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ABSTRACT 

In the United Kingdom (UK), recent developments in the construction industry have 

increased the demand for digitised infrastructure, which facilitates the investigation of 

the as-is performance of assets. This establishes the need to create and maintain up-to-

date digital copies of infrastructure assets, often labelled as Digital Twins. Digital twins 

are obtained by converting the unstructured data formats of the real-world assets, such 

as point clouds, into high-level digital representations. Yet, only few assets today have 

usable digital twins because of the high costs of the latter. This counteracts the benefits 

of the twins and reduces dramatically their true potential. Hence, there is a pressuring 

need to automate the process of creating digital twins. Geometric digital twin, the most 

basic form of the twin, contains only the geometry of the physical asset. This paper 

reviews the work done in computer vision, geometry processing, and civil engineering 

fields to determine the potential that exists for automatically producing geometric digital 

twins of infrastructure. 
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1. INTRODUCTION 

Digital twin (DT) emerged from the aerospace field and was initially defined by the 
National Aeronautics and Space Administration (NASA) as “an integrated multi-physics, 
multi-scale, probabilistic simulation of a vehicle or system that uses the best available 
physical models, sensor updates, fleet history, etc. to mirror the life of its flying twin” 
(Shafto et al., 2010). It is expected to replicate its physical asset in a digital environment. 
However, the data and models held in it will relate only to their intended purpose 
(Boschert, Heinrich and Rosen, 2018). A digital twin of an infrastructure can learn and 
update itself continuously using multiple data sources to represent the near real-time 
status and working condition of the infrastructure (HM Government, 2013). It can be 
maintained throughout the whole life-cycle of the infrastructure and will be continuously 
accessible (Parrott and Lane, 2017). Hence it can provide an early insight into the risks 
posed to the infrastructure by climatic events, neighbourhood structures or aging (Koch 
et al., 2014). According to Koch et al., (2014), there can be three types of DT in the life-
cycle of an infrastructure: (a) As-designed DT produced by the design team, (b) As-built 
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DT produced by the main contractor and reflecting the state of the infrastructure at the 
time of its completion, and (c) As-Is DT produced by the infrastructure facilities 
management team by surveying the infrastructure regularly. DT hereinafter unless 
otherwise stated specifically refers to As-Is DT, generated for the existing infrastructure.  

Most recently, the Heathrow airport terminal 2B project that experienced £10 million in 
savings and a reduction of 5 weeks in the schedule by digitising the project (Bower, 
2014). The wider adoption of DTs by 2025 for the infrastructure is expected to provide 
15-25% savings (Gerbert et al., 2016; Barbosa et al., 2017). However, West and 
Blackburn, (2017) claim that the generation of DTs of the existing infrastructure is highly 
discouraged today as the costs outweigh the benefits.  

The aim of this paper is to investigate the state of the art in generating geometrically 
accurate models of existing infrastructure. The paper starts off by explaining the present 
status of digital twin generation. The subsequent sections provide a longitudinal literature 
review focuses on geometric modelling infrastructure. The paper finally concludes by 
deriving gaps in the knowledge and elaborating potential research contributions. 

2. PRESENT STATUS OF DIGITAL TWIN GENERATION 

Digital twinning is the mapping of a physical asset to a digital platform (Rossi, 2017). It 
can be continuously updated using data collected from sensors. The data so collected are 
first used to form a twin in an unstructured data format of the real-world asset, such as a 
point cloud data (PCD). It is a collection of XYZ coordinates of a three-dimensional (3D) 
coordinate system (Benli, 2015). This PCD, which is a low-level digital representation of 
the asset, then converted into a high-level digital representation, the DT, through a 
twinning phase, which structures the unstructured raw data.  

