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Abstract: Long-span bridges are usually constructed over waterways that involve substantial ship traffic, resulting in a risk of 
collisions between the bridge girders and over-height ships. The consequences of this can be severe structural damage or even 
collapse. Accurate measurement of ship dimensions is an effective way to monitor approaching over-height ships and avoid 
collisions. However, the performance of current techniques for estimating the size of moving objects can be undermined by large 
sensor-to-object distance, limiting their applicability. In this study, we propose a digital twin-assisted ship size measurement 
framework that can overcome such limitations through a predictive model and virtual-to-real-world transfer learning. Specifically, 
a 3D synthetic environment is first established to generate a synthetic dataset, which includes ship images, positions, and 
dimensions. Then the pixel information and spatial coordinates of ships are adopted as regressors, and ship dimensions are selected 
as the output variables to pre-train deep learning models using the generated dataset. Coordinate system transformations are applied 
to address dataset bias between the simulated world and real-world, as well as improve the model’s generalization. The pre-trained 
models are compared using supervised virtual-to-real-world transfer learning to select the version with optimal real-world 
performance. The mean absolute percentage error is only 3.74% across varying camera-to-ship distances, which demonstrates that 
the proposed method is effective for over-limit ship monitoring.

Key words: Ship–bridge collision early warning; Over-height ship monitoring; Ship size measurement; Digital twins; Computer 
vision; Transfer learning

1 Introduction 

Collisions between bridges and over-height ships 
are becoming more frequent because of the rapid de‐
velopment of waterborne transport and the increasing 
number of bridges that span busy waterways (Wang 
et al., 2008). These accidents often lead to severe struc‐
tural damage, substantial economic losses, and even 
human casualties (Fan et al., 2020). To mitigate the 
consequences of ship–bridge collisions, great empha‐
sis has been placed on improving the impact resistance 
of bridge sub-structures such as piers and pylons (Fan 

et al., 2008; Guo and He, 2020). However, the ship 
collision design of bridge super-structures, such as 
bridge girders, is commonly neglected (Sha et al., 2019). 
The high kinetic energy of passing ships whose height 
exceeds the clearance could therefore lead to cata‐
strophic bridge collapse, highlighting the need to mon‐
itor and warn over-height ships in waterways with 
bridges (Pedersen et al., 2020; Zhang et al., 2022).

Typical methods for monitoring over-height ships 
adopt a predefined height threshold, which is estab‐
lished by projecting laser beams across the navigation 
channel (Urazghildiiev et al., 2007). Ships that inter‐
sect these beams are identified as oversized. In practice, 
such laser-based systems are costly and the beams are 
easily attenuated or scattered by atmospheric condi‐
tions, leading to frequent false alarms (Sazonov, 2011). 
Direct measurement of ship dimensions is expected 
to support early detection of over-height ships, which 
in turn would enhance the reliability of ship–bridge 
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collision warnings (Pallotta et al., 2013; Inazu et al., 
2016). Nevertheless, studies focusing on ship size mea‐
surement in this context remain scarce. Current meth‐
ods for estimating the size of moving objects mainly 
include light detection and ranging (LIDAR) scanning, 
and computer vision (CV)-based methods (Chan and 
Lee, 2013; Yurdakul et al., 2021; Shao et al., 2024). 
Although LIDAR can be used to extract object sizes 
through point cloud analysis, its associated equipment is 
expensive and its effective range is typically limited to a 
few hundred metres (Yurdakul et al., 2021). In practical 
ship size calculation scenarios, the LIDAR-to-object 
distance usually exceeds this range. As a result, the mea‐
surement performance may be undermined due to re‐
duced resolution and incomplete data (Gargoum et al., 
2018). CV techniques, such as monocular vision, stereo 
vision, view geometry, and depth camera techniques, 
provide cost-effective measurement solutions (Lu and 
Dai, 2023; Liao et al., 2024, 2025). These approaches 
are often integrated with deep learning (DL) to enhance 
the ability to extract the dimensions of objects (Bian 
et al., 2010). For instance, the width and length of bridge 
cracks can be determined by combining monocular vi‐
sion and object detection algorithms (Ni et al., 2019), 
while vehicle height can be calculated by construct‐
ing 3D bounding boxes and estimating the vanishing 
points (Lu and Dai, 2023). These CV-based methods 
exhibit high precision when operating at relatively short 
camera-to-object distances (Ye et al., 2021). Since these 
methods rely on camera parameter estimation to cal‐
culate object dimensions, their accuracy can be signif‐
icantly influenced by variations in ship-to-camera dis‐
tances (Bian et al., 2021). Consequently, CV-based 
methods may have limited applicability to ship size 
measurement (Hou et al., 2025).

