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Abstract
Proactive maintenance of roads enables increased asset
lifespan with improved safety and minimised downtime.
However, the absence of up-to-date structured information
leads to expensive reactive maintenance. Geometric dig-
ital twins (GDT) provide digital replicas of object geom-
etry, but no automatic tools exist to maintain them. This
paper develops a method for detecting and applying ge-
ometric changes to road GDTs. Our solution performs a
distance-based comparison of point clouds, estimates the
changes and then applies them to GDT. It achieves a 77.87
F1-score in detecting changes and significantly saves time
by automating the process, making such digital twins vi-
able and practically applicable.

Introduction
The average travel delay in the United Kingdom has in-
creased by 40% over the past three years due to roadwork
disruptions, causing decreased journey time reliability and
slower highway speeds (National Highways, 2023). These
delays are not just inconvenient but also economically im-
pactful, potentially leading to a £0.50 loss in Gross Value
Added per hour per person in Britain (Confederation of
British Industry, 2017). Efficient transportation infrastruc-
ture, crucial for economic productivity, requires up-to-date
information on road assets, with road geometry playing a
vital role in traffic safety and operational efficiency (De-
sign Manual for Roads and Bridges, 2020). Road geomet-
ric digital twins (GDT) enable such monitoring of road
conditions and infrastructure health, offering near real-
time data integration and detailed replicas of road systems
(Steyn and Broekman, 2022). The life-cycle of GDTs in-
cludes construction from point clouds and optionally im-
ages and ongoing maintenance to reflect changes in the
road infrastructure (Drobnyi et al., 2023; Osadcha et al.,
2023). This paper focuses on automating the stage of GDT
maintenance, which is a substantial part of the GDT life-
cycle.
The main challenge in integrating GDTs is their high cost
ofmaintenance that outweighs potential benefits, introduc-
ing a significant barrier to their widespread adoption. This
research aims to reduce these costs, eliminating the man-
ual work involved. Specifically, maintaining kilometres of
roads requires manual effort in identifying changes and
modelling various changed road assets (Davletshina and
Brilakis, 2023). Although current research has automated
parts of this process, it falls short in scope, often failing
to cover a wide range of objects and identifying specific

changes that happened to the assets. Additionally, there
is a need for a comprehensive and automatic end-to-end
pipeline for change detection, followed by applying these
changes to GDT.

This paper aims to facilitate efficient, proactive mainte-
nance by providing a tool to update a geometric digital
twin automatically, thus delivering a fresh version of GDT
quickly and cheaply. We achieve this by first comparing
point clouds for changes, identifying the types of changes
and applying them in GDT in a streamlined, fully auto-
matic pipeline. Exemplar input and outputs can be seen
in Figure 1. The solution covers all the object classes that
are already present in GDT. Thus, the solution is flexible
and not hard-coded to the specific entities. Furthermore,
we consider the wide range of change types in the scope
of our work: a) the same object is there, but it underwent
pose (rotation and translation) changes; b) the same object
is there, but it underwent shape deformations; and c) the
object is removed or added. As a result, we detect most of
these changes and achieve 77% F1 score.

The organisation of this paper is as follows. The next
section discusses the background literature on maintain-
ing GDTs. Then, section Proposed Solution introduces the
proposed automatic digital twin maintenance method. Re-
search Methodology, followed by the Results and Discus-
sion section, can be found further. The conclusions of the
study are presented in the last section.

(a) GDT (old).

(b) GDT (new).
Figure 1: Examples of the old-version GDT and updated GDT
achieved by our proposed solution. Pose transformations and
removals are detected in the road furniture and applied in the

new version.



