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Abstract -

Understanding on-site activities is fundamental for sup-
porting construction planning, coordination, and perfor-
mance assessment; however, this task is commonly per-
formed through manual interpretation by human supervi-
sors, limiting information integration with autonomous sys-
tems. Scene graph generation (SGG) provides a structured
representation of visual scenes, but existing image-based
methods rely heavily on supervised learning and generic
ontologies, limiting their applicability to construction envi-
ronments where task-specific semantics and annotated data
are This paper proposes a construction-oriented
scene graph representation that detects human—object in-
teractions relevant to forming, reinforcing, and concrete
pouring activities. We present a hybrid SGG framework
that combines a conventional object detection module with
zero-shot vision—-language-model-based relation inference,
enabling relation prediction without task-specific fine-tuning.
The proposed framework is evaluated under scene graph

scarce.

detection and scene graph classification settings, achieving
Recall@20 scores of 50.30% and 78.70%, respectively, on a
construction-specific dataset. These results demonstrate the
ability to generate structured activity representations from
raw construction images under realistic data constraints,
highlighting the effectiveness of vision—-language models for
zero-shot scene understanding in construction environments.
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1 Introduction

Construction site activity understanding involves iden-
tifying who is performing what activity and where, and
serves as a foundation for progress monitoring, coordi-
nation, and decision making [[I]. Such understanding is
commonly derived through human supervision based on
visual observations from on-site imagery. Its current re-
liance on human interpretation limits direct integration of
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activity information with automated decision-making sys-
tems. As the construction industry moves towards adopt-
ing autonomous systems and robotics for on-site activ-
ity assistance, there is a growing need for methods that
can transform raw visual data into structured, machine-
interpretable representations of construction activities [2].

Activity understanding is closely coupled with hu-
man—object interaction (HOI), as construction activities
are characterized by how workers interact with tools, ma-
terials, and built structures [3]]. Effective activity under-
standing therefore requires reasoning about which subject
is interacting with which objects. This perspective formu-
lates activity understanding as a relational inference prob-
lem that explicitly captures interactions and dependen-
cies among scene entities. In contrast, current approaches
predominantly perform activity understanding as isolated
activity classification, limiting its utility in downstream
tasks.

Recent works in scene understanding for autonomous
systems have highlighted scene graphs as a promising
form of structured representation. Scene graphs encode
objects and their interactions as structured graphs, provid-
ing a compact yet semantically rich abstraction of com-
plex visual scenes. There is a significant potential for
scene graphs to support downstream tasks such as vi-
sual question answering, activity analysis, and path plan-
ning. However, existing scene graph generation (SGG)
approaches are largely benchmark-driven, developed on
generic datasets with fixed object and predicate vocabu-
laries, and rely heavily on supervised learning [4]. These
drawbacks limit direct domain transfer to construction en-
vironments where scenes are cluttered, object and inter-
action ontologies are domain-specific, and annotated data
are scarce.

To address these challenges, this work introduces a hy-
brid SGG framework tailored to complex construction en-
vironments. The proposed framework combines a con-
ventional object detection module with a vision-language
model (VLM)-based relation module for HOI reasoning.
By decoupling object detection from relation detection, the
framework enables more flexible integration of domain-
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specific semantics without requiring a large volume of
labeled data. This seamless integration is credited to re-
lation detection being performed in a zero-shot manner
by leveraging the pretrained vision-language priors of a
VLM. As a result, the framework is enabled to reason
novel interactions without task-specific fine-tuning. The
resulting scene graph provides a structured and machine-
interpretable representation of construction activities suit-
able for supporting downstream tasks. The objective of
this work is to evaluate the feasibility of the proposed
framework in generating activity representations from raw
construction images. The key contributions of this work
are threefold:

1. Weintroduce a construction-oriented scene graph for-
mulation that models HOIs in forming, reinforcing,
and pouring (FRP) activities, and propose a hybrid
SGG framework for producing scene graphs from raw
construction images.

2. We develop a zero-shot relation inference approach
for construction scene graphs by integrating VLMs
with conventional object detectors, enabling relation
prediction over domain-specific ontologies without
additional fine-tuning.