Regression modeling is an efficient data-driven ap‐
proach that exploits the intrinsic relationship between 
predictors and outputs (Chen et al., 2010), being used 
for measuring grain sizes (Gajalakshmi et al., 2017), 
footprint sizes (Fascione et al., 2014), and body weights 
(Ibrahim et al., 2021), among many other applications. 
Current regression methodologies for ship dimension 
measurement involve constructing regression datasets 
using Sentinel-1 synthetic aperture radar (SAR) images 
and automatic identification system (AIS) data, fol‐
lowed by training DL models to capture the nonlinear 
relationships between the input variables and ship size 
parameters (Li et al., 2018; Ren et al., 2022). These 

approaches do not require camera parameter estima‐
tion, effectively mitigating the influence of object dis‐
tance on the accuracy of ship size measurement. How‐
ever, SAR images usually contain few 2D pixel features 
of objects, and AIS data only includes ship length and 
width information (Li et al., 2018; Zhang et al., 2022). 
Such factors reduce the ability of these approaches to 
estimate ship height, thus impacting the monitoring 
efficacy. Additionally, such approaches require large 
training datasets, which often involve time-consuming 
collection efforts (Gajalakshmi et al., 2017).

Digital twins (DT), with their capacity to depict 
physical and structural conditions, virtual space, and 
their interrelations, present a promising solution for 
3D simulations and synthetic data generation (Zhai 
et al., 2025). Based on these simulated data, pre-trained 
models can be developed and applied to various real-
world cases through virtual-to-real-world transfer learn‐
ing (Gaidon et al., 2016). For instance, Iuzzolino et al. 
(2018) collected images from the Unity environment 
to train models for classifying trail directions, later ap‐
plying them in real-world scenarios. Similarly, Huang 
et al. (2024) generated synthetic rail surface images to 
train defect detection models, which were subsequently 
transferred to real-world applications. With this con‐
text, it is reasonable to construct a DT scenario to gen‐
erate the required data and pre-train models for pre‐
dicting ship sizes. Nevertheless, a substantial domain 
gap often exists between synthetic and real-world data, 
leading to dataset bias in transfer learning and poten‐
tially undermining the generalization ability of pre-
trained models (Iuzzolino et al., 2018; Liao et al., 2025). 
To mitigate such impact, various domain adaptation 
methods have been proposed, which are typically classi‐
fied into three categories: discrepancy-based adapta‐
tion, adversarial-based adaptation, and reconstruction-
based adaptation (Lu et al., 2023; Huang et al., 2024). 
While these methods have commonly been used to min‐
imize cross-domain discrepancies in image data, they 
have not been explored for the specific task of ship size 
prediction.

In this study, we propose a DT-assisted mea‐
surement framework for over-height ship monitoring 
to mitigate the effects of camera-to-ship distance and 
address data collection challenges; this is accomplished 
through a combination of regression modeling and 
virtual-to-real-world transfer learning. The major con‐
tributions of this work can be summarized as follows:
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(1) A 3D virtual environment for ship–bridge col‐
lision monitoring is established to supplement the da‐
taset. This environment generates multi-source data—
including ship images, ship positions, and ship sizes—
which are then integrated to construct a regression da‐
taset for measuring ship dimensions.

(2) Domain mapping relationships between simu‐
lated and real data are established to reduce the do‐
main gap. The pixel points and spatial coordinates of 
ships in the real-world data are transformed into the 
simulated space, which helps reduce the bias between 
the synthetic and real data.

(3) DL models are employed to exploit nonlinear 
relationships between the input variables (the spatial 
positions and 2D pixel information of the ships) and 
ship size parameters. The optimal DL model, as trained 
on the synthetic datasets, is generalized to predict ship 
sizes in real-world scenarios through supervised trans‐
fer learning.

2 Framework for ship size measurement 

In this work, we aim to employ a DT-assisted 
framework for automatic prediction of ship sizes, so as 
to monitor for collisions between oversized ships and 
bridge girders. This framework is developed based on 
similarities between real-world and virtual spaces, as 

depicted in Fig. 1. In particular, the virtual space serves 
as a digital representation of the real-world space, em‐
phasizing its role in simulating ship navigational envi‐
ronments across various dimensions and time scales.

