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Abstract -

Crane operations pose significant safety risks on construc-
tion sites, particularly when multiple mobile cranes operate
concurrently in confined and dynamic environments. This
paper presents a vision-based framework for real-time multi-
crane safety monitoring using Scene Coordinate Regression
(SCR). By directly regressing 3D scene coordinates from
monocular images, the proposed approach enables accurate
six-degree-of-freedom crane tip localization without requir-
ing repeated camera calibration during deployment. Visual
data acquired from crane-mounted cameras and aerial drone
surveys are jointly leveraged to construct scene-specific spa-
tial representations for SCR model training. The estimated
crane-end poses are integrated into a BIM-aligned digital
twin to support real-time visualization, operational envelope
analysis, and automated near-collision detection. Experi-
mental results demonstrate consistent centimeter-level local-
ization accuracy, with median errors of approximately 1-1.3
cm, confirming the suitability of the proposed framework for
interaction-aware multi-crane safety monitoring in construc-
tion environments.
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1 Introduction

Construction remains one of the most hazardous indus-
tries worldwide. In 2023, the construction sector recorded
1,075 fatal occupational injuries, the highest among all in-
dustries, according to the U.S. Bureau of Labor Statistics
(BLS) [1]. Construction-related accidents also impose sig-
nificant economic burdens, with workplace injuries cost-
ing nearly $1 billion per week as estimated by the Occu-
pational Safety and Health Administration (OSHA) [2].
These statistics highlight the urgent need for proactive and
technology-driven safety monitoring on construction sites.

On modern construction sites, multiple mobile cranes
often operate simultaneously in confined and dynamic en-
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vironments, where collision risks arise from interactions
among cranes, surrounding structures, and workers. Tra-
ditional safety approaches, such as manual supervision
and rule-based controls, are increasingly insufficient under
these conditions, motivating the development of real-time
monitoring and proactive collision avoidance systems [3]].

Sensor-based approaches have been widely adopted to
enhance crane operation management by integrating plan-
ning data, operational information, and monitoring tech-
nologies [4}5]. These include laser scanning for visibility
analysis [6] and multi-sensor systems for localization and
collision prevention [[7], often extended through IoT frame-
works for coordinated safety management [8]]. However,
such approaches rely on dedicated hardware, calibration,
and sensor fusion, resulting in high deployment complex-
ity and cost.

In parallel, vision-based approaches have emerged as
a lightweight alternative. Crane-mounted cameras en-
able continuous visual perception for tasks such as worker
detection and hazard awareness [9], while image-based
methods have been extended to 3D spatial understanding
using multi-view reconstruction or depth estimation [10].
Hybrid systems combining cameras with additional sen-
sors have also been proposed for crane localization and
workspace analysis [[11,[12]]. Nevertheless, several limita-
tions remain. First, many vision-based localization meth-
ods rely on explicit 2D-3D feature matching, making them
sensitive to occlusions, illumination changes, and visual
noise. Second, both vision- and sensor-based systems of-
ten require explicit geometric modeling and repeated cali-
bration, limiting adaptability to dynamic construction en-
vironments. Finally, existing approaches provide limited
support for unified spatial representation and interaction-
aware safety reasoning in multi-crane scenarios.[12]].

To address these challenges, this study proposes a
vision-based crane localization framework based on Scene
Coordinate Regression (SCR). By directly regressing 3D
scene coordinates from monocular images, the proposed
approach avoids explicit feature matching and enables ef-
ficient 6-DoF camera pose estimation from a single image.
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Figure 2. Drone and mobile crane operation path.

Visual data from crane-mounted cameras and drone sur-
veys are jointly leveraged to construct scene-specific spa-
tial representations without requiring additional sensing
hardware. The estimated crane-end poses are integrated
into a BIM-aligned digital twin to support real-time visu-
alization and interaction-aware safety monitoring in multi-
crane environments.

The main contributions of this study are summarized as
follows:

* A real-time multi-crane safety monitoring framework
that integrates vision-based localization with a BIM-
aligned digital twin, enabling interaction-aware anal-
ysis of crane operations in shared workspaces.

* A unified spatial representation for multi-crane en-
vironments, where crane tip poses estimated from
monocular images are directly mapped into a com-
mon BIM coordinate system for consistent safety rea-

soning.

* A lightweight deployment strategy using crane-
mounted cameras and drone imagery, eliminating the
need for additional sensing infrastructure while sup-
porting continuous monitoring in dynamic construc-
tion sites.