Background
The evolution of Digital Twins (DTs) presents a complex
challenge, particularly in their efficient updating, which
remains unresolved. Schrotter and Hürzeler (2020) high-
lighted the difficulty in updating urban DTs, highlighting
the vast volume of 3D data as a significant obstacle to pro-
cess. Nevertheless, ongoing research within the built en-
vironment sector is actively investigating various methods
to effectively maintain and manage digital twins and 3D
models of infrastructure assets.
Updating GDTs of built assets starts with collecting ap-
propriate data on the physical counterpart. Osadcha et al.
(2023) found that photogrammetry and laser scanning are
the primary means for data collection and capturing 3D in-
formation. While photogrammetric methods are cheaper,
they produce less accurate depth data due to lighting and
shadow artefacts (Stal et al., 2013). Mobile laser scan-
ning could serve as a compromise between various meth-
ods from images to static scanning, allowing faster opera-
tion while driving but producing sparser point clouds than
static counterparts (Soilán et al., 2019). Collected data
then requires further processing.
A critical step in maintaining GDTs is effectively detecting
changes in the data collected at different timestamps. Stilla
and Xu (2023) explored this, identifying several types of
changes in urban objects using 3D point clouds. They dis-
tinguished the following possible change types: appeared,
disappeared, partially and fully moved, deformed and un-
changed, highlighting that the most common types were
the first two, while partial movement was used when de-
tailed changes were required upon use case. Their work
estimates point-based, segment- or object-based spatial
differences after having point clouds registered. While
point-based methods rely on accurate distance measure-
ments, segment- and object-based methods depend on the
accuracy of the classification provided. Recent works use
deep learning solutions to provide semantic labels and dis-
cover further opportunities to match changes with machine
learning.
In this realm, Zhu et al. (2023) introduced a method for
multi-object relocalization and reconstruction in the seg-
mented into instances 3D point clouds. They could match,
register and reconstruct the objects of the input scenes us-
ing a deep learning approach, namely an encoder-decoder
network. Although solving three tasks simultaneously,
they envision the challenge of large-scale spatiotemporal
changes yet to be addressed.
Developing dynamic Building Information Models
(BIMs) from 3D point clouds is another key research
direction in this field. Rausch and Haas (2021) developed
a dynamic BIM by updating BIM elements’ shape and
pose from 3D point clouds, utilising optimisation of
geometric object parameters. Despite achieving below-
centimetre accuracy, their method’s reliance on generic
shapes limits its effectiveness with free-form objects.
Alternatively, Ghahremani et al. (2018) used 3D point
clouds for structural condition monitoring, comparing

different-timestamp point clouds to detect deterioration.
They identified changed areas by discrepancies between
as-built and as-is point clouds, using meshing to update
the model. Shellshear et al. (2015) adopted a simpler
approach for 3D model maintenance, employing repeated
scans from fixed viewpoints and markers to automatically
update regions in the target model with point clouds.
While effective for built assets, these methods highlight
the need for focused approaches in maintaining GDTs for
roads.

Knowledge Gaps, Research Objectives and Questions
Maintaining GDTs for roads involves two primary phases:
detecting changes and applying these changes. However,
a fully automated system for this task is yet to be real-
ized. Also, current methods do not encompass most road
assets, such as the frequent objects identified in the work
of Davletshina and Brilakis (2023), highlighting a signif-
icant gap. While researchers have primarily focused on
automating aspects such as identifying temporal changes,
further development is still needed. Although advance-
ments in built asset management provide insights, there
remains a critical need for domain-specific adaptation and
refinement of these solutions to cater specifically to road
infrastructure.
This context sets the stage for our objective: to propose
and develop a fully automatedmethod formaintaining road
GDTs. We outline the following key research questions
in addressing our objective: 1) What approaches are most
effective for detecting changes in road environments? 2)
What strategies should be employed to efficiently apply de-
tected changes to GDTs? 3) Is it possible to devise a ver-
satile method adaptable to various road environments and
infrastructures? Addressing these questions will be pivotal
in advancing the field and ensuring the accuracy and rele-
vance of road GDTs in a dynamic and evolving landscape.

