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Abstract

Visual inspections do not provide a reliable and objective assessment of the

conservation state of road tunnels. Although direct tests might represent a

valid survey approach, they would often lead to prohibitive costs if performed

extensively. Therefore, indirect techniques, such as ground-penetrating radar

(GPR), have become fundamental to supporting limited direct tests. The

analysis of the GPR tunnel linings profiles is mainly hand-operated. It per-

mits the detection of various tunnel linings defects, characterizing a tunnel’s

global health state. In the present work, the authors developed an artificial

intelligence (AI) based automatic road tunnel defects hierarchical classifica-

tion framework to improve the efficiency of this powerful indirect surveying

method. Adopting the most recent tools in image processing provided by the

deep learning (DL) community, the authors proposed a convolutional neural
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network (CNN) with the acknowledged ResNet-50 architecture, initialized

through the transfer learning method. For the sake of comparisons, the

authors also adopted the state-of-art convolutional EfficientNet architecture.

To further improve the proposed framework, the authors investigated how the

bidimensional Fourier transform applied as a preprocessing procedure could

affect the classification performances of the ResNet-50 model. Finally, to

further enhance the classification performance, the state-of-art neural vision

transformer (ViT) architecture has been adopted with the transfer learning

approach to the currently proposed defects classification framework.

Keywords: Deep learning, Vision Transformers, Road tunnels, Fourier

transform, Convolutional Neural Network, Structural Health Monitoring,

Ground Penetrating Radar

1. Introduction

The current diagnosis paradigm for the health assessment of road tunnels

requires an initial knowledge phase based on original drawings and documen-

tation [1, 2, 3, 4, 5]. This foremost step characterizes the declared project

requirements, the initial structural testing reports, and the material. This in-

formation is usually combined with the results of periodical visual inspections

to know the actual as-built state [6, 7, 8, 9, 10, 11]. During these inspections,

there is also a survey of surface irregularities with hammering tests, localiza-

tion, and quantification of possible degradation flaws. To direct characterize

the mechanical properties of the tunnel lining concrete, a certain number
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of specimens are usually extracted and tested with destructive compression

tests. Regrettably, although direct testing offers very reliable results, the

main drawback is related to the fact that it provides a piece of punctual

information. To have a quite complete overview of the heterogeneity of the

lining state, it would be virtually necessary to perform a very high number

of investigations to provide extended coverage of the tunnel’s internal sur-

face along with its longitudinal development. This procedure would lead to

prohibitive costs. Moreover, these costs would only be related to the initial

investigation phase, without any maintenance or restoration interventions.

For this reason, non-destructive and indirect techniques have been success-

fully included in cost-effective diagnosis and maintenance plans to reduce

surveying costs. Common current approaches are ground-penetrating radar

profiles (GPR), laser scanners, and thermography acquisitions. Likewise, for

all the indirect testing methods, their main shortcoming is the need for an

accurate calibration to rely on their outcomes entirely. Therefore, the indi-

rect approaches are not a substitute for the direct ones. Still, they support

direct investigations, mainly when these latter are limited in number due to

budget restrictions.

GPR is a geophysical technique [12] that involves transmitting high-

frequency electromagnetic wave impulses inside the material under study

using an antenna with a frequency of 10 to 2600 MHz. The dielectric char-

acteristics of the material influence the propagation of such an impulse. A

receiver antenna collects the reflected signals to inspect the material in-depth
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[12]. The GPR provides, therefore, an image as output, evidencing the pres-

ence of anomalies, defects, fractures, etc., overcoming the drawbacks of a di-

rect visual inspection. A GPR inspection output is an image which presents

the progressive longitudinal distance from the beginning of the tunnel. Three

profiles are usually inspected with two-lane roads to characterize the single

tunnel better. In contrast, five profiles are generally examined for three-lane

roads, as illustrated in Figure 1. As shown, notwithstanding two different

GPR testing profile configurations, in both cases, the attention is mainly

focused on the critical segment of the top crown area, which comprises the

two lateral haunches (shoulder joints). This area represents the most danger-

ous zone for road drivers if some concrete chunks from the primary concrete

layer detachments fall on the road. When the GPR method for road tun-

nels is employed, the GPR linings require high skills and very experienced

personnel to identify and classify the presence of all different linings defects,

as depicted in Figure 2. This approach appears remarkably time-consuming

and engineering judgment-based and experience-based only, thus more prone

to possible subjective evaluations. In the present work, the authors propose

to adopt an automatic procedure to classify the road tunnel linings defects

from the output images provided by the indirect GPR testing. Nowadays,

Machine learning (ML) and, especially, deep learning (DL) methods are in

the spotlight due to their successful applications in solving complex engi-

neering and mathematical problems, e.g. physics-informed neural networks

to approximate solutions of partial differential equations [13, 14], and they
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Figure 1: An illustrative example of GPR tunnel linings profiles and their number for
different tunnel widths, related to a different number of road lanes.

revealed their innovativeness and potentiality for automatic image process-

ing and classification tasks [15, 16]. Convolutional neural networks (CNNs)

proved to be effective tools to accomplish those tasks, and they represent

the most widely adopted techniques [17, 18]. Furthermore, to deal with the

computational resources required for training complex neural models, the use

of deep CNNs that exploit transfer learning processes has been proven effec-

tive in many engineering applications [17]. In the present study, the authors

proposed a hierarchical multi-level road tunnel linings defects classification

from GPR profiles executed foremost with the CNN ResNet-50. To provide
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Figure 2: An example overview of GPR tunnel linings profiles defects categorization and
labelling process provided by very high skilled and experienced personnel.

a comparison of the performance with a recent state-of-art convolutional ar-

chitecture, the authors compared the ResNet-50 with the EfficientNet model

[19]. Furthermore, for the sake of a more complete classification performance

evaluation and a mutual validation purpose of generalization capabilities, the

ResNet-50 architecture has been trained on preprocessed images with two-

dimensional Fourier transform, thus comparing the two procedures’ results.

Finally, to further enhance the classification performances, the authors ap-

plied a more recent neural model, i.e. the vision transformer (ViT) [20]. The

novel contributions of this article can be summarized as follows:

• Improvement of tunnel health diagnosis paradigm with the formulation

of an AI-based automatic framework for the hierarchical multi-level

road tunnel linings defects classification;

• Adoption of a CNN ResNet-50 with transfer learning approach to ac-

complish the defects classification working on original images provided
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by GPR instrumentation;

• Comparisons of the classification results of the trained CNN model

ResNet-50 on original images with a different state-of-art CNN architec-

ture, the EfficientNet, and with another CNN ResNet-50 model trained

instead on samples that undergo the bidimensional Fourier GPR images

preprocessing;

• Enhancing the CNN neural architecture model with a more recent ar-

chitecture acknowledged vision transformer and comparing the classi-

fication results with the prior cases.