* A digital twin—driven safety monitoring pipeline that
enables real-time visualization, event logging, and
near-collision detection for multiple cranes operating
simultaneously.

2 Background

2.1 Advanced Crane Monitoring

The increasing complexity of construction sites has
driven extensive research on advanced crane monitor-
ing systems to improve operational safety and situational
awareness [5]. Early approaches relied on geomet-
ric and rule-based models to define crane working en-
velopes and collision constraints [3} [6], but their depen-
dence on accurate modeling and frequent manual updates
limits adaptability to dynamic site conditions. To im-
prove localization accuracy, sensor-based systems incor-
porating GNSS, IMUs, UWB, and laser scanners have
been widely adopted [7, (1], with multi-sensor fusion
and IoT-based frameworks enabling real-time crane mon-
itoring and fleet-level safety management [8]. However,
these approaches rely on dedicated sensing infrastructure
and precise calibration, resulting in high deployment cost
and limited scalability. As a result, their applicability to
rapidly changing construction environments and hetero-
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geneous crane fleets remains limited. Vision-based crane
monitoring has therefore emerged as a lightweight alterna-
tive, leveraging camera data and deep learning to support
crane operation awareness [9)]. While recent studies have
extended vision-based methods toward three-dimensional
spatial reasoning through image-based reconstruction or
depth-assisted perception [[10], many existing approaches
remain constrained by explicit geometric assumptions or
hybrid sensor dependencies [12| [I1]. Moreover, most
prior work focuses on single-crane scenarios, with lim-
ited consideration of interaction-induced safety risks in
multi-crane environments [4]].

2.2 Scene Coordinate Regression

Scene Coordinate Regression (SCR) is a deep-learning-
based camera localization paradigm that directly regresses
3D scene coordinates from image pixels, enabling camera
pose estimation without explicit 2D-3D feature matching
[L3]. SCR methods learn a mapping from image appear-
ance to scene-specific spatial representations, from which
six-degree-of-freedom (6-DOF) camera poses can be ef-
ficiently inferred [14]. By implicitly learning scene ge-
ometry, SCR demonstrates improved robustness to texture
ambiguity, repetitive structures, and illumination varia-
tions compared with feature-based localization pipelines
[1S]]. In addition, SCR-based localization can be operated
using a single RGB image, enabling efficient fast inference
for time-critical applications [[16]. Although these char-
acteristics make SCR well suited to dynamic and visually
challenging environments such as construction sites, the
application of SCR to construction equipment localization
remains largely unexplored. In crane operation monitor-
ing, SCR offers clear advantages. Crane-mounted and
aerial cameras naturally observe consistent site geometry
from diverse viewpoints, providing suitable visual input
for learning scene coordinate representations. Unlike con-
ventional vision-based crane localization methods, SCR
does not require explicit camera-to-crane calibration or
handcrafted geometric constraints, enabling flexible de-
ployment across heterogeneous cranes and evolving site
layouts. Furthermore, SCR-based localization can pro-
vide a unified spatial reference for interaction-aware safety
analysis in multi-crane environments.

3 Proposed Approach

This section presents an end-to-end SCR-Digital Twins
framework for real-time multi-crane safety monitoring,
covering visual data acquisition, scene coordinate learn-
ing, crane-end localization, and digital twin—based colli-
sion analysis. Starting with multi-camera scanning, data
from drone and crane-mounted cameras are then used to
train the model for fully scene understanding. The trained

model, which is adopted from [17] then is able to output
the camera positions, which are also crane-end positions.
Meanwhile, the 3D BIM model is built in Omniverse and
the crane operation areas are defined based on construc-
tion plan. Finally, the anti-collision algorithms are used to
analyze mobile crane-end positions with safety rules, then
perform automated anti-collision monitoring and critical
hazard event reports. The whole process is illustrated as

in Figure.

3.1 Data Processing

In order enable robust multi-crane monitoring with min-
imal site instrumentation, we construct a scene-specific
sparse 3D representation by jointly leveraging crane-end
mounted cameras that provide continuous close-range ob-
servations of the working area and a drone survey that en-
sures global coverage and mitigates blind spots as shown
in Figure.[2] The drone flight can be conducted following
site visit schedule to capture wide-baseline images of the
entire operation zone and update on-site changes, while
the crane-end cameras continuously record image streams
during lifting operations. In the next step, a Structure-
from-Motion (SfM) pipeline is then executed to recover a
sparse point cloud and camera poses. Specifically, key-
points and descriptors are extracted for each image, fea-
ture correspondences are established across views, and a
bundle-adjusted reconstruction yields a set of 3D points
with associated multi-view feature tracks. This SfM model
provides reliable 2D-3D associations that are later used as
supervision for scene coordinate learning.

