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Abstract

The aspects related to the serviceability and long-term of TBM tunnels have assumed increasing relevance in
the design, maintenance and management of the infrastructures. In particular, the behaviour of the tunnel
structures is closely related to several factors involving the design and construction phase, inspections,
regulations and management strategies. To guarantee a high level of knowledge of the tunnel through time and
improve durability, it is fundamental to carry out new strategies able to digitalize, automatize and processed
the aforementioned factors. The existing methods to perform diagnosis and detection of anomalies are
generally costly and time-consuming. ETS introduced a new method for the diagnostic of existing tunnels
through an innovative multi-dimensional survey system (ARCHITA), and a new approach for the Management
and Identification of the Risk for Existing Tunnels (MIRET). Laser scanning and high-definition photo are
obtained with minimal impact on the serviceability of the line for a detailed preliminary assessment of the
tunnel condition. The results, in terms of defects analysis on the structures, are digitalized and manipulated in
different IT environments. The aforementioned industrial and digital approaches allow the development of
deep learning-based methods for the segmentation of defects with Artificial Intelligence algorithms. The paper
explains the framework of digital strategies, automatization and artificial intelligence for TBM tunnelling,
from the catalogue of defects to the management of the data, focusing on these elements can help the strategic
management of a case study.
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1. Introduction
The planning and the management of existing tunnels is already a central challenge for industrialized
countries. The main challenge is the coexistence and collaboration of environmental sustainability
and exponential technology growth. The positive outcome depends on successfully articulated goals
that have to be understandable, visible and complete, within a general framework. These are essential
conditions for actors involved in the entire asset life cycle to implement farsighted strategies and
maximize the resilience of the infrastructure. However, careful and effective management of tunnels
that includes all the activities related to inspection, planning, design, construction and maintenance is
not yet usual [1].
Therefore, proper management would require an organized and systematic approach to evaluating
and analyzing all the acquired information. This approach would allow logical, effective and
coordinated decisions.

ETS has carried out the diagnostic and maintenance of existing tunnels through an innovative multidimensional survey system (ARCHITA), and a new system for the Management and Identification of
the Risk for Existing Tunnels (MIRET) [2,3]. ARCHITA surveys the geometrical and structural
conditions of the tunnel with reduced influence on the traffic. MIRET is a methodology, a process
and a technology made for the integration of such data and the digital design and management of the
tunnels.
The data integration is made throughout management systems. These have mainly four purposes:
improve the efficiency of choices, broaden the objective’s horizons, verify the effects induced by the
actions taken and ensure the global congruence of choices made by the organizations responsible for
managing infrastructures.
Recently, in order to optimize these management systems, it has been made massive use of mobile
mapping systems in the diagnostics phase to allow data acquisition in a fast and secure manner,
without losing information. The data amount collected in months some years ago can nowadays be
acquired in hours of modern diagnostic operations.
Current challenges in the innovation of tunnel diagnostics are: to enhance the quality of acquired
images, develop massive data collection and processing capabilities, and analyze the data with highlevel technical experience and engineering judgment.
The automatic elaboration of such big datasets is therefore mandatory. The traditional computer
vision solutions, widely developed in the industry, are not suitable to process big amounts of data in
semi-supervised or weakly supervised ways. On the other hand, the super-vision provided by human
operators is highly dependent on the operator’s skill and experience. The operator’s experience is so
interdisciplinary and complex that it is unlikely to be well described by a classical computer vision
model. Besides, the learning process is an ongoing knowledge process, its transfer and reinforcement
dynamics being hardly embeddable in a classical computer vision model. In contrast, the progression
in machines' computational power allows solutions devised within the artificial intelligence (AI)
framework to capitalize on the full precious operators' experience, efficiently applying the knowledge
learned to the collected data. Moreover, such an approach has the capability to provide a training
baseline for the training of new operators, thus helping in the operators’ generational change [4].
For such a reason, in order to simplify the maintenance and management of tunnels, ETS has
envisaged in the MIRET framework to employ AI for the analysis of structural defects. The process
combines in a common workspace innovative mobile mapping, multidimensional survey systems,
defect analysis, artificial intelligence and priorities analysis. All the acquired and analyzed data are at
the service of the technical and management table aiming at a transparent, smart and sustainable
system for planning, design and maintenance of the tunnels.