As shown in Fig. 1, the framework can be bro‐
ken down into the following steps:

I. Virtual modeling: A 3D digital scene depicting 
the bridge navigational environment is established based 
on building information modeling (BIM) (Volk et al., 
2014) and Unity3D simulation (Liao et al., 2026). Syn‐
thetic images are generated through the virtual camera. 
Ship models with various positions and sizes are also 
created in the simulated space.

II. Ship monitoring: The You Only Look Once 
version 8 (YOLOv8) (Mu et al., 2023) machine learn‐
ing algorithm is employed to detect ships on the syn‐
thetic images, extracting 2D pixel information of ships 
within the 3D simulated world.

III. Object matching: An object matching method 
is developed based on the mapping between the 3D 
scene and 2D images. Key pixel points of ships are sub‐
sequently extracted in order to match detected ships 
with synthetic ships in the scene.

IV. Regression modeling: The spatial positioning, 
dimensions, and 2D pixel information of ships in the 
images are fused to establish a synthetic regression da‐
taset. This dataset is used to pre-train DL models, with 
the optimal model selected based on prediction accuracy.

Fig. 1  Flowchart of the proposed framework. W: ship width; H: ship height
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V. Transfer learning: A real-world dataset is con‐
structed to match the regression dataset. The data bias 
between the synthetic space and the real-world is miti‐
gated through coordinate system transformations. Then, 
virtual-to-real-world transfer learning is applied to pre‐
dict ship sizes in the real-world.

Upon accurately measuring ship dimensions, 
bridge managers can then promptly identify ships that 
exceed the height or width limits, and issue remote 
warnings to prevent collisions.

3 Methods 

3.1 Synthetic environment establishment

The first step of this process is to acquire image 
datasets. The fully integrated professional game engine 
Unity3D has shown impressive performance in simu‐
lating 3D scenarios (Bynum et al., 2013). Hence, we 
employed it to build a reliable simulation environment 
for generating ship images. The bridge environment and 
camera were modeled first. The bridge environment is 
exported from a BIM model to Unity3D in ‘.fbx’ format, 
with format transferring accomplished by an industry 
foundation classes-authoring software (Revit) (Liao 
et al., 2026). With the geometric and semantic resources 
imported, the physical properties required for the vir‐
tual camera and ship navigation modeling are estab‐
lished. This process is illustrated in Section S1 of the 
electronic supplementary materials (ESM).

For bridge collision early warning, it is consid‐
ered sufficient to issue alerts for ships within 1000 m 
of the bridge (Zhang et al., 2022). Therefore, in the 3D 
synthetic scenario, ship models are systematically ar‐
ranged in a grid between 100 and 1000 m from the 
bridge to generate a substantial number of samples. 
Most ships passing through bridge waterways have 
lengths under 100 m (Wu et al., 2019); thus, each grid 
has a length of 100 m and corresponds to the width of 
the navigational opening, resulting in nine grids total. 
A schematic diagram of the grid-based ship distribu‐
tion is illustrated in Fig. 2.

Ship models are densely distributed within each 
grid, with their positions and sizes being randomized. 
The ships are permitted to move vertically within [0  m, 
1  m] to simulate wave-induced motion, and their ori‐
entation angles are varied within [−15°, 15°] to re‐
flect more realistic trajectories (Liao et al., 2025). The 

location and size of each ship are recorded by a C# 
script. Each grid is populated individually to minimise 
occlusion between ships in the simulated images. The 
random distribution of ships can be repeated multiple 
times until enough ship samples are obtained within 
each grid interval.

3.2 Fusion of synthetic data via ship detection and 
object matching

YOLOv8 is a widely used object detection model 
that has demonstrated excellent detection performance 
across various large-scale datasets (Wang et al., 2025). 
To illustrate the generalization of the proposed frame‐
work, YOLOv8 is adopted to extract the 2D pixel in‐
formation of the ships (Mu et al., 2023). The structure 
of the YOLOv8 network is displayed in Fig. S3 of the 
ESM (Ma et al., 2024).

The alignment between a ship’s 3D spatial and 2D 
pixel information can be established by mapping the 
relationship between the local and pixel coordinate sys‐
tems (Yoon et al., 2018), as illustrated in Fig. S4 of 
the ESM.

