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Abstract -
Human-robot collaboration (HRC) in construction re-

quires robots to understand worker intent and predict sub-
sequent actions for proactive assistance. However, existing
methods are primarily limited by closed-vocabulary classi-
fication, hindering their adaptability to diverse construc-
tion tasks. These approaches are also easily compromised
by site environmental factors like poor lighting and se-
vere occlusions. This paper proposes a skeleton-enhanced
vision-language framework for intent recognition and action
prediction of HRC in construction. The pipeline analyzes
posture and environment for open-vocabulary intent recog-
nition and top-3 next-action prediction, integrates with a
teacher–student instruction-tuning strategy, and uses Gem-
ini 3 Pro-generated annotations with human-in-the-loop vali-
dation to fine-tune a deployable Qwen3-VL-8B model via full-
parameter supervised fine-tuning (SFT). Experiments on a
dataset of 1,819 expert-verified construction images demon-
strate that the proposed framework achieves 71.43% intent
recognition accuracy, a 28.03% improvement over the zero-
shot baseline. These findings confirm the effectiveness of
skeleton enhancement and structured reasoning in improv-
ing the understanding of construction activities.

Keywords -
Vision-Language Model; Construction; Human-Robot
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1 Introduction
Human-robot collaboration (HRC) in construction is

attracting significant attention due to its potential to as-
sist workers in hazardous or physically demanding tasks.
Compared with full automation, collaborative assistance
is often preferred in construction as workflows are highly
adaptive and non-linear [1]. However, current HRC sys-
tems still lack autonomous decision-making capabilities
in complex environments [2]. A critical bottleneck lies
in real-time perception for worker intent recognition and
proactive action prediction. While vision-based human ac-
tivity recognition has achieved promising performance in
controlled settings, its effectiveness degrades at construc-

tion sites that suffer from severe illumination variations,
frequent occlusions, and dynamic environmental contexts.
Human skeleton information offers robustness to environ-
mental noise [3], yet its potential to enhance semantic
visual understanding in construction remains unexplored.

Leveraging the cross-modal alignment capabilities of
vision-language models (VLMs) presents a viable path
for interpreting such complex human behaviors. Recent
VLMs have shown promise in behavioral intent reasoning
[4]. Nevertheless, several critical obstacles remain: (1)
existing approaches mainly rely on closed-set classifica-
tion with limited categories and fail to capture the open-
vocabulary nature and causal intent-to-action reasoning
of complex tasks; (2) conventional skeleton fusion strate-
gies require architectural modifications that hinder direct
reuse of pretrained encoders and sacrifice spatial corre-
spondence between pose and visual context; (3) in the
low-resource construction domain, the scarcity of high-
quality Chain-of-Thought (CoT) annotations constrains the
reasoning performance of lightweight models.

To overcome these limitations, this paper proposes a
skeleton-enhanced vision-language framework. As a sim-
ple yet efficient way to enhance visual representation,
2D skeletal information is overlaid onto original images
to serve as the model’s visual input. The task is for-
mulated as two-stage reasoning: stage 1 generates natu-
ral language descriptions of current activities, and stage
2 predicts subsequent actions with workflow rationales.
CoT prompts guide the model through structured rea-
soning steps from observations to predictions. Further-
more, a lightweight student model is fine-tuned on expert-
verified, CoT-augmented data from a teacher model via
full-parameter supervised fine-tuning (SFT). The practi-
cal significance of this work lies in the framework itself:
by coupling domain-specific geometric guidance with rea-
soning logic in a Teacher-Student paradigm, it enables
edge-friendly models to explicitly produce a reliable ra-
tionale of why a worker is moving, shifting from bounded
classification labels to proactive human-robot collabora-
tion. The main contributions of this work are summarized
in four aspects. (1) An intent-guided action prediction
task for construction scenarios is proposed, formulated
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as two-stage reasoning with open-vocabulary generation
to enable explicit intent-to-action causal modeling and
CoT-based interpretability. (2) A skeleton overlay strategy
achieves pose-context fusion without architectural mod-
ification, preserving pretrained generalization while en-
abling geometry-guided attention. (3) A human-in-the-
loop data annotation pipeline combining teacher genera-
tion and expert verification is developed to acquire high-
quality CoT annotations under resource constraints. (4)
A dataset with 1,819 expert-verified samples is provided,
covering diverse construction scenarios such as rebar ty-
ing, concrete pouring, and material handling.