3. We investigate two complementary prompting strate-
gies for zero-shot human—object relation detection:
a multi-selection contrastive reasoning approach and
a sequentially gated verification approach. Perfor-
mance is evaluated under standard scene graph de-
tection (SGDET) and scene graph classification (SG-
CLS) task settings.

2 Related Work

This section reviews prior research on vision-based con-
struction activity understanding, focusing on how visual
information is modeled and represented. First, classifica-
tion based approaches to activity understanding are sum-
marized. Then methods that explicitly model HOI using
structured representations such as SGGs are reviewed. Fi-
nally, recent VLM based approaches for relation reasoning
and its implications to our scope are discussed.

2.1 Activity Understanding as a Classification Prob-
lem

Vision-based construction activity understanding aims
to capture worker behaviors and site operations from vi-
sual data. This task has predominantly been addressed
through activity recognition, with early studies focusing on
single-worker actions for monitoring productivity, safety,
and task intent. Initial approaches relied on engineered
visual features and conventional machine learning mod-
els [S]. Subsequent works adopted deep learning-based

approaches to improve recognition accuracy in cluttered
construction site conditions, for example [6]] utilized a You
Only Watch Once model to recognize discrete forming ac-
tivities of workers in a 2D scene. More recently, unified
frameworks have been proposed to jointly recognize con-
struction activities across multiple levels, including indi-
vidual, crew, and global activities, within a single learning
architecture [3]]. Despite the progression towards more
structured recognition, existing approaches treat activities
as categorical labels, and do not represent worker-object
interactions (i.e., HOIs) as reusable, structured scene-level
representations.

2.2 HOI and SGG-Based Representations

Effective construction activity understanding requires
explicit reasoning over interactions between workers,
tools, materials, and surrounding entities, rather than rely-
ing solely on activity labels. Recent domain-driven stud-
ies have highlighted HOI detection as a critical stage for
enabling worker accountability, progress attribution, and
productivity assessment in construction environments [[7]].
An early attempt to represent construction activity HOI in
a structured manner was proposed in [8]], which modeled
construction activities as graphs over detected objects by
encoding semantic relevance and spatial relationships be-
tween object pairs to support recognition of diverse and
concurrent site activities. A more recent study has intro-
duced deep learning—based interaction graphs, integrating
convolutional neural networks with graph neural networks
to infer worker—object interactions across multiple object
categories, spatial scales, and contextual levels for con-
struction accountability monitoring [9].

HOI detection can be viewed as a human-constrained
instantiation of SGG, where interactions involving humans
are embedded within a more general scene-level represen-
tation [[10]. This formulation allows advances in SGG to
extend to HOI by enabling structured, reusable represen-
tations of worker-object interactions.

Within construction research, scene graph-based scene
understanding has been explored in prior works, partic-
ularly for safety and hazard analysis. For example, [11]]
leveraged a Pixel2Graph deep neural network—based SGG
model to identify contact-driven safety hazards by detect-
ing relational patterns between workers and heavy equip-
ment in site images. Similarly, [12] have automated con-
struction hazard identification by combining instance-level
object detection with a transformer-based SGG model for
relation inference, where the resulting triplets are further
fused with domain knowledge in safety regulations for
downstream reasoning and classification. These studies
highlight the effectiveness of scene graphs as a semanti-
cally rich interface between visual perception and high-
level reasoning in construction environments.
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2.3 VLMs for Zero-Shot Relation Reasoning

Most existing SGG approaches are developed and eval-
uated on generic benchmarks with fixed object and predi-
cate vocabularies and rely heavily on supervised learning
[4]. These assumptions limit their applicability to con-
struction environments, where scenes are highly cluttered,
interaction semantics are domain-specific, and large-scale
annotated relation data are rarely available. To address this
domain dependence, several recent SGG approaches have
explored VLMs for relation reasoning, leveraging their
pretrained semantic priors to enable zero-shot or weakly
supervised scene understanding without task-specific re-
lation annotations.

