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Masonry arch bridges constitute the majority of the European bridge stock and feature a wide range of geometric
characteristics. Due to a general lack of construction drawings, their geometry is difficult to parameterize. Laser
scanning devices are commonly used to capture bridge geometry. However, this requires time-consuming seg-
mentation of point clouds into their constituent components to extract key geometric parameters. To increase
efficiency, a 3D deep learning neural network called BridgeNet is proposed that can automate the segmentation.
To tackle the scarcity of labelled point cloud data, a synthetic dataset is created to train BridgeNet. BridgeNet is
subsequently tested on real point clouds and achieves state-of-art performance, demonstrating the utility of
synthetic training data and the advantages of the new network design. Segmented components are then fitted
with primitive shapes by using Random Sample Consensus based algorithms to characterize key geometric pa-

rameters to assist assessments and inspections.

1. Introduction

Around 60% of the railway bridge stock in Europe is constructed of
masonry. These bridges were built during the 19th and early 20th cen-
turies and still play an important role in the railway network. In the UK,
there are approximately 18,000 operational masonry railway bridges
[1]. These bridges feature ageing materials and are subjected to
increasing traffic demands. It is therefore necessary to inspect and assess
their safety regularly [2]. These activities require detailed knowledge of
the geometry of the structure. However, construction drawings are often
unavailable for masonry arch bridges.

Laser scanning is an efficient and non-contact technology to capture
the in-situ 3D geometry of large-scale civil engineering infrastructure
with points clouds [3]. The obtained point clouds can help assessments
by providing information on bridge geometry, such as the radius of
curvature and generatrix direction of the arch, which are difficult to
measure in the field. Parametric [4] and non-parametric [5,6] shape
fitting methods for point cloud components can be used to automate the
identification of such geometric parameters.

Point clouds can also be used for inspecting geometric distortions
and defects in structural components. Ye et al. [7] have developed al-
gorithms to fit segmented arch and pier point clouds with idealized 3D
cylinders and 2D planes to reveal geometric distortions introduced by
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past settlements. Other studies [8,9] used irregularities in surface
normal vectors, roughness and colour to identify and classify defects
such as cracking and material loss. Separately, point clouds have been
used to quantify the size of structural defects [10] and track de-
formations occurring over time [11-13].

These previous studies demonstrate the potential for point clouds to
help assess, inspect and monitor masonry arch bridges. However, the
large size of typical point clouds often requires significant amounts of
time for semantic and instance segmentation of constituent components.
To recognise the potential of laser scanning in structural engineering
practice, it is necessary to develop automated segmentation algorithms
which can be used by practising engineers and asset managers.

Semantic and instance segmentation methods adopted in the litera-
ture can be roughly classified into three categories, which are feature-
based, machine learning and deep learning methods. Feature-based
methods consider infrastructure components as primitive shapes orga-
nized according to an idealized topology. Segmentation is then con-
ducted based on these assumptions [14,15]. Machine learning methods
consist of unsupervised methods which cluster points with similar geo-
metric features followed by supervised learning methods that classify
the clustered points [16,17]. Although these methods can achieve
remarkable segmentation accuracy, the algorithms are designed for
specific topologies with hand crafted geometric features, that are
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difficult to generalize to other cases. In contrast, deep learning (DL)
based segmentation techniques do not require the prior definition of
features since they can be learned latently by the neural network. Pre-
vious applications of DL to the segmentation of heritage buildings
[18,19] and bridge point clouds [20] have demonstrated competitive
performance relative to established machine learning methods.

There are two significant impediments to using DL techniques to
segment masonry arch bridge point clouds: (i) lack of a sufficiently large
and labelled point cloud dataset, which is often required for achieving
good segmentation accuracy and (ii) lack of neural networks for con-
ducting efficient semantic segmentation on large-scale point clouds.

To tackle challenge (i), researchers in the autonomous driving field
augment real datasets with synthetic data obtained from LiDAR simu-
lators [21-24]. The mixed (real+synthetic) training dataset enables
significant performance improvement compared to training neural
networks on the real dataset alone [25]. In the infrastructure domain,
Ma et al. [26] and Morbidoni et al. [27] train the network with synthetic
data and show its potential to address data scarcity (see also Narazaki
et al. [28]).

Recent research efforts using point-based DL architectures show
some promise in tackling the challenge (ii). Voxel [29-35] and graph-
based [36-40] neural networks are memory-inefficient since raw point
clouds are transformed into other data representations. In contrast,
point-based methods [41-51] can take raw point clouds as direct input.
However, pioneering point-based architectures like PointNet++ [42]
are memory-intensive and unsuitable for large-scale point clouds due to
the complicated design of local feature extractors. The recently proposed
RandLA-Net [50] can perform semantic segmentation on millions of
points in real-time by adopting a lightweight architecture. However, this
network can demonstrate poor performance in segmentation tasks
which require the neural network to be aware of complex local features.
FG-Net [51] applies a feature condensing mechanism to alleviate
memory consumption while managing to retain local information. As a
consequence, FG-Net [51] outperforms other semantic segmentation
neural networks on the public dataset Shape-Net [52]. To address
instance segmentation within the DL framework, the similarity matrix
[53-55] and a top-down hierarchical structure [56] have been proposed.
However, these approaches require heavy computations and are not
suitable for large-scale point clouds. Instead, a memory-efficient clus-
tering machine learning method called DBSCAN [57] may be used to
perform instance segmentation.