2 Related Work
2.1 Intent Recognition in Construction

In construction, activity recognition has been studied
using sensor-based and vision-based methods [5]. Al-
though wearable approaches provide accurate motion data,
they are intrusive and have limited capability to support
the real-time contextual understanding required for hu-
man–robot collaboration [6]. Worker activity recogni-
tion further involves subtle motion patterns and strong
task-specific semantics, requiring more advanced model
representations. Prior studies have explored multimodal
fusion of wearable and visual data to improve recogni-
tion accuracy, indicating that single-modality observations
are insufficient [7]. Beyond motion cues, incorporating
construction context is essential for distinguishing task-
specific activities. Existing semantic frameworks, such as
the visual attention model proposed by Zhong et al. [8],
can transform visual scenes into natural language descrip-
tions but still formulate activity recognition as a closed-set
classification problem. This formulation constrains their
ability to handle long-tail activities and to link recogni-
tion with prediction, as they lack interpretable reason-
ing to explain intent–action causality [9]. As a result,
open-vocabulary frameworks that explicitly model intent-
to-action causality with interpretable reasoning remain un-
derexplored in construction human–robot collaboration.

2.2 Skeleton-Enhanced Visual Representation

VLMs demonstrate powerful multimodal reasoning ca-
pabilities through large-scale pretraining, offering new
opportunities for the comprehension of construction ac-
tivities. However, real-world site environments pose sig-
nificant difficulties for pure RGB-based visual recogni-
tion, including small targets, overlapping occlusions[10],
and multi-viewpoint variations[11]. Recent studies show
that skeleton-based methods exhibit remarkable robust-
ness under occlusion conditions[12]. Nevertheless, ex-
isting skeleton-visual fusion approaches typically employ
dual-stream architectures that separately encode skeleton

and RGB features before late fusion. This separate en-
coding causes spatial decoupling, where the pixel-level
spatial correspondence between skeletal keypoints and vi-
sual pixels is disrupted (e.g., the hand skeleton cannot
align with tool pixels), weakening geometry-guided atten-
tion. Moreover, dual-stream architectures hinder the uti-
lization of VLMs’ pretrained visual encoders, increasing
training costs[13]. An efficient input-level overlay strat-
egy is needed that seamlessly integrates skeletal geometric
guidance while preserving VLM native visual encoding
capabilities.

2.3 Reasoning Adaptation in Low-resource Scenarios

Intent recognition in construction environments is in-
herently complex, including worker postures, tool–object
interactions, and site contexts. Under low-resource condi-
tions in construction environments, limited sensing qual-
ity, computational capacity, and annotated data further hin-
der reliable intent inference. CoT reasoning can enhance
reasoning performance by structuring sparse observations
into sequential inference steps. Although large-scale mod-
els with large parameter counts demonstrate strong CoT
reasoning capabilities, their deployment in low-resource
domains is constrained by limited edge computing re-
sources [14], heterogeneous and unstable network environ-
ments [15], and the trade-off between real-time responsive-
ness and inference latency [16]. Conversely, lightweight
models are more suitable for resource-constrained deploy-
ment, but often lack sufficient reasoning capacity and rely
on scarce, costly-to-annotate data in construction domains
[17]. Recent studies indicate that even a small number
of high-quality samples can activate complex reasoning
capacity in pretrained models[18]. Related work such as
Fine-tune-CoT [19] explores the use of CoT supervision for
reasoning adaptation with limited data, while parameter-
efficient fine-tuning methods, including LoRA [20], are
widely adopted, though full-parameter fine-tuning remains
advantageous for fully unlocking complex reasoning capa-
bilities when sufficient computing resources are available
for training.