The current paper is organized as follows: in section 2, the proposed road

tunnel defects automatic classification framework and available dataset have

been described. In section 3 the adopted CNN ResNet-50 is presented and

the obtained classification results are reported. In section 4, the authors

investigate the effects produced by the bi-dimensional Fourier transform on

the original images provided by the GPR. On the other hand, in section 5 the

authors investigate how the classification performance changes by adopting

the innovative ViT model. Finally, an extended and critical discussion on

the results obtained from the three main analyzed cases is extensively argued

in section 6.
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2. Road tunnel defects automatic classification framework

A complete risk analysis of road tunnels involves several parameters and

careful evaluations. At least the following aspects should be considered:

traffic conditions, management procedures, surroundings, structural plant

equipment, and the structural elements [21]. In the current work, the struc-

tural elements have been investigated with indirect non-destructive testing

based on the geophysics technique of GPR profiles. The authors focused on

an ensemble of the Italian highway panorama road tunnels. These structures

date back from the 1960s to the 1980s. The current traditional approach of

the GPR profiles data postprocessing retrieved from road tunnels is based

on the intervention of expert personnel. Based on a great experience in this

field and engineering judgment, it is possible to manually recognize certain

patterns in the GPR profile images and provide a defects classification. This

procedure is helpful and of great support for inspecting the actual health

state of the structural elements of the road tunnels. However, the current

paradigm is noticeably time-consuming and, therefore, costly. Moreover, it

may be more prone to subjective evaluations, depending on the innate ability

or the single operator’s experience. In the present study, the authors propose

an automatic classification of the road tunnel defects based on an AI-based

methodology. To develop this automatic classification, a hierarchical clas-

sification tree has been defined as represented in Figure 3. It is based on

a classification pattern in which a single defect may be classified, adopting

a binary approach at each node of the hierarchical graph. This method re-
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sembles the human expert’s mental process while recognizing and classifying

each defect in the GPR profile. In total, 14 classes have been considered,

denoted as Ci with i = 1, 2, ..., 14, spread over 6 main levels: Level 1 (C1,

C2 folders), Level 2a (C3, C4 folders), Level 2b (C5, C6 folders), Level 3

(C7, C8 folders), Level 4 (C9, C10 folders), Level 5 (C11, C12 folders), and

Level 6 (C13, C14 folders). Level 1 is devoted to locating the completely

healthy samples (C1) from the ones with generic flaws (C2). Level 2a deals

with healthy samples (C3) to potentially locate the ones with the presence of

reinforcement bars (C4), characterized by distinctive narrow hyperbolas pat-

terns. Level 2b, performs an initial defects classification by a generic warning

mix (C5) which may not easily be categorized from other more specific flaws

(C6). The class C6 is further analyzed to locate cracks (C7) in level 3 from

other flaws (C8). This latter is further investigated in level 4, to characterize

the anomalies in the concrete linings (C9) from the voids defects (C10). In

level 5, a more detailed classification provides the image categorization with

simple voids (C11) from the others (C12). Finally, this latter class is fur-

ther analyzed in level 6 to categorize the excavation problems (C13) and the

concrete-rock detachments issues (C14).

After that, priorly to proceeding with the training and testing proce-

dure which usually characterize the DL methods, the database has been

constructed as illustrated in Figure 4. Each image of GPR profiles for the

tunnel at the authors’ disposal has been cropped with a constant step size

of 5.00 m along the abscissa. The abscissa measures the progressive distance
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Figure 3: Hierarchical framework for the multi-level tunnel defects GPR profiles classifi-
cation.

from the beginning of the tunnel under investigation. Each image obtained

from the larger one keeps the label of the defects that have been found,

and thus moved to each folder. To avoid defects being placed across two

different images, the cutting step was occasionally manually altered to pro-

vide samples, allowing for a more precise classification. Therefore, seven DL

classification models have been analyzed in the present work to accomplish

the GPR tunnel defects classification tasks for SHM purposes with the CNN

ResNet-50 model and with a state-of-art image-processing advanced DL ap-

proach. To analyse the effects of the model architecture on the GPR tunnel

defects’ classification, the authors compared the results of ResNet-50 with a

different state-of-art convolutional architecture, i.e. the EfficientNet. Fur-
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Figure 4: Database construction from GPR road tunnel linings profiles.

thermore, for the sake of completeness, in an attempt to improve the current

basic technique, a preprocessing phase has been performed, adopting the bi-

dimensional Fourier transform to the GPR sample images, as discussed in the

following. For the sake of comparisons, a completely different and novel DL

technique is employed for the first time within the road tunnel assessment

field, the neural transformer, i.e. the ViT variant. Specifically, referring

to Figure 3, the authors focused on level 6 (1080 images in total), level 5

(2188 images in total), level 4 (3124 images in total), level 3 (4024 images in

total), level 2a (4130 images in total), level 2b (4598 images in total), and

level 1 (8728 images in total). Thereafter, the neural models were trained.

Therefore, it would be virtually possible to automatically evaluate the road
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tunnel linings’ GPR profiles to establish the current structural health status.

This technique should lead to higher efficiency since the expert personnel’s

duty is to check if this automatic procedure succeeded in recognizing all the

defects in the image. However, with the traditional CNN method, getting

information about the defect localization into the image is not trivial. On

the other hand, exploiting the self-attention mechanism, as further explained

later in this document, the transformer architecture can evidence which parts

of the images contributed to its classification, providing an initial localization

indication of the detected defect.

3. Convolutional Neural Network: ResNet-50

The first model employed for road tunnel automatic defect classification

is the most widespread DL technique based on CNN algorithms. In sev-

eral literature studies, better performances in the learning process are usu-

ally appointed to deeper neural network models with respect to shallower

ones [22, 23]. These models are devoted to dealing with the image data

type, and through specific learnable filters, CNNs are able to extract feature

Figure 5: ResNet-50 illustrative example.
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maps to accomplish machine learning tasks automatically. CNNs have been

explored starting from the 1980s within the brain’s visual cortex studies.

However, only in the last decade they have gained a leading position in the

DL panorama because of new higher computational capabilities and train-

ing data availability [24, 25]. Furthermore, transfer learning methodology

further contributes to breaking down the computational effort by adopting

pre-trained models adapted to specific tasks with fine-tuning approaches [26].

In the current study, the CNN model acknowledged as ResNet-50 has been

employed, as depicted in Figure 5. He et al. [27] in 2015 illustrated for the

first time the actual potentialities of this model. This model is pre-trained on

the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) dataset

based on 1.3 millions of images as training, 50,000 as validation, and 100,000

as test images [28, 29]. The main feature of the ResNet model is the presence

of skip or residual connections. These connections transfer the input infor-

mation directly to the output of a layer and they are extremely helpful during

training, especially at the beginning of the learning process. Indeed, it ini-

tially behaves as an identity function and speeds up the learning process even

when the weights of some layers are close to zero, which normally slows down

the back-propagation with the vanishing gradient issues [24]. The ResNet-

50 adopted in the current study has been implemented in MATLAB2021a

programming environment [30], by adopting the pre-trained model by [28]

trained on ILSVRC public image dataset. The architecture of the ResNet-

50 is composed of 50 layers (only counting the convolutional layers and the
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fully connected layers). It comprises a stack of residual units, each composed

of two convolutional layers, without pooling layers, batch normalization, and

rectified linear unit (ReLU) activation function, using 3x3 kernels with stride

1 [31, 24]. Input images are 224x224x3 tensors, considering the common RGB

for coloured image codification. Therefore the cropped GPR profile samples

have been resized accordingly [18]. The initial pre-trained ResNet-50 was able

to classify images into 1000 different object categories with a fully connected

layer with 1000 units and a softmax layer. However, it was re-adapted to the

current study. The final fully connected layer has been changed to accom-

plish the binary classification tasks for each hierarchical level presented in

Figure 3. Following in-depth the tree depicted in Figure 3, the total number

of available samples for each level gradually decreases. Moreover, since each

class presents an unbalanced number of images, to train a good classifica-

tion model, the class forced a balanced approach with the minimum number

of samples. Additionally, an appropriate setting of the hyperparameters for

the neural model plays an important key role. However, a general, unique,

universally acknowledged, efficient, and effective hyperparameter tuning pro-

cedure does not exist yet nowadays. Some techniques and procedures have

been developed recently, such as exploring the hyperparameter space with

a grid search or a random search approach combined with cross-validation

procedures [24]. However, a refined search of this type may require a long

time and probably a high computational effort. For this reason, for practical

reasons, at first, an empirical trial-and-error procedure is generally acknowl-
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Table 1: Hyperparameters adopted for CNN ResNet-50.

