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SUMMARY: Construction progress monitoring is increasingly combining Computer Vision (CV) and semantic
technologies, yet schedules, site photographs, and monitoring outputs often remain disconnected. This limits the
interpretability, traceability and reuse of progress-verification results in construction reporting. This research
proposes a schedule-driven pipeline that links project planning data and construction-site visual evidence through
open-vocabulary object detection, RDF-based Knowledge Graphs, SPARQL queries and controlled LLM-based
verbalisation. The project schedule is used to derive and optimise the labels queried by GroundingDINO, while
the resulting detections, photographic metadata and schedule information are integrated into a Knowledge Graph
to assign progress-related semantic statuses. The LLaMA 3.1 8B model then reformulates the structured SPARQL
output into concise technical statements without altering the rule-based classification. The pipeline is tested on
the installation of a 100-metre free-standing tower crane at a hotel construction site in Milan. The results show
that schedule-driven CV, semantic modelling, and controlled natural-language generation can support
transparent, traceable, and semi-automatic documentation of construction progress. The workflow also
contributes to SDG 9, SDG 11, and SDG 12 by supporting digital innovation, sustainable construction
management, and traceable, resource-aware decision-making.
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1. INTRODUCTION

The Architecture, Engineering and Construction (AEC) sector is increasingly relying on digital tools to manage
project information across the building lifecycle. Information models, scheduling platforms, cost databases,
construction documents and site monitoring systems all contribute to the production of project knowledge.
However, these information sources are often managed as separate artefacts, with limited semantic connections
between design data, planned activities and construction-site evidence. As a result, information remains
fragmented across heterogeneous formats and tools, limiting the ability to query, interpret, and reuse project data
in an integrated manner (Han et al., 2015). This fragmentation becomes particularly critical during the construction
phase, when project information must be continuously compared with the site's actual state. Progress monitoring
methods have traditionally aimed to compare the planned condition of the project with the as-built state observed
during construction (Golparvar-Fard et al., 2009). Among these methods, 4D BIM has become one of the most
established approaches, as it links geometric information with the construction schedule to support temporal
simulation and progress control (Charef et al., 2018). Other technologies, including IoT-based systems, sensing
devices and manual surveying procedures, have also been adopted to collect site data, although their practical
implementation may be affected by cost, scalability and operational constraints (Oesterreich and Teuteberg, 2016;
Rebolj et al., 2017; Teizer et al., 2007). More recently, Computer Vision (CV) has emerged as a promising approach
for analysing construction-site imagery and supporting progress monitoring. By detecting objects, resources and
site conditions from photographs or videos, CV can reduce reliance on manual inspections and provide more
continuous and objective evidence of construction activities (Moragane et al., 2024). At the same time, Knowledge
Graphs (KGs) and Semantic Web technologies have gained increasing attention in the AEC domain because they
enable heterogeneous data to be represented as interconnected entities and queried through formal semantic
languages (Pauwels and Terkaj, 2016; Rasmussen et al., 2019). Therefore, the combination of CV and KGs offers
the potential to connect visual evidence from the site with structured project information, such as schedules,
resources and task relationships.

Despite these advances, two main limitations remain. First, many progress-monitoring approaches focus primarily
on detecting whether activities are temporally consistent with the planned schedule, while offering limited support
for interpreting the semantic meaning of the evidence detected. Structured outputs such as detected labels,
confidence scores, activity matches, or temporal consistency indicators still require expert interpretation before
they can be transformed into actionable construction-site knowledge. Second, even when semantic technologies
are used to integrate project and site data, the results are often expressed as tables, graph query outputs, or
classification labels, which are not immediately suitable for formal reporting or technical documentation
(Rasmussen et al., 2019).

To address this gap, this paper proposes a schedule-driven pipeline that integrates CV, KGs, SPARQL querying
and controlled natural-language generation to support the interpretation and documentation of construction
progress. The project schedule is used as the semantic reference for visual analysis: activities and resources
associated with planned activities are used to define and optimise the labels queried by GroundingDINO (Liu et
al., 2023; Ren et al., 2024), constraining object detection to the expected construction process rather than to a
generic set of visual classes. The resulting detections, together with photographic metadata and schedule
information, are represented in RDF (Resource Description Framework) and queried through SPARQL to align
observed site evidence with planned activities, consistently with RDF-based approaches for graph-based
construction progress verification (Madaschi, Cassandro, et al., 2026).

The SPARQL output is used as structured input for a controlled Large Language Model (LLM)-based verbalisation
step. LLaMA 3.1 8B (Grattafiori et al., 2024) is the model used to convert the verification result into a concise
technical statement, using only structured evidence such as the detected object, photograph timestamp, related
scheduled activity, confidence score, and inferred progress condition. The model does not query the graph or assign
the semantic state; it only reformulates the result into a human-readable explanation indicating whether the
evidence supports an activity in progress, documents completion, suggests a possible delay or requires expert
review.

The proposed pipeline is tested and validated on a real construction case study concerning the installation of a 100-
metre free-standing tower crane at a hotel construction site in Milan. The remainder of the paper is organised as
follows: Section 2 reviews the relevant literature; Section 3 describes the methodology; Section 4 presents the case
study application; Section 5 reports and discusses the results; and Section 6 summarises the conclusions,
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limitations and future developments. In addition, this paper extends the previous conference work on the semantic
integration of construction schedules and site photographs (Madaschi, Cassandro, et al., 2026). Compared with the
conference version, the present study introduces a schedule-driven label-generation procedure, an expanded
SPARQL-based semantic classification, and a controlled LLM-assisted verbalisation layer for progress reporting.

2. LITERATURE REVIEW

2.1 Semantic integration and knowledge graphs in AEC

The AEC sector relies on heterogeneous information sources, including design models, construction schedules,
cost data, technical documents and site records. Although these data are all relevant to project management, they
are often produced and stored in separate systems. This fragmentation limits interoperability and makes it difficult
to retrieve and relate information across different project domains.

In response to this issue, KGs and Semantic Web technologies have been increasingly investigated to structure,
connect, and query construction information more consistently. KGs represent information as entities and
relationships, providing a formal mechanism to link heterogeneous data while preserving their semantic meaning.
In the AEC domain, ontology-based modelling has been widely explored to improve interoperability and enable
the machine-readable representation of construction knowledge. Foundational contributions, such as ifcOWL,
demonstrated how IFC-based building information can be translated into Semantic Web representations,
supporting data exchange and reuse beyond proprietary BIM environments (Beetz et al., 2009; Pauwels and Terkaj,
2016). Building on this perspective, AEC KGs have been proposed to manage interrelated project information and
support complex queries across models, documents, properties, and external datasets (Rasmussen et al., 2019).
From a technical perspective, ontology-based KGs combine a graph data model with explicit conceptual structures.
The Resource Description Framework (RDF) represents information as triples, while RDF Schema (RDFS) and
the Web Ontology Language (OWL) define classes, properties, hierarchies, and semantic constraints. This allows
project entities to be identified through stable identifiers and connected through formally defined relationships.