3 Methodology
This paper proposes a skeleton-enhanced vision-

language framework for robust activity understanding in
construction HRC. As illustrated in Figure 1, the frame-
work consists of four components: (1) human skeleton
keypoints extracted by RTMPose [21] are overlaid onto
RGB images to create pose-enhanced visual inputs (§3.1);
(2) a two-stage CoT reasoning pipeline guides the model
to recognize current construction intent and predict top-3
next actions (§3.2); (3) an efficient data annotation pipeline
combines teacher model generation with expert review,
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Figure 1. Architecture of the proposed framework.

achieving speedup while maintaining high quality (§3.3);
(4) a teacher-student distillation strategy transfers knowl-
edge from the powerful teacher model (Gemini 3 Pro)
to a lightweight student model (Qwen3-VL-8B) through
full-parameter SFT on the annotated data (§3.4).

3.1 Skeleton-Enhanced Visual Representation

Traditional RGB-based activity recognition methods
struggle with varying lighting, occlusions, and cluttered
backgrounds on construction sites. While pure skeleton-
based methods offer robustness, they discard critical en-
vironmental context such as construction tools and ma-
terials. To address both limitations, a skeleton-enhanced
visual representation is proposed that overlays human pose
keypoints onto RGB images. Human skeleton extraction
is performed using RTMPose, which detects 17 COCO-
format keypoints in real-time. The extracted skeleton
is rendered as semi-transparent green lines (𝛼 = 0.6)
with red joint markers overlaid on the original RGB im-
age. This design preserves both explicit pose informa-
tion and environmental context in a single unified in-
put. In this representation, the skeleton provides ro-
bustness against lighting and occlusions, while the RGB
background enables environmental understanding of tools,
materials, and workspace layout. This aligns with the re-
quirements of robot-assisted construction scenarios, where
robot-mounted cameras typically recognize worker intent
from dynamic on-site viewpoints. The collected image
dataset was captured from human perspectives at con-
struction sites, consistent with such mobile viewpoints
and reflecting realistic HRC conditions.

3.2 Two-Stage Chain-of-Thought Reasoning

To support real-time robot assistance in construction
environments, a two-stage reasoning pipeline is designed
that leverages CoT prompting to guide the VLM through
structured analysis. The designed prompt template in-
structs the model to perform current intent recognition
and next-action prediction sequentially.

Stage 1: Current intent recognition. Given a
skeleton-overlaid image, the model identifies ongoing con-
struction activities through multi-step reasoning. The
prompt is designed to analyze: (1) worker pose features,
(2) tool identification, (3) environmental context, and (4)
intent inference. This enables open-vocabulary recogni-
tion, generating descriptive labels such as “rebar tying at
column base” without predefined categories.

Stage 2: Next action prediction. Based on the recog-
nized intent, the model predicts the top-3 most probable
next actions with priority rankings. The prompt instructs
the model to consider standard construction workflows.
For example, after “rebar tying”, predicting “continue ty-
ing adjacent joint”, “quality inspection”, or “move to next
area”. Each prediction includes a priority level and ratio-
nale, enabling the robot to assist workers.

3.3 Data Annotation with Human-in-the-Loop

Training VLMs requires high-quality CoT annotations.
To balance efficiency and domain accuracy, a two-step
annotation pipeline is developed: (1) Teacher model gen-
eration. A large-scale VLM (Gemini 3 Pro) generates
initial structured drafts using skeleton-overlaid images and
designed CoT templates. These drafts include reasoning
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processes, intent labels, and top-3 action predictions, serv-
ing as high-quality annotation candidates that capture the
reasoning structure. (2) Expert review and refinement.
Construction domain experts review teacher-generated an-
notations through a custom graphical user interface. Ex-
perts verify activity classifications against standard con-
struction practices and experience, validate action pre-
dictions based on real workflows, and correct errors in
reasoning chains. This pipeline minimizes annotation ef-
fort and accelerates the development of reasoning chains
by allowing experts to focus on refining existing outputs
rather than creating them from scratch.