Hyperparameters Value
Mini-batch size 32
Learning rate 0.001
Maximum number of epochs 12

edged to be advantageous in order to balance computational efforts and the

model’s generalization capabilities [22]. Albeit an accurate hyperparameter

tuning may lead to more accurate results, for engineering purposes adopt-

ing the trivial trial-and-error procedure may appear in most cases sufficiently

adequate to reach high accuracy levels, e.g. greater than 90-95% [18]. There-

fore, the authors empirically defined the hyperparameters required for the DL

model by a trial-and-error approach to achieving the best possible results,

as illustrated in Table 1. In detail, the learning rate was set to 0.001, the

mini-batch size was chosen as 32, and the maximum number of epochs to

contain computational effort and achieve the best performances was set to

12. After the training procedure, the results on the test set are provided in

Table 2. The tables show the average values provided by the cross-validation

technique with a k-fold equal to 10, as suggested in [32] being a good choice

to avoid both significant variance and biased values. According to the values

of the tables, the AI-based automatic defects classification pointed out an

average accuracy of 0.945 among all the levels of the hierarchical classifica-

tion tree. The section 6 provides an extended discussion of the results. In

the following, the authors provided a comparison with a state-of-art CNN

architecture, the EfficientNet [19]. Thereafter, the authors attempted to im-
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prove the ResNet-50 model by introducing preprocessing approach to the raw

image data of road tunnels’ GPR profiles.

3.1. Comparison with state-of-art CNN: EfficientNet

In [19], in an attempt to provide a new systematic scaling-up method for

CNN models, the authors designed a new family of state-of-art convolutional

networks denoted as EfficientNet. The previous model scaling-up procedures

appeared relatively arbitrary and challenging to efficiently balance all the

dimensions of a neural network for the available computational resources.

On the other hand, the proposed new scaling approach uniformly scales all

dimensions of depth, width, and resolution by employing a simple and con-

stant ratio denoted as the compound coefficient. In the present study, the

authors compared the previous results of ResNet-50 with this state-of-art

convolutional architecture, i.e. the EfficientNet. The current adopted imple-

mentation is the pre-trained model provided in Matlab environment denoted

as EfficientNet-B0, which presents an architecture with mobile inverted bot-

tleneck convolutional building blocks [19]. Similarly to before, the authors

employed the same hyperparameters of Table 1 and re-adapted the final fully

connected layers to perform a binary classification for each level of the GPR

tunnel defects hierarchical classification tree. After the training procedure,

the results of the test set are provided in Table 3. The tables show the aver-

age values provided by the cross-validation technique with a k-fold equal to

10. According to the values of the tables, the EfficientNet automatic defects
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Table 2: ResNet-50 classification results in terms of confusion matrices for Levels 1, 2a,
2b, 3, 4, 5, and 6.

Level 6
Predicted Accuracy Class Precision Recall f1-score

True C13 C14
0.9535

C13 0.942 0.966 0.954
C13 0.966 0.034 C14 0.965 0.941 0.953
C14 0.059 0.941

Level 5
Predicted Accuracy Class Precision Recall f1-score

True C11 C12
0.9830

C11 0.978 0.988 0.983
C11 0.988 0.012 C12 0.988 0.978 0.983
C12 0.022 0.978

Level 4
Predicted Accuracy Class Precision Recall f1-score

True C9 C10
0.9180

C9 0.894 0.949 0.920
C9 0.949 0.051 C10 0.946 0.887 0.915
C10 0.113 0.887

Level 3
Predicted Accuracy Class Precision Recall f1-score

True C7 C8
0.9590

C7 0.990 0.927 0.958
C7 0.927 0.073 C8 0.931 0.991 0.960
C8 0.009 0.991

Level 2b
Predicted Accuracy Class Precision Recall f1-score

True C5 C6
0.9040

C5 0.900 0.909 0.904
C5 0.909 0.091 C6 0.908 0.899 0.904
C6 0.101 0.899

Level 2a
Predicted Accuracy Class Precision Recall f1-score

True C3 C4
0.9725

C3 0.962 0.984 0.973
C3 0.984 0.016 C4 0.984 0.961 0.972
C4 0.039 0.961

Level 1
Predicted Accuracy Class Precision Recall f1-score

True C1 C2
0.9260

C1 0.920 0.933 0.927
C1 0.933 0.067 C2 0.932 0.919 0.925
C2 0.081 0.919
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classification pointed out an average accuracy of 0.917 among all the levels of

the hierarchical classification tree. Compared with the results of ResNet-50

in Table 2, it is worth noting that, the EfficientNet reaches almost the same

results in terms of accuracy for levels 3 and 4, while slightly improving the

results for level 1 and 6. However, it performed worse than ResNet in levels

2b and 5, probably due to arising of overfitting issues that occurred in those

levels, as argued in section 6. In summary, these results evidenced that the

recent EfficientNet architecture represents a sort of trade-off choice between

efficiency and classification accuracy since it was able to reach in virtually

all cases almost the same order of magnitude of accuracy levels.

4. Fourier transform preprocessing effects on ResNet-50

The road tunnel inspections with indirect GPR techniques provide tun-

nel linings profiles as image data types. The automatic defect classification

may be solved by adopting machine learning techniques in a data-driven

approach, exploiting information in the image input dataset. To extract

information in the GPR images, the ResNet-50 uses the automatic feature

extraction through specific size kernel filters, which slide through convolu-

tion operation on the input image, providing feature maps as results. On the

other side, image processing approaches offer nowadays powerful tools and

interesting techniques to extract information directly in the preprocessing or

postprocessing phase, e.g. image enhancement, image restoration, or image

data compression [33, 34, 35]. In this section, the authors focused on the
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Table 3: EfficientNet classification results in terms of confusion matrices for Levels 1, 2a,
2b, 3, 4, 5, and 6.