In AEC, this logic has led to the development of modular ontologies addressing different aspects of the built
environment. Examples include ifcOWL for IFC-based building information (Pauwels and Terkaj, 2016), the
Building Topology Ontology (BOT) for spatial and topological relationships (Rasmussen et al., 2021), and the
Digital Construction Ontologies (DiCon) for construction workflows, resources, agents, and contextual
information (Zheng et al., 2021). These models allow building elements, activities, resources, and documents to
be queried across domains using SPARQL. However, the effectiveness of ontology-based integration depends not
only on the availability of semantic models, but also on their alignment with the information needs of the specific
application. Zheng et al. (2021), for instance, emphasise the role of competency questions and SPARQL queries
in evaluating whether an ontology can represent the information required to support construction workflow
applications. This aspect is particularly relevant when different information sources describe the same project at
different levels of granularity. If construction tasks, resources, and site observations are not modelled at compatible
levels of detail, query results may be formally correct but remain difficult to interpret from an operational
perspective. More broadly, the comprehensive review by Farghaly et al. (2023) traced the evolution of ontology
research in the AEC sector over two decades, identifying major application domains including construction
processes, cost management, operation and maintenance, health and safety, sustainability, monitoring and control,
smart cities, heritage building information modelling, and regulatory compliance. Their analysis highlights both
the increasing specialisation of AEC ontologies and the persistent need for improved interoperability, ontology
reuse, and integration across heterogeneous project information domains.

For construction progress monitoring, this issue becomes critical because planned activities, resources, time
intervals, and site observations must be interpreted together. Construction-oriented semantic schemas, such as the
Digital Twin Construction (DTC) ontology, provide useful structures for representing tasks, resources, and
process-related information in digital twin environments (Borrmann et al., 2022). Ontology-aided querying
approaches further demonstrate how semantic models can support the retrieval of project information via formal
or natural-language queries (Yin et al., 2023). Recent studies have also highlighted the potential of knowledge-
based technologies to support both human and computational interpretation of construction information across the
building lifecycle (Shen et al., 2024).
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Despite these advances, semantic integration alone does not necessarily yield outputs directly usable for
construction reporting or decision-making. KG-based workflows often return graph query results, tables, or
semantic triples that still require expert interpretation before they can be translated into actionable site knowledge.
This limitation is especially relevant for progress verification, where the objective is not only to retrieve
information, but also to explain the relationship between planned activities and observed site evidence.

2.2 Computer vision and open-vocabulary detection for construction monitoring

CV has become a widely studied approach for monitoring construction progress. By analysing site images and
videos, CV methods can detect construction elements, equipment, resources, and working conditions, providing
visual evidence to support comparisons between planned and actual construction states (Golparvar-Fard et al.,
2009). Compared with manual inspections, CV can support more frequent and objective data acquisition, although
its performance is affected by occlusions, changing site conditions, visual clutter and the variability of construction
objects (Moragane et al., 2022). Deep learning-based object detection has improved the ability to recognise visual
patterns in complex site environments and has been applied to progress tracking, activity recognition, quality
control and safety monitoring. Nevertheless, conventional object detection systems usually rely on predefined
object classes and annotated training datasets. This limits their scalability across construction projects, where the
relevant objects vary according to project phase, site organisation and planned activities. Open-vocabulary object
detection models address part of this limitation by enabling detection through natural-language prompts rather than
fixed class sets. Models such as GLIP, OWL-ViT and GroundingDINO have shown that visual regions can be
localised through text-conditioned inference, supporting more flexible object detection without retraining on
project-specific classes (Li et al., 2022; Liu et al., 2023; Minderer et al., 2022). GroundingDINO is particularly
relevant in this context because it combines open-set detection with grounded language-image pre-training,
allowing arbitrary textual queries to be used for object localisation (Liu et al., 2023; Ren et al., 2024).

From an architectural perspective, open-vocabulary detectors extend conventional object detection by replacing
fixed class prediction with text-conditioned localisation. Instead of assigning each detected region to a predefined
category, these models compare visual features extracted from the image and textual features derived from natural-
language prompts. GLIP introduced this principle by unifying object detection and phrase grounding within a
grounded language-image pre-training framework, enabling the model to associate image regions with textual
expressions and transfer to unseen object categories (Li et al., 2022). OWL-ViT follows a different strategy by
adapting contrastively pre-trained vision-language models to detection, using a Vision Transformer architecture
and text queries to localise objects beyond a closed vocabulary (Minderer et al., 2022). GroundingDINO builds on
this line of research by combining the Transformer-based DINO detector with grounded language-image pre-
training. Its architecture includes separate image and text backbones, a feature enhancer for early vision-language
fusion, a language-guided query selection module that selects object queries relevant to the input text, and a cross-
modality decoder that refines bounding boxes and aligns them with textual tokens (Liu et al., 2023). During
inference, the user provides one or more textual prompts; the model extracts visual and linguistic embeddings,
estimates correspondences between text tokens and image regions, and returns bounding boxes with confidence
scores for the most relevant regions. This mechanism makes GroundingDINO suitable for construction monitoring
because project-specific objects can be searched for using textual labels derived from schedules, resources, or
technical documents, without requiring retraining on a fixed set of construction classes.

However, prompt-based detection introduces a methodological issue: textual labels are not neutral inputs. Their
formulation can affect text-region alignment, detection consistency and false-positive behaviour. Recent work on
prompt robustness in construction scenarios has shown that GroundingDINO is sensitive to lexical formulation,
with concise base-term prompts producing more stable results than highly technical, plural or descriptive
expressions (Madaschi, Taherian, ef al., 2026). This evidence suggests that the labels used in CV-based progress
monitoring should be derived and optimised based on both the construction process and the model's grounding
behaviour. Schedule-driven label optimisation, therefore, represents a relevant step for linking visual recognition
to planned construction resources while improving the reliability and interpretability of object detection outputs.

2.3 From CV-KG integration to interpretable progress documentation

The integration of CV and KGs has been proposed to overcome the limitations of approaches based solely on
visual detection or semantic modelling. CV systems can extract evidence from site images, but their outputs
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typically consist of detected labels, bounding boxes and confidence values. KGs, in turn, can represent project
information and support semantic querying across heterogeneous construction data (Rasmussen et al., 2019).
Combining the two approaches enables linking detected objects to planned activities, expected resources, and
temporal relationships, thereby supporting progress verification and planned-versus-actual comparison (Han et al.,
2015; Madaschi, Cassandro, et al., 2026). This integration supports a richer interpretation of visual evidence. The
same detected object may have different meanings depending on the photograph timestamp and the corresponding
planned activity. For example, an operational machine observed after the planned completion of a related task may
indicate a possible delay, whereas a permanently constructed element may document task completion. RDF-based
modelling and SPARQL querying can therefore support progress verification by retrieving, for each image, the
detected objects, confidence values, capture timestamp and related scheduled activities. This graph-based
representation also improves traceability because each interpretation can be linked back to the original photograph,
the detected object, the confidence value, and the planned activity.