For example, [[13] introduced a novel open-vocabulary
SGG framework that utilizes a Bootstrapping Language-
Image Pre-training VLM to generate scene captions from
2D images and subsequently mines linguistic cues for
object grounding and predicate alignment. While effec-
tive, this approach remains weakly supervised and relies
on domain-specific datasets for grounding and alignment.
In contrast, IndVisSGG [14] adopts a multi-agent GPT-
4 with vision VLM-based pipeline to directly infer re-
lation triplets from images without instance localization,
enabling fully training-free relation prediction.

Despite promising results on generic benchmarks, trans-
ferring such VLM-based SGG approaches to construction
domains remains non-trivial. Construction activity un-
derstanding requires instance-level grounding of work-
ers, tools, and materials, as well as task-oriented on-
tologies aligned with construction processes. Practical
deployment in construction settings necessitates integrat-
ing object detection and adapting relation vocabularies to
domain-specific interaction semantics.

3 Methodology

3.1 Method Overview

The objective of the proposed framework is to decom-
pose a construction site image into a structured graph rep-
resentation G = {N, E}, where nodes N correspond to ob-
ject instances and edges E represent interactions between
object pairs. Each object instance o; € N is localized to
a bounding box oﬁ’b”x and classified into an object cate-
gory 0" using an off-the-shelf transformer-based object
detection model.

Given the detected object instances, the relation detec-
tion module constructs candidate subject-object pairs and
infers interaction predicates using a zero-shot VLM. For
each candidate pair, a pairwise crop is generated from the
union of the corresponding bounding boxes, where the
subject and object regions are emphasized using translu-
cent masks while background pixels are suppressed. The
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relation predicate r; of each interaction is inferred directly
by the VLM without fine-tuning.

To balance interaction coverage and inference efficiency,
this work evaluates two complementary strategies for gen-
erating candidate subject-object pairs and VLM inference
prompting. The first strategy selects a fixed number of spa-
tially nearest object instances for each worker instance and
composes the pairwise crops into a single collage image
to be jointly processed by the VLM in a single inference
pass. The second strategy considers all object instances
whose bounding boxes intersect with a worker instance
and processes each resulting pairwise crop independently
through a sequential VLM-based reasoning pipeline.

Each inferred interaction is represented as a directed
triplet (s;, 7, 0j) where s; denotes the worker subject, 0;
denotes the object node, and r; represents the interaction
(relation predicate). Since our scope focuses on interac-
tions between human-object pairs, the subject node s; is
constrained to only correspond to worker class instances,
while other object nodes may represent tools, materials, or
constructed elements detected in the construction scene.
The set of triplets within the resulting scene graph en-
codes both spatially grounded object instances and their
task-relevant interactions. This set is further enriched us-
ing domain knowledge to semantically enhance the final
scene graph. The hybrid SGG framework pipeline is illus-
trated in Figure [T}

3.2 Ontology Selection and Object Detection

The complexity of SGG models increases exponentially
with the number of object categories and interaction pred-
icates. Given the limited availability of domain-specific
annotated data in dynamic construction environments, it
is necessary to balance the level of granularity captured in
the scene graph and the complexity of the model. In this
work, the scope is limited to FRP activities; therefore, a
task-oriented set of object categories and interaction pred-
icates is defined in Table[I]to preserve sufficient semantic
detail while limiting complexity.

Table 1. Ontology of object and predicate cate-
gories considered in the proposed framework. Items
marked with * denote semantically enriched entities
or relations inferred via domain knowledge, rather
than directly detected by the object detector or VLM.

Objects Predicates
concrete_broom rebar_material | assemble
concrete_hose rebar_structure erect
concrete_leveler vibrator_pack transport
concrete_separator vibrator_rod operate
concrete_trowel worker pour*
formwork _material concrete* spread*®
formwork _structure compact*
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Figure 1. Overview of the Hybrid SGG framework for Construction Activity Understanding.

For object instance detection, a fine-tuned Roboflow De-
tection Transformer (RF-DETR) object detection model
is adopted for its transformer-based architecture, en-
abling stable end-to-end detection without hand-crafted
anchor designs and competitive performance in cluttered
scenes. Since the primary contribution of this work lies
in HOI reasoning and SGG, the proposed framework is
detector-agnostic, hence alternative off-the-shelf object
detectors are expected to produce comparable object de-
tection performance without affecting overall formulation.