To enable the application of DL to bridge segmentation, this paper
develops a synthetic masonry arch bridge simulator that can overcome
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the data scarcity challenge. In addition, the paper develops a compu-
tationally efficient semantic and instance segmentation pipeline to
segment large-scale point clouds. Fig. 1 demonstrates the workflow
adopted in this paper. To this end, Section 2 describes the development
of a new neural network called BridgeNet for semantic segmentation.
Section 3 discusses the formulation of synthetic data used to train the
network and introduced the real point cloud data used for testing. Sec-
tion 4 evaluates BridgeNet semantic segmentation accuracy and com-
pares it with state-of-art techniques. Section 5 discusses post-processing
methods for efficient instance segmentation and the extraction of useful
geometric parameters from instances for engineering purposes.

2. BridgeNet

As shown in Fig. 2, the architecture of BridgeNet adopts the popular
encoder-decoder structure to effectively extract features of point clouds
at different resolutions. The input size of our neural network is N x Cippye
in which N is the number of points and Cinpy is the input channel size;
Cinpu= 3 since we only provide the raw x, y and z point coordinates as
input. This input is first sent to a 1 x 1 convolution layer to extract the
feature representations of each point. It is then passed through four
Residual Feature Encoder (Residual FE) layers to learn local features in
different resolutions. We apply random sampling (RS) to downsample
point clouds with a ratio of 4, to achieve time efficiency for large-scale
point clouds [50]. The downsampling ratio is adopted from PointNet-++
[42] which retains 25% of points at each step. RS was preferred to the
more commonly used furthest point sampling as it prevented overfitting.
The downsampled features are sent to a Global Feature Extractor which
is adapted from [51] to enhance the global point-wise relationship. Four
decoder layers are used to scale the number of points back to the original
input by using the nearest interpolation method [42]. For each upsam-
pling layer in the decoder, interpolated features are concatenated with
the corresponding encoding layer features shown by orange arrows. This
is to enhance representations of feature patterns. The output features
from the decoder are then passed through a shared Multi Layer Per-
ceptron (MLP) followed by a dropout layer to alleviate overfitting [50].
Three different drop ratios (0.2, 0.5 and 0.8) were tested, in which the
test accuracy for 0.5 outperformed 0.2 by a small margin while 0.8 was
shown to cause underfitting. Therefore, a drop ratio of 0.5 is used,
consistent with other neural networks such as RandLA-Net [50]. Finally,
al x 1 convolution layer is used to learn the semantic labels. The Re-
sidual FE and Global Feature Extractor [51] blocks are explained in the
following sections.
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Fig. 1. Research pipeline for automating segmentation of masonry arch bridge point clouds for geometry parameterization.
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Fig. 2. Overview of BridgeNet. The input point cloud has dimensions (N,3), in which N is the point number and 3 represents the x, y, z coordinates. Features are
extracted by the encoder which contains four Residual Feature Encoder (Residual FE) layers and downsampled after each Residual FE layer by using RS. Then a
Global Feature Extractor is used to correlate pairwise global relationships. Finally, a decoder upsamples the point cloud back to the original point size using in-
terpolations and convolutional layers to provide the output with dimension (N, n.;), in which ng stands for semantic labels.

2.1. Residual Feature Encoder

components: (1) Feature Grouping and Downsampling, (2) Geometric
Grouping and Feature Balance, (3) Local Convolution, and (4) Selective

The original local feature aggregation module from [50] was not Attention, which are explained as follows:
designed for learning complex local features. Therefore, as shown in
Fig. 3, the local feature aggregation module [50] was redesigned to (1) Feature Grouping and Downsampling: Let p; be the x, y and 2z co-
enable it to capture local characteristics. The module contains four basic ordinate of a given point within a point cloud P in which p; € &°.
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Fig. 3. The modules in the Residual Feature Encoding (Residual FE) layer. The learned latent features are downsampled before applying ball query to save memory
in Feature Grouping and Downsampling module. Geometric Grouping and Feature Balance explicitly encodes and balances grouped geometric features in

feature dimensions.
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The corresponding feature vector for p; is denoted f;, where f; €
RC=, For all points belonging to point cloud P, features are first
downgraded from Cj, to Cgqp = Cin/M by a 1 x 1 convolution
before the application of neighbour query to save memory [51].
M = 8 is adopted here similar to FG-Net [51], in order to achieve
computational efficiency. According to [51], a larger M would be
expected to cause a reduction in accuracy while a smaller M
would be expected to lead to an increase in the GPU memory
consumption. Ball query is then applied to gather the K nearest
neighbouring points within a sphere of radius r in which the k-th
neighbour is mathematically defined as {p{-‘ € R3, |Ip; —p{-‘H <r},
wherek =1, 2, 3, ..., K. The local feature {fslf,b} is then derived by
stacking all sub-sampled neighbour features together.

