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Abstract

The maintenance of aging infrastructure requires advanced tools for efficient inspection and
planning. This paper presents a methodology for segmenting and classifying point clouds of road
tunnels to streamline maintenance operations. Processing large datasets, such as those generated
by laser surveys, poses significant challenges without appropriate IT solutions. Data from four Italian
tunnels were divided into segments and clustered into homogeneous groups. These clusters were
manually classified to create a labeled dataset for training machine learning algorithms. The
classified points, representing elements such as lining, road surfaces, and equipment, were then
used to generate a 3D mesh model. By sharing the results in the OpenBIM format, the method
facilitates seamless data exchange among infrastructure maintenance professionals, improving
efficiency in planning and execution.

Keywords: Machine Learning-Clustering and Classification, Point Cloud, 3D reconstruction, Maintenance,
Tunnelling, Building Information Model

1. Introduction

As described in [1], the status of Italian tunnels in the Trans-European Network (TERN) is difficult to
manage. Approximately half of the total number of sections and lengths developments of TERN
tunnels are in Italy and half of them have been in operation for more than 30 years. These structures
need improvements, especially from a structural perspective. The same report [1] shows the data
provided by the operators on the 31st of December 2020, revealing that only 18% of the TERN
tunnels comply with the current regulations. The latest technologies, such as laser devices for
collecting data on-site [2], can aid in describing complex structures, such as tunnels.
However, laser instruments produce an enormous amount of data that must be meticulously
screened and cleared of unnecessary or unmanageable information before it can be used in the
design process. To improve understanding of this big data, machine learning techniques can be
used to support data screening [3]. A large-scale survey and investigation campaign has been
undertaken in Italy to monitor the condition of underground infrastructure. The current investigation
practice follows the guidelines in [4], using a layered approach to evaluate and understand the
infrastructure. Level O involves taking a census of the structures in the territory that require
renovation, including data on their geographical locations, maintenance histories, and other relevant
details. Level 1 focuses on initial inspections and the processing of defect records. During this phase,
it is also essential to gather information on the volume of the subsurface, identify visible defects
through surveys, and perform geometric surveys. Level 2 involves analyzing the collected data and
assigning an attention class to the infrastructure to evaluate its condition and determine if future
1
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investigations and monitoring are needed. Level 3 provides an in-depth research campaign to
estimate the instabilities related to the interaction of the lining with the natural formations it crosses.
At this level, a point cloud of the tunnel is created. Level 4 provides accurate safety evaluations of
the tunnel, based on the active danger and external environment factor. Lastly, Level 5 evaluates
the importance of the infrastructure in the road network and the socio-economic context related to a
hypothetical service disruption.

Table 1 Summary of aims during the multi-level approach survey.

Level [Aims

Geolocation - Census - Data collection

Identification of the state of preservation through preliminary and expeditive inspections

Estimation of attention class

Local surveys through depth inspections

Accurate global assessment
Only in the case of vulnerable assets, to be evaluated case-by-case

g (bW =R O

The current practice for collecting geometric data involves the use of ground-based laser scanners,
to accurately reconstruct the tunnel morphology [2]. If the project data at Level O are not reliable or
insufficient to fully understand the tunnel’s lining, the laser scanner must be used at Level 1, creating
an early-stage point cloud.

The use of OpenBIM technologies and methodologies [5] can provide an important contribution to
the management of infrastructure inspections and maintenance by using shared and defined
standards and improving collaboration across stakeholders. The current workflow leading to the
definition of structural geometry, and the subsequent association of attention classes, is time-
consuming and often does not leverage the highest accuracy of data acquired on-site. To achieve
this work quickly yet meticulously, it is essential to organize the workflow and incorporate state-of-
the-art computer tools that can handle data and translate it into formats that are compatible with the
current software in use.

The methodology presented in this contribution aims to provide a scalable tool to support design
studies, allowing significant time savings when processing large datasets from laser surveys. It also
provides a more reliable and user-friendly tool for reconstructing BIM models describing the
structure's geometry. The usage of the BIM model for operation and maintenance (O&M) of
infrastructural assets is fundamental both for performing real-time analysis and storing data for future
reference. In [6] the authors explain the importance of the use of BIM for the creation of a Digital
Twin (DT) [7] that can be used for O&M. The accuracy of the BIM geometry can allow analysis of
the structure's development and easily compare the actual state with the past history. This
methodology is designed to be applied in a typical workflow of an engineering firm involved in tunnel
maintenance and construction management, to analyze big data from laser surveys more efficiently
and ensure high accuracy in geometry rendering.

Firstly, this paper describes the current methodology that is applied by most engineering firms to
recreate a tunnel 3D model starting from a point cloud. Secondly, it reviews the technologies relevant
to the proposed algorithm, defining and discussing their applications in infrastructure and tunneling.
Thirdly, the methodology and algorithm developed to produce a Building Information Model (BIM) [8]
using clustering and classification methods is presented. Application to four tunnels located in Italy
will be presented along with a discussion on speed, accuracy and reliability. Due to the sensitivity of
the infrastructure data, the raw dataset of the point cloud cannot be disclosed. However, we provide
a GitHub repository [9] to easily reproduce our classification workflow on a cleaned and anonymized
version of the data. Finally, conclusions and future developments of the work will be presented,
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highlighting the limitations and potential of the presented methodology.

