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Abstract

Construction sites are complex and dynamic work
environments with frequent changes in layout due to
material handling and a diverse workforce presence,
necessitating adaptable safety measures. Falls from
height remain the primary cause of fatalities in
construction, particularly impacting small firms with
limited resources. Conventional manual construction
site layout inspections are subjective, relative
infrequent, and difficult to scale, often resulting in
noncompliance with fall protection standards. This
paper introduces an automated, geo-aware
monitoring system that leverages high-resolution
orthomosaic images from consumer drones and a
novel Adaptive Multi-Scale DETR (AMS-DETR)
model for panoptic segmentation. AMS-DETR
enhances traditional DETR performance through
dynamic query generation and multi-scale attention
yielding lower inference time and segmentation
Quality. This approach enables proactive, AI-driven
site monitoring, improves regulatory adherence, and
offers scalable safety management suitable for
resource-constrained projects, advancing intelligent
construction safety practices.

Keywords —
DETR, instance segmentation, orthomosaic images,
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1 Introduction

Construction sites are among the most variable work
environments, where complex operations lead to frequent
shifts in personnel, materials, and equipment [1]. This
constant change poses major challenges in keeping safety
measures current and aligned with standards. Unlike
stable factory settings, construction sites evolve daily
through stages like excavation, framing, and finishing,
requiring quick setup of temporary protections such as
guardrails to address fall risks at heights over 1.8 m [2].
In 2023, falls caused 421 deaths (39.2% of all U.S.
construction fatalities, totaling 1,075) [3], alongside
more than 20,000 nonfatal fall-related cases annually [4];
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and over 70% of fatal falls happened at companies with
fewer than 11 employees, highlighting gaps in
monitoring for smaller operations. On a global scale, the
International Labor Organization projects over 60,000
construction deaths yearly, with falls responsible for 30—
50%, varying by region due to differences in regulations
and site conditions [5]. These trends reveal a key problem:
even with clear rules (e.g., OSHA's 1.07 m guardrail
requirements), unexpected removal of safety gear—due
to task demands, worker fatigue, or weather issues
quickly makes plans outdated, and over 70% of
violations involve absent or incorrectly placed barriers.

As a result, regular compliance checks are essential,
but current manual methods using checklists and
measurements by safety staff are reactive, subject to
human error, and limited by site size and access
difficulties. Research shows that up to 65% of fall
incidents arise from gaps missed during routine (e.g.,
weekly) checks [6], worsened by emerging threats like
proximity issues: for instance, cranes within 2 m of
walkways (violating ANSI Z359.2 buffers) or unguarded
gaps between paths and pits, which can significantly
increase the risk of secondary impacts [7].

Tools like digital twins, remote sensing, and Al can
transform the above issues with real-time tracking that
could spot issues early, link to evolving 4D-BIM models
for predictions, and fit into standard workflows. However,
past efforts are often isolated for example, 2D image
detectors miss depth details, while basic Orthomosaic
classifiers overlook the fine distinctions needed for
tracking specific "things" (e.g., individual guardrail
sections) versus backgrounds ("stuff" like debris floors)
limiting geospatial tracking and risk calculations [8].

This paper addresses these limitations by proposing a
location-aware monitoring pipeline. It integrates high-
resolution orthomosaic maps generated from overhead
imagery captured by DJI Mini 4 Pro drone and processed
via photogrammetry with an advanced Adaptive Multi-
Scale DETR (AMS-DETR) model for instance
segmentation of safety features (e.g., guardrails, Safety
poles, etc.) and site elements (e.g., cranes, excavations,
steel plates, etc.). AMS-DETR overcomes key DETR
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limitations, including rigid queries, scale mismatches,
and boundary inaccuracies, through adaptive query
generation and multi-level attention mechanism,
delivering higher segmentation quality while enabling
real-time inference.

It enables the generation of predictive compliance
scores and interactive hazard visualizations within a user-
friendly SafeBIM platform [36]. The proposed
framework provides a scalable, proactive approach to Al-
supported safety oversight on highly dynamic
construction sites, with strong potential to enhance fall
prevention, regulatory compliance, and overall site
management practices.

2 Background

Construction sites present unique challenges for
safety monitoring due to their dynamic nature, with
frequent changes in layout, equipment, and personnel
that heighten risks such as falls from height. Traditional
manual inspections are inadequate for real-time
compliance, prompting the adoption of Al-driven
technologies like Unmanned Aerial Vehicles (UAV),
deep learning for image segmentation, and Building
Information Modeling (BIM) integration. This section
reviews existing DEtection TRansformer (DETR)
models for segmentation a critical tool for analyzing site
images and related work on Al-based site layout
monitoring, highlighting gaps addressed by our proposed
Adaptive Multi-Scale DETR (AMS-DETR) framework.