(2) Geometric Grouping and Feature Balance: The relative point posi-
tion encoding is applied to explicitly provide geometric features
to assist the network to achieve better performance. This pro-
cedure also compensates for the lost information by downgrading
feature vectors in the Feature Grouping and Downsampling
module. More details can be found in RandLA-Net [50]. The
feature dimension of relative point position {g{‘} is balanced by a
1 x 1 convolution from 10 to Cgy to derive {g’s‘ub} which makes
the feature dimension equivalent to the local feature {f.3.

(3) Local Convolution: Different from FG-Net [51], after concate-
nating the grouped features from Feature Grouping and Down-
sampling and Geometric Grouping and Feature Balance layers,

~k
{ f mb} is encoded through a 1 x 1 convolution to generate local

features Fgy. It was observed that this step improves the overall
performance significantly by explicitly learning from local
structures. It also requires considerable memory but this is
compensated by feature downsampling steps. Alternative con-
volutional kernels like KPConv [45] were also tested but these led
to severe overfitting.

(4) Selective Attention: A self-attention mechanism is applied to
weight Fop with respect to their importance in the feature
dimension. The channel-wise weighted feature f,, is learned from
grouped features which represent the importance of each feature
channel from a statistical perspective and are defined as:

f,, = softmax(w,mi? sub) (€))

where wq,; € RX is the attentive score which is learnable for aggregation
and softmax is a function that normalizes all K scores in each channel so
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that they sum to 1. Even though both [50,51] adopt summation instead
of maxpooling to avoid information loss, it was observed in our dataset
that the summation operation can lead to severe overfitting since it
groups relatively irrelevant information. Therefore, maxpooling was
applied here to select the largest feature from Fy, in each channel. The
selected feature vector f,,mx is multiplied element-wisely with fa and a
residual connection is used to add the original feature fmax to the
learned feature fch. Another 1 x 1 convolution is used in the final step to
recover the feature dimension Cgy of the residual feature f,es to Cour Of
the output fout.

2.2. Global Feature Extraction

Global Feature Extraction is proven to be effective in the ablation test
of FG-Net [51]. The same structure is also adopted in our network to
exploit and enhance globally the relationship of closely related points.
As shown in Fig. 4, the input feature Fj, € RV (N; = N/C and C = 256 in
our case) from the encoder layer is first transformed by two 1 x 1
convolution layers into latent representations L; and L. The matrix
multiplications of L; and Lj, followed by normalization, give the
pointwise similarity map which is further multiplied pair-wisely with
input features to capture related regions more effectively. Finally, the
local feature map Fj, is summed element-wise with learned global
contextual representation Fy to derive both locally and globally relation-
aware features F,,. More details can be found in [51].

3. Dataset

The dataset is composed of real and synthetic components, which are
used for test and training purposes, respectively.

3.1. Real dataset

The real dataset comprises the point clouds of seven multi-span
masonry arch railway bridges from the UK. Before segmentation, these
point clouds need to be pre-processed to remove parts that are not
modelled by the synthetic dataset, such as the ground and the envi-
ronment surrounding the bridge. Some bridge components, such as the
parapet, were not of interest and were also removed. Poorly scanned
areas, which were not intended for detailed analysis were also deleted.
Finally, bridge components were manually segmented into 5 classes
which are the spandrel wall, pier and abutment, arch, hole (only in the
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Fig. 4. Graphical explanation of Global Feature Extractor shown in Fig. 2. The global pairwise points relationship is learned and represented by the normalized

attention matrix.
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Marsh Lane viaduct), and wingwall (only in the Stapleton Road viaduct).
Fig. 5 demonstrates this procedure. The real dataset contains the point
cloud of 7 masonry railway bridges as shown in Fig. 6. Marsh Lane and
Stapleton Road viaduct data did not feature colour information and were
therefore visualized with black points in Fig. 6. Each point was classified
as a member of one of the 5 following classes:

Spandrel wall: The two side surfaces of the bridge superstructure are
known as the spandrel wall. The lower spandrel wall boundary is
defined at the top of the piers at the arch ‘springing’. Points in this class
are shown in blue in Fig. 5.

Pier and abutment: The piers are the columns beneath the bridge
superstructure. They can be tapered (see Digswell viaduct in Fig. 6) and
can also have a non-rectangular footprint due to track curvature (see
Marsh Lane and Chelmsford viaducts). Bridges with a tapering pier are
listed in Table 1. Abutments are located at the end of a bridge. They
share similar geometric features to piers and are therefore classified in
the same category. Piers and abutments are shown in green in Fig. 5.

Arch: Arches are shown in red points and their shape can typically be
approximated by a partial cylinder. Elliptical arches exist, but Brencich
et al. [58] note that they are rare. Only square spans are considered in
this study.