The local coordinates of a ship represent the cen‐
troid of the ship model, denoted as P(X, Y, Z), while 
the corresponding pixel coordinates (u, v) are located 
within the ship bounding box. The pinhole camera 
model is utilized to map between pixel and local coor‐
dinates (Xu et al., 2025), which is defined by:
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where s is an arbitrary scale factor, K is the camera in‐
trinsic matrix, R is the 3×3 rotation matrix, and t is 

Fig. 2  Grid-based ship distribution
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the 1×3 translation vector. The formulas for K, R, and 
t are provided in Section S3 of the ESM.

The bounding box of a ship contains numerous 
pixels. To enhance computational efficiency, it is essen‐
tial to select a representative pixel to denote the pixel 
coordinates of the ship. Here, nine pixels are extracted 
from the bounding box to determine the optimal repre‐
sentative point, denoted as (up, vp) (p=0, 1, 2, … , 8), 
as shown in Fig. 3.

The local coordinates of a ship in the computer-
simulated scene are projected onto the image plane via 
the pinhole camera model to obtain P*(u*, v*). The 
YOLOv8 detector provides 2D bounding boxes, from 
which nine candidate pixels are extracted. Among these, 
the optimal representative point is selected and denoted 
as Po(uo, vo). The Euclidean distance between P* and Po 
is then used to associate 3D ships with their 2D detec‐
tions. This matching process is illustrated in Fig. 4.

P* is solved to minimize the Euclidean distance 
from Po, as the following objective function:

F (u  v ) =min
é
ë
êêêê ( )uo

m - u*
n

2
+ ( )vo

m - v*
n

2 ù
û
úúúú  (2)

where m and n represent the indices of the ship models, 
and m≠n. It is assumed that the corresponding P at this 

point matches Po. Subsequently, the fusion of ship sizes, 
positions, and 2D pixel information can be achieved.

3.3 Regression modeling for ship size

After ship detection and object matching, each ship 
is associated with corresponding 3D spatial informa‐
tion (spatial coordinates, width, and height) and 2D 
pixel information (pixel coordinates, pixel height, and 
pixel width). A regression dataset is then constructed, 
using the 2D pixel information and spatial coordinates 
of the ships as input factors, and their sizes as output 
variables. The composition of the regression dataset is 
illustrated in Fig. 5.

The selected inputs include the bounding box fea‐
tures of the ship (12 factors), a set of adaptively sam‐
pled pixels within each bounding box (depending on 
the box size), as well as the X and Y coordinates of the 
ship in the digital environment. In Fig. 5, (x, y) are the 
normalized center coordinates of the bounding box, (w, 
h) are the normalized width and height of the bound‐
ing box, (w*, h*) are the pixel width and height of the 
bounding box, (W, H) are the ship width and height, 
and (uri, vri) (i=1, 2, … , N) represent pixels sampled 
within each bounding box. Given that farther-away 
ships occupy fewer pixels than closer ones in the same 
field of view, ships appear at different scales in the 
image. To maintain approximately uniform sampling 
density across these varying scales, the number of sam‐
pled pixels N is adaptively determined by:

N =max ( )Nmin   min ( )Nmax   é ùwhNref  (3)

where Nmin is the minimum number of sampled pixels 
(set to 32) to ensure sufficient features for small-scale 
ships at far range, Nmax is the maximum number of sam‐
pled pixels (set as 256) to prevent excessive sampling 
from large-scale ships and to control computational cost 

Fig. 5  Composition of the regression dataset

Fig. 3  Nine pixels extracted from a bounding box. References 
to color refer to the online version of this figure

Fig. 4  Matching between P and Po
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(Gargoum et al., 2018), Nref is the reference sampling 
number (set to 100), and éù·  is the ceiling operator. This 
adaptive sampling strategy helps mitigate unfair density 
biases in the regression model. Both the real-world and 
synthetic data share the same format as this regression 
dataset.

DL algorithms, such as the multi-layer perceptron 
(MLP), convolutional neural network (CNN), and long 
short-term memory (LSTM), have been extensively ap‐
plied for regression analysis in various fields (Ye et al., 
2023; Zhang et al., 2025). Seven benchmark models, 
including MLP, CNN, LSTM, Bidirectional LSTM 
(BiLSTM), CNN-LSTM, CNN-BiLSTM, and Trans‐
former, are selected for comparison (Zhai et al., 2025) 
(refer to Fig. S8 in Section S7 of the ESM). The model 
that performs the best on the synthetic dataset will be 
selected to make predictions of ship dimensions.