Despite this potential, many CV-KG and vision-based progress-monitoring workflows still produce structured
computational outputs, such as tables, graph-derived metrics, consistency indicators, visual labels, or classification
results, which may require further interpretation before being incorporated into construction reporting and
decision-making (Rehman et al., 2022; Pfitzner et al., 2024). These outputs are suitable for computational
processing but are not always directly usable in construction reporting, progress documentation or technical
decision-making. The interpretation of the result often remains delegated to experts, who must translate structured
outputs into explanatory statements. This limitation indicates the need for a workflow that preserves the
computational rigour of semantic verification while improving the interpretability of its outputs.

From this perspective, controlled LLM-based verbalisation can serve as a reporting layer positioned after semantic
reasoning. The generative model should not replace graph-based querying or rule-based state assignment; rather,
it should reformulate structured evidence into concise technical statements. This separation is important because
LLMs can produce unsupported content when generation is not constrained by structured inputs (Ji et al., 2023),
while recent research on structured outputs further confirms the relevance of controlled generation in technical
workflows (Geng et al., 2025). Accordingly, the following methodology defines a schedule-driven pipeline that
integrates visual detection, semantic alignment, and interpretable progress documentation into a single traceable
workflow.

3. METHODOLOGY

The proposed methodology develops a schedule-driven computational pipeline to link project planning data to
construction-site visual evidence. The objective is to support the semi-automated verification and documentation
of construction progress by integrating planned activities, site photographs, CV outputs, semantic alignment, and
report-oriented verbalisation into a traceable workflow. The methodology assumes that the input schedule provides
a sufficiently detailed, complete, and up-to-date representation of the current construction plan. Activity dates,
hierarchical relationships, and resource descriptions must be maintained consistently throughout project execution,
since they support both the generation of object-detection prompts and the subsequent semantic interpretation of
visual evidence.

The pipeline uses two main input sources: the project schedule, exported from Microsoft Project in XML format,
and construction-site photographs, provided in standard image formats. These inputs are processed through two
sequential modules. Module 1 derives a visual analysis plan from the schedule and applies object detection to the
photographic dataset. Module 2 integrates the resulting evidence with schedule information into a KG, performs
SPARQL-based semantic alignment and generates controlled technical statements from the structured query
results. The overall workflow is shown in Figure 1.

3.1 Module 1: Computer vision and image alignment with the project schedule

Module 1 constructs the visual analysis plan and applies object detection to the construction-site photographic
dataset through an automated procedure.

Once the Microsoft Project XML schedule and the site photographs are provided as inputs, the pipeline
automatically extracts the information required for the analysis. From the schedule, it retrieves planned activities,
start and end dates, task identifiers, hierarchical relations and assigned resources. From the images, it extracts the
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available EXIF metadata, including capture date and, when available, capture time. The extracted schedule
information is then automatically used to define the visual search context for each photograph. For each image,
the capture timestamp is compared with the planned activity intervals to identify the activities active on the same
date. When no activity is active, the pipeline reconstructs the nearest temporal context by identifying the latest
completed task before the image date and the earliest following task after it. This prevents photographs captured
between two planned activities from being forced into an incorrect task assignment, while still preserving their
relationship with the schedule.

DESIGN PHASE CONSTRUCTION PHASE

Time Schedule
MS Project (.xml)
Tasks / resources / dates

Site photographs
Daily images + EXIF metadata
timestamp / filename

Configuration
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paths, flags
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Figure 1: Overall workflow of the schedule-driven CV and semantic interpretation pipeline. For readability, only
the principal output statuses are shown.

A key automated step in Module 1 is transforming schedule activities and resources into visual prompts for
GroundingDINO. Since the Gantt chart contains instrumental and human resources, the pipeline filters the
extracted resources before object detection. Human resources are excluded from the visual analysis for worker
privacy reasons, while organisational and other non-visual resources are excluded or flagged because they cannot
be reliably represented as detectable objects in site photographs. Conversely, visually observable instrumental
resources are retained and reformulated into concise prompts suitable for open-vocabulary detection. This
automated prompt optimisation avoids using schedule entries as raw labels and reduces ambiguity during text-
conditioned object localisation. GroundingDINO is then applied to the selected photographs using the schedule-
derived prompts. For each image—prompt pair, the model returns detected labels, bounding boxes and confidence
scores. Detections are subsequently filtered using confidence thresholds and Intersection over Union (IoU)-based
post-processing to remove low-confidence predictions and redundant bounding boxes. Both successful and

O
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missing detections are retained: when an expected prompt produces no valid detection above the configured
threshold, the case is recorded as a no-detection result rather than discarded. As schematically represented in Figure
2, Module 1 produces an auditable image—activity—resource—label plan and the corresponding object-detection
results without requiring manual selection of images, activities or labels during execution.

This intermediate output links each photograph to its timestamp, relevant schedule context, selected resource,
visual prompt and detection outcome. At this stage, the module does not assign progress states. It only produces
structured visual evidence that can be transferred to Module 2, where detections, missing detections, timestamps
and schedule information are integrated into the KG and interpreted through SPARQL-based semantic alignment.

- 1. Parse schedule

Schedule |
: }—) Extract tasks, dates, resources
SMS et Fxm)) g 7~ > from MS Project XML (DTC ontology)

Site images ‘ h 4
' 2. Build CV label plan
‘ . J

Configuration
Config & label dict.

3. Resume check
Load existing detections (checkpoint)
J

|

Missing images?

im

4. GroundingDINO detection
Open-set zero-shot detection No
Confidence threshold: 0.30

5. Build photo records
Extract EXIF metadata, merge '
detections, annotate images

v Parsed Gantt tasks

6. Write CV outputs Photo-label assignments

All detection results

7. Semantic alignment
Match detected objects to | Per-photo label matching
activity—object rules

— Handoff to Module 2

Figure 2: Module 1 Workflow for schedule-based label extraction and GroundingDINO object detection.