Hole: Holes exist in piers to minimize the use of materials. These
holes penetrate the pier in the longitudinal direction of the bridge and
are often symmetric with respect to the vertical centerline of the pier.
The holes only exist in the scanning of the Marsh Lane viaduct as shown
in Fig. 6.

Wingwall: Wingwalls attach to the side surfaces of the abutments. The
wingwalls of the Stapleton Road viaduct, shown in Fig. 6, have a
triangular shape on one side and a pentagon on the other side. The shape
of the wingwall varies drastically according to the local topography of
the embankment.

The basic geometric information and the classes included in each
bridge are summarised in Table 1.

3.2. Synthetic dataset

The synthetic dataset aims to approximate the geometric properties
of two types of real masonry arch bridges: straight and curved bridges
(see Table 1). A bottom-to-top methodology is developed to automate
synthetic bridge geometry generation by assembling entire bridges from
two primitive shapes. As shown in Fig. 7, (1) the two primitive shapes in
level 1 are quadrilaterals and partial cylinders; (2) four subassemblies,
namely the span, abutment, pier and wingwall, are then derived from
the combinations of primitive geometries; (3) different 3D masonry
bridges are generated by iteratively producing those components based
on bridge topologies. The noiseless synthetic point cloud produced this
way is then corrupted randomly to simulate geometric distortions and
laser scanning errors that are commonly encountered in practice.

Since the mathematical operations involved in Level 1 and Level 3
(Fig. 7) are well-established, the following sections discuss the definition
of the subassembly data, the range of parameters used to specify the size

Original point cloud

Remove

Processed point cloud
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of components, and the corruption of the resulting geometries.

3.2.1. Component generator

The 3D drawings of the span, pier, abutment and wingwall sub-
assemblies are shown in Level 2 of Fig. 7.

Span subassembly: The span subassembly can be considered as the
combination of one arch surface and two spandrel wall surfaces. The
arch is expressed by a segmental cylinder, for which the range is defined
by the minimum and maximum circular angles. The spandrel wall can be
defined by first generating a quadrilateral and then filtering the part
under the arch.

Pier subassembly: The pier subassembly includes a part of the super-
structure that connects the neighbouring spans. It can be defined in the
same way as in the span subassembly but without filtering. The lower
part of the pier is composed of four quadrilateral surfaces. Two surfaces
are coplanar with the spandrel walls and the other two surfaces have a
taper angle a relative to the ground. The pier sometimes features a hole
that can be built by filtering areas inside the pier that intersect with two
partial cylinders sandwiching a rectangular prism.

Abutment subassembly: The abutment subassembly can be repre-
sented by a slightly modified version of the pier subassembly.

Wingwall subassembly: The wingwall subassembly takes a variety of
shapes. For simplicity, this study represents the wingwall with a 3D
right-angled trapezoid. Since the rear surface in contact with the soil is
not visible, only the front, top and outward side surfaces are generated
by quadrilaterals.

3.2.2. Bridge parameter definition

The range of parameters adopted to describe masonry arch railway
bridges refers to the statistical data collected in Italy [58] and the UK
[59]. Due to the limited information available, some of the parameters
had to be defined empirically. Following Fig. 7, the parameters were
defined to describe the four subassemblies:

(1) Span subassembly: The number of spans is assumed to range from
5 to 20. The top and front views in Table 2 indicate parameters to define
each span subassembly. The parameters include the clear length of the
span lgan, bridge width wpan, rise of the arch s and the fill depth hgy gepeh-
The synthetic bridge generator uses the specified range for the length of
the span lpa, and determines s and gy gepn accordingly, following the
ratios presented in Table 2. All values are sampled uniformly within the
specified parameter ranges. Single track railway bridges were assumed
to have a width ranging from 3.5 m to 5 m, and double track bridges, a
width of 7 m to 10 m. Either of the two cases has a 50% possibility of
being sampled, as indicated in the third column of Table 2.

(2) Pier subassembly: Parameters are needed to describe the overall
pier geometry and the position and size of the hole. Table 3 specifies the
thickness tpyer, height hpier and width wye, of the pier. The vertical dis-
tance between the crown of the hole to the upper boundary of piers hy,
the corresponding bottom distance hporom, taper angle a, width of the
hole m, the rise of the upper and lower arch for the hole s; and s, are the
parameters used to determine the geometry of the hole. The hole

Segmented point cloud

Fig. 5. Graphical representation of real point cloud processing including pre-processing (e.g. removal of irrelevant environment and components) and manual

segmentation.
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Masonry Railway Bridge Dataset

Marsh Lane viaduct (Leeds) Stapleton Road viaduct (Bristol) Digswell viaduct (Welwyn)

& _ &3
Peterborough viaduct 0 (Peterborough) Peterborough viaduct 1 (Peterborough)

Chelmsford viaduct (Chelmsford) Hertford viaduct (Hertford)

Fig. 6. Real point clouds of seven masonry bridges that constitute in the test dataset.