3.4 Teacher-assisted Instruction Tuning and Full-
Parameter Fine-tuning

While the teacher model (Gemini 3 Pro) performs well
in the intent recognition task, its high computational
cost and inference latency limit practical deployment in
real-time robotic systems. To address these limitations,
Qwen3-VL-8B-Instruct is selected for instruction tun-
ing because its 8-billion parameter scale balances robust
vision-language understanding with the efficiency required
for edge deployment. To transfer advanced reasoning ca-
pabilities, the model is fine-tuned via full-parameter super-
vised fine-tuning (SFT) on expert-verified, CoT reasoning
chains generated by the teacher model. This approach en-
sures higher inference efficiency and lower computational
costs while preserving the high-quality reasoning inher-
ited from the teacher. Detailed training configurations and
hyperparameters are provided in Section4.2.

4 Experiments
This section presents comprehensive experiments to

validate the effectiveness of the proposed skeleton-
enhanced vision-language framework for construction in-
tent recognition. Section 4.1 describes the dataset con-
struction process, including data sources, skeleton extrac-
tion, and the teacher-student annotation pipeline with ex-
pert verification. Section 4.2 details the implementation
configurations for pose estimation, teacher model anno-
tation generation, and student model fine-tuning. Sec-
tion 4.3 introduces the LLM-as-judge evaluation approach
for open-vocabulary intent recognition.

4.1 Dataset

The on-site construction activity dataset is constructed
from multiple public construction safety datasets and on-
line sources, totaling 1,819 images. The dataset aggre-
gates images from four sources: CPPE [22], MOCS [23],
pictor–ppe [24], and online construction images.

The dataset contains 1,074 single-person images (59%)
and 745 multi-person images (41%). To align with robot-

assisted collaboration settings, we select a primary worker
for skeleton annotation in multi-person scenarios. Selec-
tion prioritizes the lead actor based on visibility, joint com-
pleteness, and central positioning. This approach ensures
high-quality annotations that reflect the realistic robotic
focus. The resulting dataset comprises skeleton-overlaid
images paired with expert-verified CoT reasoning chains
(intent labels and top-3 action predictions). The data is
split into training (1,637 images, 90%) and validation (182
images, 10%) sets, stratified by source to maintain diver-
sity in multi-person scenarios.

4.2 Implementation Details

Human pose estimation is performed using RTMPose-
L [21] via MMPoseInferencer with a keypoint confidence
threshold of 0.3. During the data annotation phase, Gem-
ini 3 Pro is accessed via Google AI Studio API to generate
initial annotations, with temperature set to 0.7 and maxi-
mum output tokens to 2,048. The student model (Qwen3-
VL-8B-Instruct [25]) is fine-tuned using LLaMA-Factory.
Instead of parameter-efficient methods, a full-parameter
SFT strategy is employed to maximize the reasoning ca-
pacity transfer. Training is conducted on four NVIDIA
H800 GPUs (80GB each) with mixed-precision (bfloat16)
and DeepSpeed ZeRO-3 optimization. Per-device batch
size is 2 with gradient accumulation over 8 steps, achiev-
ing an effective global batch size of 64. The model is
trained for 3 epochs with a learning rate of 5e-5, a co-
sine learning rate schedule, and 10% linear warmup. In
the context of instruction fine-tuning for VLMs, limiting
the training to a small number of epochs is an empirical
best practice [26]. This limitation prevents the genera-
tive model from overfitting its sequence generation style
to the training distribution and mitigates catastrophic for-
getting of its broad pre-trained capabilities, thus allowing
the model to optimally master the required CoT reason-
ing format while preserving its inherent open-vocabulary
potential.

To validate the effectiveness of skeleton overlay and CoT
reasoning, four model configurations are evaluated. The
baseline configuration uses the pretrained Qwen3-VL-8B
model without fine-tuning on skeleton-overlaid images,
testing baseline model’s capability. Three fine-tuned vari-
ants are trained with identical SFT configurations and pro-
cedures as detailed above, differing only along two dimen-
sions: input representation (RGB images versus skeleton-
overlaid images) and annotation format (standard question-
answering versus CoT reasoning). Each variant is trained
independently from the same pretrained checkpoint to en-
sure controlled comparison.
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4.3 Evaluation Metrics