2. Inspections of existing tunnels
2.1. State-of-the-art
Nowadays, the inspection of tunnels is still performed mainly by operators on the line during a partial
or total disruption of the line. The operator fills the technical sheet per owner standards, national code
and practice. Generally, these forms contain general information about the tunnel (e.g. name, line,
length, excavation type, lining material) and the outcome of the inspection in terms of defects
detection of the visible tunnel structures [1].

A first advancement consists of supporting the inspection with the help of measurement
instruments. More recent technologies allow the survey and inspection of tunnels and infrastructures
with mobile mapping.
Some advantages of using these methods are:
-

Eliminating intrusive structural surveys;
Minimizing the time of traffic disruption;
Increasing safety by reducing the time and number of operators working from within the tunnel;
Increasing back-office activity: the data are acquired on-site, but the elaboration, the
interpretation and the analysis is moved from on-site to the office, leaving only specific tests to
be undertaken on-site;
- Possible integration with traditional methods and on-site measurements/inspections.
2.2. ARCHITA
ARCHITA is a multi-dimensional mobile mapping system developed by ETS consisting of linked
and integrated equipment [5]:
- Survey sensors: laser scanner, linear cameras (i.e. Tunnel Scan), thermal cameras, ground
penetrating radars (GPRs);
- Positioning sensors: GPS, IMU, Odometer (they are integrated and work with a “tightly coupled”
Kalman filter that accepts additional information as Ground Control Points (GCP) in postprocessing). In this way, the trajectories are corrected through adjustment procedures.
To achieve an innovative multi-dimensional mobile mapping and integration by non-destructive
diagnosis techniques, ETS developed both hardware integration and IT environment for data
digitalization and engineering. The mapping of the defects can be carried out by combining linear
HD cameras and the laser scanner. The two technologies allow positioning, measuring and
quantifying the defects identified on the tunnel lining [3].

Fig. 1. Linear cameras configuration and acquisition.

ARCHITA uses the GNSS+IMU sensors to calculate the moving trajectory in a predefined
reference system. The position and attitude of a particular point of the system, through the knowledge
of appropriate lever-arms, is recalculated with all the related acquisitions (i.e. photographic images,
thermal images and cloud points).
ARCHITA carries out the survey activity with an average speed of 15-30 km/h, minimizing the
impact on existing lines with shortstop of the traffic and without disconnection of the electrical
tension (for railway). The system can work in two different configurations (Fig. 2): RAIL and ROAD.

Fig. 2. ARCHITA: (a) rail configuration on the left ; (b) road configuration on the right.

The ARCHITA survey system (Fig. 3) consists of:
- Laser scanner to acquire 3D point cloud;
- Tunnel Scan: linear cameras with a profilometer to take high-resolution photos of the tunnel lining,
detecting the components and the conservation state;
- GPRs to survey the ballast thickness, status and humidity, the lining thickness and the cavities that
lie behind;
- Thermal cameras to detect and double-check defects on the lining.

Fig. 3. ARCHITA Rail Configuration: Technological solution made up of integrated and engineered survey instruments.

The different tools are integrated and linked to each other, allowing to acquire multiple information
for every single point simplifying the acquisition. Engineering experience and judgment are
fundamental when processing and interpreting a huge amount of data back in the office, especially
when using multidimensional surveying tools.
2.3. Tunnel Scan, manual digitalization and defect analysis
To complement the innovative multi-dimensional mapping of ARCHITA and its integration by nondestructive diagnosis techniques, ETS developed a twofold technological solution:
- Tunnel Scan: an instrumental apparatus;
- Tunnel Review: the dedicated analytics software. The Tunnel Scan system is composed of a
profilometer, multiple cameras, and a dedicated lighting apparatus, enabling continuous