2.1 Existing DETR Models for Panoptic
Segmentation

The DETR family has revolutionized object detection
by formulating it as a set prediction task using
transformer  architectures, bypassing traditional
components like non-maximum suppression [9]. Rooted
in the original transformer model [10], DETR variants
have been adapted for panoptic segmentation, which
combines instance segmentation of "things" with
semantic segmentation of "stuff" [11]. This is essential
for processing drone-generated orthomosaic images in
construction, where variability in scale, occlusion, and
object density demands robust, real-time performance.

Despite advancements, DETR models exhibit
persistent limitations in segmentation tasks, including
slow convergence, inefficient attention, poor multi-scale
handling, and query mismatches. The base transformer
[10] lacks spatial hierarchies, leading to high
computational costs (O(n?) complexity) and memory
issues for high-resolution images (>1024x1024 pixels),
impeding edge-device deployment. DETR [9] introduces
fixed queries and bipartite matching for end-to-end
detection but requires 300-500 epochs for convergence
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and struggles with small or occluded objects; panoptic
extensions [12] add mask heads, yielding Panoptic
Quality =43.4 on COCO due to heuristic merging errors.

Deformable DETR [13] sparsifies attention for faster
training and better small-object detection but fails in
boundary accuracy for crowded scenes and incurs latency
from convolutional decoders. DAB-DETR [14] uses
dynamic anchors for density adaptation but limits query
flexibility, causing over/under-prediction in sparse/dense
layouts. DN-DETR [15] employs denoising for quicker
convergence but generalizes poorly to sparse scenes and
multi-modal data. Lite-DETR [16] prioritizes lightweight
design but sacrifices accuracy on textures and small
objects. RT-DETR [17] achieves real-time speeds with
intra-scale attention but trades PQ for efficiency.

Common flaws include inefficiency (>100 ms
inference), mask inaccuracies, fixed queries and weak
multi-scale adaptation. Our AMS-DETR mitigates these
through adaptive query generation (dynamic counts for
crowded and less crowded images) and hierarchical
multi-scale attention, achieving higher segmentation
quality and less inference time for construction
orthomosaic images.

2.2 Site Layout
Segmentation

Monitoring via Image

Recent studies have advanced site layout monitoring
by integrating UAV, Al segmentation, and BIM to enable
real-time hazard detection and compliance in dynamic
environments. Drone-based photogrammetry generates
orthomosaic images for scalable analysis, surpassing
manual methods prone to errors in large sites.

Tarrago Garay et al. [18] fused drone point clouds
with 4D-BIM for progress/deviation detection (70%
reduced verification), supporting unguarded edge
identification but without Al segmentation. Han et al. [19]
used SAM-based panoramic segmentation for indoor
layout, highlighting adaptive segmentation value but
limited to indoors. Akinsemoyin et al. [20] applied Faster
R-CNN on UAV imagery for hardhat/activity detection,
enabling machinery-proximity rerouting but instance-
only. Alexandre et al. [21] combined Al-drones with
LiDAR for anomaly/progress tracking, focusing on
compliance without panoptic depth. Recent YOLOVS-
seg improvements have advanced construction site
monitoring Bhai et al. [37], offering good real-time
performance on standard images. However, they face
challenges with extreme scale variations and global
context in large orthomosaics. Our method addresses
these via adaptive queries and hierarchical multi-scale
attention, enabling superior generalization for drone-
based orthomosaic analysis.

In recent studies Hong and Teizer [22] introduced
RAM module in DTCS, integrating SafeBIM rule-
checking with RTK-GNSS trajectories for real-time



struck-by hazard detection, proximity analysis, and
dynamic walkway optimization, though sensor-based
rather than vision-segmentation. Pfitzner et al. [23]
developed KG-enhanced CV (YOLOv8x + GNN) for
concrete pouring progress, linking BIM volumes to site
images via spatial-temporal graphs for bottleneck
identification, but activity-specific without broad safety.
Pfitzner et al. [24] proposed grid-based spatial
complexity analysis with ViTPoseActivity and BIM
projection for rebar duration prediction, enabling
localized productivity insights but focused on labor
efficiency over fall hazards.