Level 6
Predicted Accuracy Class Precision Recall f1-score

True C13 C14
0.9608

C13 0.959 0.963 0.961
C13 0.963293 0.036707 C14 0.963 0.958 0.961
C14 0.041707 0.958293

Level 5
Predicted Accuracy Class Precision Recall f1-score

True C11 C12
0.9347

C11 0.961 0.906 0.933
C11 0.906481 0.093519 C12 0.911 0.963 0.937
C12 0.037037 0.962963

Level 4
Predicted Accuracy Class Precision Recall f1-score

True C9 C10
0.9070

C9 0.925 0.886 0.905
C9 0.885633 0.114367 C10 0.890 0.928 0.909
C10 0.071574 0.928426

Level 3
Predicted Accuracy Class Precision Recall f1-score

True C7 C8
0.9494

C7 0.916 0.990 0.951
C7 0.99 0.01 C8 0.989 0.909 0.947
C8 0.091111 0.908889

Level 2b
Predicted Accuracy Class Precision Recall f1-score

True C5 C6
0.8101

C5 0.806 0.817 0.811
C5 0.81709 0.18291 C6 0.814 0.803 0.809
C6 0.196945 0.803055

Level 2a
Predicted Accuracy Class Precision Recall f1-score

True C3 C4
0.9107

C3 0.926 0.892 0.909
C3 0.892449 0.107551 C4 0.896 0.929 0.912
C4 0.07102 0.92898

Level 1
Predicted Accuracy Class Precision Recall f1-score

True C1 C2
0.9455

C1 0.937 0.955 0.946
C1 0.954964 0.045036 C2 0.954 0.936 0.945
C2 0.063923 0.936077

19



bidimensional Fourier transform (2D-DFT), given its recent successful appli-

cations. Considering at the beginning continuous one-dimensional signals,

the Fourier transform permits a domain transformation from the time-space

to the frequency domain, or in more general terms, from the input domain

to the Fourier domain. The signal can be therefore expressed as the su-

perposition of harmonics components (sine and cosine functions) weighted

according to their frequency content. However, working with real signals

unavoidably involves working with sampled discrete signals. The Nyquist-

Shannon theorem’s mathematical framework defines certain limits to the

domain mapping produced by the Fourier transform and its inverse trans-

form. Specifically, it poses a relationship between the sampling frequency

of the actual signal and the highest reconstructable frequency component in

the Fourier domain, denoted as Nyquist Frequency [36, 37]. Without loss of

generality, the same concepts of the discrete Fourier transform were easily

extended to bi-dimensional signals [38]. Lets denote a digital image of size

M ×N pixels as f(x, y) for x = 0, 1, ...,M − 1 and y = 0, 1, 2, ..., N − 1, the

bidimensional discrete Fourier transform (2D-DFT) of f(x, y) is denoted as

F (u, v) [33]

F (u, v) =
M−1∑
x=0

N−1∑
y=0

f(x, y)e−2πi(ux
M

+ vy
N ) (1)

where u = 0, 1, 2, ...,M − 1 and v = 0, 1, 2, ..., N − 1. Adopting the Euler’s

formula, it would be possible to expand the exponential into its sinusoidal

components, retrieving the corresponding frequency according the x and y
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direction of the image mapped in the frequency domain (or frequency rect-

angle) and denoted by the variables u and v [33]. The inverse transform

(2D-IDFT) is expressed as

f(x, y) =
1

N ·M

M−1∑
u=0

N−1∑
v=0

F (u, v)e2πi(
ux
M

+ vy
N ) (2)

Since, the bijective direct and inverse mapping, the values of F (u, v) are even

acknowledged as the Fourier coefficients of the expansion, and they are typ-

ically complex numbers [33, 35]. The value of the Fourier transform at the

origin of the frequency rectange F (0, 0) is numerically equal to MN times

the average value of f(x, y). Borrowing the terminology from electrical engi-

neering, this is acknowledged as dc-component, which means direct current

(i.e. at zero frequency, in contrast with alternate current). Since its complex

nature, denoting as Re(u, v) and Im(u, v) the real and imaginary part re-

spectively of the transform F (u, v), the Fourier spectrum (i.e. the modulus

of the complex number) is given by

|F (u, v)| =
√
Re(u, v)2 + Im(u, v)2 (3)

and the phase angle

φ(u, v) = arctan
Im(u, v)

Re(u, v)
(4)
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providing a polar representation of the bidimensional Fourier transform

F (u, v) = |F (u, v)|eiφ(u,v) (5)

For purposes of visualization, since most of the information is contained

in the magnitude, the phase can be neglected. However, when the inverse

transform 2D-IDFT is employed, the phase information would be strictly

required, otherwise, a corrupted image will be the final result due to the loss

of information [37]. Since the magnitude may present very scattered values

comparing the largest DC component with respect to the other frequencies,

a logarithmic transformation is usually applied to enhance the information

contained in low-frequency components:

F̃ (u, v) = c log(1 + |F (u, v)|) (6)

where c represents a scale factor, which has been set to unity in the current

work. The 2D-DFT may also be computed as a series of 2n one-dimensional

FT [37], which leads to a computational complexity of O(n2). However, faster

formulations (2D-FFT) have been developed in order to further reduce the

computational effort to O(n log2(n)) [37]. Matlab environment provide the

command fft2 to compute the bidimensional Fourier transform to theroad

tunnel GPR profiles images, and the command fftshift multiplies (−1)x+y

to the images permitting to centering again the dc-component in the origin

of the frequency rectangle, operation strictly required due to the fast Fourier
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algorithm formulation [33]. Among the many useful properties of the FT,

e.g. linearity, translation, rotation, etc. the most important in the present

case is related to the convolution theorem [39]. In practice, the convolution

operation denoted with the symbol ∗ between the digital image f(x, y) and

a filter kernel mask function h(x, y) is given by the following expression

f(x, y) ∗ h(x, y) =
M−1∑
m=0

N−1∑
n=0

f(m,n)h(x−m, y − n) (7)

In the Fourier domain, the convolution operation translates into a simple

product of the Fourier transform of the two functions

f(x, y) ∗ h(x, y)⇔ F (u, v)H(u, v) (8)

and the double arrow sign underlines the direct and inverse validity, even if

for the filtering process only the left-to-right expression is of interest. For this

reason, the Fourier transform of the kernel function H(u, v) is also acknowl-

edged as filter transfer function [33, 39], because it apply a certain transfor-

mation to every component of the F (u, v). In image processing, digital filters

are extremely useful to smooth the image, by suppressing high frequencies

in the image, or to detect edges by removing the low frequencies [37]. Fil-

ters with convolution operation are the propeller of the automatic feature

extraction of CNN. In reality, the CNN automatic feature extraction relies

on a correlation operation, which is the process of sliding a filter function on
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the image and computing the sum of products at each location, similar to

a convolution but reversing the sign into the filter kernel, i.e. rotating the

filter of a straight angle

f(x, y) ∗ h(x, y) =
M−1∑
m=0

N−1∑
n=0

f(m,n)h(x+m, y + n) (9)

Due to the convolution theorem, the application of the bidimensional Fourier

preprocessing to the road tunnel linings GPR profiles images suggested to

the authors that the automatic feature extraction would be more efficient for

CNN-based automatic defects classification paradigm. Indeed, this kind of

preprocessing produced a data and information compression for every image,

without jeopardizing the geometric nature of the GPR profiles images (inves-

tigated depth along the vertical axis). Moreover, as depicted in the illustra-

tive example of Figure 6, the bidimensional Fourier preprocessing maintains

the vertical and horizontal patterns in the input image, preserving them in

the most dominant frequency components in the Fourier domain, compress-

ing the information of the periodic components, typically of the GPR profiles

in the depth direction, and removing the non-periodic noise effects [39].