3.2 Module 2: Knowledge graph, SPARQL queries & LLM-assisted interpretative
generation

Module 2 transforms the structured outputs from Module 1 into a semantic, interpretable representation of
construction progress. The module receives the parsed schedule, image metadata, visual analysis plan, detection
results, confidence scores and no-detection records produced by the previous stage. These data are automatically
converted into RDF and integrated into a multi-domain KG, rather than being treated as independent tabular
outputs (Madaschi, Cassandro, et al., 2026). The KG connects three complementary information layers. The
schedule layer represents planned activities, time intervals and associated resources through the DTC ontology
(Borrmann et al., 2022, Schlenger et al., 2024). The photographic layer represents site images, capture metadata,
detected objects, prompts and confidence scores through a project-specific photo: vocabulary. The alignment
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layer stores the relationships generated by the pipeline between photographs, expected or detected resources,
schedule context and semantic status.

This structure preserves the provenance of each result, since every interpretation can be traced back to the
corresponding photograph, timestamp, detection output and planned activity. SPARQL queries are then executed
to align visual evidence with the project schedule.

For each photograph, the query retrieves the capture timestamp, detected or expected resources, confidence scores,
active task when present, nearest preceding and following activities, and the selected schedule context. The
alignment does not force each photograph into a single task. Instead, it compares the visual evidence with the
temporal and semantic context reconstructed from the schedule, allowing photographs captured during active
tasks, between activities or after task completion to be interpreted consistently.

Based on this integrated representation, the pipeline assigns semantic statuses through explicit rule-based logic.
The classification depends on the relationship between the photograph timestamp, the detected or missing object,
the expected resource and the schedule context. A photograph can therefore be classified as in_progress,
completed evidence, possible delay, no _detection, needs review or not classifiable.
These categories constitute the complete set of semantic statuses implemented in the pipeline. Depending on the
characteristics of the analysed dataset, only a subset of them may occur in a specific application. For graphical
clarity, the workflow figures report only the principal or case-relevant statuses, as shown in the previous figures,
while the complete classification logic remains implemented in the code.
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) - i + photo records from module1

|
i

" Photo detections + |
metadata
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Figure 3: Module 2 workflow for KG construction, SPARQL-based alignment, and LLM-assisted output
generation.
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This rule-based step avoids a binary interpretation of visual evidence and makes uncertainty explicit when the
available information is incomplete or ambiguous. In the current workflow, as illustrated in Figure 3, the semantic
status is assigned using SPARQL-based rules rather than by the LLM. The SPARQL-derived records are
subsequently used as structured input for the LLM-assisted verbalisation step. LLaMA 3.1 8B receives only graph-
derived fields, including the photograph identifier, capture date, detected or expected resource, confidence score,
selected task, semantic status and alignment note. Its role is limited to reformulating these structured records into
concise technical statements suitable for progress reporting. The model does not query the KG, does not assign
semantic statuses and does not introduce additional project information.

This separation between semantic reasoning and linguistic formulation is central to the proposed workflow.
SPARQL rules perform the alignment and classification, while the LLM improves the readability of the final output
under controlled input constraints. A deterministic template-based fallback is also included to generate
reproducible statements when LLM generation is unavailable or disabled.

The final outputs of Module 2 include the integrated KG, the SPARQL result table, the semantic alignment table,
the LLM-generated statements and the final status report.

3.3 Computational environment and local deployment

The proposed pipeline was implemented and executed on a local workstation to ensure reproducibility, data control
and operational independence from cloud-based services.

The experimental setup was equipped with an Intel Core 19-14900HX processor, 64 GB of RAM, a 1.9 TB NVMe
SSD and an NVIDIA GeForce RTX 4090 Laptop GPU with 16 GB of dedicated video memory. This configuration
provided the computational resources required to run both the object-detection and LLM-assisted verbalisation
stages locally.

The software environment was configured in Ubuntu 26.04 LTS through Windows Subsystem for Linux (WSL)
and managed in Visual Studio Code using a dedicated Python 3.10.20 kernel. WSL enabled the execution of the
Linux-based dependencies required by GroundingDINO within the local Windows workstation. The CV stage was
executed using PyTorch 2.5.1 with CUDA 12.1 support, while the NVIDIA RTX 4090 Laptop GPU was used as
the CUDA device for local inference.

The verbalisation stage was also deployed locally. LLaMA 3.1 8B was executed through Ollama version 0.24.0
using the 1lama3.1:8b model. In this configuration, the model was used only after SPARQL-based semantic
alignment, serving as a controlled component to generate concise technical statements from structured records.
This local deployment avoided dependence on external API-based services, including authentication requirements,
usage quotas, rate limits and request-based costs. It also ensured that construction-site images, intermediate
semantic records and generated statements remained within the same controlled computing environment.

4. SEMANTIC MODELLING AND ONTOLOGY INTEGRATION

To support the semantic integration of schedule information, construction-site photographs, object-detection
results, and interpretative outputs within a unified K@, this research combines the reuse of existing Semantic Web
ontologies with a project-specific vocabulary for representing visual evidence.

The ontology network was designed to establish explicit semantic relationships between planned construction
activities, expected resources, photographic observations, detected objects and confidence values, thereby enabling
cross-domain querying and traceable interpretation of construction progress.

At the core of the semantic structure, schedule information is represented through the DTC ontology, which
provides classes and properties for modelling construction tasks, temporal intervals and associated resources.
Through this ontology, planned activities are represented as semantically connected entities rather than isolated
schedule records, enabling their integration with construction-site observations and subsequent SPARQL-based
reasoning.

The visual domain is represented through a lightweight project-specific ontology identified by the photo:
namespace. This vocabulary was introduced because existing construction ontologies do not provide a sufficiently
detailed representation of image-based object-detection evidence and related confidence metrics. Within this
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structure, each construction-site image is modelled as an instance of photo:Photo, identified through a stable
URI and enriched with metadata such as photo:photold, photo:filename, photo:captureDate,
photo:captureTime, and photo:captureDateTime. This modelling explicitly links each visual observation
to a precise temporal context, allowing the comparison between photographic evidence and the planned schedule.

The objects detected by GroundingDINO are represented as instances of photo:Object and are connected to
the corresponding image via the photo:hasObject property. Semantic labels associated with the detections are
expressed through rdfs:label, enabling both human-readable interpretation and semantic querying. Rather than
representing confidence values as isolated numerical attributes, the proposed model introduces explicit
photo:Detection and photo:Accuracy entities. Each detection is therefore associated with a dedicated
confidence instance linked through photo:hasAccuracy, while the numerical score is represented as a typed
literal (photo:value”*xsd:decimal). This modelling strategy improves traceability because each recognition
result can be queried together with its originating image, detected object, associated label and confidence level.