2. Current methodology and related works

The first step in understanding the morphology of a building or infrastructure is the accurate survey
of its geometric parameters. Terrestrial laser scanning (TLS) is a widely used technology for three-
dimensional data acquisition and mapping. Its use is well-established in tunnel investigation, for
example, as shown in [10], these surveys could be used for deformation analysis and tunnel section
extraction.

Laser scanner surveys are also essential to correctly plan maintenance work on tunnels when
extraordinary interventions are required, such as the renovation of the structure.

Currently, to reconstruct the tunnel model from laser scanner surveys, cross-sections are made
along a path that is similar to the tunnel alignment. From the intersection between a plane crossing
the cloud and the point cloud itself, it is possible to extract curves that approximate the cross-section
of the tunnel and to design a geometric model of the canopy's pattern by joining these cross-sections
along the tunnel alignment. In [11] and [12] the authors describe the incredibly time-consuming
process of manually purging noise points; however, this operation is crucial for the correct geometry
reconstruction. A comparable technique is explained in [13], where a filtering algorithm is proposed
to remove points that are not useful for the reconstruction of the section. These methods use only
a small fraction of the data from the point cloud, focusing on those used to construct the sections,
resulting in a significant loss of collected information. The use of a larger number of points, properly
selected, allows to ensure an excellent congruence with the real geometry of the tunnel along its
entire length.

Research regarding the application of machine learning techniques in tunneling is very active, and
there are several examples showing the potential of these tools. [14] discusses the application of the
RANSAC algorithm [15] for automatically cleaning cross-sections from noise points by interpolating
a cylindrical geometry. This application of the algorithm gives high-quality results, but it is not easily
scalable to tunnels presenting non-perfectly cylindrical shapes or with obvious deformations.

In [16] a multi-level approach for the clustering of tunnels from point clouds via RANSAC and
DBSCAN [17] algorithms are considered. Here the algorithms are operated to cluster the elements
directly by checking the correspondence with the parameters assigned to the algorithms, resulting
in a significant automation of the procedure. However, this strategy is hard to scale to non-
homogeneous density point clouds, as well as to be implemented with new classes of objects that
may need to be identified. Provided with a fully classified dataset, where the clusters are correctly
identified and labeled, one can adopt a supervised learning approach and train classification
algorithms from the machine learning literature that can automate future cluster classification [18].
Examples of these algorithms span from basic logistic regression to neural networks and support
vector machines [18].

In [19], the authors present an interesting application of algorithms for classifying prefabricated
building elements. By using Industry Foundation Classes (IFC) methodology, the complex analyses
carried out by these algorithms can be translated into more user-friendly data for workers who
operate on-site, a key factor in successfully managing building and infrastructure data. In [20] an
approach based on BIM and IFC format is presented to manage tunnel construction data, improving
data exchange between project stakeholders. However, geometries derived from point clouds can
be cumbersome to load into an infrastructure design or a game engine software. The problem is
comparable to the one addressed by [21], where the authors reconstruct a 3D model of a baroque
altarpiece from survey data. Due to the complexity of the architectural element and the number of
points needed for accurate reconstruction, re-meshing steps are required to optimize it for software
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127  integration. The proposed methodology aims to use the data from the survey to generate an IFC file
128 describing the tunnel geometries and thus enable its use for design and execution work.

129 From a Machine Learning perspective, it is also important to draw a connection with the field of
130 computer vision and specifically with segmentation methods. Supervised segmentation methods
131 classify points from the 3D point cloud based on initial labeling via deep learning algorithms
132  [22][23][24][25]. Our approach differs, as we label each cluster along with covariates representing
133 summary statistics (e.g. number of points, volume, centroid of the cluster). There are several
134  advantages to our tabular data approach compared to vanilla segmentation methods. Firstly, it offers
135 computational efficiency from a memory perspective, as storing clusters instead of individual points
136 reduces dataset size from the number of points times three (i.e., the X, y, z coordinates) to the
137 number of clusters times the covariates. In our specific application, we found that storing only the
138 summary statistics consumed just 0.1% of the original point cloud’s memory. Secondly, companies
139 are often reluctant to share point clouds due to data sensitivity. This is hampering the process of
140 creating a highly heterogeneous dataset of tunnels which would be useful to train widely applicable
141  classification algorithms. This privacy issue can be avoided by aggregating the point cloud in a
142  cluster as per our procedure. Indeed, given a cluster and its covariates, it is not possible to
143  reconstruct the point cloud, making the dataset fully anonymous. Thirdly, training of tree-based
144  algorithms on tabular data runs almost instantaneously on most laptops. Moreover, these algorithms
145  are incredibly light and can be easily integrated into portable devices. To conclude, we choose the
146  most efficient and user-friendly solution, balancing computational cost, usability, and accuracy.

147 3. Methodology

148  The following section discusses the methodology used to classify tunnel elements and consequently
149 enable As-Is modeling of the infrastructure. This approach is an alternative to the current practice
150 based on cross-sections described in the previous section, to achieve a more reliable model in less
151  time.
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Figure 1. Methodological workflow. Starting from the left, boxes show how input data are clustered and then classified via
classification algorithms. Finally, clean data are used to develop a BIM model.
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152  Figure 1 shows the methodological process that was developed to create a BIM model from a point
153 cloud. The diagram has been divided into four main blocks that display the algorithms and actions
154  that are performed on the source data.