unattended acquisition of grayscale images of the tunnel surface within millimetric resolution.
The lighting system is composed of 16 bar LEDs light disposed on the vehicle shape, allowing to
obtain sharp images while performing high-speed acquisitions.
Tunnel Scan is thus able to detect all visual descriptors related to tunnel elements and defects, to
the highest level of quality, while operating automatically.
The Tunnel Review software complements the inspection capabilities of the instrumental
apparatus enabling the exploration, categorization and quantitative assessment of the collected data.
The samples acquired from each camera and the profilometer are combined to reconstruct the
internal tunnel surface. The result is presented in the program window as a single view, provided with
a standard graphical user interface. By the integration of the profilometer data, it is possible to obtain
accurate estimates of lengths and areas of the tunnel elements and defects. Operators can draw directly
on the tunnel view and obtain such estimates in real-time. Finally, a comprehensive report of the
analysis can be exported in different formats, for data accountability and story-telling purposes.

Fig. 4. (a) Sample of the Tunnel Review visualization of a Tunnel Scan acquisition; (b) Example of measure and label annotations using Tunnel
Review on images acquired by Tunnel Scan.

The mapping of the defects is carried out by combining the high-resolution photos, taken by three
high-definition cameras and the point cloud, acquired with the laser scanner. The combination of the
two technologies made the images measurable, with the possibility of positioning, measuring and
quantifying the defects identified on the tunnel lining.
The first phase of the process, even before the defect detection, requires the choice of the defect
library to be used for the classification. The next phase of the process consists of an accurate backoffice analysis, which is carried out by specialized engineers. The back office analysis is composed
of the detection and digitization of the defects found inside the tunnel. Finally, the planimetric
distribution of the defects is obtained along the lining and with reference to the chainage. The defects
are determined in terms of category, extension and location. This analysis makes the check of the
current state of the tunnel and the comparison with the results of previous survey campaigns possible,
in order to provide the customer with an updated and complete current state of the tunnel structures

Fig. 5. Defects digitalization in defined categories on the HD photo in a dedicated IT environment (Galleria Gorleri, February 2019).

Fig.6. Defects detection output along the line: digitalization of the defects on the HD photo (on the top) and CAD output for the deliverable (on the
bottom) (Galleria Gorleri, February 2019).

3. Management and maintenance of tunnels
3.1. State-of-the-art
Tunnel management consists of a set of activities, partially or integrated into an Asset Management
platform, such as:
- Inspection, surveillance and monitoring;
- Evaluation of the present and future conditions of all components;
- Definition of possible maintenance strategies: identification of interventions, costs and
scheduling.
The ultimate goal of all these activities is to ensure the intrinsic structure safety, the transport
safety, the cost-effectiveness use of the structure and increase the resilient capacity of the
infrastructure.
Tunnel maintenance has become a fundamental commitment in the civil engineering sector. The
resources allocated to it have an increasing impact on the budgets of those assigned to manage them.
The civil works are subject to aging due to the deterioration of the materials, natural hazards,
anthropic changes and aggression from environmental factors. Therefore, the need to check that no
degradation phenomena have arisen in these infrastructures, such as to compromise the required
conditions, the duration in time and the safety for the user.