3.3 VLM-based Relation Detection

For relation detection, VLMs are leveraged for their
strong prior knowledge and reasoning capabilities. This
approach is advantageous in our scope as the interaction
ontology is domain-specific and does not align with ex-
isting large-scale benchmarks. As no relation annotations
are used to train or fine-tune the model, relation inference
is performed in a zero-shot manner. We formulate relation
inference as a prompting-based reasoning task. As dif-
ferent prompting strategies exhibit trade-offs in inference
performance, we investigate two complementary prompt-
ing strategies for human-object relation detection.

Bridging bounding boxes to VLMs. Simply present-
ing the full image annotated with bounding boxes and ob-
ject labels to the VLM is insufficient for reliable relation
inference as it lacks spatial and contextual cues. To bridge

this gap, the proposed method generates pairwise crop
candidates of the union region of the subject and object
bounding boxes for each potential interaction. To further
guide VLM attention, a translucent background mask is
applied to suppress background information while retain-
ing visual structure of the region of interest. Additionally,
a light translucent color mask is overlaid on the subject
and object regions to emphasize roles. Each masked crop
candidate is provided to the VLM together with a textual
prompt that explicitly outlines the object class categories.
The image preprocessing stages are illustrated in Figure[2]

Strategy 1: Multi-selection contrastive reasoning;
This strategy infers interaction at the worker level. For
each detected worker instance s; € N in a labeled image,
we select the top K spatially nearest non-subject instances
based on the Euclidean distance of the bounding box cen-
troids. For each resulting worker-object pair, a pairwise
masked crop candidate is generated as described in the
preceding section. The K crop candidates containing the
same subject s; are then composed into a single collage
image and provided to the VLM for reasoning. The model
is prompted to identify whether any collage element ex-
hibits a clear directional interaction between the worker
and the corresponding object included in the crop. In the
event of a clear interaction, the VLM is also prompted to
identify the most appropriate predicate. This procedure is
repeated once per detected worker instance.

Strategy 2: Sequentially gated verification. In con-
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Figure 2. The preprocessing stages applied to each candidate pair in both deployment strategies. The red dotted
outline is shown for illustrative purposes only and is not part of the candidate crop.
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Figure 3. Illustration of the two deployment strategies used in the Relation Detection Module.

trast, this strategy infers interaction at the pairwise level.
For each detected worker instance s; € N, pairwise crop
candidates are generated for all object instances whose
bounding box intersects with a worker’s bounding box.
Each crop candidate is independently processed through a
three-stage gated reasoning pipeline to progressively ver-
ify the validity and type of interaction. The first stage
is a binary relation gate which determines if there is any
meaningful interaction between the worker-object pair in
the given crop candidate; non-meaningful crops are dis-
carded immediately. The second stage performs predicate
classification on the surviving candidate pairs from the
first stage, identifying the most appropriate interaction la-
bel from a closed predicate set.

In the third and final stage, a verifying “look-again”
gate re-evaluates the predicted triplet by jointly prompt-
ing the inferred predicate from the second stage to repair
hallucinated or inconsistent outputs. In contrast to the
first strategy, this method decomposes the relation detec-
tion inference into simpler decision steps. This procedure
is repeated for each worker—object pair with intersecting
bounding boxes.

Both pairwise crop candidate generation methods relies
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on spatial heuristics such as bounding box proximity and
overlap. Although these assumptions align well with the
defined ontology, which comprises of short-range interac-
tions, they may not capture all possible interaction cases
(e.g., non-contact interactions). However, such cases are
less prevalent within the scoped activity definitions. Fig-
ure [3] illustrates both strategies employed in the Relation
Detection Module.

3.4 Rule-based Scene Graph Enrichment

Certain construction objects, such as wet concrete, ex-
hibit amorphous visual characteristics that pose a great
challenge for instance-level object detection. As such,
these objects are not explicitly detected by the object de-
tection module. To address this, we introduce a rule-based
scene graph enrichment strategy that leverages domain
knowledge of tool usage in construction activities. Specif-
ically, using the assumption that activities such as concrete
pouring, spreading, and compacting require distinct and
dedicated tools, additional interaction triplets can be di-
rectly inferred from detected human-tool relations.