155  Starting from the left, “INPUT”, the first block shows the input data, consisting of the point clouds
156  derived from the laser scanner survey; an initial pre-processing activity is crucial to divide the dataset
157  and organize the data, so as to optimize computation time.
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The suitably arranged data then undergoes a clustering process in which the chosen algorithms
clean, complete, split and segment the point cloud. For this intermediate step named
“CLUSTERING”, the RANSAC and DBSCAN algorithms are considered. The RANdom SAmple
Consensus (RANSAC) [15] is an iterative algorithm for estimating the parameters of a mathematical
model from a dataset containing outliers, which allows us to easily interpolate missing data in our
tunnel. The subsequence clustering is performed with Density-Based Spatial Clustering of
Applications with Noise (DBSCAN) [17] which distributes points into high density regions and
automatically eliminates noise points, i.e. all those points that do not fit into the density groups
provided. Here, both RANSAC and DBSCAN serve as purely empirical tools to segment the point
cloud and make the labeling procedure faster, and nothing stops the user from considering other
algorithms that fulfill the same purpose.

The different regions created during the “CLUSTERING” step are then manually labeled to
equipment (E), sidewalk (S), road (R), lining (L) and waste (W), and then fed to “CLASSIFICATION”
algorithms, see [26] and [27] for a review. The choice of the classification algorithm is not
straightforward, and a careful selection must be performed. We suggest using the Python library
“lazypredict” to test more than 20 algorithms on three different metrics (accuracy, balanced accuracy,
F1-score). This should allow us to select the most performing candidates for subsequent fine-tuning
of the hyperparameters.

After the “CLASSIFICATION” step five separate classes of clusters are produced, from which a
reconstruction path leading to the development of an IFC model can follow. This is then used as a
starting database for maintenance design and planning, representing the “BIM MODEL CREATION”.
As explained in Section 2, the creation of BIM models is currently a necessary procedure to design
and manage the structural intervention on existing tunnels. Our work aims to improve the way point
clouds are processed and the accuracy of the final BIM model.

4. Case study: four Italian tunnels

Section 4 demonstrates the application of this methodology for the segmentation, classification, and
reconstruction of a BIM model for Italian tunnels. Subsection 4.1 discusses the tunnels used as data
input. Subsection 4.2 describes the clustering algorithms used to segment the clouds and create the
training dataset. The choice of the classification algorithm, data labeling, parameter tuning, and
algorithm validation are described in Subsection 4.3. Subsection 4.4 presents the process for
creating a simplified BIM model containing the meshes derived from the point cloud so that it can be
used as the basis for the creation of a more complex parametric model.

4.1 Input

The data acquired by the TLS are multiple and depend on the used instrument. However, the choice
of the tool, and consequently the collected data type, belongs to survey companies and not to
planners. Therefore, it was decided to use, as starting input, point clouds that only contain point
coordinate data: since all TLS tools acquire those data, this choice enables the process to be
performed independently of the instrument used for the laser scanning, with differences depending
only on the accuracy.

Data from four different tunnels are considered, showing differences in both geometry and survey
tools used. These differences make it possible to build a heterogeneous dataset of tunnels that will
provide multiple training examples for classification algorithms, making it as generalizable as the
data allow.

Figure 2 shows the four different galleries used to train the algorithm. The first tunnel displayed in
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Figure 2 Four tunnels used for the experiments. From top to bottom: morphology, some data information, and details
on some sections of the point clouds

the image, coded with 'CM’, has the densest point cloud in the dataset, and, for most of its extension,
all the tunnel parts are visible. On the inner intrados of the CM tunnel, there are also corrugated
metal reinforcements, visible in the third row of Figure 2. However, in the first part of the tunnel, there
are several disturbing elements such as machines, construction workers, traffic cones, and others.
These disturbing components must be removed to correctly re-build the tunnel geometry, but their
manual elimination is time-consuming. Identifying these elements by cross-section-based geometry
reconstruction is extremely difficult: to make this easier, the developed methodology will allow these
objects to be included in the classification process and quickly removed from the final geometry. The
second tunnel, coded 'MA', was surveyed with less precision and has fewer points per linear meter
of length than the CM tunnel. MA has a more curvilinear geometry than the other three tunnels and
has a bypass, shown on the third row of Figure 2. These elements are not always present in tunnels,
but their classification is essential to obtain a more flexible algorithm that adapts to different
scenarios.

The third tunnel, coded with 'MO', and the fourth, called 'SE', has a similar cloud point density but
different geometries. The morphology of MO is peculiar because it has sections that are narrowing
down along the path and a significant amount of noise. From a morphological point of view, SE does
not have any specific problems: however, some parts of the tunnel were not surveyed, such as the
joining point between the lining and the pavement, visible in the third row of Figure 2.

The data described above must be properly pre-processed before being fed to clustering algorithms.
It is then necessary to perform an initial division of the gallery into sub-parts not exceeding 300000
points, which allows the next processes to run in a few minutes. However, the segment of the tunnel
analyzed cannot be too long, so sections with a similar curvature are considered. For each segment
of the cloud, the direction of the normal vectors is also calculated as it will be used to compute some
of the covariates to be used in the classification algorithm.

4.2 Clustering

The tunneling section, which has been previously set up as described in 4.1, can then undergo its
first clustering process using the RANSAC algorithm for road identification. For this step of the
clustering, the point cloud is interpolated with a plane for a certain number of iterations: the goal of
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the RANSAC algorithm is to find the plane that maximizes the number of points within a chosen
range. The choice of the hyperparameters, e.g. inlier/outlier ratio, of the RANSAC depends on the
geometry of the tunnel and the quality of the survey. The roads in Italian tunnels can indeed be of
different types and therefore need different hyperparameters to be properly separated from the rest
of the cloud. The choice of the hyperparameters is then empirical and left to technicians for the best

®

gy . A Cloud points n° 218 605

e
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Cloud points n° 273 088 Cloud points n° 54 475

Figure 3. From left to right, input and output of the RANSAC algorithm. On the far right the separated clouds.

outcome.