In conclusion, the entire database at the author’s disposal of GPR road

tunnel linings profiles undergoes the preprocessing phase with bidimensional

Fourier operation. The newly obtained dataset was used to train the ResNet-

50 model, already mentioned in the previous sections and with the same hy-

perparameter of Table 1. The cross-validation procedure with a k-fold equal
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(a) (b)

Figure 6: An explanatory example of bidimensional Fourier preprocessing before (a) and
after (b) the preprocessing application on a road tunnel GPR profile sample image be-
longing to the class C11 (simple voids).

to 10 has been again adopted, and the test set averaged on the ten trained

model results are reported in Table 4. According to the first sight of the

results shown in the table, the AI-based automatic defects classification with

Fourier preprocessing pointed out an average accuracy among all the levels

of the hierarchical classification tree less than before. In the present case, the

average accuracy settles at 0.856 only, despite the advantages foreshadowed.

The authors provide in section 6 an extended discussion of the results.
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Table 4: ResNet-50 classification results with bidimensional Fourier pre-processed dataset
in terms of confusion matrices for Levels 1, 2a, 2b, 3, 4, 5, and 6.

Level 6
Predicted Accuracy Class Precision Recall f1-score

True C13 C14
0.9055

C13 0.891 0.924 0.907
C13 0.924 0.076 C14 0.921 0.887 0.904
C14 0.113 0.887

Level 5
Predicted Accuracy Class Precision Recall f1-score

True C11 C12
0.8990

C11 0.936 0.857 0.895
C11 0.857 0.143 C12 0.868 0.941 0.903
C12 0.059 0.941

Level 4
Predicted Accuracy Class Precision Recall f1-score

True C9 C10
0.8515

C9 0.861 0.839 0.850
C9 0.839 0.161 C10 0.843 0.864 0.853
C10 0.136 0.864

Level 3
Predicted Accuracy Class Precision Recall f1-score

True C7 C8
0.8590

C7 0.916 0.816 0.863
C7 0.978 0.220 C8 0.805 0.910 0.854
C8 0.090 0.910

Level 2b
Predicted Accuracy Class Precision Recall f1-score

True C5 C6
0.7630

C5 0.779 0.735 0.756
C5 0.735 0.265 C6 0.749 0.791 0.769
C6 0.209 0.791

Level 2a
Predicted Accuracy Class Precision Recall f1-score

True C3 C4
0.8315

C3 0.859 0.793 0.825
C3 0.793 0.207 C4 0.808 0.870 0.838
C4 0.130 0.870

Level 1
Predicted Accuracy Class Precision Recall f1-score

True C1 C2
0.8825

C1 0.885 0.879 0.882
C1 0.879 0.121 C2 0.880 0.886 0.883
C2 0.114 0.886
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Figure 7: ViT-L16 model architecture visualization, highlighting the pre-trained part and
the part involved by the fine-tuning for the current problem and a particular focus on the
transformer encoder block.

5. Vision Transformers for tunnel defect classification

In 2017, the research conducted by the Google team entitled “Attention

is all you need” [40] echoed a revolution in the DL field because, for the

first time, the neural transformer architecture appeared. Their very first ap-

plication was referred to as Natural Language Processing (NLP) tasks, but

it has quickly spread like wildfire in many other engineering and scientific

applications since their revolutionary approach. The transformer was born

to overcome the problematics of the state-of-art DL technique when deal-

ing with long data sequences. Its main peculiarity is the total entrustment

to the self-attention mechanism, which provides the network with short and
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even very long-range relationships among every element with the others com-

posing the data sequence. With this hidden information, the network can

extract deep knowledge from data and produce noticeably promising results

for machine learning tasks, e.g. classification problems. Moreover, due to

their nature, every block of the transformer may be parallelized to improve

computational efficiency. However, since these models are remarkably com-

putational demanding due to the massive number of learnable parameters, it

is not easy to train a transformer from scratch without possessing a consid-

erably extended dataset and allocating computational resources for days or,

more probably, for weeks. For this reason, transfer learning approaches have

proved to be the most promising way to exploit them [17] effectively. Re-

cently, impactful and fruitful studies have been conducted, such as, e.g., the

introduction of BERT model (Bidirectional Encoder Representations from

Transformers) [41] which exploits only the encoder part of the transformers,

or the adaptation of neural transformers to deal with images data types. In

October 2020, in [42], the authors presented the Vision Transformer (ViT),

a novel architecture to deal with image data. The ViT beat the best CNN

models such as ResNet for image classification for a sufficiently large dataset

for pre-training [42]. ViT is based solely on the neural transformer archi-

tecture’s encoder network part, similarly to the BERT model for natural

language processing [40]. The model architecture of the ViT adopted for the

current automatic defects classification for road tunnel GPR indirect testing

is depicted in Figure 7. To deal with images, it was necessary to rethink
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the image data as a sequence of data. This was realized by producing a

partitioning of the input image, which is subdivided into a finite number n

of patches. These patches may overlap or not, and each one is a tensor with

shape d1 × d2 × d3, this latter corresponding to the Red-Green-Blue (RGB)

digital image encoding. However, it is always required to define an exact

and suitable finite number n of resulting patches considering the resolution

of the starting image. To treat these patches as an ordered sequence of ele-

ments, a vectorization procedure involves each i-th patch provide a column

vector xi, with i = 1, 2, ..., n, of dimension d1d2d3 × 1, resulting at the end

into n vectors. These vectors of flattened patches are fed into a dense layer

with shared parameters and linear activation function, producing the hidden

embedded representation typical of the transformer architectures denoted as

zi. The shared weights of this dense layer, which are learned from training

data during the training phase, act as the flattening operation using a linear

projection matrix [20]. Since in a sequence, the comparison ordering is ex-

tremely important, to maintain the information of the actual position of each

patch within the initial image, a positional encoding [40] should be applied.

The positional encoding is usually referred to sine and cosine functions at

high frequency, which adds spatial information into the network. Then, they

are simply summed to the embedding representations zi. In this way, the

new representation of the input information zi captures both the content

and the position of the i-th patch. Similar to BERT-based architecture, the

ViT relies only on the transformer encoder block, which is repeated N times.
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However, in order to accomplish the classification task, BERT introduced

an additional token denoted as [CLASS] token. Similarly, also in the ViT

model, the [CLASS] token for classification is fed to an embedding layer pro-

ducing the vector z0 of the same shape as other embeddings. The sequence of

vectors {zi}ni=0 are subsequently fed to the neural transformer encoder block,

composed of a stack of a multi-head self-attention and dense fully-connected

layer blocks, actually employing normalization and skip connections, as de-

picted in detail in Figure 7. The output of the neural transformer encoder

is a new representation of the input vectors {zi}ni=0 mapped to a new rep-

resentations {ci}ni=0 which integrates the scaled dot-product attention (the

self-attention) [40]. In any case, only the c0 is considered for the classification

task, the one referred to the [CLASS] token, and the others may usually be

neglected. This vector represents the feature vector from the input image.

This vector is thus normally fed to a final multi-layer perceptron followed by

a softmax classifier. This last layer results in a column vector p of size equal

to the number of output classes, representing a probability to belong to each

output class.