Hence, tunnel inspection constitutes the first fundamental step in the management process. It
constitutes a necessary input for the scheduled maintenance activity as it allows to follow the
progression of the conservation state identifying those that tend to be seriously damaged.
In such a way as to be able to intervene on them with a large margin of time before the safety of
users is compromised, with works aimed at obtaining the maximum benefit with the minimum
financial commitment.
The maintenance process and the management are generally based on guidelines by the authority
(Client) or specifications from the Designer/Contractor. For this reason, a big effort is in progress by:
- Clients in organizing the inventory of the tunnels with all the components, defining specific
guidelines to have clear and repeatable inspections and controls, and moving to a digital approach.
This requires programming/updating Asset Management platforms, investing in new
methodologies and technologies to increase objectivity, transparency and sustainability;
- Contractors, Suppliers and Designers investing in new methodologies and technologies to offer to
Clients the answers to the increasing sensibility and complexity of existing tunnels, increasing the
engineering of the data and automatization of processes both for the in-site and back-office phases.
That allows for raising the network resilience level in the service phase. This phase relies on the
fundamental role of the User, as the single person, the group of people, the companies that use and
operate the infrastructure, and the environment. The User adds to the service phase a more urgent
socio-economic role that requires more transparency and the eventual involvement of the User in the
decisional table. For this reason, new technologies, new methodologies and new platforms move in
these directions.
The procedures are activated on a time-based cycle (e.g. 3 months, 6 months, 1 year,) or when
damages and problems are noticed from reporting or inspections/monitoring.
3.2. MIRET
MIRET approaches the analysis of the existing tunnels by focusing on an integrated workflow capable
of connecting and manipulating survey-inspection data for diagnostics, maintenance and priorities
assessment for the management of existing tunnels [3].
This approach can be defined through the following milestones (Fig. 7):
- Survey and inspection (SI) with a mobile mapping survey system (i.e. ARCHITA) is possible to
obtain the internal geometry (i.e. laser scanner), the thicknesses (i.e. GPR) and the conditions of
the structure (i.e. linear thermal imaging cameras, visual inspections and measurements). This
phase can be repeated in the post-opera phase to update the data through different timings.
- Digitization (DI) of the geometric survey to obtain a 3D CAD model or IFC model. The level of
geometries (LOG), detail (LOD) and information (LOI) is established consistent with the study
and/or design phase, and with the intervention purposes of the disciplines involved. These values
may vary depending on the refinements carried out in the course of specific activities on the
infrastructure.
- Defect Analysis (DA) is made from HD linear photos in order to map and digitize defects in a
CAD-Excel environment. The digitized data can be integrated with the one from the punctual
tests and traditional inspections. The defects are statistically processed and combined to obtain
the hazard and easy-to-read indices.
- Planning and design (PD) act in a single workspace for the integrated reading of the analysis,
which combines the digitization of the structure and defects. This approach can be carried out in

specific data analysis and integration platforms of the previous phases (e.g. webGIS, CDE-BIM),
or a manual approach in commercial software and multidisciplinary technical-graphic drawings.
- Work and Maintenance (WM) are performed according to the indication of the PD phase. Once
the works are completed, they are ready for a new SI phase to determine the new geometries and
conditions of the structure
- Monitoring (MO) provides a continuous resource of data allowing a continuous input of analysis
in the different phases of the approach, allowing the algorithm for assessing the structures and the
hazard to become dynamic.

Fig. 7. Puzzle chart to introduce MIRET approach and the link between the elements.

The MIRET process can be further implemented by both the Client and the Contractor with new
technologies and developing the methodology with other factors impacting the line (e.g. Geology,
Traffic, Seismicity) combined with a prioritis-based approach, a Multi-Criteria Analysis or other
methodologies in order to obtain complete indexes to be structured (generally by the ContractorSupplier) and queried for all the tunnels of the infrastructure system by the operators in the
Management Platform of the Client). The procedure's final aim shall be the Management and
Identification of the Risk for Existing Tunnels (MIRET).

4. Mechanized excavation
4.1. Introduction
The latest trend is to use, where possible and convenient, mechanized excavation instead of the
traditional method. Among the advantages of mechanized full-section excavation are less ground
disturbance and greater control of surface subsidence, which can be crucial for urban areas. Fullsection mechanized excavation entails benefits in terms of excavation productivity and safety,
nevertheless, it is strictly constrained by the unchangeability of the excavation section and the
economical feasibility of short-isolated tunnels. Since an increasing amount of the tunnel industry
employs mechanized excavation, the effort for the management and maintenance of the
aforementioned underground structures will significantly increase in the next years.