In our application, we set the interaction parameter to 5000, to ensure accuracy in the results and
avoid excessive computational time, and the inlier/outlier ratio to 2.5cm, to account for potential
imperfections in the road surface.

Figure 3 shows the application of the RANSAC algorithm on a piece of the CM cloud, here the
identified plane corresponds to the road surface of the tunnel as it is the only plane element with
enough points to satisfy the request. Therefore, the result of this first operation is two distinct clouds:
1. one containing all the points not selected by RANSAC,;

2. the other represents the selected plane, which is then removed from the classification phase.

Since, as previously described, every piece of the cloud is analyzed separately; the centroid of the
point cloud called "2" in Figure 3 (bottom right of the figure) is used as the relative center of the cloud
called "1" (upper right of the figure). The original coordinates of the relative center are saved in the
dataset and then the centroid is reset to the origin (0,0,0). This process allows tunnels to be analyzed
regardless of elevation or geographical position.

The data from point cloud 1 are further segmented using the DBSCAN algorithm. Precisely, the
DBSCAN is trained on both the coordinates of the points and their normal vectors, meaning that the
clusters account for both location and direction. The DBSCAN uses two parameters to define clusters
of points with homogeneous density. The first is 'epsilon’, defining the amplitude of a hypothetical
radius drawn around the point. The second is 'minimum samples', specifying the number of points
that must fall within the epsilon neighborhood of the core point and therefore included in the cluster.
Points that do not fulfill this condition are considered noise points and hence excluded from the
procedure.

It is necessary to evaluate if the DBSCAN algorithm is sufficiently suitable for segmenting the point
clouds into subcomponents to be later classified. To measure the effectiveness and reliability of the
process, we need to show that the DBSCAN is correctly separating the different components of the
tunnel. Specifically, we want to ensure that the DBSCAN is not clustering together two or more
different elements of the tunnel. Remark that the usual clustering evaluation metrics are somehow
meaningless in this scenario, as any clustering partition that does not mix up different tunnel parts is
equally preferable. Hence, we consider a segment of each of the four tunnels and create an oracle
that labels all the points in the cloud correctly. We then run DBSCAN under different hyperparameter
values that progressively increase the number of clusters. All the points in each cluster are

7
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Figure 4. Confusion Matrixes of DBSCAN process. On the columns segments of different tunnels and on the rows the results

produced by different combinations of epsilon and minimum samples.

subsequently labeled according to the class with the highest frequency from the oracle. In short, if
the DBSCAN is creating clusters with points belonging to a single class, the aforementioned
procedure would recover the oracle. Figure 4 shows the confusion matrices resulting from comparing
the oracle with the labels that are produced with the DBSCAN on different tunnels (columns) and
under different hyperparameter values (rows). As we can see from the figure, as the number of
clusters increases, the algorithm segments the cloud more and more precisely, but the number of
points that are classified as noise also increases, lowering the precision of the final cloud. For
example, in the bottom-right matrix, the DBSCAN could no longer cluster the points from the WASTE
class as they were too sparse. This suggests that a higher number of clusters is preferred, but overly
finer partitions should be avoided. In particular, a segmentation that produces between 100 and 200
clusters is often sufficient to divide the elements correctly. However, as with RANSAC, we leave the
final say on the choice of hyperparameters to technicians.

In our application, we varied the hyperparameters tunnel by tunnel. Specifically, for CM we use 0.22
as eps and 11 as min, for MA 0.24 as eps and 10 as min, for MO 0.18 as eps and 8 as min and SE
0.20 as eps and 9 as min.

Figure 5 illustrates the algorithm's execution on a CM tunnel segment which, as shown in Figure 3,
is the densest cloud among those analyzed. For this analysis, epsilon was set to 0.25 and minimum

8
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Figure 5. From left to right input and output of the DBSCAN algorithm. Different colors represent different clusters.

283 samples to 13. Using these parameters 164 clusters were produced, excluding noise points and
284  clusters with less than 15 points, as we consider them too small to be significant. Each cluster
285 identified by the DBSCAN was then associated with some covariates computed during the initial
286  phase of the study. These covariates are going to be basic summary statistics of the cluster, which
287  characterize the cluster properties and inform the classification algorithm.
288  Precisely, following the names in Table 2, the resulting covariates to be used for classification are:
289 e CentroidX, CentroidY, CentroidZ: the average of the coordinates of each point making up the
290 cluster, the relative center is calculated during RANSAC;
291 ¢ NormCentroidX, NormCentroidy, NormCentroidZ: the average of the normal vectors of the
292 points constituting the cluster and representing its orientation;
293 ¢ NumPaoints: number of points in the cluster;
294 ¢ Volume: the space the cluster occupies if enclosed in a bounding box;
295 e Density: the volume to several points ratio.
296 Each cluster is uniquely identified with a code organized as follows [Gallery code] [Segment
297  number]_[Cluster number]. Table 2 shows an example of our processed data, afterwards each row
298  will be associated with a class.
299  Table 2 Some of the processed data from CM tunnel.