Although many hardware solutions capable of collecting accurate geometrical data of 
infrastructure in the form of PCDs are already available, there are still only limited 
number of DTs of the existing infrastructure. The main reason is the difficulty 
experienced, even by skilled modellers, in manually generating at least a seemingly 
simple DT structure using PCDs. The Scan-to-BIM process (Tang et al., 2010) of creating 
a DT involves four major steps: (1) raw image and/or PCD capture, (2) data preparation, 
(3) geometric modelling and (4) semantic enrichment of the model with additional 
information, such as topological relationships and material specifications. The 3rd step 
requires more than two thirds of the effort needed for generating the entire DT. 
Furthermore, the time required to manually create a DT from PCD using even the cutting-
edge modelling software is almost 10 times more than that required to obtain the original 
point cloud (Trimble, 2017). Training of the modellers is also a necessity since DT 
generation is a highly domain-specific task; even proficient Computer Aided Design 
(CAD) professionals may not be adequately competent to manipulate modelling software 
without specialised training (McNell et al., 2011). Generation of a DT from PCD incurs 
high costs, both fixed and variable. Fixed costs involve DT modelling software license 
fees, cost of hardware required for using the software, and cost of training of modellers. 
Variable costs are the fees spent on each individual modelling project, which relate to the 
total number of modelling hours and the hourly labour cost. If fixed costs and the hourly 
labour cost remain constant, the total cost of DT generation will depend on the total 
number of modelling hours. Thus, cost savings can be made by using automated solutions 
that will reduce the total modelling time. 
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The most advanced PCD-to-DT modelling software solutions are provided by major 
vendors, such as Autodesk, Bentley, Trimble, AVEVA and ClearEdge3D. According to 
Wang, Cho and Kim (2015) and Agapaki and Brilakis, (2018), although the currently 
available DT modelling commercial software can automate a large extent of the DT 
generation process, they are still far from being fully automatic. For commercial 
applications outside building and industrial environments, modellers have to first 
manually segment a PCD into subparts, and then manually fit the 3D shapes to the 
subparts. This demands a significant amount of time. PCDs has to be rotated repeatedly 
to get different views and identify the regions of interest using clipping polygons. The 
subsequent fitting of the accurate 3D shapes to the segmented sub-point-clusters is also 
challenging. Most software applications provide built-in shape libraries containing a few 
predefined and generic construction component primitives such as beams, walls and 
columns. However, the allowable primitives are also limited (Wang, Cho and Kim, 2015). 
Since infrastructure components usually have arbitrary shapes containing skews or 
imperfections, which cannot be simply fitted using idealised predefined shapes, modellers 
have to manually create an accurate solid form to fit each point cluster as none of the 
existing software packages available are capable of doing this automatically.  

3. RESEARCH ON DIGITAL TWIN GENERATION 

Automation of the modelling process can be divided into two parts: (1) object detection 
in PCD, and (2) 3D solid model fitting to point clusters.  

3.1 OBJECT DETECTION IN PCD 

Uijlings et al. (2012) define detection as the combination of clustering (from a PCD to 
point clusters) and classification (labelling the point clusters).  

3.1.1 Bottom-up Approach 

Bottom-up approach pieces together low-level primitive features like points to generate 
complex systems at successively higher levels until a top-level system is formed 
(Borenstein and Ullman, 2008). Its typical higher-level features are the surface normal 
(Sampath and Shan, 2010), meshes (Marton, Rusu and Beetz, 2009), surface planes/ 
patches (Zhang and Tang, 2015), non-uniform B-Spline surfaces (Dimitrov and 
Golparvar Fard, 2015; Dimitrov, Gu and Golparvar-Fard, 2016), and voxels (Vo et al., 
2015). There are three main methods used in this approach. 

RANdom Sample Consensus (RANSAC) has essentially two steps repeated iteratively. 
Firstly, hypothetical shapes are generated by randomly selecting a minimal subset of 
points followed by estimating the fitting model parameter of the sample subset. Secondly, 
the remaining points are iteratively checked to determine whether they are consistent with 
the model instantiated by the estimated model parameters obtained from the first step. 
The shape model that possesses the largest percentage of points is then extracted. Tarsha-
Kurdi, Landes and Grussenmeyer (2007) have proposed an extended RANSAC algorithm 
to extract roof planes from low density PCD having different complexities. Bosché 
(2012); Arikan et al. (2013) and Jung et al. (2014) have used RANSAC to detect planar 
surfaces such as walls, floors, ceilings etc. in PCD of buildings. Although this algorithm 
is found to be effective even in the presence of noise and outliers (Tarsha-Kurdi et al., 
2007), it has its own limitations as well. Firstly, since it is used to determine different 
planes from a single grouping, there can often be spurious-planes (i.e. planes overlapping 
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multiple reference planes or a plane snatching points from its neighbouring planes), 
especially around boundaries (Yan et al., 2012; Jung et al., 2014). Secondly, it requires 
prior knowledge about the data, which is often not the case in practice. Hence RANSAC-
based methods will perform well only in relatively simplified scenarios and thus will not 
be suitable for real infrastructure asset components whose as-weathered and as-damaged 
shapes would further increase the as-designed complexity. 