Table 1
Characteristics of the real point cloud dataset.
Classes
Span Pier taper Spandrel Pier Arch Wingwall Hole
Curved bridge Chelmsford viaduct 6 X v v v X X
Marsh Lane viaduct 2 X v v v X v
Straight bridge Stapleton Road viaduct 2 v v v v v X
Digswell viaduct 4 v v v v X X
Peterborough viaduct 0 3 X v v v X X
Peterborough viaduct 1 3 X v v v X X
Hertford viaduct 5 v v v v X X
Quadrilateral Partial cylinder

Level 1: Primitive geometry

) 2

Wingwall

Level 2: Four sub-assemblies

Level 3: Entire bridge

Fig. 7. Flowchart illustrating the generation of synthetic bridges hierarchically from primitive geometry to the complete bridge.
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Table 2
Schematic descriptions and the range of geometric parameters used to define span subassemblies.
/hL Ni_eptn Span
S Parameter Range Probability Reference
C - ] [8m, 15 m] 70%
Lspan
Front view ! [15m, 26 m] 30%
T [3.5 m, 5 m] for one lane 50%
Wipan [58]
Wspan [7 m, 10 m] for two lanes 50%
J /lspan [0.05, 0.50] 100%
Top view Tyt depispan [0.02,0.14] 100%
Table 3
Schematic descriptions and the range of geometric parameters used to define pier subassemblies and the hole.
Pier
. —
0 Parameter Range Probability Reference
i tpier/Vspan [0.1, 0.25] Empirical and [59]
[ hyier [5m, 20 m]
a [0°,30°]
hﬂrer
M Wpier [0.1,0.4]
Ll 100%
? s1/m (0,0.5] Empirical
Pooor so/m (0,0.5]
hiop/Mpier 0.15,0.35
Front view Side view o/l L ]
Pivotton/Mpier [0.15, 0.35]

Fig. 8. Example of a pier hole at Stanway Bridge, UK, where the upper and lower arch surfaces are partial cylinders sandwiching a rectangular prism.

geometry is not covered by either [58] or [59], therefore it was defined
empirically by the authors based on example bridges (see Fig. 8).

(3) Abutment subassembly: The width of abutments is assumed to be
the same as wyyq, for geometric consistency. The length of the abutment
is also not defined in the literature. Therefore, the height hg, and the
length Iy, are defined empirically. The range of the abutment length is

aput

|
Tabut

Fig. 9. Top view of the geometric parameters used to define abutments.

defined from [0.2*Lspqn, 0.5*Ispan] Which is thicker than the pier since it is
responsible for dispersing the loading to the supporting soil. The height
of abutments is defined in the range from 0.3*hp;er to hyer (see Fig. 9).

(4) Wingwall: 4 wingwalls are attached to the lateral surfaces of the
abutments. These are assumed to be 3D trapezoids. From Fig. 10, the
length of the upper-line hyyper, lower-line hygyer, the thickness of the
wingwall t;,e and the height of the wingwall hy,,, need to be deter-
mined. Due to limited information on the geometry of the wingwalls, the
parameter ranges used in the synthetic simulator were based on the
authors’ experience. hyyper is sampled from a uniform distribution with
the range of [2 m, 4 m] and hysyer with [4 m, 8 m]. hying is sampled from
0.3*(hpier + hspan) to (hpier + hepan). The angle between the wingwall and
the side surfaces of the abutment is sampled from [—60°, 60°]. tying is
defined to be in the range of 0.25 m to 0.75 m.
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e hupperr B
twing» ~
h ing
Phlower
(a) Side view (b) Front view

Fig. 10. Schematic descriptions (a), (b) of geometric parameters used to define
wingwalls in the synthetic data.

3.2.3. Data corruption and truncation

Geometric irregularities are common in masonry arch bridges. Spans
may be of different lengths, pier top elevations may vary across the
bridge due to topographical reasons and piers and holes may feature
distorted geometries due to support settlements. To simulate these as-
pects, the geometric properties of the subassemblies need to be rando-
mised, as shown in Table 4. For instance, according to the first row, the
span length specified for the bridge will vary uniformly in the range
[—0.2 m, 0.2 m] in synthetic point clouds.

Measurement imperfections in point clouds occur due to measure-
ment errors and occlusions. Laser scanning measurement noise was
approximated simply by adding a zero-mean Gaussian noise distribution
with a standard deviation of 0.005 m to all x, y and z coordinates [23].
The occlusions in real point clouds are case-specific and impossible to
capture without detailed models of scanning geometry and the sur-
rounding environment. To approximately capture the incomplete in-
formation that can arise as a result of occlusions, data truncation is
performed. The synthetic point cloud is truncated from both ends as
shown in the plan view in Fig. 11a. The truncation ratio for the left and
right parts does not exceed 50% of the bridge length. Since the Marsh

Table 4

Schematic description of the data corruption introduced to each component of
the synthetic bridge point clouds. The deformations are indicated by red dotted
lines which depart from black lines that represent the initially generated regular
bridge geometry