1D CentroidX | CentroidY | CentroidZ | NormCentroidX | NormCentroidY | NormCentroidZ | NumPoints Volume Density
CM_28_0 0,174 3,576 2,641 -0,594 -0,683 -0,198 91322 388,277 | 0,004
CM_28_1 0,147 2,894 -0,021 -0,027 -0,010 0,995 4818 1,968 0,000
CM_28_3 -0,824 -6,418 5,132 -0,471 -0,524 0,674 12184 45,170 0,004
CM_28_5 -1,576 -3,638 2,029 0,236 -0,254 -0,932 68 0,043 0,001
CM_28_6 -1,333 -3,857 5,648 0,208 0,225 -0,909 222 0,250 0,001
CM_28_151| 0,713 -2,109 1,331 -0,083 -0,099 -0,975 23 0,001 0,001
CM_28_153| 0,842 -2,145 0,897 0,791 -0,310 -0,015 638 0,080 0,002
CM_28_158| 0,794 -2,138 1,315 0,369 -0,075 0,810 87 0,003 0,001
CM_28_161| 1,447 -3,911 4,706 0,083 0,129 -0,938 402 0,284 0,001
CM_28_162| 1,075 -8,398 5,139 -0,502 -0,551 0,662 945 0,720 0,001
CM_28_163| 0,871 -3,321 1,072 -0,507 -0,732 -0,309 53 0,007 0,001

300

301
302

4.3 Classification

We now delve into the task of classification, which will allow us to automatically detect (after training)
parts of the point cloud to be maintained. Since this problem requires a supervised learning
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approach, we need to manually label the resulting clusters from the previous section to properly train
classification algorithms and so automate the process, with little or even absent human interaction.
Note that, differently from vanilla segmentation problems [28] we are labeling the clusters and not
the points, an extensive discussion on the advantages of this tabular data approach compared to
segmentation methods can be found at the end of Section 2.
Five different classes are designed:

e Lining: points in the cloud belonging to the tunnel structure and cover,;

¢ Equipment: points related to the electrical, piping, and ventilation system;

¢ Sidewalk: points describing the raised side platforms of the tunnel;

e Road: road points that are not clustered by RANSAC due to defects in the surface or non-

planar road geometry;
e Waste: points that do not belong to any other classes.

The dataset is constructed through an iterative data visualization process where the outputs of the
DBSCAN are manually labeled by assigning a class to each cluster, see Figure 6. Table 3 reports
the breakdown of the labeled dataset. A total of 9203 clusters were classified resulting in: 27% being
Lining, 27% being Equipment, 21% being sidewalks, 4% being road and 16% being Waste.

The dataset is then divided into two parts, 71% of the data is used to create a training dataset while

the remaining 29% is used to test the algorithm and evaluate its accuracy. For the training and test
split we adopt a somewhat uncommon approach in machine learning. We selected a contiguous
portion in each of the four tunnels, and reserved it for the test set, using the remaining data for
training. This choice reflects a realistic workflow as our test set resembles as much as possible a

CLASSES:

lining

B equipments
sidewalk
waste

DB SCAN

> LABELING

Figure 6 From left to right input and output of the labeling process after DBSCAN.

real tunnel.

A blind independent sampling for the training and test split would produce clusters that are not
necessarily contiguous, and the resulting test performance would be unreliable. Note that this
approach is not only measuring the test performance of the classification algorithm but also its
robustness in new tunnel classification. Indeed, the least drop in accuracy at test time highlights the
most robust approach when new data arrives.

Table 3 Dataset summary across classes.

LINING [ EQUIPMENT | SIDEWALK | ROAD | WASTE | Total
CM 952 740 209 1 69312596| 28%
MA 905 1386 757 97 286(3431| 37%
MO 361 366 602 277 45512061 22%
SE 266 460 344 13 32(1115] 12%
Total 2484 2952 1912 388 14669203
27% 32% 21% 4% 16%

10
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Figure 7. Division of the tunnels into training and test sets. Test sets are underline in green.

Figure 7 shows the aforementioned split with the test set highlighted in green. In particular, the CM
tunnel is split to include in the test set a part of the tunnel with several waste elements, the MA and
MO were separated to include the tunnel entrances and the test portion of MO contains a narrowing
section, finally a central piece of SE was taken to add the standard gallery conformation to the test
set.

Random forest [29], k-nearest neighbor [30], and naive Bayes [31] are just some examples of the
various classification algorithms to be considered. The choice of the classification algorithm is
application dependent and ideally, we would like to try as many as possible to ensure that we are
selecting the one that best suits our framework. To ensure enough algorithms are included in our
model selection phase we use the Python library “lazypredict”, which allowed us to perform a test
run on more than 20 different classification algorithms. Specifically, we divide our training set in
training 1 and validation 1, following standard independent splitting (70% training 30% validation),

and then divide our training 1 again in training 2 and validation 2 (70% training 30% validation), as
11
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training 2 and validation 2 will be used for model selection and training 1 and validation 1 will be
used for hyperparameters tuning. Within lazypredict, we then train our classifiers on training 2
compute accuracy on validation 2, and report the results in Table 4. Interestingly the top four
algorithms are all ensemble methods based on decision trees, i.e. XGBoost [32], Extra Tree [33],
LightGBM [34], and Random Forest [29], suggesting that tree-based models are more suitable to
our classification problem. As an additional step, given the popularity of deep learning, we also fit
fully connected neural networks [35]. We run experiments on different architectures (from 2 to 5
layers with either 1028, 2056, 4096, or 8192 hidden units) and under different activation functions
(either “relu” or “tanh”).