3.4 Ship size measurement through transfer learning

3.4.1　Cross-domain discrepancy minimization

Due to the challenge of ensuring identical intrin‐
sic and extrinsic parameters between virtual and real 
cameras, as well as differences in coordinate systems 
between the virtual and real-world, domain discrepan‐
cies will exist between the real-world and virtual regres‐
sion datasets. To mitigate this dataset bias, the pixel 
points and spatial coordinates of ships in the real-world 
data are transformed into the virtual space through do‐
main mapping relationships. The transformation of pixel 
points is achieved through a cross-camera coordinate 
transformation. This process is defined by

é

ë

ê

êê
ê
ê

ê ù

û

ú

úú
ú
ú

úua ® s

va ® s

1
= Z -1

s Ks
é
ë
êêêê ù

û
úúúúRs ts

0 1

-1
é
ë
êêêê ù

û
úúúúRa ta

0 1 (Za K -1
a

é

ë

ê

êê
ê
ê

ê ù

û

ú

úú
ú
ú

úua

va

1 )   (4)

where (ua→s, va→s) are coordinates transformed from the 
pixel coordinates (ua, va) of the ship’s bounding box in 
the real-world camera images to the pixel coordinate 
system of the virtual camera, Zs and Za represent the 
depth values of the objects captured by the virtual and 
real-world cameras, respectively, Ks and Ka denote the 
intrinsic matrices, Rs and Ra correspond to the rotation 
matrices, and ts and ta represent the translation vectors 
of the virtual and real-world cameras, respectively.

Ship images are typically captured using bridge-
mounted cameras. It is assumed that the positional 

coordinates of the real-world camera can be trans‐
formed into the local coordinate system of the synthetic 
space. In this case, the coordinates of the real-world 
camera are expected to coincide with those of the vir‐
tual camera, establishing a reference point pair for trans‐
forming data between the real and simulated worlds. 
The derivation of the formula for mapping real-world 
ship coordinates to the virtual environment is presented 
in Section S4 of the ESM.

3.4.2　Virtual-to-real-world transfer learning

Upon completing the cross-domain feature trans‐
formation, a real-world dataset can be constructed to 
match the regression dataset (Fig. 6) using 2D pixel in‐
formation, spatial positions, and real-world ship sizes. 
Nevertheless, gathering such data is a labor-intensive 
and time-consuming process, and lack of adequate data 
could undermine the effectiveness of the DL models 
(Zhang et al., 2024). Transfer learning has emerged to 
mitigate the considerable dependency of DL models on 
data size and maximize the utilization of available data 
(Shen et al., 2020). Essentially, a well-trained model can 
serve as a starting point for a new task, especially when 
the amount of data required for this new task is small.

The optimal model trained on the synthetic regres‐
sion dataset is selected to predict ship size in real-world 
scenarios. A portion of the real-world data is used to 
fine-tune the pre-trained model, while the remaining 
data is utilized as a test set to demonstrate the feasibil‐
ity of virtual-to-real-world transfer learning. The trans‐
fer process is depicted in Fig. 6.

4 Case study 

4.1 Synthetic data generation and integration

A BIM model of a long-span bridge is constructed 
and imported into the Unity3D engine, with various 
scenes prepared for time progression of the simulation. 

Fig. 6  Process of virtual-to-real-world transfer learning
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Within each scene, the objects, algorithms, 3D models, 
and lighting are designed to be adequately realistic 
(Bynum et al., 2013). Fig. 7 presents the 3D simulated 
environment, which was developed to simulate a bridge, 
ships, cameras, channels, and aquatic areas.

In the real-world, factors such as wiring connec‐
tions and installation space limitations make the area 
above bridge piers the most suitable for camera instal‐
lation (Liao et al., 2026). Consequently, in the simulated 
environment, the virtual camera is positioned above the 
bridge piers. The parameters of the virtual camera are 
defined in Table 1.

To balance data quantity, computational resources, 
and processing time, 300 synthetic images were gen‐
erated, which contained 1350 ships of various dimen‐
sions and positions for virtual pre-training. Image sam‐
ples of synthetic ships at varying camera-to-ship dis‐
tances, together with the corresponding YOLOv8 de‐
tection results, are provided in Section S5 of the ESM.