Proposed Solution
Our approach to detecting and analysing temporal changes
in geometric data employs a dual-layer methodology, as il-
lustrated in Figure 2. This is necessitated by the require-
ment to initially discern the nature of any changes (Change
Detection Layer), followed by appropriately addressing the
identified changes (Change Application Layer). Initially,
the method involves a comparative analysis of point cloud
data, representing different states of a physical environ-
ment captured at distinct times. As the two point clouds
will not contain the same point set, we take advantage
of comparative distances to estimate high discrepancies.
The framework commences with the older Geometric Dig-
ital Twin (GDT) version, incorporating the original point
cloud and the newly acquired point cloud for subsequent
change detection and processing.
The procedure begins with a thorough analysis of the in-
put point clouds to identify changes by computing dis-
tances between points. The algorithm targets areas ex-
hibiting significant alterations, i.e., large distances, indica-



tive of substantial environmental changes. Thus, we filter
these points using a distance threshold, which is a hyper-
parameter to be tuned. Upon pinpointing these areas, we
anticipate that most changes, unless due to extensive road
reconstruction, will be isolated to individual objects, as
road infrastructures typically undergo minimal alterations.
As a result, we have these isolated change points, i.e., fil-
tered with the threshold and as a result isolated in space
point clusters featuring high distance values such as in Fig-
ures 3d and 3e. Then, we apply the DBSCAN clustering
algorithm (Ester et al., 1996) on these points – known for
its effectiveness with noisy data and not requiring pre-set
cluster numbers – which facilitates the segregation and ex-
traction of clusters (e.g., denoted by different colours in
Figures 3d and 3e) and their associated objects as identi-
fied in the current GDT, enabling a more focused exami-
nation.

Subsequently, the nature of the detected changes guides the
ensuing steps. For each cluster, the algorithm first finds
the closest correspondences between the two versions and
ascertains whether the change is an addition, a removal,
or a transformation of an existing object. Additions and
removals are identified similarly, as they can be seen as
the same operation but in opposite sequences. We con-
sider that addition or removal happened if the closest cor-
responding cluster was already linked to another cluster
with a smaller distance. Otherwise, we consider that there
was a pose change.

Objects identified as removed are excised from the dataset
while new additions are integrated. In cases where existing
objects have undergone modifications, the Iterative Clos-
est Point (ICP) algorithm (Zhang, 1994) is deployed on the
found cluster correspondences (i.e., correspondence pairs)
to compute the transformation, encompassing both rota-
tional and translational adjustments between them. This
process begins with estimating the initial transformation
for a global match, then minimising the distance between
two shapes to locate the closest points. This phase is piv-
otal in deciphering how the object has shifted or evolved
over time. Depending on the nature of the change, the al-
gorithm either applies a transformation to align the old and
new states of objects with pose changes if any pose changes
were found or otherwise updates the GDT to mirror the
new geometry of deformed objects by replacing the ob-
ject. As a result, an automatic command is sent to perform
these described changes to the GDT.

Consequently, our solution presents a systematic and flex-
ible framework for temporal analysis of point cloud data
concerning roads, resulting in an up-to-date GDT reflect-
ing reality. This fully automated and scalable solution can
be applied over extensive road lengths, significantly en-
hancing our comprehension and monitoring of environ-
mental alterations across various applications, from asset
maintenance to safety analysis.

Figure 2: Solution overview.

Research Methodology
We use the Digital Roads (Digital Roads of the Future,
2023) point cloud dataset, which contains 11 labelled
classes. We limit the data to the A11 road subset, which
comprises 20 road segments, each 200 meters long. As
the study conducted in this paper requires time-series data
with changes, we synthetically generate the changed ver-
sion of the point clouds (the new state) from the existing
dataset (the old state) due to the unavailability of a real-
life data. We introduce specific perturbations to the data
for sufficient differences between data to simulate real-life
scanning. For that, we add random noise to the coordinates
of both versions of the data (the old and new states). The