The resulting ontology network establishes semantic connections between the planning and visual monitoring
domains. Planned activities represented through the DTC ontology are linked, through SPARQL-based alignment
procedures, to the visual evidence represented in the photo: vocabulary. This integration enables the
construction of a multi-domain KG in which schedule data, photographic metadata, detected objects, semantic
states and interpretative outputs can be queried together within GraphDB. The graph structure also preserves
provenance relationships among the original site image, the detected resource, the associated construction activity,
and the resulting semantic interpretation, thereby supporting transparency, auditability, and future extensibility
toward more standardised ontology alignments.

The ontologies and namespaces employed in this research are reported in Table 1. These vocabularies support the
representation of the schedule, photographic evidence, detected objects, confidence values and typed literals used
throughout the semantic integration process.

Table 1: Ontologies and namespaces used in this research.

Namespace URI Description
photo: <https://example.org/project/photos#> Project-specific ontology for representing photographs, detected
objects and confidence values.
dtc: <https://dtc-ontology.cms.ed.tum.de/ontology#>  Digital Twin Construction ontology
rdf: <http://www.w3.0rg/1999/02/22-rdf-syntax- RDF core vocabulary
nst>
rdfs: <http://www.w3.0rg/2000/01/rdf-schema#> RDF Schema vocabulary
xsd: <http://www.w3.0rg/2001/XMLSchema#> XML Schema datatypes

5. CASE STUDY APPLICATION

The proposed pipeline was applied to a real hotel construction site in Milan, Italy, monitored for approximately
one year across several construction phases, including diaphragm walls, foundation piles, tower crane installation
and basement slab construction. For this research, the analysis was restricted to the installation of a 100-metre
free-standing tower crane, carried out between November and December 2024. This phase was selected because
it is a technically critical and schedule-sensitive operation that directly affects the execution of subsequent
construction activities.

Figure 4: Overview of the case-study construction site during the monitored construction phases.
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Figure 4 provides an overview of the case-study construction site and situates the photographic dataset within the
broader monitoring campaign, while Figure 5 schematically represents the crane installation schedule and the
associated resources used to derive the object detection labels.

November 2024 December 2024
ID Activity Dur. Mon4 lMon 1 tI\‘Ion 18 Mon 25 lI‘d‘lc-n 2 Mon 9
01 Foundation piles 2d | i [ Non-critical activity
02 Trench excavation 05d: - -

E ; Critical activity

03 Beheading foundation piles 05d: ; = (zero total float)
04 Lower reinforcement bars 05d - Non-working day
05 Tower-crane anchor 05d : i Finish-to-start link
06 Upper reinforcement bars 05d Project start
07 Plinth pour 0.5d i | . and finish
08 Tower-crane mast installation 1d D
09 Tower-crane jib installation 1d »u

Figure 5: Tower crane installation time schedule and associated construction resources used for schedule-driven
object detection.

The starting point of the application was the project schedule developed in Microsoft Project, which outlines the
tower crane installation process as a sequence of planned activities, from foundation piling and excavation to
reinforcement placement, plinth pouring, and crane assembly. Each activity is associated with construction
resources, including drilling equipment, excavators, reinforcing bars, crane foundation components, concrete
delivery equipment, mobile cranes, and tower crane components.

6. RESULTS AND DISCUSSIONS

This section presents the results obtained from applying the proposed schedule-driven pipeline to the tower crane
installation case study. In line with the methodological structure, the analysis follows the progressive
transformation of construction-site data from visual detection to semantic interpretation and report-oriented
verbalisation.

6.1 Results of the schedule-driven computer vision process

The application of Module 1 produced a structured set of visual evidence for the tower crane installation phase.
The photographic dataset included ten construction-site images. At least one valid object was detected in nine
images, while one image produced no detection above the configured thresholds. Overall, the detection process
generated twelve valid object detections.

Object detection was performed with GroundingDINO using a box confidence threshold of 0.350 and a text
threshold of 0.250. The box threshold was used to retain detections with sufficient localisation confidence, while
the text threshold controlled the semantic correspondence between the textual prompt and the detected visual
region. Overlapping detections were filtered using an IoU threshold of 0.700 to reduce redundant bounding boxes
for the same object. This configuration was selected to limit low-confidence detections before transferring the
results to the semantic alignment stage.

The detected objects included drilling equipment, excavators, reinforcement bars, a tower crane anchor template,
a concrete mixer truck, a mobile crane and a tower crane jib. These outputs should be interpreted as visual
observations extracted from the photographs, rather than as direct progress-verification results. Their meaning
depends on their relationship with the photograph timestamp and the planned schedule, which is evaluated in the
following KG and SPARQL-based alignment stage.

The results show that large and visually distinctive resources, such as drilling equipment, mobile cranes and the
tower crane jib, were generally localised with more stable confidence values. Conversely, elements characterised
by repetitive geometry, partial visibility or dense construction-site textures, such as reinforcement bars or
excavation-related evidence, produced lower confidence scores. This behaviour is consistent with previous
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findings showing that GroundingDINO performs more reliably on objects with clear geometry and strong visual—
textual correspondence, while performance decreases for small-scale, ambiguous or cluttered objects (Taherian et
al., 2026). Construction-site conditions such as occlusions, scale variation, clutter and uncontrolled illumination
may further affect object localisation and increase the risk of false positives or missed detections (Ding et al., 2024;
Taherian et al., 2026).

Representative detection outputs are reported in Figure 6 and summarised in Table 2. The selected examples
include successful detections (4, 5), lower-confidence detections (1, 3) and one no-detection case (2). These
outputs constitute the visual evidence transferred to Module 2, where detections, missing detections, timestamps
and schedule information are integrated into the KG and interpreted through SPARQL-based semantic alignment.

@ ©) “4) ®)
Figure 6: Representative schedule-driven object detection results obtained with GroundingDINO.

Table 2: Representative GroundingDINO outputs selected for semantic alignment.

Case  Detection label Conf. Visual evidence Semantic use
. Equipment for foundation pile Supports in progress if aligned with the active
(1) Drilling rig 0,56 . -
execution. scheduled task.
. Recorded as no detection or
2) Excavator - No object detected above threshold. T
needs review.
. Reinforcement system in the crane . .
3) Reinforcement bars 0,43 . Supports reinforcement-related progress evidence.
foundation
@ Tower crane anchor 0.64 Physical component of the tower Supports completed evidence after
template ’ crane foundation installation.
. Crane jib during assembly , L .
(5) Tower crane jib 0,67 . Supports in_progress during jib installation.
operations. -

6.2 Knowledge graph and SPARQL-based semantic alignment results

The outputs generated by Module 1 were converted to RDF and integrated into a multi-domain KG comprising
three interconnected semantic layers: the schedule graph, the photographic graph, and the alignment graph. As
shown in Figure 7, this structure enabled construction-site photographs, detected objects, confidence values,
scheduled activities and temporal relationships to be represented as connected semantic entities rather than as
isolated tabular records.