4.2. Specific issues
To be able to draw up the two key diagnostic tools, such as the defects catalogue and the analysis
algorithm, it is necessary to study in detail all the construction phases of the work. This is necessary
to understand which are the defect’s causes, especially in mechanized excavation, where several
damages (e.g. cracks, detachments, offset-gap, leakages) can occur during the construction operations
[1].
Depending on the construction phase certain defects are sometimes not detectable after
construction is completed anymore. Approaching the segmental lining life cycle, the following causeeffect correlations may be found [6]:
- Design phase: geometrical shape not according to the alignment, errors in the selection of
components and groove shape, reinforcement cage arrangement difficult to control;
- Precasting phase: errors on reinforcing position, errors on concrete mix-design, aggregate not
according to reinforcing spacing;
- Post casting and transportation phase: low quality on demoulding or handling process, errors in
storage (layout, eccentricity);
- TBM advance phase: TBM deviation and ring planarity, difficult soil condition (mixed face),
dissymmetry on the injection lines, key parameters and trust forces out of control, errors due to the
alignment (curve);
- Installation Phase: packer type (material/thickness), gasket movement during installation. offsetgap between segments. key segment installation;
- External and Environmental causes.
Analysing the defects of the mechanized excavation from the company experience, codes and
literature [6], MIRET generates a catalogue incorporating the Client’s standards and the specialistic
elements of mechanized excavation. In order to ease the communication with the Clients, where
possible, the defects in the MIRET catalogue are correlated to the respective peers in the existing
defects catalogues of the Clients in the direction of standardization of the inspection and maintenance
process [1].
The catalogue can be divided into three sections:
- Concrete Surface defects, concerning the typical non-compliances of the material (e.g. surface
detachments, pop-outs, corrosion, shrinkage cracks, cracks, humidity stains, leakages);
- Technological defects, developing due to problems related to the coating technology (e.g. loose
connectors, segments chipping, misalignment between the rings, cracks due to incorrect thrust);
- Previous interventions, concerning the repairs carried out before the inspection (e.g. steel ribs,
plasterwork, seals).

Fig. 8. Example of defect technical sheet in the MIRET catalogue.

5. Deep learning approach
In the last years, civil engineering companies have investigated innovative techniques to reduce costs
and priority associated with inspections and maintenance of infrastructures. With the introduction of
mobile mapping systems, different image processing techniques have been employed to automatically
detect infrastructure defects and overcome the limitations of manual inspections. Among them, deep
learning approaches (Convolutional Neural Networks - CNNs) have proven to be a powerful solution
for defect detection in the field of infrastructure monitoring. Different CNN approaches have been
adopted to detect cracks in images: image classification [7], object detection [8] and semantic
segmentation [9]. Image classification detects all the images containing defects without providing
their location and features (e.g. width, length and shape). Object detection aims at detecting the
location of the defects using bounding boxes without supplying additional information. Finally,
semantic segmentation provides pixel-level classification by detecting all the pixels belonging to each
defect and it is, therefore, able to provide its geometric description.
The idea is to perform automatic detection and measurement of infrastructure defects by
combining advanced deep learning techniques (CNNs for semantic segmentation) and innovative
photogrammetric algorithms. Then, a level of priority is associated with each detected defect
according to its features and the overall priority of the infrastructure is estimated after georeferencing
the defects over the digital twin [10, 11].
5.1. Deep learning approach for water defects
- Deep Learning for Image Segmentation: automating the process of defects assessment in tunnel
inspections is of paramount importance in the field of civil engineering. In addition, the pace of
development of deep learning and convolutional neural network techniques push the performances
of image-based semantic segmentation. Current research trends are extending the prediction
capabilities of computational approaches for automating image understanding tasks, such as
defects assessment. The aforementioned learning techniques have been successfully applied to the
visual data interpretation problems, with applications ranging from pixel classification of urban
street scenes to indoor scene understanding;
- Water Defect Segmentation, Design: the authors present a solution based on a fully convolutional
deep neural network to perform pixel-wise segmentation of the areas interested by the presence of
water in tunnel images. The proposed solution is adapted from work [12]. The authors of [12]