Component Randomness Range
(Uniform
distribution)
Front view of Length [-0.2 m, 0.2
J .| aspananda m]
pier
Pier Height and skew Height:
angle of flank [~0.1*hpier,
surfaces 0.1%hyier]
Skew angle:
[-0.5°, 0.5°]
e Arch Rise and elevations Rise: [-0.1 m,
v g \‘\\ for two ends of the 0.1 m]
/ \ arc Elevation:
| | [-0.1 m,
—0.1m]
t t Hole Rise of both lower Rise: [—0.02
4 and upper arches m, 0.02 m]
and two directions X axis:
¥ for four corner [-0.005 m,
points 0.005 m]
Y axis:
[—0.005 m,

0.005 m]
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Lane viaduct used in the testing dataset contains a truncated hole, some
piers were also truncated, as shown in Fig. 11b. This involves first setting
a threshold sampled from the uniform distribution with the range of
[0.15*hyier,0.5* hyier] and subsequently filtering out the points with z
coordinates lower than the threshold.

4. Training results
4.1. Implementation details

Our framework is implemented using Pytorch. Adam is used as an
optimizer with an initial learning rate of 10~ and a decay rate of 10~*,
The x, y and z coordinates of point clouds are first normalized within the
range [—1,1]. The coordinates are then randomly rotated around the z-
axis with an angle between 0 to 2z. The normalized point cloud is also
rescaled with a scalar between 0.8 and 1.25 and shifted from 0 to 0.1
relative to the x, y and z directions for data augmentation. The batch size
is 4 for training so the training data has the size (4, 65536, 3), where 4
represents the batch size and 65536 is the number of points for each
batch with 3 referring to the x, y, and z coordinates of each point.

The training dataset contains only synthetic data in which up to 2000
point clouds are sampled by using the data generator introduced in
Section 3. To be compatible with the real dataset, the ratio between the
number of synthetic curved and straight bridges is set to 2/5. The test
dataset includes all 7 real bridges. Since most of the test point clouds
have millions of points while the default number of input points in the
network is 65536, each real bridge point cloud data is randomly sampled
into non-repeated sets with the default number of points. For example,
the Hertford viaduct point cloud contains 5 million points which can be
split into 5000000/65536~76 sets. The residual points which are not
included in the sets are discarded. 70 epochs are trained for each case.
The experiments are conducted on an RTX 3080 GPU with 10GB of
memory.

4.2. Evaluation metrics

Three different metrics are adopted in the experiments to assess
BridgeNet performance and benchmark against existing networks
PointNet++ and RandLA-Net. The overall accuracy is defined as:

Accuracy = TP/N (2)

in which N is the number of points and TP (true positive) represents the
points that are correctly labelled. Eq. (2) gives overall measurements of
the neural network performance though it cannot reflect the segmen-
tation accuracy for each class. Therefore, the mean precision, denoted by
mean_Pr, and mean intersection over union, mloU, metrics are also used.
These are defined in Egs. (3) and (4),

mean_Pr = Z:] (TP;/(TP; + FP;) )/nm 3)

mloU =Y """ (TP,/(TP; + FP;+ FN;)) / Hets “@

where TP; is the true positive for class i, FP; (false positive) is the number
of points being misclassified as class i and FN; (false negative) is the
number of misclassified points belonging to class i. Egs. (3) and (4) can
highlight poor segmentation of a certain class even when the class oc-
cupies a small proportion of the entire point clouds. In particular, the
metric mloU presents the most rigorous evaluation of accuracy, as it also
considers the influence of misclassified points FN;. If the total number of
classes is under 5, which is possible since some bridges do not contain
hole or wingwall classes (see Table 1), the ng; is adjusted to remove non-
existing classes.
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Fig. 11. Data truncation in synthetic bridge models. The first example (a) shows the plan view of a bridge, whose point cloud is truncated from two sides (see
zigzagged red lines), while the second example (b) shows the side view of a pier, which is truncated along its height. (For interpretation of the references to colour in

this figure legend, the reader is referred to the web version of this article.)

4.3. Semantic segmentation results

Networks are trained on the purely synthetic dataset with an
increasing number of bridge point clouds; 100, 400, 500, 600, 1000,
1500 and 2000 point clouds are considered. Once trained, the networks
are tested on the real bridge dataset containing the 7 bridges. To ensure
like-for-like comparisons, the sample ratio, number of neighbours, input
and output channel for each feature extraction block, and number of
feature extractors used in RandLA-Net and BridgeNet are set to be the
same.

Table 5 presents the evaluation metrics obtained for PointNet++,
RandLA-Net and BridgeNet. The best results for each metric are marked
with bold numerals and underlined. BridgeNet outperforms the other
two networks by a large margin except for the case of 100 point clouds.
BridgeNet achieves the best results with 2000 point clouds in the
training dataset. As the training data size is increased, the mloU im-
proves steadily, indicating that the synthetic dataset provides valuable
new information that helps to improve the performance of the network
in segmenting real point clouds. To better understand how BridgeNet
performs on real bridge point clouds, the mloU for each component is
shown in Table 6. Values of 0 mean that the point cloud does not contain
the corresponding class. Both Peter 0 and Peter 1 are poorly classified
with average mloU of 0.762 and 0.836, mainly due to the poor classi-
fications of the pier class. For the wingwall and hole, the network ach-
ieves satisfactory performance for the wingwall class by achieving a
mloU value of 0.704. However, the hole is not well segmented with a

Table 5

mloU value of 0.513.