The integrated graph contained 1,333 RDF triples, including scheduled activities, construction-site photographs,
detected object entities, confidence-value entities and semantic alignment records. As summarised in Table 3, the
graph included 10 scheduled tasks, 10 construction-site photographs, 13 detected object entities and 12 confidence
entities. These results show that the workflow successfully transformed heterogeneous construction data into a
queryable semantic structure that links planned activities, site photographs, detected resources, and temporal
information.

The semantic alignment process was implemented through SPARQL queries executed in GraphDB. Rather than
treating object detections as isolated outputs, the queries reconstructed the temporal and semantic context of each
construction-site photograph by combining image timestamps extracted from EXIF metadata, detected objects and
confidence values generated by GroundingDINO, scheduled tasks represented through the DTC ontology,
temporal relationships between photographs and planned activities.
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Figure 7: Excerpt of the integrated RDF KG showing semantic relations between photographs, detected resources,
scheduled activities and semantic alignment entities.

Table 3: Composition of the integrated KG.

Semantic component Number
Scheduled tasks (dtc: Task) 9
Construction-site photographs (photo : Photo) 10
Detected objects (photo:Object) 13
Confidence entities (photo:Accuracy) 12

For each photograph, the SPARQL query retrieved the capture date and detected visual resources, the active task
on the photograph date, when present, the closest preceding and following scheduled tasks, the matched
construction resource, the semantic alignment status assigned through rule-based logic (Table 4). The query
normalised the property photo:captureDateTime to the day level (?pDate) and compared it with the task
intervals represented through dtc:startTime and dtc:endTime. Active tasks were identified through temporal
filtering conditions equivalent to FILTER (?pDate >= ?taskStart && ?pDate <= ?taskEnd).

Table 4: Representative SPARQL-based semantic alignment results.

Photo ID Detected object  Active task Previous task Next task Semantic status
4{bf028325001281  drilling rig Foundation piles - Excavation in progress
. Beheading )
4fbf028325001281  excavator - Excavation . . possible delay
foundation piles -
tower crane Tower crane Upper )
833¢29d38239cadc - . completed evidence
anchor template anchor reinforcement bars -
. Tower crane jib Tower crane mast )
2a42¢10887396399  mobile crane . . . . - in progress
installation installation -
Upper
. Tower crane Tower crane mast
5d9635bacd335d80 - reinforcement no_detection

. anchor installation
bars; Plinth pour

When no task was active on the image date, the nearest schedule context was reconstructed through two temporal
subqueries based on MAX (?prevEnd) and MIN (?nextStart), thereby identifying the latest completed task and
the earliest following task associated with the photograph timestamp.
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Aggregation functions, such as GROUP_CONCAT, were also used to combine multiple detections associated with
the same image into a unified semantic representation of the visual content. As a result, the SPARQL output
provided a structured semantic record that integrated visual, temporal, and schedule-related information into a
single query result.

Overall, the alignment graph contained 23 semantic alignment records. Among these, 13 records were associated
with an active scheduled task, while 10 were positioned between planned activities. Although the pipeline
implements six semantic statuses. The case-study application generated records in five categories: in_progress,
possible delay, completed evidence, no_detection and needs_ review and their distribution is
reported in Table 5. No record was classified as not _classifiable in the case study dataset.

Table 5: Distribution of semantic alignment statuses.

Semantic status Records Percentage
in_progress 7 30.4%
possible delay 3 13.0%
completed evidence 2 8.7%

no detection 10 43.5%
needs_review 1 4.3%

The number of semantic alignment records does not directly correspond to the number of photographs because a
single image may generate multiple alignment instances associated with different detected resources, expected
labels, or semantic conditions. Therefore, the alignment process operates at the level of image—resource
relationships rather than at the image level alone. For example, a single photograph containing both a mobile crane
and a tower crane jib generated two independent semantic alignment records because each detected resource was
evaluated separately against the schedule context.

The relatively high proportion of no_detection records demonstrates that the workflow preserves unsuccessful
or uncertain detections as explicit semantic evidence rather than filtering them out from the semantic interpretation
process. These categories demonstrate that the KG was not limited to storing object-detection outputs but also
supported an explicit semantic reasoning layer that could interpret relationships between visual evidence and
planned construction activities. Importantly, the semantic status was not generated by the LLM but inferred through
explicit SPARQL-based temporal and semantic rules operating over the integrated KG.

Photo
A
phole:value

photo: phﬂtold

Active Task
dtc: Task -----

photo: Accuracy dtc:startTime .. .dtczendTime

B photo Photo phote:hasObjBCt photo.hasAf;curacy

holo:c;_ap_@yreDaleT|m o photo:Object

>_

allgn fcrpﬁa‘tg BERRRRLLLEEETITITTRIPRREEEEEERERE. 0000 SEEEEERERRETITEEL b a I\gn selecledTask
aIign:AIignment

lign:ali tNot
align: matchType a |gn alignmentNote

I« lign:semanticStatus _

Figure 8: Representative in progress alignment record, where the detected drilling rig is coherent with the
active scheduled task Foundation piles on the photograph date.
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6.2.1 In-progress semantic alignment

Among the 23 semantic alignment records, seven were classified as in_progress. A photograph was classified
as in_progress when the detected object was coherent with a task active on the image date. Figure 8 presents a
representative example.

The photograph captured on 05/11/2024 contains the detected object, a drilling rig for micropiles, associated with
a confidence value of 0.56. The SPARQL query identified the task Foundation piles as active on the same date,
with a planned interval between 04/11/2024 and 05/11/2024. Since the detected equipment corresponds to the
expected resource associated with the active task, the semantic alignment procedure classified the image as
in progress. The same reasoning structure was observed for additional records associated with reinforcement
activities and crane assembly operations.

For example, the objects mobile crane and tower crane jib detected in the photograph 2a42c¢10887396399 were
both aligned with the task Tower crane jib installation, active on 12/12/2024. Similarly, the detections of
reinforcement bars and a concrete mixer truck were associated with the combined activity: Upper reinforcement
bars; Plinth pour on 29/11/2024. These results demonstrate that the SPARQL-based alignment successfully
connected schedule intervals and detected resources into a coherent semantic interpretation of ongoing
construction activities.

6.2.2 Possible-delay semantic alignment

Three semantic alignment records were classified as possible delay. A photograph was classified as
possible delay when no scheduled task was active on the image date, but the detected resource remained
semantically coherent with a previously completed activity. Figure 9 illustrates this situation.

The photograph captured on 19/11/2024 contains the detected objects “foundation trench” and “excavator”,
associated with confidence values of 0.43 and 0.49, respectively. The SPARQL query identified no active task on
the capture date. However, the preceding task, “Excavation”, ended on 18/11/2024, while the subsequent task,
“Beheading foundation piles”, was scheduled to start on 20/11/2024. Because the detected resources correspond
to excavation-related equipment and work areas associated with the previous task, the image was semantically
classified as possible delay. This category does not necessarily indicate a schedule failure but highlights a
discrepancy between planned and observed site conditions that requires further interpretation or expert validation.