We found the accuracy on validation 2 to be the best when considering two layers of 4096 hidden
units and a “relu” activation function. As the accuracy on validation 1 of the neural network was
smaller than the tree-based algorithms we decided to exclude it from the rest of the study. This is
not surprising as neural networks are known to be outperformed in the context of tabular data [36],
and even more complicated deep learning approaches, like convolutional neural networks [37] and
transformers [38], are not guaranteed to be better. Whether we have found the best classification
algorithms or not, the paper aims to provide a clear pipeline on how to automate the process of
cleaning point cloud datasets and we leave further analysis to future works.

From our model selection phase, we consider the top four algorithms and perform fine tuning of the

hyperparameters by using training 1 and validation 1. Indeed, lazypredict performs blind training
without tuning the hyperparameters of the methods, which can significantly boost performance [39].
Note that validation 1 is not used when performing model selection with lazypredict guaranteeing an
unbiased estimate of the accuracy during the tuning phase. Each algorithm has a wide collection of
hyperparameters to tune. We decided to focus on a maximum of 4 to 5 hyperparameters, whose
choice was based on the documentation of the considered algorithms. We then set a grid of popular
values per hyperparameter, train using training 1, and measure accuracy using validation 1. The
output of the tuning step is then a 4 to 5 dimensional array of accuracy from which we can select the
“best” combination of hyperparameters.

Table 4 Output from lazypredict reporting the considered algorithms in terms of accuracy

Model Accuracy Balanced F1-Score Time (sec.)
Accuracy

XGBClassifier 0,9272 0,8992 0,9263 2,4524
LGBM(Classifier 0,9243 0,8963 0,9232 0,2385
ExtraTreesClassifier 0,9287 0,8962 0,9276 0,1786
RandomfForestClassifier 0,9184 0,8901 0,9171 0,5847
BaggingClassifier 0,8971 0,8701 0,8954 0,1499
LabelPropagation 0,8941 0,8518 0,8936 0,2993
LabelSpreading 0,8941 0,8518 0,8936 0,4061
DecisionTreeClassifier 0,8735 0,8306 0,8733 0,0267
ExtraTreeClassifier 0,8463 0,8228 0,8467 0,0065
KNeighborsClassifier 0,8647 0,8202 0,8628 0,0401
QuadraticDiscriminantAnalysis 0,6934 0,7415 0,6516 0,0160
GaussianNB 0,6676 0,7320 0,6224 0,0078
svc 0,8213 0,7319 0,8161 0,1328
NearestCentroid 0,5485 0,5703 0,5386 0,0686
LogisticRegression 0,7044 0,5655 0,6622 0,0253
SGDClassifier 0,6743 0,5620 0,6281 0,0724
BernoulliNB 0,6456 0,5488 0,6060 0,0117
PassiveAggressiveClassifier 0,6191 0,5420 0,5783 0,0395
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AdaBoostClassifier 0,4684 0,5298 0,3449 0,2043
CalibratedClassifierCV 0,6765 0,5279 0,6220 0,0684
LinearDiscriminantAnalysis 0,6625 0,5088 0,5994 0,0582
LinearSVC 0,6566 0,5084 0,5868 0,2495
Perceptron 0,5610 0,4565 0,5490 0,0166
RidgeClassifier 0,6051 0,4341 0,4967 0,0115
RidgeClassifiercV 0,6051 0,4341 0,4967 0,0195
DummyClassifier 0,3500 0,2000 0,1815 0,0059

Figure 8 graphically shows how accuracy can vary depending on the choice of hyperparameters. To

simplify visualization, we report the most influential parameters from left to right, where the more we
move to the right the more parameters we fix to the optimal or suboptimal values, more details are
available in the Github repository. We can now extract the best combination of hyperparameters and

move the performance onto the test set, which will be discussed in Section 4.5.
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Figure 8. Box plots report the accuracy on validation 1 when varying hyperparameters. Their box plots are created by slicing
the multidimensional array of accuracy, where some of the hyperparameters are also set to optimal values to improve
visualization.
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4.4 BIM model creation

Once the classification process is finished, the points describing the different classes analyzed can
be extracted, at this point, it is necessary to discuss how this data can be used to reproduce the
tunnel geometry inside a BIM model. Using the data linked to the L, S, and R classes, a point cloud
containing points related to the tunnel structure, the road, and the side platforms is obtained. This
can be used as a new basis for cross-section extraction, in this way the cleanup required to
reconstruct the geometry from the extracted sections described in Section 2 is greatly reduced. Using
this method of reconstruction, however, the final geometry will have no information regarding the
morphology of the tunnel between the different sections. Depending on the proposed uses of the
BIM model that information may be necessary as it ensures better correspondence with reality.
Figure 9 shows the proposed strategy; using geometric reconstruction algorithms, the point cloud is
converted into a surface and then simplified to allow the creation of a BIM model. This provides a
file that can be easily imported into design programs used by engineering firms.

Figure 9 shows images related to the creation of the BIM model containing the lining information of
the SE Gallery, the same reconstruction process was also carried out on the other tunnels.

.ply .obj .obj

A c

CLASSIFIED . SURFACE . SAMPLING AND
POINT-CLOUD RECONSTRUCTION RETOPOLOGY

4 BIM MODEL

Figure 9 BIM model creation workflow. From left to right, classification of the point cloud, surface reconstruction via Poisson
algorithm, geometry retopology and BIM model creation with geometric and alphanumeric information. On top of the
images computer format and graphical representation.