Region Growing (RG) also has two main steps. It starts with a set of small iteratively 
merged areas by arbitrarily choosing initial seeds. Its second step adds in neighbouring 
points based on the similarity of the surface normal, curvature or co-planarity, until an 
edge is reached either when a non-surface point is detected or when the distance from the 
seed point exceeds a threshold. Xiao et al. (2013) have proposed two complementary 
plane segmentation algorithms: a sub-window-based RG algorithm for structured PCD, 
and a hybrid RG algorithm for unstructured PCD. On the other hand, Dimitrov and 
Golparvar Fard, (2015) have suggested an upgraded RG method through which the seed 
can be found adaptively. It can deal with curved surfaces within a large range of surface 
roughness. It excels when there are no substantive occlusions in the input PCD. Yet, this 
method over-segments objects when non-trivial occlusions are present. The persistent 
occlusions in real PCD were addressed by Xiong et al. (2013) through a learning-
paradigm that can detect occluded planar surfaces and estimate their shapes in building 
PCD. This learning paradigm cannot be applied to infrastructure because occluded 
surfaces in infrastructure PCD do not follow a specific pattern unlike those in a building 
PCD. Assuming that there are many identical rectangular openings on a wall, it detects 
the rectangular-shaped openings, such as windows and doorways. Similarly, Laefer and 
Truong-hong (2017) have developed a kernel-density-estimation-based method for 
modelling steel members by simulating possible occlusions. The occluded regions in 
infrastructure PCD do not follow repetitive patterns. Most of those occlusions, being due 
to on-site vegetation and long-distance scanning, are in arbitrary locations and shapes, 
which cannot be tackled by any of the methods. Even though, RG-based methods have 
been proved to be efficient at object detection in PCD, they suffer from occlusion effects, 
and have boundary weaknesses, as a result of the inaccurate estimation of normals or 
curvatures of points near region boundaries. These limitations often require manual 
adjustment. 

Hough-Transform (HT) maps every point in the dataset to a manifold in the parameter 
space containing many cells that act as accumulators with each of their points casting 
votes. Vosselman (2009) have employed HT-based methods to detect 3D roof planes in 
PCD. However, Tarsha-Kurdi, Landes and Grussenmeyer (2007) have reported that plane 
detection rates based on HT are lower than those using RANSAC. HT is not suitable for 
solving higher dimensional problems since, plane detection requires a 3D Hough 
parameter space while cylinder detection requires a 5D Hough parameter space. Shah 
(2006) suggested a two-stage approach to detect cylinders in PCD to reduce 
computational complexity and the number of dimensions. His method transforms 5D 
Hough space cylinder detection problems into 2D and 3D Hough space problems. Ahmed, 
Haas and Haas (2014) have employed HT to detect straight cylindrical pipes using thin 
slices resampled from PCD. HT, however, is a powerful tool for detecting simple 
geometric objects within noisy and cluttered PCD. Nevertheless, it is sensitive to 
parameter dimensions and thus cannot be applied to shapes that have too many 
parameters, since then it would result in a sparse, high-dimensional accumulator that is 
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poor in performance and high in memory requirements (Hassanein et al., 2015). Thus, 
HT is not being used for detecting infrastructure objects, which often contain skews and 
imperfections, because of the impossibility of describing such objects using generic 
shapes with limited parameters. 

Hence the three main bottom-up methods RANSAC, RG, and HT, can be considered as 
being generally reliable for detecting generic 2D and 3D object shapes in the presence of 
noise and outliers. Nevertheless, their high computational requirements render them 
ineffective for detecting complex objects in real infrastructure PCDs, which usually 
contain complex geometries.  