Due to the open-vocabulary nature of intent genera-
tion, traditional classification metrics based on exact label
matching are inappropriate. Instead, semantic consistency
is evaluated using an LLM-as-judge protocol [27]. Specif-
ically, for each validation sample 𝑖, three state-of-the-art
language models J = { 𝑗1, 𝑗2, 𝑗3} (GPT-4o, Claude 3.5
Sonnet, and Gemini 3 Pro) independently assess whether
the predicted intent 𝑦̂𝑖 is semantically consistent with the
ground truth 𝑦𝑖 , producing binary judgments 𝑠𝑖, 𝑗 ∈ {0, 1}
where 1 indicates consistency. The final decision for sam-
ple 𝑖 is determined by majority voting 𝑣𝑖:

𝑣𝑖 =

{
1 if

∑
𝑗∈J 𝑠𝑖, 𝑗 ≥ 2

0 otherwise
(1)

For 𝑁 validation samples, Intent Recognition Accuracy is
then computed as:

Accintent =
1
𝑁

𝑁∑︁
𝑖=1

𝑣𝑖 (2)

To quantify inter-judge agreement and ensure evaluation
reliability, Fleiss’ Kappa coefficient [28] is computed. For
𝑁 samples evaluated by |J | = 3 judges with binary deci-
sions, Fleiss’ Kappa 𝜅 is defined as:

𝜅 =
𝑃̄ − 𝑃̄𝑒

1 − 𝑃̄𝑒

(3)

where 𝑃̄ is the observed agreement, and 𝑃̄𝑒 is the expected
agreement by chance. Specifically, for each sample 𝑖, the
proportion of agreement 𝑃𝑖 is:

𝑃𝑖 =
1

|J |(|J | − 1)
∑︁

𝑘∈{0,1}
𝑛𝑖𝑘 (𝑛𝑖𝑘 − 1) (4)

where 𝑛𝑖𝑘 is the number of judges assigning category 𝑘 to
sample 𝑖. The observed agreement is the average across
all samples:

𝑃̄ =
1
𝑁

𝑁∑︁
𝑖=1

𝑃𝑖 (5)

The expected agreement is computed from the overall pro-
portion of judgments in each category:

𝑃̄𝑒 =
∑︁

𝑘∈{0,1}
𝑝2
𝑘 , where 𝑝𝑘 =

1
𝑁 · |J |

𝑁∑︁
𝑖=1

𝑛𝑖𝑘 (6)

Fleiss’ Kappa ranges from −1 to 1, where 𝜅 < 0 indicates
agreement worse than chance, 0 ≤ 𝜅 < 0.20 indicates
slight agreement, 0.20 ≤ 𝜅 < 0.40 indicates fair agree-
ment, 0.40 ≤ 𝜅 < 0.60 indicates moderate agreement,
0.60 ≤ 𝜅 < 0.80 indicates substantial agreement, and
0.80 ≤ 𝜅 ≤ 1.00 indicates perfect agreement. This metric
ensures that high accuracy is not achieved through incon-
sistent or arbitrary judgments across LLM evaluators.

5 Results and Analysis

Table 1 presents intent recognition accuracy evalu-
ated through LLM-as-judge consensus voting. The pro-
posed method achieves 71.43% accuracy with strong inter-
judge agreement (𝜅 = 0.936), improving over the baseline
(𝐴𝑐𝑐intent = 43.40%, 𝜅 = 0.915) by 28.03% in accuracy.

Fine-tuning with RGB images and SFT improves perfor-
mance to 61.54% (𝜅 = 0.941), demonstrating the value of
domain adaptation through supervised learning. Adding
skeleton overlay without CoT (𝐴𝑐𝑐intent = 65.38%, 𝜅 =
0.919) shows an increase compared to RGB images with
SFT fine-tuning (+3.84%), suggesting that explicit pose
representation alone provides useful guidance. The full
method incorporating both skeleton overlay and CoT rea-
soning achieves an additional +9.89% gain over RGB im-
ages with SFT, indicating that structured reasoning enables
the model to systematically leverage pose information for
robust intent recognition. Moreover, it is crucial to bench-
mark this 71.43% accuracy against the intrinsic difficulty
of the task. Unlike traditional closed-set action recog-
nition which often achieves high accuracy by classifying
bounded labels, open-vocabulary intentional understand-
ing requires the model to not only recognize geometric
postures but also causally reason about the worker’s un-
derlying intention in plain text. A recent comprehensive
benchmark by Liu et al. [29] on fine-grained action intel-
ligence reveals that state-of-the-art MLLMs exhibit pro-
found limitations in the higher-order reasoning of inten-
tional understanding, achieving only around 60% accu-
racy in general scenarios. In light of this intrinsic dif-
ficulty, achieving 71.43% accuracy with a compact and
edge-deployable model, enhanced by skeleton overlays and
structured CoT reasoning, demonstrates practical value.