3.2 SCR-based Visual Localization

This subsection describes the D2S-based scene coordi-
nate regression architecture adopted for real-time crane-
end visual localization. The pipeline is divided into 2
parts: (1) Offline training where Scene Coordinate Re-
gression model is trained with input images and their cor-
responding point cloud and (2) Online inference where the
live-streaming data is feed directly into trained model to
predict camera positions, as shown in Figure. [3]

3.2.1 Offline Training

Given the SfM reconstruction aligned with the BIM
coordinate frame, each training image p; € P pro-
vides a set of verified descriptor-scene coordinate pairs
V = {(d;,X;)} obtained from multi-view feature tracks.
Following the D2S formulation [[17], a scene coordinate
regressor is trained to learn a direct mapping from local
image descriptors to 3D scene coordinates. The archi-
tecture consists of a scene-agnostic local feature extractor
and a scene-specific regression module equipped with self-
attention to capture global descriptor context and suppress
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Figure 3. Overall SCR-based visual localization pipeline.

unstable regions such as moving objects or textureless ar-
eas. A shared MLP head outputs the regressed scene
coordinates X; together with an optional reliability score
pi. Once trained, the model is able to predict the new
3d feature coordinates from a single image without any
StM-guided descriptors.

3.2.2 Online Inference

During operation, each incoming crane-end camera
frame is processed independently in a purely feed-forward
manner. Sparse local features are first extracted from the
image and passed through the trained D2S model, which
directly regresses a set of 3D scene coordinates {X;}
from the corresponding descriptors without explicit fea-
ture matching against a global 3D map. This regression-
based formulation avoids costly nearest-neighbor search
and scale-dependent matching, making the inference com-
putationally efficient.

To ensure robustness, only the most reliable correspon-
dences are retained based on the predicted confidence
scores p; (or by selecting the top-N correspondences).
These sparse 2D-3D pairs are then fed into a RANSAC-
based PnP solver to estimate the 6-DoF camera pose (R, t),
followed by a lightweight nonlinear refinement. Since the
camera is rigidly mounted at the crane tip, the estimated
camera pose is directly transformed into the crane-end
pose in the BIM coordinate frame using a pre-calibrated
extrinsic transformation. This transformation is defined
once and remains fixed during operation, eliminating the
need for repeated calibration procedures in dynamic con-
struction environments.

By avoiding dense reconstruction and global map
matching, the proposed inference pipeline maintains low
computational overhead and stable runtime behavior suit-
able for real-time deployment. The use of sparse descrip-
tors, lightweight regression networks, and a single PnP
optimization per frame enables real-time performance, al-

lowing continuous crane-end pose tracking without re-
liance on dense reconstruction or iterative map matching.
This real-time localization capability forms the basis for
online multi-crane anti-collision monitoring and hazard
analysis within the digital twin environment.

3.3 Digital Twin Visualization and Real-Time Moni-
toring

Based on the BIM-aligned scene coordinate system, a
USD-based digital twin is constructed in NVIDIA Omni-
verse [[L8] to enable real-time visualization and monitoring
of multi-crane operations. Each mobile crane is repre-
sented as a parametric articulated model with a fixed base
and a dynamically updated arm. At each time step ¢, the
estimated crane-end position p! from the visual localiza-
tion module is integrated by updating the corresponding
USD transforms, rendering the crane arm as a line segment
connecting the base b; and the tip p!.

Following Algorithm [I] frame-wise crane operational
metrics—including height, horizontal working radius, and
azimuth angle—are computed directly in the BIM coor-
dinate frame and compared against historical maxima to
provide intuitive feedback on operating envelopes. All
updates are performed in a frame-synchronous manner to
ensure temporal consistency between geometry updates,
metric computation, and visualization.