3.1.2 Top-down Detection 

The top-down approach begins with a broad view of the picture and is broken 
subsequently into compositional sub-problems that are easier to solve (Kokkinos and 
Yuille, 2006). A pioneering study that used the top-down modelling approach is REFAB 
(Reverse Engineering FeAture-Based) (Thompson et al., 1999), which uses geometric 
constraints, such as parallelism, concentricity, perpendicularity and symmetry, to convert 
points to mechanical solid models. Nüchter and Hertzberg (2008) have used a relationship 
reasoning network for semantic mapping. They used a set of pair-wise relationship rules 
such as parallel, equal height, above, under, and orthogonal to coarsely classify major 
planes (wall, ceiling, floor and door) in an indoor PCD. The method presented by Su, 
Bethel and Hu (2016) uses a set of connectivity criteria such as proximity, orientation, 
and curvature, to merge and label industrial components (pipe, vessels, and walls) across 
voxels. In contrast, Perez-Gallardo et al. (2017) have suggested a semantic model-based 
system to detect the four object classes (pipes, planes, elbows, and valves) in industrial 
environments using topological information while Laefer and Truong-hong (2017) have 
leveraged a steel standard library to identify and match the cross-sections of steel frames 
in PCD. Recent research has relied on As-Designed documents to present the top-down 
modelling approach, which can simplify PCD clustering and classification tasks (Liu, 
Eybpoosh and Akinci, 2012). It is because the information gleaned from prior data can 
shift the focus from detecting objects to matching between a PCD and the existing models 
(Bosché, 2010). Belsky et al. (2014) have encapsulated domain expert knowledge in the 
form of rule sets to infer and enrich semantics for a geometric building model.  

However, all these methods have been tailored for buildings, indoor environments, and 
industrial objects and not for infrastructure settings, as the geometric properties of 
infrastructure components are quite different from those of the objects found in buildings. 
Also, there are either few or no As-Built or As-Is models for the existing infrastructure 
indicating that there is only little knowledge available about embedded objects in related 
PCDs. The following Figure 1 represents a framework which synthesizes all object 
detection methods used in the studies being presented.  
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Figure 1: Object detection methods (Adopted from Volk, Stengel and Schultmann, 2014) 

3.2 FITTING THE MODEL TO A POINT CLUSTER 

Point cluster, which is the output of the object detection step, is a subpart of the PCD. 
Fitting a 3D solid model to a labelled point cluster will transform a point cluster of 
unordered spatial points into a structured, information-rich 3D representation. The choice 
of digital representation depends on; (1) the nature of the object being modelled, (2) 
modelling technique used, and (3) application scenario where the object is brought to life. 
Shape representation methods can be categorized into three groups.  

Implicit representation is a solid modelling approach that represents 3D shapes using 
mathematical formulations, i.e., implicit functions. Using computer-aided geometric 
modelling, an arbitrary constructive solid can be defined as a single real-valued function 
(/,0,1) ) of three variables with 2(/,0,1) ≥0 (Rvachev, 1982) and for the surface, (/,0,1) 
=0 (Ricci, 1973). Common implicit surface definitions include, but are not limited to, 
planes, spheres and ellipsoids. Implicit surfaces have difficulty in describing sharp 
features such as edges and vertices, although they are good at checking whether a point 
lies inside, outside, or on the surface (Song and Juttler, 2009). Since only a very limited 
number of primitives can be exactly represented by algebraic formulas, their usefulness 
is limited when modelling real-world 3D objects with non-idealised shapes, such as 
infrastructure components. In addition, infrastructure components contain defects that 
reduce further the effectiveness of the implicit representations.  

Boundary representation (B-Rep) describes a shape using its boundary surfaces. The 
model formed using B-Rep is, therefore, an explicit representation, as the object is 
represented by a complicated data structure giving information about each of its vertices, 
edges, and loops and the way of joining them to form the object. The geometry of a vertex 
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is given by its (/, y) coordinates. The edges are straight or curved lines. A face is 
represented by a description of its surface with algebraic or parametric forms. Kwon et 

al. (2004) assuming that a construction site consists of these primitives, have introduced 
a rapid and accurate local spatial modelling algorithm to fit sparse PCD to planes, 
cuboids, and cylinders in B-Rep. Valero and Cerrada (2012) have developed methods to 
yield B-Rep models for indoor planar objects such as walls, ceilings and floors with high 
precision.  