Fig. 12 visualizes the segmentation results and the ground truth
labelling of each bridge. Bridge components could be identified
correctly, despite significant differences in bridge geometry and point
cloud density amongst the real dataset examples. The misclassifications
are highlighted with inset figures, showing close-ups of the misclassified
areas. The piers of Peter 0 and Peter 1 on the leftmost side are mis-
classified with an arch class, likely due to the low density of points in this
region. Similar misclassification is observed for other test cases near the
arch springing points, indicating that the edge between the objects is not
well captured by the neural network. This could be due to the down-
sampled size of the point cloud, which is used for evaluation. From
Fig. 12, it can be seen that the hole in the Marsh Lane viaduct is partially
misclassified as a pier element. Nonetheless, despite its truncated shape,
the outlines of the hole feature can still be identified. According to
Table 6, the wingwall class has a relatively low average class mloU
compared with the arch, pier and spandrel wall classes. This discrepancy
arises as synthetic point clouds do not model the curved transition be-
tween the abutment and the wingwall. Adapting more detailed geome-
try in synthetic models, or including real point clouds with such features
in the training dataset, is likely to improve accuracy further.

Comparison of the performance of PointNet++, RandLA-Net and BridgeNet for semantic segmentation on test dataset with increasing training samples in the synthetic

dataset using accuracy, mean precision and mean intersection over union metrics.

Number of synthetic bridges used for training

100 400 500 600 1000 1500 2000
Accuracy PointNet++ 0.874 0.915 0.913 0.912 0.895 0.908 0.896
RandLA-Net 0.845 0.911 0.914 0.911 0.932 0.920 0.927
BridgeNet 0.875 0.938 0.947 0.941 0.951 0.954 0.957
mean_Pr PointNet++ 0.545 0.605 0.641 0.645 0.618 0.623 0.627
RandLA-Net 0.568 0.678 0.665 0.695 0.666 0.716 0.713
BridgeNet 0.532 0.685 0.743 0.752 0.785 0.861 0.867
mloU PointNet++ 0.466 0.544 0.586 0.582 0.513 0.564 0.552
RandLA-Net 0.438 0.562 0.574 0.581 0.583 0.585 0.598
BridgeNet 0.461 0.629 0.654 0.680 0.684 0.751 0.779
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Table 6
Mean intersection over union (mloU) of each semantic class for each real bridge.
Chelmsford Digswell Hertford Peter 0 Peter 1 Stapleton Marsh Lane
Spandrel 0.837 0.855 0.888 0.875 0.874 0.820 0.962
Pier 0.927 0.980 0.973 0.628 0.756 0.926 0.924
Arch 0.918 0.877 0.966 0.782 0.878 0.973 0.967
Hole 0 0 0 0 0 0 0.513
Wingwall 0 0 0 0 0 0.704 0
Average mloU 0.894 0.904 0.942 0.762 0.836 0.856 0.841
Chelmsford Digswell Hertford

Ground truth

BridgeNet

Peter 1

Ground truth

BridgeNet

I Spandrel wall

I Pier and abutment

Stapleton Marsh Lane

Il Hole

I Arch Wingwall

Fig. 12. Visualizations demonstrating the semantic segmentation results from BridgeNet compared with the ‘ground truth’ for the real bridge test dataset. Mis-
classifications are highlighted and shown inset with a zoomed-in view within black bounding boxes.

5. Post-processing
5.1. Instance segmentation

Since the network only gives the semantic segmentation results, the
unsupervised learning method DBSCAN [57] is used to perform instance
segmentation to cluster points into separate objects as shown in Fig. 13.
The performance of the algorithm depends on two parameters eps and
min_samples, which are the maximum distance between two samples for
one to be considered in the neighbourhood of the other and the number
of samples in a neighbourhood for a point to be considered as a core
point, respectively. Two parameters used in the algorithm had to be
adjusted following a trial and error approach to achieve the best instance
segmentation performance as shown in Table 7. The outliers were
automatically removed by filtering out clusters that contain points lower
than the defined threshold.

5.2. Geometric feature extraction

Two difficult to obtain geometric parameters, the generatrix and the

10

arch radius, are extracted from the manually segmented ‘ground truth’
point clouds as true values. These are then compared to geometric pa-
rameters extracted from segmented arch and pier point clouds by
BridgeNet and DBSCAN.