These approaches show progress in BIM-CV fusion
and real-time tracking but rely on isolated detectors, lack
unified instance segmentation for multi-scale features in
orthomosaics, or require extra sensors, limiting
geospatial risk mapping (e.g., precise guardrail/pathway
buffers).Our AMS-DETR framework advances by
delivering real-time instance segmentation of drone
orthomosaics (guardrails, cranes, edges, pathways) with
geo-spatial information for real time 4D-BIM
comparison for the onsite safety Managers.

3 Methodology

To address persistent limitations in existing DETR-
based instance segmentation models particularly fixed
query cardinality and inefficient multi-scale feature
fusion we propose an Adaptive Multi-Scale extension to
the SOLQ network (AMS-DETR) for real-time analysis
of high-resolution construction orthomosaic images.
Building upon SOLQ’s end-to-end query-based instance
segmentation formulation [25], the proposed approach
integrates adaptive query modulation and scale-aware
hierarchical attention to improve robustness across
highly variable construction scenes. Unlike earlier DETR
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variants that rely on a fixed number of object queries (e.g.,
100 queries in [9, 17]) or convolution-heavy mask heads
[26], AMS-DETR preserves SOLQ’s fully transformer-
based decoding while enabling dynamic allocation of
representational capacity based on scene complexity.
This design is particularly suited for drone-based site
monitoring, where images range from sparse excavation
zones to dense equipment clusters within the same
orthomosaic images.

The novelty of AMS-DETR lies in its targeted
architectural extensions to the SOLQ framework rather
than introducing a new segmentation paradigm. Similarly,
approaches such as [27] focus on global mask
transformers but introduce redundant memory paths that
scale poorly in occluded, high-resolution scenes. In
contrast, the proposed method augments SOLQ with
complexity-driven query adaptation and hierarchical
multi-scale attention, allowing the decoder to adjust both
the number and scale sensitivity of active queries without
introducing heuristic post-processing or convolutional
bottlenecks. These additions improve instance separation
and boundary accuracy for small and overlapping objects,
yielding measurable gains over baseline SOLQ and Mask
DINO [26], while maintaining sub-50 ms inference on
1024x1024 inputs. AMS-SOLQ further reduces memory
consumption by approximately 40%, making it suitable
for edge deployment in construction site monitoring
scenarios.

3.1 Adaptive Query Mechanism

DETR-based instance segmentation models employ a
fixed number of object queries (e.g., 100 learnable
embeddings in DETR [9] and DAB-DETR [14]), which
leads to inefficiencies when processing scenes with large
variations in object density. In construction orthomosaic
imagery, this manifests as missed detections in densely
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populated regions (e.g., clustered equipment) and
redundant predictions in sparse areas (e.g., open work
zones), as also observed in Co-DETR [28] and RT-DETR
[17].

To address this limitation within the SOLQ
framework, AMS-DETR introduces an adaptive query
mechanism that dynamically modulates the effective
number of queries based on scene complexity. Encoder
feature maps are globally aggregated and passed through
a lightweight multi-layer perceptron (MLP) to estimate
image complexity using normalized feature entropy:

H() = —;pilog pi (1

Where pi represents normalized activation responses.
The number of active queries is then determined as:

N *= clip(NO + aH(I), Nmin, Nmax) 2)

With No¢=150 base queries and Nmax=300. Queries
beyond N* are progressively suppressed during decoding
using sigmoid-gated residual refinement to ensure stable
optimization.

Unlike prior approaches that rely on fixed query sets
[9], [14], the proposed mechanism allows the SOLQ
decoder to allocate representational capacity in
proportion to scene complexity, improving instance
separation in crowded regions while preventing over-
prediction in sparse layouts. This adaptive strategy
enhances matching efficiency and reduces query
redundancy without introducing heuristic filtering or
post-processing. Empirically, the mechanism improves
recall for small and overlapping objects compared to
DAB-DETR [14] and Co-DETR [28], while maintaining
real-time inference performance comparable to RT-
DETR [17].

3.2 Multi-Scale Hierarchical Attention

DETR-based models exhibit limited robustness to
scale variation due to rigid global attention mechanisms
in DETR [9] or insufficient cross-scale fusion in
Deformable DETR [13], leading to degraded
performance for small objects and occluded instances in
high-density construction scenes. This limitation exists
mainly in large orthomosaic images, where objects span
multiple orders of magnitude in spatial scale.

To address this, AMS-DETR augments the SOLQ
feature encoding stage that combines deformable
attention [13], [17] with global context-guided scale
aggregation inspired by GM-DETR [29]. Feature maps
extracted from a multi-scale backbone (e.g., ResNet-50)
at strides s € {8,16,32}are processed in parallel and
fused through scale-aware attention.