devised the network architecture CrackSegNet, providing the efficient multiscale resolution,
extraction, aggregation, and reconstruction of simple visual features of cracks on concrete surfaces.
In analogy with [12], the problem of water defect assessment is formulated as a pixel-wise
segmentation problem with a binary classification set. We chose to label the two considered
conditions of the tunnel surface as 0 – the pixel is not representative of a water defect, and 1 – the
pixel is representative of a water defect. The input of the devised procedure is grayscale images
obtained from the internal tunnel surface, after the reconstruction by the merging process. The
network output consists of a probabilistic pixel-level map of the same shape as the input image.
The procedure output is a smoothing and binarization post-processing of the network’s output. It
is worth noticing that this way of proceeding allows for a more operational interpretation of the
network output while enabling more flexible use of the whole solution. The layout of the neural
network WaterSegNet has been adapted from the best performing neural network layout of [12],
with the following modifications. Firstly, the input dimensions are set to process 512x512 grayscale
images. Then, the batch-normalization layers are removed except for the 4th layer, which is the
final batch normalization layer. Finally, the focal loss computation has been modified to not
account for contributions given by negative i.e., non-defective, samples;
- Water Defect Segmentation, Implementation: The proposed approach has been implemented using
Python and C++ programming languages. The Python implementation covers the network
prototyping, guiding the design choices and acting as a baseline for the code structure in C++.
Moreover, the functionalities of training, testing, the data pre-and post-processing, and the data
analysis were implemented in Python using TensorFlow 1.15.0 [13] and Keras 2.0.9 [13]. On the
other hand, the C++ implementation covers the evaluation phase, often referred to as the inference
phase, and the integration with Tunnel Scan. For the C++ implementation, the frameworks
OpenCV 4.4 [14] and Qt 5.12.10 [15] was used. While OpenCV has been employed to embed
neural network processing while adding a few dependencies to the Tunnel Scan software, Qt has
been employed to provide a performant and reliable graphics tool with advanced integration and
extension capabilities.
- Water Defect Segmentation, Training: The solution implemented following the proposed approach
has been trained and validated on experimental data, collected by the Tunnel Scan system. The
training is performed using input-output pairs of image data and labelled water defects. The labels
are given to the network in the form of a mask, that is a white background image of the same
dimensions as the input image. The pixels within the defective labelled contours are black. The
network output mask is then inverted before post-processing. Random weights in network layers
are initialized using He normal initializers. The network is trained using backward propagation of
errors, employing a stochastic gradient descent method. The images in input to the network are
corrupted by varying the brightness and contrast, to improve the generalization capabilities of the
network. The training strategy comprises three steps. Firstly, the network is trained without batch
normalization using the binary cross-entropy function, evaluated on the pair of the label and
network output. Then, the network training is refined by using the focal loss function, which is the
cross-entropy function modified to address class imbalance problems. Moreover, the Adam
optimizer is used, with an initial learning rate of 1e-4 for the first phase of the training, which is
adjusted to 1e-6 for the second phase of the training. During the training process, the network
weights are saved after every epoch, provided that the associated training step improved in the loss
metric value. The accuracy of the model was then verified on a dedicated subset of data, the
validation set, which was unavailable in the training steps. The model with the highest validation

accuracy was saved as the final model. The deep learning framework of Keras with TensorFlow as
a backend is employed to complete the training of WaterSegNet on a single Nvidia GPU.

6. Case study: Galleria Collecervo
6.1. Introduction
Considering that a larger amount of the tunnel industry employs mechanized excavation methods, the
effort put into the management and maintenance of the aforementioned underground structures will
significantly increase in the next years. For this purpose, the case study examined is Galleria
Collecervo. This mechanized tunnel extends for a total length of 3463m and it is part of the complex
works of art found in the double-track new variant route between Andora and San Lorenzo al Mare
(Fig. 9). This variant is part of the technological upgrading project for moving and doubling the Genoa
- Ventimiglia railway line, linking Italy and France.
The Genova-Ventimiglia railway runs along the coast of the Liguria region of Italy. It was opened
as a single-track line between Genova and Savona in 1868, and between Savona and Ventimiglia in
1872, mostly running along a coastal corniche. The line is mainly in tunnels.
The line is being doubled mainly by building an entirely new double-track line parallel to the
existing railway because the line often runs through towns where there is no space for a second track.
The new double-track line between San Lorenzo-Andora comprises mechanized tunnels with NonCompliance with the segmental lining (about 25 km). The survey-inspection and the mapping of the
defects along the tunnel are carried out to design and plan efficient maintenance.