Additional possible delay records were associated with operational resources remaining visible after the
planned completion of related construction tasks, including mobile lifting equipment observed outside the
corresponding scheduled intervals.

Pro | FEpTEe
A

photo:photold

> photo:Photo Photo:hasObject
F p[\ ) H dic:ProcessPrecondition
hotozeaptureDateTim g pholo:Object 0y dte:hasPracondition Previous Task Next Task
" photo:hasAccuracy ---dlc:requiresProcess
v dte:Task
.ACCU Cy

: “dteiend Time dic:startTime
photo:Accuracy

_align:selectedTask
alignforPhota 77T T e
align:Alignment

k . align:alignmentNote

align:matchType i .
_ e e m

Figure 9: Representative possible delay record: an excavator detected after excavation completion but before
Beheading piles, indicating a potential temporal discrepancy needing expert validation.
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6.2.3 Completed-evidence semantic alignment

Two records were classified as completed evidence. A photograph was classified as completed evidence
when the detected object represented a physical result of a previously completed task rather than operational
equipment associated with ongoing work. Figure 10 presents an example of this condition.

The photograph captured on 25/11/2024 contains the detected object tower crane anchor template, associated with
a confidence value of 0.64. The SPARQL query identified the task Tower crane anchor as the closest preceding
activity, completed on 22/11/2024, while the next planned task (Upper reinforcement bars) was scheduled to start
on 29/11/2024.

Since the detected object corresponds to a permanently installed component of the crane foundation system rather
than temporary operational machinery, the semantic alignment interpreted the image as documentary evidence of
the completion of the preceding task and classified it as completed evidence.

This result highlights that the semantic interpretation depends not only on the detected object itself but also on the
resource's semantic role and its temporal relationship with the project schedule.
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Figure 10: Representative completed_evidence alignment record, where the detected tower crane anchor template
is interpreted as physical evidence of the previously completed Tower crane anchor task.

6.2.4 No-detection semantic alignment

Ten semantic alignment records were retained as no_detection. A photograph was classified as no_detection
when an expected visual resource derived from the schedule was searched through GroundingDINO prompting,
but no object was detected above the configured confidence threshold. Unlike conventional object-detection
workflows, the proposed pipeline explicitly retained these negative results within the KG rather than discarding
them. This choice allowed the absence of visual evidence to become part of the semantic reasoning process.

Several no-detection cases were associated with excavation-related activities and temporary construction
conditions characterised by occlusions, partial visibility or insufficient visual distinction between the searched
resource and the surrounding construction context. In these situations, the SPARQL alignment preserved the
expected resource, the related scheduled activity and the absence of valid detections as traceable semantic
evidence. This result is particularly relevant because it prevents the semantic interpretation process from relying
exclusively on successful detections and supports a more transparent representation of uncertainty within
construction progress monitoring.

6.2.5 Needs-review semantic alignment

One record was classified as needs_review. This category was assigned when the available information was
insufficient to support a reliable semantic interpretation. This condition occurred in cases characterised by missing
or ambiguous visual evidence, incomplete metadata or insufficient correspondence between the detected object
and the schedule-derived resource.
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Rather than forcing an automatic interpretation, the pipeline preserved these cases as explicit review conditions
requiring expert validation. The introduction of a dedicated needs review category demonstrates that the
proposed semantic alignment workflow does not operate as a fully autonomous black-box classifier but preserves
uncertainty and provenance information within the KG. This supports transparency, auditability and human-in-
the-loop verification processes.

Table 6: Examples of LLM-assisted verbalisation outputs.

Semantic status SPARQL-derived semantic record LLM-assisted verbalisation output

e Photograph HFM 241105 131.jpg,

) e captured on 2024-11-05; The detected drilling rig is consistent with the
in
- e detected object: drilling rig; Foundation piles task active on the photograph capture
progress . . .
e active task: Foundation piles; date.
e confidence: 0.56.
e Photograph HFM_241125_003 jpg,
e captured on 2024-11-25; The detected tower crane anchor template provides
completed R . . . . .
4 - e detected object: tower crane anchor template; physical evidence associated with the previously
evidence
e previous task: Tower crane anchor; completed Tower crane anchor activity.
e confidence: 0.64.
e Photograph HFM 241119 _028.jpg, . .
The excavator remains visible after the planned
i e captured on 2024-11-19; . . .
possible . completion of the Trench excavation task, suggesting a
- o detected object: excavator; . . .
delay . . possible residual work condition or schedule delay
e previous task: Trench excavation; L. . .
requiring verification.
e confidence: 0.49.
e Photograph HFM 241129 001.jpg,
e captured on 2024-11-29; The expected resource was searched in the photograph,
no
4 E o o expected visual resource searched for the task Upper but no valid detection was obtained above the
etection
reinforcement bars / Plinth pour; configured confidence threshold.
e No valid detection above threshold for the selected label.
e Photograph HFM 241119 028.jpg,
needs_ e captured on 2024-11-20; The photograph requires expert review because the
review e selected task: Beheading foundation piles; available information is insufficient for interpretation.

e No visual label available from Gantt resources.

6.3 Results of the LLM-assisted verbalisation

The semantic alignment records were used as structured input for the LLM-assisted verbalisation step. The
objective of this stage was to transform SPARQL-derived results into concise technical statements suitable for
progress reporting, without generating new classifications. Each input record included the photograph identifier,
capture date, detected or expected resource, confidence score when available, selected task, temporal context,
semantic status and alignment note.

The generated statements preserved the semantic status assigned by the rule-based alignment procedure:

This is a bullet list:

e in progress cases, the verbalisation described the detected object as evidence coherent with an
activity active on the photograph date;

e completed evidence cases, the statements described the detected object as physical evidence of a
previously completed activity;

e possible delay cases, they highlighted the presence of operational equipment after the planned end
of the related activity, suggesting a potential residual work condition requiring verification;

e no_detection cases, the output explicitly reported that the expected resource was searched but not
detected above the configured threshold;

e needs_review, the statement indicated that the available information was insufficient for automatic
interpretation and required expert validation.
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Representative examples of the verbalisation outputs are reported in Table 6. The table shows how SPARQL-
derived semantic records are converted into report-oriented statements while maintaining the original semantic
status and the traceability of the underlying evidence. These examples show that the LLM-assisted step improves
the readability of semantic alignment results without altering the underlying rule-based classification. The
statements generated provide a controlled textual representation of graph-derived evidence for construction
progress documentation.