According to the virtual camera parameters in the 
Unity3D game engine, K, R, and t can be solved for. 
The mapping relationship between the 3D world coor‐
dinates and 2D pixel coordinates is written as:
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from which the pixel point P* of each ship can be cal‐
culated.

After this, using Eq. (5), points P* with the mini‐
mum Euclidean distance from Po are determined to 
match with P. This calculation is performed individu‐
ally on the nine extracted pixels. Fig. S7 of the ESM 
presents a scatter plot of the Euclidean distance distri‐
bution for the nine pixels following target matching. 
Among them, (u4, v4) emerges as the optimal represen‐
tative 2D pixel point of a ship. A simple comparison 
of the Euclidean distance between (u4, v4) and P* for 
each ship facilitates the alignment of its 3D spatial 
and 2D pixel information. Each ship is manually in‐
spected in the Unity3D settings, and the method is 
found to be effective in matching detected ships with 
synthetic ships in the scene. Then, multiple data sources 
can be integrated, including ship images, dimensions, 
and positions. As a result, each ship is associated with 
its spatial position, 2D pixel information, and size, 
which collectively establish a regression dataset com‐
prising 1350 ship samples, following the format pre‐
sented in Fig. 5.

4.2 Pre-training of regression models using the 
synthetic dataset

As mentioned previously, seven benchmark DL 
models are selected for comparison (Zhang et al., 2025); 
note that their corresponding model parameter config‐
urations are detailed in Section S7 of the ESM. Four 
criteria, mean absolute error (MAE), root mean square 
error (RMSE), mean absolute percent error (MAPE), 
and coefficient of determination (R2)—are utilised 
to evaluate the performance of the different models 
(Nguyen et al., 2019). Smaller MAE, RMSE, and 
MAPE values indicate higher measurement accuracy 
of the ship sizes. The R2 index, ranging between 0 and 1, 
measures the goodness of fit of the regression model. 
If R2≥0.90, the measurement is considered very ac‐
ceptable; if 0.60 < R2< 0.90, it is acceptable; if R2≤
0.60, it is unacceptable (Li et al., 2018). The model 
that exhibits the best performance on the regression 

Fig. 7  3D simulated environment

Table 1  Parameters of the virtual camera

xc (m)

−33.905

yc (m)

22

zc (m)

21.5

VH (°)

40.598

VV (°)

30.372

fx (pixels)

2482

fy (pixels)

−7784

cx (pixels)

960

cy (pixels)

540

(xc, yc, zc) denote the local coordinates of the installation position for the virtual camera, VH represents the horizontal field of view of the virtual 
camera, VV represents the vertical field of view, fx and fy are the focal lengths of the camera in the horizontal and vertical directions, respectively, 
and (cx, cy) is the principal point, which is the point where the optical axis intersects the image plane
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dataset will be selected. Formulas for these metrics are 
provided in Section S7 of the ESM. Fig. S9 of the ESM 
describes the distribution of actual values, predicted 
values, and their relative errors for ship sizes across the 
test dataset for the seven models. The MAE, RMSE, 
MAPE, and R2 of these models are compared in 
Fig. S10 of the ESM.

4.3 Real-world ship size measurement

In this study, the open-source FVessel dataset (Guo 
et al., 2023), which provides known ship sizes, posi‐
tions, and 2D pixel information through the fusion of 
camera and AIS data, is used to validate the effective‐
ness of the proposed framework. This dataset integrates 
ship videos captured from bridge-mounted cameras and 
AIS data, providing the 2D pixel information of ships 
in the videos, along with their spatial positions (Guo 
et al., 2023). The maritime mobile service identifica‐
tion (MMSI) from the AIS data allows querying of ship 
width information registered with maritime authori‐
ties (Li et al., 2018; Ren et al., 2022). As a result, this 
open-source dataset enables rapid acquisition of influ‐
ential factors and ship size parameters required for the 
regression task. Three sets of videos (Video 1: 607 s 
in length, Video 2: 1192 s, Video 3: 677 s), along with 
their corresponding AIS data, are used to supplement the 
real-world dataset. A detailed description of the real-
world dataset is provided in Section S8 of the ESM.