Each scale is first projected using a lightweight
1 X 1convolution to obtain scale-specific embeddings. A
global context vector q, obtained via global feature
aggregation, is then used to compute adaptive attention
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weights across scales. Specifically, for each scale s, a
scale attention weight ais computed as:
a; = Softmax (?/—IZS) 3)
where kgdenotes the pooled key embedding of scale
s, and dis the embedding dimension. The final scale-
aware representation is obtained via a weighted
aggregation of scale-specific features:

F = YsaVg 4

with Vsdenoting the projected feature map at scale s.
This formulation enables the encoder to dynamically
emphasize high-resolution features for small objects (e.g.,
safety posts) and lower-resolution features for larger
structures (e.g., work zones), thereby improving instance
localization across a wide range of object scales.

Overall, the proposed hierarchical attention improves
small-object recall and occlusion robustness compared to
standard DETR [9] and Deformable DETR [13], while
maintaining efficient inference through sparsified
attention similar to RT-DETR [17]. Compared to
convolution-heavy multi-scale fusion approaches such as
Mask DINO [26], the proposed method achieves
improved boundary precision without introducing high-
resolution bottlenecks, making it suitable for real-time
orthomosaic analysis.

4 Training Dataset

The data set used for this paper was collected weekly
over a period of 1 year using DJI Mini 4 Pro. The data
was collected in a time-series using manual path planning.
The images collected per flight are processed into
Orthomosaic images using Agisoft Metashape Pro [30]
which can be seen in Figure 3. This resulted in
approximately 45 Orthoimages with a resolution of
approx. 14.000 x 14.000 pixels which was then split into
1024x1024 pixels and processed for training. The objects
in the images were labelled using LabelMe software.

The labeled classes in Figure 2 were selected based
on their direct relevance to fall-from-height hazards and
site layout compliance monitoring, as guided by OSHA
[2] and ANSI [7] standards. Key safety elements include
guardrails, poles, and excavations (to detect unguarded
edges), while site elements such as cranes, steel plates,
and work areas support geospatial risk analysis (e.g.,
proximity to pathways) and integration with 4D-BIM
models. These classes represent the most frequent and
critical objects observed across the one-year dataset.

The resulting dataset contains approximately 1500
images which are filled with objects used for this work
after filtering out the images that do not contain any
objects. The dataset is split into 80% training and 20%
validation data.
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the model to detect and segment accurately.

Per-class results in Table 2 confirm that larger and
well-defined objects (e.g., office containers, rollers,
storage containers) achieve high AP scores, while smaller
or thin-structured objects (e.g., safety poles) exhibit
Loader significantly lower performance. This imbalance
i explains the gap between overall metrics and the strong
qualitative segmentation results observed for larger and
safety-critical structures in Figure 5.

This shows that the instance segmentation over a
large orthoimages of approx. 14000x14000 pixels has
proved to be a fruitful way for monitoring site layout of
construction site. The images also show the number of
instances of each object at the bottom right. The training
metrics can be seen in Figure 4 which shows the Box loss

Figure 2: Labelled objects used for this work to
monitor the construction site layout activity. Table 1: Performance metrics.

Box AP Mask AP
Model | Epochs | 4 50.0.95) | (0.50:0.95)

AMS-DETR | 140 0.54 0.42
SOLQ 170 0.42 0.29

Table 2: Per-Class AP

Class Box AP Mask AP
(0.5:0.95) | (0.5:0.95)
Articulated truck 0.54 0.47
Crane 0.37 0.29
Fence 0.61 0.41
Gate 0.45 0.23
Hydraulic excavator 0.57 0.39
Office container 0.89 0.79
Protective barrier 0.54 0.49
Roller 0.90 0.90
Safety pole 0.34 0.27
Stairs 0.68 0.58
Steel plates 0.38 0.36
w5058t n080522 Storage container 0.77 0.71
Figure 3: Cropped orthoimages from drone flights. Work area 0.76 0.74

5 Results s I oty e ou et 300

Performance is evaluated using standard COCO-style
Average Precision (AP) metrics. Bounding box AP and
mask AP are reported at IoU thresholds from 0.5 to 0.95
(AP@0.5:0.95), following common practice in instance
segmentation benchmarks. The performance of our
model during training can be seen in the Table 1.