The generatrix and radius of arches can be calculated using a
Random Sample Consensus (RANSAC) based iterative geometric
extraction algorithm. The algorithm first fits a 3D cylinder function to a
random selection of a small set of points (20 points in our case) from an
arch class. The shortest distance between each remaining point and the
fitted generatrix (uniquely determined by the centre and the direction of
the generatrix) is then calculated. By subtracting the fitted radius of the
cylinder e,q4iys from this value, the residual error of the radius is obtained
for each point. The number of points on the cylinder, n. s, can then be
determined by filtering points with residual errors larger than a pre-
defined threshold. Then, RANSAC is applied to iteratively select points
to fit the 3D cylinder and output two metrics: n. g and erqdius- Those
metrics are evaluated at every loop until the residual error becomes
smaller than a pre-defined error threshold or the maximum iteration
number is reached.

The extracted geometric parameters in the final step of the algorithm



Y. Jing et al.

Automation in Construction 142 (2022) 104459

Semantic segmentation

Arch

Pier Wingwall

Spandrel wall

/

[Cosscan ]

Instance segmentation

Fig. 13. Example of instance segmentation for all bridge components of the Stapleton Road viaduct by using DBSCAN.

Table 7
Two parameters of DBSCAN used for instance segmentation of each bridge after semantic segmentation.
Chelmsford Digswell Hertford Peter 0 Peter 1 Stapleton Marsh Lane
Arch eps 0.03 0.03 0.03 0.04 0.04 0.03 0.03
min_samples 50 40 50 40 40 40 40
Pier eps 0.1
min_samples 100

for the segmented arches are compared to the ground truth results in
Table 8 for the Chelmsford ViaductFOR. Root mean squared errors
(RMSE) are specified since the geometric extraction was conducted for
multiple arches. The RMSE for the radius is smaller than 1 cm, indicating
remarkably accuracy. The direction of the generatrix is captured with an
RMSE of less than 0.2° which shows the robustness of the segmentation
results. This is demonstrated visually with a top view of the arch point
clouds and their generatrix (represented by black arrows) in Fig. 14.
These results demonstrate that the developed algorithm is capable of
performing geometric extraction accurately even for the incomplete
scans of arch 1 and arch 6.

6. Conclusions

The development of automated and generalisable techniques for
semantic and instance segmentation can facilitate the assessment, in-
spection and monitoring of masonry railway bridges. In this work, a new
deep learning network called BridgeNet was developed to perform
partial segmentation on large-scale masonry point clouds. This network
was inspired by RandLA-Net [50] and FG-Net [51] and modified based
on their architecture to conduct semantic segmentation on large-scale
point clouds. Instead of deformable convolution kernels, BridgeNet ap-
pliesal x 1 convolution layer to capture local feature correlations; this

Table 8

RMSE is associated with the radius and the generatrix angle obtained by fitting
cylinders to arch point clouds of the Chelmsford viaduct segmented from
BridgeNet. The errors are relative to the radius and generatrix estimations from
cylinders fitted manually sampled point clouds (‘ground truth’).

Arch num Radius(m) Generatrix(°)

6 8.43%1073 1.70%10°!
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approach was observed to be more robust in the experiments. Further-
more, maxpooling is used rather than summations to aggregate neigh-
bour point features, which alleviated overfitting issues.

Due to the scarcity of real data for training, a masonry arch bridge
point cloud simulator was developed. BridgeNet was then trained with a
solely synthetic dataset from this simulator and tested on a dataset
composed of real point clouds from 7 railway bridges in the UK, each
with significantly different geometric properties. The results were used
to evaluate the performance of BridgeNet compared with two state-of-
art neural networks PointNet++ and RandLA-Net. The results demon-
strate that BridgeNet segments the point clouds with remarkable accu-
racy, and outperforms other networks by a significant margin. This
result also highlights the success of the synthetic point cloud simulator
in capturing global geometric properties of real bridges and justifies the
research methodology developed in this paper. Segmentation errors
occasionally arise due to the simplistic representation of geometry in the
bridge simulator.

An unsupervised method called DBSCAN was used for instance seg-
mentation. This enabled the investigation of key geometric parameters
of the bridge. In particular, by fitting cylinders to arch instances using a
RANSAC based approach, two key geometric parameters, arch radius of
curvature and generatrix direction, were obtained. The geometric pa-
rameters obtained from point clouds segmented by BridgeNet, were
compared to ground truth values, demonstrating a high accuracy. This
demonstration emphasized the robustness of segmentation and high-
lighted the useful geometric information that can be gained from
segmented point clouds.

Currently, our synthetic dataset simplifies the geometry of real ma-
sonry arch bridges (e.g. by excluding components, such as parapets) and
the simulation of laser scanning; these aspects may be limiting the
segmentation accuracy. Furthermore, in the current pipeline, BridgeNet
performs semantic segmentation only, and unsupervised clustering
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Arch 4 Arch 6

Fig. 14. Arches segmented by BridgeNet are projected on the x-y plane. The extracted generatrix from predicted arches is shown in black arrows.

methods, such as DBSCAN, are necessary for instance segmentation.
Since hyper-parameters for DBSCAN needs to be adjusted for different
cases, an end-to-end network might be proposed in the future to achieve
a more efficient pipeline.
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