In the current study, a pre-trained ViT model has been considered, and

only a fine-tuning of the last classification layers has been performed on the

GPR profiles within a transfer learning approach, likewise in [20]. Specifi-

cally, the ViT-L16 model has been adopted in the current framework. Similar

to BERT, also the ViT may appear in a different form according to the num-

ber of learnable parameters involved. The ViT-B16 or ViT-B32 are referred
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to as the ViT-Base model, likely the BERT-base version, involving 86M train-

able parameters. The ViT-L16 or ViT-L32 are referred to the ViT-Large

model, likely the BERT-Large model, involving 307M learnable parameters.

The numbers 16 or 32 indicate the number of patches in which the input im-

ages are partitioned. Referring to the architecture depicted in Figure 7, the

ViT pre-trained model has been frozen and, after it, some final layers have

been added to perform the classification task which undergoes the fine-tuning

training. A fully connected dense layer with 2048 units has been added, fol-

lowed by batch normalization and with a dropout probability of 0.5, followed

again by a dense layer with softmax activation to provide classification into

the binary classification output class analyzed at each level of the hierarchical

scheme in Figure 3. According to [43], the pre-trained ViT model has been

trained on the public ImageNet-21k, which is composed of 14 million images

database with 224x224 pixel resolution distributed in 21843 classes, and then

fine-tuned on the public ImageNet 2012 database which, on the other hand,

contains 1.3 million images with 224x224 pixel resolution distributed among

1000 classes. Thus, the ImageNet-21k represent a superset of ImageNet [44]

which is consequently denoted also as ImageNet-1k. The dataset of GPR

profile images has been split, considering 90% of the total images per level

to belong to the training set and the resulting 10% belonging to the test set.

Since the previous section evidenced that the Fourier preprocessing does not

provide substantial improvements in terms of classification accuracy of the

model, the authors trained the ViT model only on the raw images without
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Table 5: Hyperparameters adopted for ViT model.

Hyperparameters Value
Mini-batch size 16
Learning rate 0.0001
Maximum number of epochs 20

applying any Fourier transform image pre-processing procedures. For the

ViT model, the pre-trained model provided by [43] has been imported based

on available python Keras implementation [45]. The input images have been

resized to 224x224 pixels, and 16 patches are extracted from the input im-

ages accordingly to the ViT-L16 model, batch size has been fixed to 16, and

a validation set of 10% of the training set has been used during the training

process, the categorical cross-entropy loss [46] has been adopted, and the

model for each level has been trained for 20 epochs. Similarly to the CNN

model, also for the ViT model the authors adopted an empirical trial-end-

error procedure to define the optimal choice of the hyperparameters, whose

values are reported in Table 5. These hyperparameters were selected to still

guarantee a fair evaluation and comparison with the previous CNN models

and also to contain the training computational efforts. Practical criteria and

suggestions for hyperparameters trial-and-error tuning schemes are presented

e.g. in [24]. Despite its useful generalization properties, cross-validation has

not been carried on in this case, since very high computational effort also

for the fine-tuning only training approach. However, to control the overfit-

ting, the callbacks with an early stopping criterion have been set, and the

checkpoints save model parameters only if the performance of the model sub-
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(a) (b)

Figure 8: Attention map visualization example provided by the ViT-L16 model. On the
left side (a), the resized sample image belonging to C14 class is showing a concrete layer
detachment problem; on the right side (b), the attention map provided by the ViT-L16
model on the same image highlights the defects’ presence and its position.

stantially increases, i.e. with a relatively significant reduction of the loss, a

substantial increase of accuracy and considering the metrics’ trends on the

validation set in an attempt to avoid overfitting issues. The results obtained

on the test set are illustrated in Table 6 in terms of confusion matrices, pre-

cision, recall, and f1-score metrics [24]. According to a very first sight to the

results shown in the Table, the AI-based automatic defects classification with

the ViT model shows an impressive average accuracy of around 0.981 among

all the levels of the hierarchical classification tree, substantially more signif-

icant than the three previous analysed cases. The noticeably high accuracy

has rewarded the computational efforts reached on the test set, remembering

that despite even without cross-validation, the necessary precautions have

been considered for overfitting issues. The Discussion section 6 provides an

extended discussion and comparisons of the current results.

At the end of the present section, the authors illustrate the great ad-
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vantage of a model entirely entrusted to the self-attention mechanism. For

instance, the reader may observe an example of self-attention maps in Figure

8, which has been extracted from the current ViT-L16 model for illustra-

tive purposes. The neural model can enhance specific patterns in the image,

which helps the classification task and darken the other less important parts.

This provides a handy tool to enhance the interpretation of these DL ap-

proaches. Furthermore, the specific patterns highlighted from the attention

maps may also be helpful for damage localization, especially in the depth

direction. These results are encouraging, and this aspect, also considering

defects localization, should be further explored in future studies to increase

the capabilities of the AI-based road tunnels’ automatic defects classification

framework to assess the actual tunnel health state.

6. Results comparisons and discussion

In the previous sections, four different models have been trained and

tested to propose an AI-based approach for automatic defects classification

for road tunnel GPR indirect testing. The first model involves the CNN

pre-trained ResNet-50 model trained on GPR samples images obtained by

cropping the long profiles with constant step length, providing the results

illustrated in Table 2. To compare ResNet-50 with more recent state-of-art

convolutional architectures, the EfficientNet has also been trained, providing

the results illustrated in Table 3. Furthermore, to improve the ResNet-50

model, two different techniques have been implemented. The foremost act
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Table 6: ViT model classification results with original raw GPR profiles dataset in terms
of confusion matrices expressed in absolute terms on the test set for Levels 1, 2a, 2b, 3, 4,
5, and 6.

Level 6
Predicted Accuracy Tot. images/class Test set support Precision Recall f1-score

True C13 C14
0.9907

C13 408 53 1.000 0.981 0.990
C13 52 1 C14 672 55 0.982 1.000 0.991
C14 0 55 Total 1080 108

Level 5
Predicted Accuracy Tot. images/class Test set support Precision Recall f1-score

True C11 C12
0.9954

C11 1108 115 0.991 1.000 0.996
C11 115 0 C12 1080 104 1.000 0.990 0.995
C12 1 103 Total 2188 219

Level 4
Predicted Accuracy Tot. images/class Test set support Precision Recall f1-score

True C9 C10
0.9904

C9 936 96 0.989 0.979 0.984
C9 94 2 C10 2188 217 0.991 0.995 0.993
C10 1 216 Total 3124 313

Level 3
Predicted Accuracy Tot. images/class Test set support Precision Recall f1-score

True C7 C8
1.0000

C7 900 95 1.000 1.000 1.000
C7 95 0 C8 3124 308 1.000 1.000 1.000
C8 0 308 Total 4024 403

Level 2b
Predicted Accuracy Tot. images/class Test set support Precision Recall f1-score

True C5 C6
0.9457

C5 574 56 0.763 0.804 0.783
C5 45 11 C6 4024 404 0.973 0.965 0.969
C6 14 390 Total 4598 460

Level 2a
Predicted Accuracy Tot. images/class Test set support Precision Recall f1-score

True C3 C4
0.9903

C3 3638 359 0.989 1.000 0.994
C3 359 0 C4 492 54 1.000 0.926 0.962
C4 4 50 Total 4130 413

Level 1
Predicted Accuracy Tot. images/class Test set support Precision Recall f1-score

True C1 C2
0.9542

C1 4130 401 0.952 0.948 0.950
C1 380 21 C2 4598 472 0.956 0.960 0.958
C2 19 453 Total 8728 873
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on the preprocessing side by performing the bidirectional Fourier transform

on the entire image dataset, obtaining a new dataset. This dataset was

adopted to re-train the ResNet-50, providing results shown in Table 4. On

the other hand, the authors acted on the neural model side, replacing the

CNN model with a novel architecture based on the encoder part of the neural

transformers. Finally, the vision transformer, ViT, has been trained with the

original GPR image dataset, providing the overwhelming results reported in

Table 6. For the sake of completeness, to inspect the overfitting issues occur-

rence, the training convergence curves have been reported in Appendix A.