To assess collision risk between multiple cranes, the sys-
tem evaluates the horizontal separation distance between
crane tips at each frame,

dr = [P} = PYe]]

where only the ground-plane components are considered
to reflect practical collision risk during lifting operations.
When the distance falls below a predefined safety threshold
Dy, the system transitions from a safe to a near-collision
state. These state transitions are logged with timestamps
and frame indices, enabling post-event analysis and safety
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auditing. In this study, the safety threshold D, is set to
10 m as a conservative safety margin to account for crane
motion uncertainties, load swing, and localization errors
in dynamic construction environments, following general
safety principles outlined in ISO 12480-1 [19].

| Intereactive window view | ‘ Crane mon

itoring tab |

[ Pythonscripteditor |
| Cranes’ world coordinates properties |

Figure 4. NVIDIA Omniverse window for DT-based
crane safety monitoring

In addition to geometric visualization, synchronized
live camera streams from crane-end cameras are dis-
played alongside the digital twin, providing operators
with complementary visual context. All visualization el-
ements—including crane geometry, distance indicators,
operational statistics, and safety status—are updated in
real time within a unified dashboard interface, as illus-
trated in Figure. ] The use of sparse crane-end pose up-
dates, lightweight geometric primitives, and event-driven
state evaluation allows the system to operate at interac-
tive frame rates without requiring dense reconstruction or
physics-based simulation. This tightly coupled integra-
tion of real-time visual localization, digital twin visualiza-
tion, and rule-based safety assessment enables continuous
multi-crane monitoring and forms the foundation for au-
tomated near-collision detection in complex construction
environments.

4 Implementation and Results

This section illustrates the experimental setup to eval-
uate model performance and results of proposed method.
First, a simulated construction site is built by Twin-motion
platform replicating the real construction site at Central
Florida Boulevard, USA, as shown in Figure. El In the
next step, drone and mobile crane working activities are
simulated to capture data for model training with image
resolution of 1080x1920. The dataset consists of ap-

Algorithm 1 Real-Time Multi-Crane Digital Twin Moni-
toring and Near-Collision Detection

Require: Frame-wise crane tip positions p’, crane base
transforms T;, synchronized camera images, safety
threshold Dy,

Ensure: Real-time crane visualization, operational met-
rics, near-collision events

1: Initialize USD-based digital twin environment and
crane geometries

2: Initialize event logger and playback parameters

3: for each frame 7 do

4:  for each crane i do

5: Retrieve crane base position b;

6: Update crane arm geometry from b; to p!

7: Compute height, horizontal range, and azimuth
angle

8: Update historical maximum height and range

9:  end for . )
10:  Compute horizontal distance

d; = ||(Ptl - ptz)xz”
11:  if d; < Dy, then

12: Set system state to near-collision

13:  else

14: Set system state to safe

15:  end if

16:  Log state transition events with timestamp if de-
tected

17:  Update dashboard indicators and synchronized

camera views
18: end for

Figure 5. Plan view of experimental construction site

proximately 2000 images collected from drone and crane-
mounted cameras. The data are split into training and
testing sets at the sequence level to avoid frame overlap.
Meanwhile, after real-time video stream is fed into train
D2S model to predict mobile crane tips, the output are
inputs in NVIDIA Omniverse to perform digital-twin vi-
sualization. The whole pipeline is implemented on a com-
puter with NVIDIA RTX 4090 GPU, Intel i9-139000KF
Chipset and 64GB RAM.
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4.1 Visual localization results

In order to evaluate the accuracy of SCR-based D2S
model in estimating spatial information of crane tips, we
we establish a testbed from videos recording two KATO
cranes operating and the camera poses extracted from
COLMAP serving as ground-truth value to estimate the
errors of model predictions. The SfM-derived camera
poses are used only for evaluation and are not directly
used to supervise camera pose learning.
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Figure 6. Qualitative results of SCR-based crane tip
localization of Crane 1 (Left) and Crane 2 (Right).

Axes are shown in units of 10 m for visualization
clarity.

Table 1. Quantitative results of SCR-based crane tip
localization.

Error threshold Cranel Crane?2
<lcm 48.89%  48.80%
<2cm 81.89%  82.10%
<3cm 93.11%  92.69%
<5cm 96.89%  97.60%
Median error (cm) 1.30 1.01

The Figure. [6] compares the estimated crane tip trajec-
tories with the reference trajectories for both cranes. The
results show that the estimated positions closely follow
the ground truth over the entire operation sequence, main-
taining stable alignment during slewing motions, height
changes, and direction transitions. In addition, the quan-
titative results are summarized in Table[l] For Crane 1,
81.89% of the estimated crane tip positions exhibit errors
below 2 cm, increasing to 96.89% within a 5 cm threshold.
Crane 2 achieves comparable performance, with 82.10%
of estimates below 2 cm and 97.60% within 5 cm. The
median localization errors are 1.30 cm and 1.01 cm for
Crane 1 and Crane 2, respectively. These results demon-
strate that the proposed SCR-based approach can provide
reliable centimeter-level crane tip localization, which is
sufficient to support downstream safety monitoring and
near-collision detection tasks.