The overall Box AP and Mask AP are primarily
affected by the relatively low performance on smaller
object classes such as safety poles, cranes, and certain
equipment categories. These objects occupy fewer pixels
in high-resolution orthomosaic images and often appear
with limited visual detail, making them more difficult for

Figure 4: Training metrics.
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and GIoU loss along with the BBox AP and Mask AP.
The classes that most significantly affect the overall
metrics are small-scale and thin-structured objects,
particularly safety poles and similar site elements. Due to
their limited spatial footprint in large orthomosaic images
(~14,000 x 14,000 pixels), these objects are harder to
localize and segment precisely, leading to lower AP
values and a disproportionate impact on the aggregated
performance metrics.

6 Limitations and Conclusion

The results demonstrate the efficacy of the proposed
AMS-DETR model in addressing the challenges of real-
time instance segmentation for construction site
orthomosaic  images, particularly in  dynamic
environments where fall hazards evolve rapidly. As
shown in Table 1, the model's performance metrics
highlight significant improvements in segmentation
quality and inference time compared to baseline DETR
variant. This mechanism dynamically adjusts query
counts based on scene entropy (as quantified in the
methodology), enabling the model to efficiently process
sparse scenes (e.g., isolated excavations) without
redundant predictions and dense clusters (e.g.,
equipment-crowded zones) without under-detection.

Figure 4 training metrics further illustrate the model's

convergence advantages: the box loss and generalized
IoU (GIoU) loss stabilize within 70—100 epochs, faster
than traditional DETR [9] or Deformable DETR [13],
Mask AP improvements are evident in Figure 5, where
boundary precision is maintained even in crowded
predictions, with a confidence threshold of 80%
effectively filtering noise while preserving accurate
instance separation. However, the overall metrics are
impacted by challenges in detecting and segmenting
small-scale objects, such as safety poles and certain
equipment instances. These objects often occupy very
few pixels in orthomosaic images and may suffer from
low contrast, occlusion, or scale variation, making them
difficult for transformer-based models to capture
effectively. This limitation is consistent with known
challenges in instance segmentation, where small objects
contribute disproportionately to performance
degradation despite accurate detection of larger
structures which align with observations in related works
[23, 24], where knowledge graph enhancements or grid-
based analyses mitigate similar issues in activity-specific
segmentation, suggesting potential synergies for future
iterations. This observation highlights a known limitation
of transformer-based detectors in high-resolution
imagery, where small-object representation and feature
resolution  remain  critical  bottlenecks  despite
improvements in multi-scale attention.

Figure 5: Full ortho instance segmentation for construction site layout status on 2025-05-17.
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Practically, the full orthomosaic instance
segmentation in Figure 5 exemplifies the system's
geospatial utility by geo-aligning segmented features
with 4D-BIM models, deviations (e.g., unguarded edges
<10 cm from pathways) can be detected with cm-level
accuracy, facilitating Voronoi-based risk heatmaps and
proximity analyses (e.g., cranes within 2 m of walkways)
which is part of the future works. This proactive
capability surpasses reactive manual inspections [6],
offering scalable compliance monitoring for small firms.
Integration with the SafeBIM platform [36] enables
interactive visualizations, such as predictive compliance
scores derived from temporal changes across the 1-year
dataset, empowering site managers to prioritize
interventions and reduce secondary risks.

Despite these strengths there are certain limitations.
The dataset, while comprehensive (1500 labelled images
from 45 orthomosaics), is site-specific and collected via
manual drone paths, potentially introducing biases in
viewpoint and weather conditions. Model inference,
though real-time (<50 ms/frame), may degrade on ultra-
high-resolution inputs without further optimization, and
the reliance on LabelMe for annotations could amplify
human error in ambiguous regions like "work areas."
Compared to sensor-fusion approaches [22, 31] our
vision-only pipeline is cost-effective but lacks depth cues,
limiting 3D hazard assessment. Future work could
incorporate multimodal data (e.g., LIDAR) or advanced
refinements like diffusion-based boundary sharpening
[32] to enhance amorphous class handling. Additionally,
expanding the dataset with diverse global sites could
improve generalization, aligning with ILO’s call for
region-specific safety adaptations [5].

Furthermore, aligning construction site layout
monitoring using instance segmentation and using it in a
Digital Twin for Construction Safety (DTCS) framework
has potential for practitioners to detect and track relevant
progress while comparing as-performed vs. as-planned
status effortlessly [33-36]. Providing previously not
available information in safety meetings (e.g., toolbox
and safety planning or review meetings) adds value to
select and apply the best control measures.
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