Fig. 9. Andora-San Lorenzo railway line.

The activity had to comply with the:
- Survey and inspection of a working line with short disruptions allowed only during the night;
- Design and planning of the maintenance according to client’s requirements of a working line;
- Need for objective data and reliable evaluations to speed up the technical table among the parties
(owner, tester, designer, contractor).

6.2. Survey, defects analysis and maintenance
In tackling this problem, ETS surveyed with the ARCHITA system (February 2019) aimed to obtain
the whole state of preservation of the tunnel structures. In this way, it is possible to carry out, with
only two-night disruptions of the railway traffic, a geometric and photographic scan of the entire
tunnels (on both the tracks).
Before defect detection, the first step of the process requires the choice of the defect library to be
used for classification. In this case study, an ad hoc library has been elaborated for the customer aimed
at classifying the defects into three macro-categories:
- Surface defects in concrete: these are defects that concern the typical non-conformities of the
material (e.g. surface detachments, pop-outs, corrosion, shrinkage cracks, cracks, humidity stains,
infiltrations, etc.);
- Technological defects: these are defects that can develop due to problems related to the coating
technology (e.g. loose connectors, chipping of the segments, misalignment between the rings,
cracks due to incorrect thrust, etc.);
- Previous interventions: these are the repairs carried out before the inspection (e.g. ribs, seals etc.).
In the defect analysis phase, two indexes have been assigned for each defect:
- Intensity Index: assigned on a scale describing the severity of the defect;
- Extension index: assigned according to the extent of the defect with respect to an area or length
taken as a reference.
Taking into consideration the defects attributable only to the presence of water which belongs to
the category of surface defects of concrete, they have been described as follows:
- C5: presence of humidity on the concrete surface. The defect, generated by the repeated passage
of water on the surface of the affected element, is also made visible by the effects of the chemical
action of the salts dissolved in it, visible from the stains present on dry concrete;
- C6: infiltration of water through the joints (longitudinal, transverse, mortar injection holes, segment
connectors). Presence of humidity or water in the concrete following infiltration. The phenomenon
occurs in the presence of imperfect or absent, waterproofing at the construction joints;
- C7: passage of water through cracks.
For the calculation of the extension indices, the tunnel was divided into sectors of 210 m. As an
example, the following figures show, for each sector considered, the extension indices of the defects
C5, C6 and C7 [3].

Fig. 10. Example of extension index of C5 defect for each sector (Galleria Collecervo, 2019).

Fig. 11. Example of extension index of C6 defect for each sector (Galleria Collecervo, 2019).

Fig. 12. Example of extension index of C6 defect for each sector (Galleria Collecervo, 2019).

A back-office analysis by specialist engineers was undertaken to check the tunnel's current state.
The results were also compared with previous inspections in order to provide the Client with an
updated and complete current condition of the tunnel structures.
The mapping of the defects was carried out by a semi-automatic process of digitalization on the
HD photos and the point cloud. The results are measurable and allow an accurate take-off of the
maintenance activities for each defect, depending on its extension, intensity and context.
Each tunnel can be divided into sectors in order to calculate defect indexes. At the end of this
phase, these parameters determine in a simple and user-friendly way the health of the tunnel structures
for each sector of the tunnel and each tunnel of the line. The sector area corresponds to the lining
portion inspected with the photo (referring to 210° of maximum photographable aperture). Hence,
through the extraction of the digitalized data, it is possible to obtain, for each sector, the values of the
extension indexes of each defect and, for each type of defect, the distribution along the alignment.
After the data extraction process, the current state of the tunnel structures is completely identified [5].
6.3. Deep learning and photogrammetric test
In recent years, different deep learning techniques have been developed and used to improve
infrastructure monitoring. In this context, our purpose was to develop a CNN capable of automatically
detecting infrastructural water defects. Specifically, we implemented a semantic segmentation
approach that can detect the pixels belonging to the infrastructural defects, classifying every pixel of
the input image as defect or not-defect.