Analysis of experimental results reveals how skeleton
enhancement and CoT reasoning address challenges of
low-light conditions and occlusions through three repre-
sentative scenarios and case studies. Skeleton overlay pro-
vides critical advantages in challenging conditions where
RGB features alone are insufficient (see Figure 2). Fig-
ure 2(a) demonstrates that skeletal cues remain detectable
even under low-light, shadowed conditions. While RGB
features degrade in the dark foreground due to low contrast,
the skeleton structure remains highly interpretable regard-
less of the challenging illumination. Figure 2(b) illustrates
that the skeleton structure remains recognizable under par-
tial occlusion. When construction panels block portions
of the worker’s body, the skeleton extraction algorithm
successfully captures visible limbs and infers occluded
joint positions through anatomical constraints. The re-
sulting overlay maintains structural coherence even across
obstructed regions. Figure 2(c) presents a complex sce-
nario combining both low light and physical occlusion
from formwork and support structures. In this case, the
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Table 1. Stage 1 intent recognition performance on validation set (182 images)
Configuration Intent Recognition Accuracy 𝐴𝑐𝑐intent (%) Δ vs 𝜅

GPT-4o Claude 3.5 Sonnet Gemini 3 Pro Majority Vote Baseline
Baseline 37.36 39.56 52.74 43.40 – 0.915
RGB + SFT 47.25 63.19 65.38 61.54 +18.14 0.941
Overlay + SFT 49.45 62.09 70.33 65.38 +21.98 0.919
Overlay + CoT + SFT (Ours) 52.75 67.03 75.27 71.43 +28.03 0.936

RGB Overlay Skeleton 

(a)

(b)

(c)

Figure 2. Skeleton enhancement provides robustness in challenging scenarios.

framework reliably reconstructs the human pose despite
the simultaneous impact of poor lighting and dense struc-
tural blockage.

Figure 3 demonstrates successful two-stage reasoning
for construction intent recognition and action prediction.
The model’s CoT integrates pose, tool, and environmental
information to correctly identify asphalt pavement level-
ing. Based on this intent, the predicted top-3 next actions
match practical road-construction workflow needs: con-
tinuing leveling with machine progress, inspecting pave-
ment flatness, and clearing residual materials. This case
shows that skeleton enhancement improves pose recogni-
tion, while CoT reasoning supports accurate activity un-
derstanding and workflow prediction. In contrast, Fig-
ure 4 reveals tool-level confusion under limited observ-
ability. The dense rebar-and-steel-column background and
ambiguous hand-tool interaction obscure discriminative
grinding cues, making fine-grained activity distinction un-
reliable. Specifically, the model predicts “rebar node bind-
ing operation”, whereas the ground truth is “steel struc-
ture grinding operation”. This highlights a key limitation:

when explicit tool evidence is weak or occluded, the cur-
rent reasoning may over-rely on posture-context priors and
produce overconfident intent classification.

6 Discussion and Conclusion
This paper presents a skeleton-enhanced vision-

language framework for construction worker intent recog-
nition and action prediction. The framework integrates
skeleton overlay for visual robustness, CoT reasoning for
structured analysis, and teacher-student-instructed fine-
tune for practical deployment. Experimental results
demonstrate significant performance improvements from
both skeleton enhancement and CoT reasoning, with real-
time inference suitable for robot applications. While in-
ferring a worker’s current work intent from visual ob-
servations remains an extremely challenging frontier for
even the most massive VLMs, this framework provides
a paradigm shift by coupling domain-specific geometric
guidance with reasoning logic. This allows edge-friendly
models to produce reliable rationales of why a worker is
moving, going beyond bounded classification labels. The
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Construction Activity Analysis Based on Skeleton Information and Scene Details for Robot-Assisted Human-Robot Collaboration:
1