The number of input variables remains unchanged, 
while the output labels are set to one, representing the 
actual width of the ships in the videos. Consequently, 
the final fully connected layer of the CNN-LSTM is 
adjusted to output a single dimension. The initial layers 
of the pre-trained CNN-LSTM are frozen, with only 
the final layers being updated. Additionally, the learn‐
ing rate is reduced to one-tenth of the original (i.e., 
0.001), and the model is fine-tuned using the stochastic 
gradient descent (SGD) optimizer (Liao et al., 2025). 
To compare the performance of the fine-tuned model 
with the original CNN-LSTM, the real-world data is 
also used to train the latter. Both sets of models are 
trained for 200 epochs, employing the same training and 
testing data split, with 80% of the data for training and 
20% for testing. The MAE, RMSE, MAPE, and R2 of 
these two models are compared in Fig. S11 of the ESM. 
Measurement results of the transfer learning model 
at varying camera-to-ship distances are provided in 
Table S4 of the ESM.

Even at far camera-to-ship distances, ranging from 
300 to 1000 m, the MAPE is 3.74%. This indicates that 
the proposed regression-based approach effectively mit‐
igates the adverse impact of long camera-to-ship dis‐
tances on accuracy. For waterway ships, whose widths 
and heights typically exceed several tens of metres, 
this level of error is considerably smaller than the hor‐
izontal and vertical clearances (often 1–2 m or more) 
commonly adopted by bridge authorities (Wu et al., 
2019; Zhang et al., 2022). This indicates that the pro‐
posed method shows potential for real-world collision-
prevention applications. The relative error distributions 
between the predicted and actual values on the test data, 
for both the fine-tuned model and the original CNN-
LSTM, are compared in Fig. 8.

Fig. 8 illustrates that the relative error in ship 
width predicted by the fine-tuned model is significantly 
smaller than that predicted by the original CNN-LSTM. 
Specifically, the former’s relative error mostly falls 
within −6.5% to 6.5%, whereas the latter predominantly 
falls between −20% and 20%. Overall, the transfer learn‐
ing method effectively overcomes the domain gap be‐
tween the virtual and real-world environments, enabling 
accurate ship size estimations even with limited real-
world data.

5 Conclusions 

In this work, we proposed a DT-assisted automatic 
framework for estimation of ship dimensions, so as to 
monitor for potential collisions between oversized ships 
and bridge girders. Specifically, a 3D virtual environ‐
ment was first established for generating multi-data 

Fig. 8  Distribution of relative error between the predicted 
and actual values
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sources, including ship images, dimensions, and posi‐
tions. Afterwards, ship detection was executed on the 
images, followed by matching of ships in images with 
synthetic ships in the scene. The spatial positions, 2D 
pixel information, and dimensions of the ships were 
then fused to create a regression dataset for pre-training 
DL models. The pre-trained models were compared in 
performance to identify the optimal model type. Coor‐
dinate system transformations were applied to address 
dataset bias between the simulated and real-world. A 
portion of the real-world data was subsequently used 
to fine-tune the optimal pre-trained model, while the re‐
maining data served as a test set to demonstrate the 
feasibility of virtual-to-real-world transfer learning.

The YOLOv8 model effectively extracts 2D pixel 
information of ships from the images, and this infor‐
mation is matched with their 3D spatial coordinates to 
serve as predictors for regression modeling of ship size. 
The DL models are found to accurately predict ship 
sizes, with the best-performing model selected from com‐
parative experiments on the synthetic dataset, and then 
applied to real-world ship size measurement through 
transfer learning. The virtual-to-real-world transfer learn‐
ing framework reduces the data discrepancy between 
the simulated and real environments and boosts the mea‐
surement accuracy across varying camera-to-ship dis‐
tances, even with limited real-world data.

Despite the success of the proposed prediction 
framework, a few limitations remain and could be ad‐
dressed in future work. For one, open-source datasets 
on ship height have been rarely reported. As a result, 
the size prediction framework has only been validated 
using ship width data, while its height prediction capa‐
bilities have not yet been fully validated. Future efforts 
will focus on obtaining reliable field measurement data 
for ship height using total stations and laser scanning 
devices. These measurements will be incorporated into 
regression models to enable comprehensive valida‐
tion of the height estimation. Moreover, the current 3D 
proxy environment does not account for a broad range 
of ship categories and environmental variations. To 
make the synthetic data more realistic and better reduce 
the gap between the simulated and real-world, more en‐
vironmental factors will be integrated, promoting the in‐
teraction of digital twins with real-world scenarios.
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