These curves illustrate the accuracy and loss trends for training and valida-

tion sets that occurred during the epochs or iterations. The curves for the

considered convolutional models (ResNet-50, ResNet-50 with Fourier pre-

processing, and EfficientNet), which have been trained on Matlab, have been

reported concerning the training iterations. The term iteration refers to a

single step performed with the gradient descent algorithm in minimizing the

loss function by adopting the mini-batch. Since a cross-validation procedure

has been employed for all the adopted convolutional models, to improve the

clearness and readability of the convergence curves, the graphs have been

arranged with the average curves for training accuracy, training loss, valida-

tion accuracy and validation loss among the various k-folds trained models.

However, in order to provide more informative graphs without hiding any

information due to the averaging operation, the authors provided the shaded

areas around the average curves to represent the envelope of the maximum
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and minimum curves obtained from the various k-folds models. From these

convergence curves, it appears evident how the ResNet-50 model presents a

generally good behavior without any overfitting evident phenomena, except

for level 1 where the validation loss presents a slightly increasing trend from

iteration 425. Even the EfficientNet present in general a good regular behav-

ior in the training curves. However, both EfficientNet and ResNet-50 with

Fourier pre-processed data present an evident overfitting behavior in level

2b. This may explain the reasons for the poor results obtained on the test

set at this level. Moreover, the ResNet-50 model with Fourier pre-processed

data presents slight evidence of overfitting in levels 1 and 4. On the other

hand, the ViT model has been implemented in the Python environment and

the convergence curves have been reported concerning the training epochs

directly. It is worth noting that, despite a maximum number of 20 epochs

being set for training the ViT model, the convergence curves stopped early

in levels 1, 2a, 2b, and 3. This is because the option of early stopping was

set and it was combined with the option which permits saving only the best-

found models, providing the possibility to save computational resources if no

further improvements occur. In general, the ViT model presents fairly good

behavior without any overfitting issues. As a matter of fact, notwithstand-

ing the validation loss showed a peak value in levels 1 and 2a for epochs 10

and 7 respectively, during the next training epochs, the model was able to

improve again the learning phase and restore the desired descending trend.

Moreover, it is worth noting that from the ViT convergence curves, level 2b
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appears still moderately undertrained, and it may virtually be trained for

more epochs to further reduce the loss, but requiring a considerable increase

of computational effort with respect to the other levels.

With a deeper insight into the results, Figure 9 provides a general com-

parison of the overall average accuracy produced by the three approaches

analyzed in the current study. As anticipated, the ViT transformers exhibit

the best level of average accuracy, reaching 98.10%. In contrast, the worse

value has been obtained with the Fourier transform preprocessing, limited to

85.6%. Although, from a theoretical point of view, the bidimensional Fourier

transform provides a more efficient convolution operation in the Fourier do-

main, this was not compensated by the classification performance because

of probable excessive data, i.e. information, compression in the input image.

This provides similar sample images, slowing down the automatic recogni-

tion process with the CNN model. To provide the reader with a more

comprehensive insight into the results of the above-mentioned tables, the ac-

curacy values for every single level of the proposed hierarchical multi-level

classification tree are depicted in Figure 10. The bar graph evidenced the

accuracy results for each level for the four analyzed models in the current

study. No particular trends are evidenced among the classification levels.

However, level 2b exhibits the lowest accuracy value for all the three models

taken separately. Level 2b deals with recognising the warning mix from the

other defect types (cracks, anomalies, simple voids, excavation, and detach-

ments). The reason behind this aspect may hide behind the class unbalance
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Figure 9: Overall accuracy comparison graph among the various DL trained models.

Figure 10: Accuracy comparison graph for each analyzed level in the hierarchical multi-
level automatic defects classification.
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among the samples belonging to the two different categories involved in the

current binary classification. For example, class C5 (warning mix) contains

only 574 against class C6, which includes 4024 samples. The class unbalance

may be computed considering the absolute difference among the samples be-

longing to the two classes compared at each binary classification level. In

this case, this difference is equal to 3450. For instance, on the contrary, the

classes C11 and C12 provide a neglecting value of class unbalance, i.e. 28,

since C11 contains 1108 samples against 1080 samples of class C12. The

class unbalance issue is probably the main reason for the lower performances

of the ViT in the level 2b only. In addition, this fact may also explain the

moderate undertraining evidenced in the convergence curve for ViT in level

2b, on the same conditions of training settings (i.e. same hyperparameters)

of the other levels. Nevertheless, the ResNet-50 models have been trained

considering only a number of training samples at each binary classification

level considering the class with the lower number of samples. This ensures

that the class unbalance equals zero, preventing the model from being more

prone always to classify the most populated class. However, a poor and

deterministic choice of the training set in the most populated class may ad-

versely affect the classification performances. For this reason, a random state

and shuffling in the definition of the training set was set for each model of

the 10 models trained for every classification level due to the 10-fold cross-

validation procedure, convincing the authors to have accomplished their best

even this last issue. Finally, the precision and recall metrics have been con-
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Figure 11: Accuracy comparison graph for each analyzed level in the hierarchical multi-
level automatic defects classification.

sidered associated with the confusion matrices of the current trained models.

The precision estimates the number of samples that were correctly classified

in a certain class over the total number of samples which have been truly

associated with that class [47, 48, 49, 46]

Precision =
TP

TP + TN
(10)

41



where TP indicates the true positive number of samples and TN stands for

the true negative ones. On the other side, the recall metric indicates the

number of samples correctly associated with a certain class over the number

of samples which actually truly belongs to that class [47, 48, 49, 46]

Recall =
TP

TP + FN
(11)

The f1-score represents a sort of harmonic mean of precision and recall met-

rics, therefore it is widely used as a synthetic evaluation metric of the per-

formances

f1-score =
2

1
Precision

+ 1
Recall

=
2 · Precision · Recall

Precision + Recall
(12)

These three metrics are reported in Figure 11, to show their trends synthet-

ically and graphically for the three analyzed models. As already evidenced

previously, the above metrics are largely reduced for the ResNet-50 with

Fourier preprocessing approach, and they suffer a noticeably reduction in

the class C5, the one involved in the most unbalanced level, i.e. the level 2b.