U-Net, developed by Ronneberger, is a network based on the "downsampling - upsampling"
principle. Therefore, this classifier takes into account multi-layer features by providing an output that
includes localization and the entire context [1].
The dataset, used to train and test the U-Net segmentation model, was acquired and manually
labeled by ETS. The dataset contains images of the mechanized excavation in Collecervo. It is
composed of 229 images with a resolution of 15000 × 21406 pixels, representing different portions
of the whole infrastructure. The images were provided with a JSON file that specifies the (x,y)
coordinates of the polygons containing the defects and the different types of identified damages. A
statistical analysis (see Fig. 13) revealed that the most frequent defect in the dataset is due to the
presence of water infiltration through the joints (C6 class).

Fig. 13. Frequency of the defect types in the dataset.

Therefore, we decided to focus only on the most recurring class of defects, the C6 class. We
considered all the polylines containing the individual defects and we created the image masks using
a rasterization algorithm. The mask is an image of the same size as the original, in black and white,
where the areas containing the labelled defects are represented with white pixels. As a final result of
this phase, we produced 229 masks of dimensions 15000 × 21406 pixels, each corresponding to one
of the original images. Then, the images and the masks were resized and cropped, as they were too
large and there were multiple defects in each image. Specifically, firstly we undersampled the images
and the corresponding masks to the 12.5% of the original resolution; then we created 320 × 320 tiles
by setting an offset of 6% of the tile size [1].

Fig. 14. Example of final tiles of an original image and its mask.

The performances of the proposed approach have been explored, and common classification metrics
have been computed and averaged over the pixel distribution. We report that the proposed approach
resulted in an accuracy of 93%, and a precision and recall of above 70% [3].
Fig. 15 shows a comparison between the reference human-made annotation and the automatic
annotation obtained by the proposed approach.

Fig. 15. Example of comparison between the reference human-made annotation and the automatic anno-tation obtained. A – original image; B –
image + human-made annotation; C – image + classification prob-ability map; D – image + AI annotation; E – human annotation; F – classification
probability map; G – blurred classification probability map; H – binarized and blurred classification probability map. The values for the accuracy,
precision and recall metrics for the two examples are: 98.819%, 76.948%, 70.023%; and 90.639%, 92.544%, 91.063%; for the left and right
examples, respectively.

Our automatic approach is more reliable when defective visual features are simple and appear to
the network in isolation, while the human approach is more suitable in situations where features are
of complex interpretation or many features are present in the same image. The upper contour
possesses sound defective features, but finely-grained irregular borders, to the pixel level. Instead,
the lower contour is on the marginality of the image. Here, the shading and the presence of
background features spoil the performance of the network, especially on the left side of the contour.
In conclusion, the proposed approach showed the capability of aiding human supervision in the task
of tunnel image inspection, but more work should be devised to strengthen the robustness of the scene
understanding, and the generalization capabilities of automatic defects solutions [3].

7. Conclusions
A new organic approach for the efficient and effective management of existing tunnels is proposed
(MIRET) as a generalization of the different approaches proposed by Authorities, Contractors, and
Suppliers. The methodology is strongly based on a large-scale and quick inspection with multidimensional mobile mapping systems, such as ARCHITA. This approach allowed the implementation
of automatic tunnel defect assessment comprising a deep convolutional neural network and
postprocessing elaboration. The proposed approach has been trained and tested on a dataset obtained
and annotated by the dedicated instrumental apparatus and reviews software, respectively. The results
show good agreement with human annotations, demonstrating the promising capabilities of
computer-aided defect assessment. The advantage of such a method can speed up the inspection
process and guarantee effective planning of future interventions. Moreover, the findings pave the way
for a fully automated defect assessment process. To allow for that, more work should be devoted to
the set-up and analysis of datasets to establish a baseline for modeling and design comparisons. In
addition, modern results from style-transfer and image processing fields should be employed to push
the generalization and scene understanding capabilities of the network.
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