The first step, A in the image, shows the selection of points that belong to class L, that portion
consists of 2,594,770 points of the 4,025,112 that formed the original point cloud. To reconstruct the
surface in its totality, it is necessary to use surface reconstruction techniques.

Several algorithms enable this operation, and they depend strongly on the quality of the survey.
During experiments, good results were obtained through reconstruction based on Poisson's
algorithm [40]. This method allows the surface reconstruction by triangulating the position of the
points using their normal vectors. The result is a precise surface without holes on which the details
of the surveyed tunnel can be appreciated. Depending on the density of the cloud, the Ball pivoting
algorithm can also give good results. As described in [41] the algorithm recreates the surface using
p-balls (a ball of radius p). Starting from each point a p-ball is placed and it will form a triangular face
with the first two points intersecting it, resulting in a complete surface that closely reproduces the
gallery. This method is computationally fast but high quality of starting data is essential to obtain a
continuous surface without holes. Image B in Figure 8 shows the result of the reconstruction with the
defects of the structure visible on the surface, the algorithm was run on a .ply format file containing
data related to the position and normal vector of the points. The model created by this operation has
2’594°770 vertices, equal to the number of initial points, and 5’179'917 faces for a resulting .obj file
size of 262’833kb.

The file size is not suitable for the creation of a BIM model because, to be used easily and with
different tools, the geometries contained in the model must be optimized and the information needed
to describe the project must be added to them. Surface simplification is done through a process of
sampling and retopology in which the number of vertices and faces is decreased while keeping the
resulting shape close to the original. A detailed analysis of methods for mesh simplification is done
by [42]. Image C in Figure 8 shows the result of such an operation on the gallery by applying a
criterion similar to the one described in [43] and setting a maximum error from the original geometry
equal to 1cm, at the end of the operation the .obj file measures 12'697kb.

This optimized mesh can be used as the basis for the creation of the BIM model. The information
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model is created by writing .ifc files according to the IFC4 standard [44]. To create the file correctly,
the individual components must be assigned to the correct IFC class. In image D of Figure 8, the
gallery structure was classified as IfcCovering with an ObjectType set to LINING. Other information
within the PropertySets "Pset_CoveringCommon" is also added to the object, these report the gallery
encoding "SE" and the coverage status "EXISTING". At the end of the process, the .ifc file measures
21,786kb, a dimension that allows its manipulation in BIM authoring software. At this point, the mesh
derived from the point cloud can be used for the creation of a more detailed model within BIM
authoring software. The most commonly used strategy is to create solid elements representing
segments of the existing gallery. The inner surface of the solid elements is created with the point
cloud, while survey data are used for the outer surface. These allow, for example, Boolean
operations to precisely calculate the concrete volumes to be removed for the renovation of the
structure.

A feature of the BIM methodology is the possibility of updating and adding information to the model
to increase the details of the different elements and improve the communication of information during
the design and maintenance phases. Thanks to the exposed methodology this capability of BIM
models can be fully utilized, streamlining the processes of geometry restitution and optimization.

4.5 Results

This section discusses the results obtained during the point cloud classification in Section 4.3. The
classification results of the test set are shown in Table 5.

Table 5 Test set accuracy of the four best algorithms. The results are divided by tunnel and class, whole dataset is reported
at the bottom of the table.

RandomForest ExtraTree XGBoost LightGBM
ID Class Total clusters | Correct Accuracy | Correct Accuracy | Correct Accuracy | Correct Accuracy
Lining 206 184 89,32% 180 87,38% 183 88,83% 179 86,89%
Equipment 93 87 93,55% 89 95,70% 88 94,62% 87 93,55%
oM Sidewalk 38 35 92,11% 37 97,37% 34 89,47% 36 94,74%
Road 0 0 0,00% 0 0,00% 0 0,00% 0 0,00%
Waste 256 200 78,13% 193 75,39% 200 78,13% 197 76,95%
Total 593 506 85,33% 499 84,15% 505 85,16% 499 84,15%
Lining 312 294 94,23% 294 94,23% 299 95,83% 291 93,27%
Equipment 390 339 86,92% 363 93,08% 325 83,33% 356 91,28%
Sidewalk 265 232 87,55% 242 91,32% 216 81,51% 250 94,34%
MA Road 48 36 75,00% 33 68,75% 33 68,75% 28 58,33%
Waste 166 121 72,89% 128 77,11% 119 71,69% 120 72,29%
Total 1181 1022 86,54%| 1060 89,75% 992 84,00%| 1045 88,48%
Lining 81 74  91,36% 68 83,95% 75 92,59% 67 82,72%
Equipment 59 57 96,61% 59 100,00% 59 100,00% 59 100,00%
MO Sidewalk 172 171 99,42% 171 99,42% 170 98,84% 172 100,00%
Road 86 68 79,07% 69 80,23% 68 79,07% 61 70,93%
Waste 233 167 71,67% 152 65,24% 169 72,53% 155 66,52%
Total 631 537 85,10% 519 82,25% 541 85,74% 514 81,46%
Lining 81 79 97,53% 81 100,00% 79 97,53% 79 97,53%
Equipment 138 136 98,55% 136 98,55% 136 98,55% 137  99,28%
SE [Sidewalk 101 99 98,02% 101 100,00% 101 100,00% 101 100,00%
Road 4 2  50,00% 3 75,00% 3 75,00% 3 75,00%
Waste 1 1 100,00% 1 100,00% 1 100,00% 1 100,00%
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Total 325 317 97,54%| 322 99,08%| 320 98,46%| 321 98,77%
Lining 680 631 92,79%| 623 91,62%| 636 93,53%| 616 90,59%
Equipment 680| 619 91,03%| 647 9515%| 608 89,41%| 639 93,97%
Sidewalk 576| 537 93,23%| 551 9566%| 521 90,45%| 559 97,05%
Road 138 106 76,81%| 105 76,09%| 104 75,36% 92 66,67%
Waste 656| 489 7454%| 474 72,26%| 489 7454%| 473 72,10%
Total 2730| 2382 87,25%| 2400 87,91%| 2358 86,37%| 2379 87,14%

As shown in Table 5, the classification accuracy on the test set depends on the considered tunnel,
indicating that different morphologies of the tunnels may affect classification. The table presents the
classification results divided by gallery, on the rows, and classification algorithm, on the columns.