4.2 Digital Twin Crane Safety Monitoring

The Figure. [/| presents the digital twin—based real-time
multi-crane safety monitoring results. By continuously
integrating the estimated crane-end poses into a BIM-
aligned digital twin, the system enables synchronized visu-
alization of crane geometry, operational metrics, and live
top-views for multiple cranes operating concurrently. Dur-
ing normal operation, a safe state is maintained when the
inter-crane distance exceeds the predefined safety thresh-
old, while real-time feedback on crane height, working
radius, and azimuth angle is provided. After that, when
the horizontal separation between crane tips falls below
the safety threshold, the system automatically transitions
to a near-collision state, which is immediately reflected in
the digital twin visualization and monitoring dashboard.
All state transitions are logged in a structured CSV for-
mat with timestamps and inter-crane distances, enabling
post-operation analysis and safety auditing. The system
achieves approximately 21.58 FPS on an RTX 4090 GPU,
demonstrating near real-time performance for multi-crane
monitoring .These results demonstrate that the proposed
framework can effectively integrate vision-based localiza-
tion with digital twin—based safety monitoring for real-
time multi-crane operations.

Table 2. Runtime analysis of the proposed frame-
work on 19-13900KF, RTX4090

Module Time (ms)
Feature extraction + SCR inference 28.92
PnP + refinement 15.28
Digital Twin update 2.14
Total per frame 46.34 ms
Average FPS 21.58 FPS

5 Discussion

The proposed framework assumes a fixed rigid transfor-
mation between the camera and crane tip, as well as prior
alignment between the SfM reconstruction and the BIM
coordinate system. These assumptions may introduce de-
ployment constraints in real construction sites. The results
demonstrate that the SCR-based framework can support
near real-time multi-crane safety monitoring using monoc-
ular visual inputs, achieving centimeter-level localization
accuracy sufficient for inter-crane distance evaluation and
safety threshold enforcement. Compared with feature-
based localization methods, the proposed approach avoids
explicit feature matching and shows improved robustness
to illumination changes and occlusions. In contrast to
sensor-based systems, it reduces hardware dependency and
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Figure 7. Digital twin—based real-time visualization of multi-crane safety monitoring.

calibration complexity. From a methodological perspec-
tive, scene coordinate regression enables a unified scene-
centric representation without explicit geometric model-
ing or repeated calibration, making it suitable for dynamic
construction environments. The integration with a BIM-
aligned digital twin further supports consistent spatial rea-
soning, real-time visualization, and rule-based safety as-
sessment for interaction-aware monitoring. Nevertheless,
the current implementation focuses on crane-tip separa-
tion and does not explicitly model dynamic effects such
as load swing or interactions with workers. In addition,
the evaluation is conducted in a simulated environment,
and real-world conditions such as illumination variation,
occlusions, and weather may affect performance. These
limitations will be addressed in future work.

6 Conclusion

This paper presented a vision-based framework for real-
time multi-crane safety monitoring using Scene Coordi-
nate Regression (SCR) integrated with a digital twin. By
directly regressing 3D scene coordinates from monocu-
lar images, the proposed approach enables accurate crane
tip localization without relying on explicit feature match-
ing or additional sensing hardware, thereby reducing sys-
tem complexity, calibration requirements, and deploy-
ment overhead. Experimental results demonstrate consis-
tent centimeter-level localization accuracy across different
crane motions and configurations, indicating robust perfor-
mance under dynamic operational conditions and varying
viewpoints. When integrated into a BIM-aligned digital
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twin, the estimated crane-end poses support real-time vi-
sualization, operational envelope analysis, and automated
near-collision detection among multiple cranes operat-
ing within shared workspaces, enabling interaction-aware
safety assessment in complex site layouts. Furthermore,
the unified spatial representation provided by the digi-
tal twin facilitates consistent safety rule enforcement and
traceable event logging without manual reconfiguration.
Overall, the proposed framework offers a lightweight and
scalable alternative to conventional sensor-heavy crane
monitoring systems and provides a practical foundation for
proactive, data-driven, and interaction-aware multi-crane
safety management in complex and evolving construction
environments.
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