking them to semantically-related entities
(e.g., building elements or tasks). It enables the digi-
tal twin to maintain an evolving plan–vs–actual view as
a set of time-scoped, evidence-backed assertions that re-
main queryable, interoperable, and inspectable as project
knowledge is incrementally updated over time.
Future work should link the proposed representation to
operational metrics and assess how effectively AI agents
can exploit it, while clearly separating representational ca-
pability from agent performance. Larger-scale validation
under more diverse sensing conditions remains necessary.
The approach also opens avenues toward quality-aware
progress monitoring and evidence-based causal analysis.
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