Stage 1: Current Intent Recognition
1

1. Pose Analysis:
The worker stands upright behind the machinery with the right arm raised back holding a long-handled tool and legs naturally apart to maintain

stability.
1

2. Tool Identification:
The worker is holding a long-handled leveling rake (or scraper) with one hand, and the end of the tool is in contact with the hot asphalt pavement.

hands jointly operating a rusty long steel pipe, suspected to be a scaffolding pole or temporary support component.
1

3. Environmental Context:
The scene is an asphalt road paving site. The ground consists of loose soil, and a large paver is operating ahead.1

1

4. Intent Inference:
Combined with the upright operating posture and the position of the paver, it is inferred that the worker is performing manual auxiliary leveling

or clearing edge overflow on the newly laid hot asphalt.
1

Final Intent:
Asphalt pavement leveling operation

Stage 2: Next Action Prediction
1

Reasoning Logic:
The worker is currently leveling freshly laid asphalt, and the action is ongoing. According to road construction processes, leveling must be completed quickly before the asphalt cools. Once the current local area is 
leveled, the worker will logically need to move in the direction of the paver to continue processing the next section of the road or perform a quality check on the area just leveled.
1

Top-3 Predicted Next Actions:
1

【Move forward with machinery to continue leveling】
Priority: 1
Reason: Asphalt paving is a continuous operation. It is necessary to keep pace with the paver and process the new pavement in real time.
【Inspect pavement flatness and edges】
Priority: 2
Reason: After leveling is completed, a visual inspection or tool-based confirmation is required to ensure the pavement meets standards.
【Clean up scattered materials around the machinery】
Priority: 3
Reason: Scattered materials must be cleared to prevent them from affecting subsequent construction or causing safety hazards.

Figure 3. Illustration of a successful two-stage reasoning case.

Stage 1: Current Intent Recognition
1

1. Pose Analysis:
The body stands upright with a slight forward lean, both arms bent at the elbows and raised to chest-abdomen height, with both hands operating cooperatively in
front of the chest, and the gaze focused on the hand movements.
1

2. Tool Identification:
Both hands are gripping a wire-tying hook (a tool specifically designed for rebar binding), currently handling the intersection nodes between rebars and stirrups.
1

3. Environmental Context:
Located at the junction of a rebar cage and an H-section steel column, surrounded by densely arranged vertical rebars, with scaffolding and an active construction
site visible in the background.
1

4. Intent Inference:
Based on the raised-arm operating posture and the wire-tying hook in hand, it is determined that the worker is wrapping and tightening binding wire to secure the
connection node between the vertical rebar and the H-section steel.
1

Final Intent:
Rebar node binding operation

Ground Truth: 
Steel structure grinding operation

Figure 4. Illustration of a failure case.

open-vocabulary formulation handles diverse construc-
tion activities without predefined categories, establishing
a foundation for proactive and safe HRC in construction.

Several limitations remain. The work relies on images
selected from open-source datasets rather than collected
from specific construction projects, resulting in inconsis-
tent image quality. The limited dataset size constrains
model accuracy improvements, and training examples for
rare specialized activities remain insufficient. Single-
frame inference lacks temporal context for activity pro-
gression, and skeleton extraction remains inaccurate in cer-
tain cases involving extreme occlusion or overhead camera
perspectives. Future research should address these limi-
tations through three primary directions: (1) developing
more accurate skeleton extraction models with enhanced
robustness to challenging viewpoints and severe occlu-
sion conditions will improve pose representation quality;
(2) extending the framework from single-frame images to
video sequences as source data will enable temporal mod-
eling of activity progression and action continuity; (3)
incorporating temporal information into the action pre-
diction evaluation protocol will better assess the model’s

understanding of construction workflow dynamics. Ad-
ditional research directions include multi-agent analysis
for collaborative workflows, domain adaptation techniques
for cross-site generalization, few-shot learning approaches
for rare specialized activities, and real-world deployment
studies with edge device optimization.
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