For example, (worker,operate,vibrator_rod) im-



plies a concrete compaction activity. This implication
allows the inferred triplet (worker, compact, concrete)
to be appended to the final scene graph. This enrichment
process augments the scene graph with semantically mean-
ingful but visually ambiguous entities, resulting in a more
complete graph representation of construction activities.
These enriched triplets are considered inferred relations,
derived from rule-based assumptions rather than direct
visual grounding. As such, they are excluded from quan-
titative evaluation to avoid inflating performance metrics.

4 Experiments

4.1 Implementation

Object Detection Dataset. The object detection dataset
consists of 1,107 manually annotated images spanning 12
object classes. Images are sourced from publicly available
FRP construction videos collected from online platforms.
To mitigate overfitting, frames are sampled at a strict in-
terval from each video sequence. The dataset is randomly
split into 70% training, 20% validation, and 10% testing.
To improve diversity and generalization, the training sub-
set is augmented with horizontal flips and random spatial
crops in ranges of 10-30% of the original image area.

Relation Evaluation Set. A smaller set of 80 images,
separate from the object detection dataset, is labeled with
bounding boxes, classes, and subject-object pair interac-
tion predicates within the defined ontology. The images
in this set were selected to ensure that at least one valid
worker—object interaction is present and clearly visible,
such that it can be used to evaluate the hybrid SGG frame-
work despite its limited size. However, the selection prior-
itizes interaction clarity over scene complexity, which may
reduce variation in factors such as occlusion and clutter.
Table [2] summarizes the distribution of workers, objects,
and predicate support.

Object Detection Training. Object detection training
is conducted on the Roboflow online training platform.
An RF-DETR Medium model [[15] pretrained on the Ob-
jects365 dataset [16] is fine-tuned on the custom FRP
dataset for 26 epochs using default optimization settings.
As training is performed on Roboflow’s managed training
pipeline, the detailed hyperparameter configurations are
not explicitly controlled in this work. The fine-tuned de-
tector achieves a mean average precision (mAP) of 73%
on the held-out test set.

Relation Model Inference. Relation inference lever-
ages the Qwen2.5-VL Instruct (7B) VLM sourced from
the open-source repository hosted on Hugging Face [[17].
The model is deployed locally on a workstation with an
NVIDIA RTX 5090 GPU. Evaluation is performed in
inference-only mode without fine-tuning.

4.2 Evaluation Details

Scene Graph Evaluation. SGG is typically evalu-
ated under SGDET, SGCLS, and Predicate Classification
(PredCLS) [4]]. As this work targets end-to-end SGG from
raw construction images, we focus on SGDET and SG-
CLS. PredCLS is excluded as it reduces relation predic-
tion to a Visual Question Answering-style task. Following
scene graph evaluation convention, we adopt Recall@K
(R@K) and mean Recall@K (mR@K) as our evaluation
metrics [4]. We set K = 20 to exceed valid per-image
candidates while balancing inference cost.

4.3 Results

Table[3|reports the performance of the proposed frame-
work evaluated on the 80-image evaluation set. Under
the SGDET setting, the framework achieves a R@20 of
50.30% and a mR @20 of 34.39%. Higher performances
are observed under the SGCLS setting, with the best con-
figuration seeing 78.70% R @20.

5 Discussion

Performance. Table[3|shows that the sequentially gated
verification prompting approach consistently achieves
higher overall R@20 and m R @20 across both SGDET and
SGCLS settings, indicating that decomposing relation in-
ference into successive stages is effective in detecting rela-
tions in visually ambiguous scenes. A performance gap ex-
ceeding 20% between SGDET and SGCLS highlights the
impact of object localization errors on relation prediction.
While the gated approach yields the strongest overall per-
formance, the multi-selection contrastive reasoning strat-
egy attains the highest m R @20 under SGCLS, indicating
reduced confusion. Variation in per-predicate R @20 re-
flects differences in interaction difficulty, with erect and
operate exhibiting lower recall. The multi-selection strat-
egy shows more balanced performance across predicates,
whereas the sequentially gated approach achieves strong
performance on assemble but fails to detect erect, indi-
cating a bias toward more visually distinct interactions.