noise is normally distributed around mean 0 with a stan-
dard deviation of 0.01. Furthermore, we randomly down-
sample both versions such that 20% of the points are re-
moved. We simulate the changes to the road infrastruc-
ture, namely road barriers, traffic signs and lamps, such
as fallen assets, leaning assets, missing assets and moved
assets in the new version of the point cloud. We consider
removals of the existing objects and additions of the new
objects in the case of the missing objects. These scenarios
are seen to be equivalent as one object is missing in one of
the versions of scanning.
Our assumptions are as follows. Firstly, we assume that
the GDT is semantically labelled and has its original point
cloud stored as meta information. If that is not the case,
then a synthetic point cloud is expected to be created from
the GDT’s 3D model. Secondly, we assume that point
clouds are registered with each other; data registration is
out of the scope of this work. Lastly, we assume that new
scanning is performed before new furniture is installed to
avoid confusion between removed and newly added assets’
pairs.
We use the threshold-based method to identify high-
change regions, with the threshold hyperparameter
equalling the 0.99 quantiles. Further, we use the DBSCAN
clustering algorithm (Ester et al., 1996) to cluster these
high-change regions with the following hyperparameters:
epsilon equal to 3 and minimum points per cluster equal to
10.
We provide the metrics of precision (Formula 1) showing
how many changes were correctly classified, recall (For-
mula 2) giving the number of correctly predicted items
among all correct items and their harmonic mean as F1
score (Formula 3). In the formulas, TP refers to true pos-
itives, denoting the number of data points classified cor-
rectly as positives, FP – false positives, denoting the num-
ber of data points classified incorrectly as positives; FN
– false negatives, denoting the number of positive points
predicted as negatives. We calculate precision and recall
values for each sample and report averaged final metrics.

Precision =
T P

T P+FP
(1)

Recall =
T P

T P+FN
(2)

F1 =
2∗Precision∗Recall

Precision+Recall
(3)

Results & Discussion
Figure 3 demonstrates the solution’s inputs, intermediate
and final outputs. Our method can find the changed re-
gions, such as in Figure 3c, where the two input point
clouds (Figures 3a and 3b) are aligned. These divergent re-
gions are clustered, as in Figures 3d and 3e, and matched,
as well as their transformations are estimated (Figure 3f).
As a result, our solution finds pose changes with 90.97%
precision and 68% recall (Table 1). The method misses

(a) Input point cloud (old). (b) Input point cloud (new).

(c) Aligned input point clouds coloured in red and green.

(d) Change clusters in (a). (e) Change clusters in (b).

(f) Actions visualised. R+T stands for the estimated rotation
and translation matrices.

(g) GDT (old). (h) GDT (new).
Figure 3: Examples the inputs, intermediate and final outputs of

the method.

Table 1: Change detection evaluation, in %

Precision Recall F1 score

90.97 68.07 77.87

out on a few samples where the changes are minimal, such
as small translation and rotation angles. Further, vege-
tation represents a challenge, introducing additional high
discrepancies. Thus, vegetation should be considered for
filtering out beforehand using vegetation detection solu-
tions. Additionally, the intermediate found change clus-
ters (e.g., Figures 3d and 3e) come with a certain amount
of noise either within clusters or outside of them, which
might be considered as a potential scene alteration. As
this confuses the method, noise removal at this stage must
be included in future work.
Furthermore, the algorithm faces challenges in accurately



matching changed clusters when they are significantly dis-
tant from each other, particularly in situations where mul-
tiple similar changes occur concurrently within the same
scene. Handling such intricate change scenarios effec-
tively requiresmore advanced algorithms for objectmatch-
ing. Incorporating prior knowledge could be crucial in
these contexts, aiding in differentiating between scenarios
where objects have been moved as opposed to those where
objects were removed and replaced with similar ones.

Conclusions
In summary, this work presents a method for maintaining
up-to-date geometric digital twins of roads in a fully auto-
matic manner. This method is distinguished by its flexibil-
ity and adaptability, which is capable of handling a wide
range of objects based on the semantic labels provided in
the input GDTs. Our approach goes beyond mere change
detection in point clouds; it integrates these changes di-
rectly into the GDTs, thereby forming a seamless, end-to-
end pipeline that extends from initial scanning to the fi-
nal GDT for road infrastructures. This development paves
the way for the broader implementation of geometric dig-
ital twins in the transportation sector, offering significant
benefits from the design phase to asset management. This
is achieved with reduced costs, courtesy of the automa-
tion process. Enhancing the productivity of the sector will
yield positive outcomes for road users, including improved
connectivity, fewer road closures, and reduced emissions,
ultimately leading to a more efficient and environmentally
friendly transportation experience. Looking forward, we
propose that future research should concentrate on collect-
ing comprehensive datasets that capture real-life temporal
changes, tackle the challenges presented by complex and
large-scale transformation scenarios, and harness the po-
tential of deep learning for enhanced accuracy in change
detection.
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