Specifically, the ViT model, which exhibits extensively outstanding perfor-

mances, revealed a remarkable drastic drop in class C5. For a more direct

comparison among the current four analyzed DL models, the f1-score has

been appointed as a synthetic metric and depicted in Figure 12 for every

class of the current hierarchical classification paradigm. In this Figure, the

same conclusions can be retrieved more clearly and directly according to this
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Figure 12: Accuracy comparison graph for each analyzed level in the hierarchical multi-
level automatic defects classification.

synthetic and comprehensive graphical representation.

6.1. Neural models interpretability

During the last decades, with the widespread adoption of evermore sophis-

ticated DL network architectures, in scientific community concerns about in-

terpretability of the neural models arose, exacerbating the idea of neural net-

works as merely black boxes. In fact, it became fairly challenging to provide

a clear explanation of what the network learned to classify an image in a spe-

cific certain class rather than another one. Thus, in [50], the authors pointed

out that, leveraging the global average pooling layer in a certain manner, it

is possible to highlight the powerful localization capabilities of CNN models,

even when trained for classification purposes only and not specifically for e.g.

object detection tasks. They introduced the concept of class activation maps

(CAM), i.e. a visual representation of those portions of input images that
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mainly contributes to the classification score for a given class. Since the final

classification output score is in practice a weighted sum operation performed

by a fully connected layer, similarly, the CAM is actually the representation

of the activation maps following the last convolutional layer weighted by the

weights of the final fully connected layer. Thereafter, other researchers e.g.

[51] formalized a gradient-weighted CAM or e.g. the most recent gradient-

free Score-CAM method [52]. In the present document, adopting the Matlab

implementation of [53], the authors provided in Appendix B a visual in-

spection of CAM for an example image of the test set belonging to every

single class of the proposed GPR defects’ classification tree. The CAM are

reported both for the models ResNet-50, EfficientNet, and ResNet-50 with

Fourier pre-processing technique. The CAM visually pointed out a quite im-

pressive successful learning of the ResNet-50 model with original images to

focus on the more characteristic pattern of the GPR images. On the contrary,

EfficientNet performed moderately worse than ResNet-50, presenting in gen-

eral more dispersed activation maps. At first sight, the CAM for ResNet-50

on Fourier pre-processed images may appear as well quite dispersed, with-

out any apparent consideration of the main frequency component pattern.

However, considering two classes level by level, e.g. comparing C3 and C4

in level 2a, it seems that the network mainly focuses on central regions of

the image belonging to class C4 and, in a complementary manner, it focuses

on extremum areas of the images for class C3. A similar pattern of CAM is

more evident in C5 and C6 in level 2b, in C7 and C8 in level 3, and in C9 and
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C10 in level 4. On the other side, another merit that distinguishes the neural

transformers-based architecture, such as the herein analysed ViT model, is

the adoption of the attention mechanism. Therefore, the transformers mod-

els have already intrinsically incorporated an essential interpretability tool

to give the user the possibility to inspect what the network learned, without

requiring any further post-processing procedure as before, sometimes time

and resources-consuming. Thus, in the Appendix B, the attention maps for

ViT reveal tremendous localization capabilities for those parts of the input

images which mainly contributed to defining the right output classes, crown-

ing the neural transformers models as one of the nowadays more naturally

and reliably interpretable DL models.

7. Conclusions and future remarks

In the present work, the authors proposed an innovative framework to

perform an automatic road tunnel’s defects classification based on indirect

testing with GPR profiles. The long images obtained from GPR linings pro-

files have been split into sample images 5.00 m long along the progressive

distance from the beginning of the road tunnel. This dataset has been inves-

tigated by analyzing different AI-based approaches rooted in the Deep Learn-

ing (DL) field. The CNN ResNet-50 was first considered working directly on

the raw images of GPR data according to the hierarchical multi-level binary

classification tree exhibited in Figure 3, providing encouraging results charac-

terized by an average accuracy of 0.945. The authors further investigated two
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other variants. The foremost involved maintaining the same neural model but

providing a preprocessing technique on the input data according to the bidi-

mensional Fourier transform applied to digital images. Notwithstanding this

technique theoretically appearing to improve the efficiency of the convolution

operation in the Fourier domain, this technique could not overcome the accu-

racy of the ResNet-50 trained with the original raw GPR image data, with an

average accuracy of 0.856 among various classification levels. It is plausible

that the Fourier transform performed an excessive information compression

in the input data, reducing the global accuracy among the different levels of

the proposed hierarchical multi-level classification technique. On the other

hand, the second variant to improve the standard ResNet-50 approach uses

the current state-of-art method in the image processing based on the neu-

ral transformer architecture. Based on the encoder part of the transformer,

the vision transformer provides overwhelming results for the automatic road

tunnel defects classification paradigm. The ViT reached an average accuracy

of 0.981. The precision, recall and f1-score have also been compared among

the three different analyzed techniques, providing good results, but for the

C5 class, where the warning mix probably contains features too much similar

to the class C6 in level 2b. However, the results mentioned above provide

compelling evidence for such an automatic proposed approach’s effectiveness

in assessing the road tunnel’s current health state based on indirect GPR

testing. Furthermore, the ViT model can highlight in the attention map

the most considerable characteristic patterns in the input images enhancing
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their brightness and darkening those parts deemed irrelevant. This feature

suggested an encouraging research path to the author, which should be fur-

ther explored in future studies, involving the defects’ localization purposes in

conjunction with their identification and categorization. This aspect should

impressively increase the capabilities of the AI-based road tunnels automatic

defects classification paradigm for road tunnel structural health monitoring.

The main limitation of adopting the neural techniques investigated in the

present document is probably the high computational effort required, espe-

cially for the training phase. However, the recall of the after-training models

do not require the same computational effort as the training phase. Nev-

ertheless, since these models demand quite high memory to be initialized

before being fully operative, this fact may severely limit the adoption of

such techniques for the real-time monitoring phase on small portable elec-

tronic devices, such as emerging technologies, e.g. likewise internet of things

(IoT) edge devices. Nowadays, for in situ real-time or near-real-time GPR

inspections, the operators may still necessitate fairly high computational ca-

pabilities offered, e.g., by a sufficiently powerful laptop at least.
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Appendix A. Convergence Curves
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Figure A.13: Accuracy and loss convergence curves during training iterations for ResNet-
50, ResNet-50 with Fourier pre-processing and EfficientNet.
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Figure A.13: Accuracy and loss convergence curves during training iterations for ResNet-
50, ResNet-50 with Fourier pre-processing and EfficientNet.
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Figure A.14: Accuracy and loss convergence curves during training epochs for ViT model.
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Figure B.15: Class activation maps for ResNet-50 and EfficientNet, and attention maps
for ViT compared to original images for each class.
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Figure B.15: Class activation maps for ResNet-50 and EfficientNet, and attention maps
for ViT compared to original images for each class.
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Figure B.15: Class activation maps for ResNet-50 and EfficientNet, and attention maps
for ViT compared to original images for each class.
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Figure B.15: Class activation maps for ResNet-50 and EfficientNet, and attention maps
for ViT compared to original images for each class.
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Figure B.15: Class activation maps for ResNet-50 with Fourier pre-processing compared
to Fourier pre-processed images for each class.
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Figure B.15: Class activation maps for ResNet-50 with Fourier pre-processing compared
to Fourier pre-processed images for each class.
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