Failure Modes. Figure ] shows a case where the in-
teraction between workers and concrete_seperator; is
misclassified as transport instead of operate. This error
stems from visual pose ambiguity and single-frame infer-
ence limitations, as both interactions are plausible based
on appearance cues alone. Confusion is observed most of-
ten between operate and transport, where tool presence
does not imply active usage, and between assemble and
erect due to comparable spatial configurations.

Effects of Preprocessing. The ablation study (Table
B) shows that applying translucent color masks to sub-
jects reduces performance, indicating that color cues are
important for VLM-based interaction reasoning.
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Table 2. Breakdown of per-object and per-predicate support counts in the 80-image Relation Evaluation Set

object count object count object count | predicate count
concrete_broom 33 concrete_trowel IT |rebar_structure 6 assemble 103
concrete_hose 18 | formwork material 16 | vibrator_pack 5 erect 40
concrete_leveler 4 | formwork_structure 9 vibrator_rod 19 | transport 18
concrete_separator 17 rebar_material 10 worker 161 operate 8

Table 3. Hybrid SGG evaluation results. k& denotes the collage size for multi-selection contrastive reasoning.

ask Evaluation @/OU > 0. Per-Predicate R@20
Strategy Preprocess | R@20 mR@20 | assemble erect transport operate
Multi-Select (k = 3) Full 28.40  20.82 37.50 0 29.13 16.67
Multi-Select (k =5) | NoMask | 29.58  21.69 32.50 0 32.04 22.22
Multi-Select (k = 3) | NoMask | 31.36  23.95 35.00 0 33.01 27.78
Sequentially Gated Full 4226  25.00 42.50 0 53.40 5.55
Sequentially Gated | No Mask | 50.30 34.39 52.50 0 57.28 27.78
SGCLS Task Evaluation Per-Predicate R@20
Strategy Preprocess | R@20 mR@20 | assemble erect transport operate
Multi-Select (k = 3) Full 49.11 43.87 87.50 25.00 40.78 22.22
Multi-Select (k = 3) | NoMask | 60.35 57.86 92.50 3750 51.46 50.00
Multi-Select (k =5) | NoMask | 63.31 59.46 95.00 38 55.34 50.00
Sequentially Gated Full 73.96 4754 90.00 0 83.50 16.67
Sequentially Gated | No Mask | 78.70  54.83 95.00 0 85.44 38.89

Raw Construction Scene Image ) Object Detection Output: Annotated Imaée

concrete_
leveler;

concrete_
separator;

concrete_
+. \separator,

>\ [concrete_
leveler;

Rule-based Enrichment Output: Enriched Scene Graph

missed
relation

2

concrete

Figure 4. Sample output of the proposed hybrid SGG
framework. Red labels indicate missed detections.

Limitations. The evaluation dataset is limited in size
due to the cost of manually annotating object instances and
interaction predicates for a construction-specific ontology.
While the 80-image dataset can validate feasibility, larger
datasets are required to comprehensively validate perfor-
mance under diverse site conditions. In addition, the ontol-
ogy set is intentionally constrained to a coarse-grained set
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aligned with FRP activities, which simplifies zero-shot in-
ference but limits fine-grained action representation. This
also simplifies the candidate generation stage, which relies
on spatial heuristics but may not capture all valid interac-
tions under more complex scenes. Finally, the rule-based
scene graph enrichment module augments scene graphs
only at the relational level and does not provide spatial
grounding for inferred amorphous entities, limiting their
direct use in grounded reasoning tasks.

6 Conclusion

This paper investigated the use of scene graphs to gen-
erate structured, machine-interpretable representations of
construction activities from raw site images under limited
labeled data constraints. A worker-centric formulation
is introduced to model HOIs in FRP tasks. The proposed
Hybrid SGG framework combines conventional object de-
tection with zero-shot VLM-based relation inference, en-
abling interaction reasoning without task-specific training.
Results demonstrate strong performance under standard
SGG evaluation settings, highlighting the potential of pre-
trained VLMs for domain-specific reasoning with minimal
annotation. Future work will focus on scaling evaluation,
improving candidate generation, extending towards video
reasoning, and integration with autonomous systems.
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