6.4 Discussion

The results from the case study show that the main value of the proposed pipeline lies in the transition from visual
detection to semantically contextualised evidence of progress. The object-detection stage alone produced useful
but incomplete information: detected elements such as drilling equipment, reinforcement bars, mobile cranes or
tower crane components only become meaningful when interpreted in relation to the photograph timestamp and
the planned activity. The integration with the KG and the SPARQL-based alignment provides the necessary context
for transforming visual observations into progress-related evidence.

A key outcome is that the pipeline supports a more nuanced interpretation of construction progress than a simple
detected/not-detected or planned/as-built comparison. The categories in_progress, completed evidence,
possible delay, no_detection and needs review allow the same type of visual evidence to be
interpreted differently depending on its temporal and semantic relation to the schedule. This is particularly relevant
for construction monitoring, where the presence of an object does not automatically indicate either progress or
delay. The results confirm the importance of distinguishing between temporary resources, permanent physical
outcomes and missing evidence.

The relatively high number of no_detection records is also significant. Rather than merely reflecting a weakness
of the CV model, these cases underscore the importance of preserving negative evidence within the workflow. In
construction-site images, missed detections can depend on occlusions, visual clutter, partial visibility or
insufficient distinction between the searched object and the surrounding context. By retaining these cases in the
KG, the pipeline avoids producing an overly positive interpretation based only on successful detections and makes
uncertainty explicit. The possible delay and needs review categories are particularly important from an
operational perspective. They do not provide a definitive assessment of non-compliance or delay but identify
situations that require expert verification. This confirms that the workflow should be interpreted as a semi-
automatic support tool rather than a fully autonomous progress-certification system. Its role is to structure
evidence, highlight relevant cases and reduce the interpretative effort required.

The LLM-assisted verbalisation further improves the usability of the results by converting structured SPARQL
outputs into concise technical statements. Since the semantic status is assigned before the verbalisation stage, the
LLM does not act as a decision-making component, but as a reporting layer. This separation is important because
it improves readability without compromising the traceability of the rule-based interpretation. The generated
statements are better suited for progress reporting than raw query outputs, while remaining connected to the
underlying photograph, detected resource, scheduled task, and semantic status.

Overall, the case study confirms that the proposed pipeline can produce traceable and interpretable evidence of
construction progress from heterogeneous projects and site data. Its reliability, however, depends on the quality of
the input schedule, the availability of accurate photographic metadata, the visual recognisability of the resources
being searched, and the calibration of detection thresholds. For this reason, the workflow should be considered a
structured decision-support method for progress documentation, rather than a replacement for technical judgement.
Its main contribution is the creation of an auditable chain from the site photograph to the semantic status and the
final reporting statement.

7. CONCLUSIONS

This paper presented a schedule-driven semantic pipeline for linking construction-site photographs, project
schedules, CV outputs and controlled natural-language reporting. The proposed workflow uses planned activities
and associated resources to guide open-vocabulary object detection, integrates the resulting visual evidence into a
KG, and applies SPARQL-based rules to assign progress-related semantic statuses. The subsequent LLM-assisted
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verbalisation step transforms these structured records into concise technical statements without altering the rule-
based classification.

The case study on the installation of a 100-metre free-standing tower crane showed that the pipeline can go beyond
isolated object detection by producing traceable evidence of progress linked to photographs, timestamps, detected
resources, and scheduled activities. The results demonstrate the potential of combining schedule-driven CV,
semantic modelling, and controlled verbalisation to support transparent and semi-automatic documentation of
construction progress. But the results also highlight several limitations.

First, the validation was limited to a single construction site, one specific construction phase, ten photographs, and
a relatively small set of scheduled activities. Therefore, the findings should be interpreted as evidence of
methodological feasibility rather than as a general validation of the workflow across different projects and
construction contexts. Second, the reliability of the workflow depends on the quality, completeness, and continuous
updating of the input schedule. Since the schedule is the main reference for both object-detection label generation
and progress interpretation, incomplete, ambiguous, or outdated activity and resource information may affect not
only visual analysis but also the overall interpretation of monitoring results. Construction schedules are frequently
revised during project execution; therefore, if the schedule is not regularly maintained and aligned with the current
construction plan, the pipeline may systematically identify inconsistencies that reflect schedule obsolescence
rather than actual deviations on site. Third, the CV stage remains sensitive to construction-site conditions. Objects
with clear geometry and strong visual distinctiveness were detected more reliably, whereas partially occluded,
repetitive, or visually ambiguous elements yielded lower-confidence results or no detections. The relatively high
number of no_detection records confirm that visual evidence cannot be interpreted independently of image
quality, object visibility, and threshold calibration.

Finally, the current semantic interpretation is primarily based on the relationships among photographs, detected
resources, and schedule information. This may be insufficient in complex construction sites where several parallel
activities involve similar or identical resource descriptions. In such cases, temporal alignment alone may not
reliably associate a photograph or detected object with the correct ongoing task. The integration of spatial or
topological information, such as photograph coordinates, construction zones, building levels, or explicit links
between scheduled activities and work areas, would therefore be required to improve the reliability of task—
evidence association. More generally, the current pipeline supports progress-oriented documentation, but it does
not yet provide comprehensive validation against broader project requirements, construction procedures, or site-
safety prescriptions.

Therefore, future work will focus on extending the semantic layer beyond schedule-based progress monitoring. A
key development will be the definition of a construction-site ontology capable of structuring project and site
information currently contained in predominantly textual documents, such as method statements, safety plans,
technical specifications, work procedures, inspection reports and site instructions. Such an ontology would make
it possible to represent not only activities, resources and timestamps, but also execution requirements, safety
constraints, operational procedures, roles, equipment conditions and compliance criteria. This extension would
support more comprehensive validation of on-site visual observations. Detected objects and construction activities
could be assessed not only against the planned schedule, but also against the expected execution methods and
safety requirements. For example, future versions of the pipeline could verify whether the resources visible in a
photograph are consistent with the planned activity, whether the observed configuration complies with prescribed
construction procedures, and whether specific safety-related conditions are present or missing.

The long-term objective is to evolve the current progress-monitoring workflow into a broader validation
framework for construction sites. By integrating visual evidence, scheduling data, and structured knowledge
extracted from project documentation, the system could support a more comprehensive verification of construction
progress, execution conformity, and site safety compliance within a single, traceable KG-based environment.

From this perspective, the research supports SDG 9 (Sustainable Development Goal) by advancing digital
innovation and interoperable infrastructure monitoring, SDG 11 by promoting more transparent and reliable
management of construction processes within sustainable built environments, and SDG 12 by enabling better
documentation, traceability, and resource-aware decision-making during construction. Future extensions toward
safety and compliance verification may also strengthen the contribution to SDG 8, particularly regarding safer,
more accountable working conditions on construction sites.
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