Table 6 Alternative metrics to accuracy calculated for the four best algorithms.

Algorithm Accuracy | Balanced accuracy | Weighted F1-score | Accuracy loU mloU
clusters clusters clusters points points points
XGBoost 0.87253 |0.85681 0.87122 0.99291 ]0.98591 |[0.84299
ExtraTree 0.87912 |0.86153 0.87661 0.99138 |0.98291 (0.79297
LightGBM 0.86374 |0.84660 0.86295 0.99280 |0.98570 (0.85388
RandomForest |[0.87143 |0.84076 0.86900 0.99215 |0.98443 (0.82116

Each row shows the analyzed gallery and reference class with the total number of clusters, while
columns show the results in terms of clusters correctly classified by the algorithm and their
percentages. The last rows of the table present the aggregated results over the entire test set.

It can be observed that the algorithms have greater difficulty identifying the clusters corresponding
to "Road" and "Waste," which are, on average, correctly classified 70% of the time. For the "Road"
clusters, the inaccurate results are likely due to an insufficient number of clusters used to train the
algorithm, as most of the points representing the road are identified during the first clustering step,
see section 4.2. In contrast, for the "Waste" class, the results likely stem from the heterogeneity of
the clusters within this class, making them more challenging to identify. Nonetheless, the final results
are encouraging, considering the potential for improving the algorithm by adding new galleries to the
training dataset. To enhance the robustness of our algorithms, several metrics were employed
beyond mere accuracy on tabular data. Alongside the metrics presented in Table 4 and Table 5, the
intersection over union (loU) and the mean intersection over union (mloU) are reported in Table 6,
as they are widely used in semantic segmentation [45]. The loU measures the overlap between the
predicted mask and the labeled point cloud, while mloU is the arithmetic means of the loU values
across all categories. In Table 6 the overall accuracy on the point cloud is also reported, note that
this metric is highly favoring big clusters.

The bubble charts in Figure 10 show the distribution of errors made by the algorithms by featuring
bubbles based on the number of points contained in each cluster, which is a graphical representation
of the overall accuracy in Table 6. The first five columns of the image show the results divided by
class, the last four columns are inherent to the galleries, indicated in grey. Looking at the last four
columns, it can be easily observed that the errors are concentrated in the center of the graph,
denoting that the algorithm struggles to recognize clusters with small number of points. It is also
evident from Figure 10 that the Waste and Road classes contain the most errors and that these are
independent of the cluster's points.

From the results presented in this section, it can be said that the developed algorithms are reliable,
especially for the detection of points belonging to the tunnel lining, as out of a total of 5671081 points
belonging to the structure only 0.08% are not part of the correctly classified clusters.
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Figure 10 Bubble charts representing errors in test set. The size of the bubbles varies according to the number of points in the
cluster. Columns from “Lining” to “Road” refer to the different classes, while columns from “CM” to “SE” consider the tunnels.

472 5. Conclusions

473  The paper presented a methodology for developing BIM models from laser scanner surveys using
474  machine learning algorithms. Surveying using TLS is certainly an efficient way to describe the
475  geometry of a tunnel, but its execution needs standards to obtain more reliable and clear data that
476 can be used in a subsequent maintenance phase. Clustering and classification algorithms can
477  enable better use of this data, providing more speed in analysis and information processing. The
478  proposed approach can be scaled to different types of tunnels, and data from future classifications
479 by technicians will provide new inputs for training the algorithms and improving their performances.
480 Compared with traditional methodologies, the strategy presented in this contribution enables the
481  possibility to quickly process large amounts of data and create BIM models that can be used for
482  design and maintenance analysis. Even though the creation of a simple IFC model containing
483 meshes is certainly not sufficient to design tunnel renovation work, the presented IFC model
484  approximates the inner surface of the tunnel with a significant level of detail. Surely, this model must
485  be implemented with historical data and surveys to reconstruct a parametric model satisfying the
486  needs of engineering companies.

487  The results shown are satisfactory, although it should be noted that for the accurate reconstruction
488  of the tunnel, in all its parts, manual intervention is still needed to correct wrong outputs and avoid
489  impurities in the geometries resulting from the reconstruction process. For this reason, work is
490 currently taking place on the creation of a graphical interface that allows better interaction with the
491  classification results to speed up the correction process, make it user-friendly and enable the tool to
492  be used in engineering studies.
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The technology transfer process is a key element in our research, and we are currently engaging in
such activities to enable the AECO supply chain to incorporate the proposed methodology into their
workflows, and so reduce the time taken to analyze and clean up point clouds. The libraries and
algorithms chosen are consistent with this aim, as they allow fast and accurate analysis without
necessarily having to use powerful machines or remote clusters that can be costly for an engineering
company.
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