Constructive solid geometry (CSG) is a high-level volumetric representation that works 
both as a shape representation and as a record of the way an object has been built up 
(Deng, Cheng and Anumba, 2016). The final shape of the object can be represented as a 
combination of a set of elementary solid primitives that follow a certain type of logic. 
The primitives can be cuboids, cylinders, spheres, cones etc. The methods proposed by 
Shah (2006) and Patil et al. (2017) can be used for modelling a cylindrical piping system 
using simple primitives. Alternatively, the random sampling method of Schnabel, Wahl 
and Klein (2007) can be used to automatically model objects composed of five basic 
shapes (planes, spheres, cylinders, cones, and tori), which can provide a representation 
consisting solely of shape proxies. Walsh et al. (2013) have developed a shape library 
containing a generic description of objects (i.e. cuboid, cylinder) to fit point clusters using 
surface fitting in the form of least squares. The reliability of the method is unclear as a 
quantitative assessment of the fitting performance is not given in the work. Xiao and 
Furukawa (2012) have introduced the inverse CSG algorithm to reconstruct large-scale 
indoor environments with a CSG representation consisting of volumetric primitives by 
imposing regularization constraints. It uses only cuboids as volumetric primitives 
considering that they are the most common shapes found in indoor walls. The expansion 
of the set of geometric primitive types would, however, be necessary as construction 
elements can contain other shapes. 

4. GAPS IN KNOWLEDGE 

The existing object detection methods used in DT-related work concentrate mostly on a 
low-level of primitive generation (Dimitrov, Gu and Golparvar-Fard, 2016), i.e. surface 
clustering from points. Only few methods enable the direct generation of labelled point 
clusters. Furthermore, the existing methods focus on generating either building or 
industry elements, which basically take generic shapes, such as cuboids and cylinders 
(Patil et al., 2017), or standardized steel beams (Laefer and Truong-hong, 2017). These 
methods cannot be directly used to detect infrastructure components in PCD because 
idealised shapes are rare in real infrastructure elements. In addition, real PCD are noisy 
and imperfect and suffer from occlusions and sparseness. These factors render methods 
designed for synthetic data or simplified scenarios ineffective for infrastructure. The few 
DT related studies on the existing infrastructure, also have restrictive constraints; they 
take an idealised infrastructure solid model as the input to infer the semantic meaning of 
components train a classifier with generic shapes or test against a synthetic infrastructure 
point cloud (Zhang, Vela and Brilakis, 2014). These gaps in knowledge derives potential 
research contributions in the area such as;  

1. Developing a method to automatically detect infrastructure structural components 
in PCDs – These structural components might include decks, beams for a bridge, 
rails, sleepers, track bed for a railway and so forth. The approach will differ with 
the non-idealised shape of the infrastructure component. In addition, this approach 
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can combine the strengths of the data-driven strategy scenarios with very high 
point densities and model-based strategy in scenarios with very low point 
densities.  

2. Developing a method to automatically fit 3D solid models to the point clusters of 
infrastructure components – To tackle the need of the common format, the output 
3D model shall compatible with many software available, such as Industry 
Foundation Class (IFC) format.  

3. Leveraging a reasonable 3D model assessment metrics to assess the generated 
GDTs of infrastructure – This is necessary as the problem of evaluating the 
quality and degree of automation of a generated GDT compared to its PCD has 
yet to be studied in depth. This assessment must compatible with the end user 
requirements and the level of the detail expected from the resulting model.  

5. SUMMARY AND DISCUSSIONS 

The use of DTs for existing infrastructure is limited as the perceived benefits outweigh 
the cost of and the effort required for DT modelling. The average time required to 
manually create an infrastructure GDT from a PCD using cutting edge modelling software 
(i.e. Autodesk Revit 2016) is about 10 times more than the time required to obtain the 
PCD, as the current software packages are not fully automatic. This stresses the need for 
automating the PCD-to-GDT process. 

The knowledge gaps in the DT generation of infrastructure were identified by thoroughly 
reviewing in two parts the past studies on the state-of-the-art DT technologies 
corresponding to the two major steps of the PCD-to-GDT process: object detection in 
PCDs, and model fitting to point clusters. The object detection methods presently 
available concentrate on clustering low-level primitives to constitute surfaces and 
deducing the semantic meaning of the elements using high-level knowledge. However, 
those methods cannot effectively tackle the persistent occlusions and the varying point 
density problems of real PCD. In addition, none of them can address the challenges of   
complex geometry and topology of real infrastructure. Moreover, the existing model 
fitting methods concentrate on fitting idealised primitives, such as cuboids and cylinders, 
to indoor planar and industrial elements.  

Thus, none of the existing methods can be used for detecting infrastructure components 
in real PCD (non-perfect data), and for modelling components with complex geometries. 
The contributions made by this paper to knowledge highlight the knowledge gaps and 
potential research contributions mentioned in Section 4, which can be used in the future 
to identify potential research objectives and formulate research questions.  
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