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Abstract

Efficient monitoring of the condition of road infrastructure is essential for the provision of a
reliable and sustainable mobility and transportation network. The assessment of the struc-
tural condition of the asphalt base layer is particularly important in this respect. This paper
presents a data-driven approach for an innovative road monitoring system for the non-
destructive and continuous determination of the degree of degradation of asphalt roads.
The innovation of the project lies in the application of Artificial Intelligence methods to de-
rive the degradation state of the asphalt base layer on the basis of sensor measurements
obtained by means of a novel hybrid sensor fabric integrated directly into the asphalt base
layer. The proposed Machine Learning-based diagnosis relies heavily on the quality of sen-
sor data. Therefore, we introduce a new method to evaluate the significance of sensor
measurements using time series analysis techniques. The feasibility and functionality of
the approach is demonstrated through extensive experiments by embedding the sensor
material in real asphalt specimens, which are subject to controlled load tests.
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Introduction

Road infrastructure is subject to permanent structural dete-
rioration due to material degradation caused primarily by 
heavy and intensive traffic, harsh weather conditions, aging 
and other parameters  [1, 2]. Improving the durability and 
sustainability of infrastructure systems is an active area of 
research, including studies on novel materials and advanced 
technologies, see for instance  [3–5]. Timely detection of 
defects and continuous maintenance are of highest impor-
tance for the long-term provision of a high-quality road 
transportation network.

Asphalt roadways normally consist of three asphalt lay-
ers—the (i) surface layer, (ii) the binder (or intermediate) 
layer and (iii) the base layer. As the asphalt base layer forms 
the foundation of the road, the structural condition of the 
asphalt base layer has a decisive influence on the remaining 
service life of the roadway. Consequently, the assessment of 
the structural condition of the asphalt base layer is of par-
ticular importance.

At present, destructive measurement methods are used, in 
which the road is additionally damaged by taking drill core 
samples on site. A comprehensive and continuous assess-
ment of the structural substance of roads is not possible 

	
 Ralf Bruns
ralf.bruns@hs-hannover.de

Jürgen Dunkel
juergen.dunkel@hs-hannover.de

Maximilian Greve
greve.maximilian@gmail.com

Christina Haxter
christina.haxter@wki.fraunhofer.de

Joris Herrmann
joris.herrmann@h2.de

Sascha Kayser
sascha.kayser@h2.de

1	 Department of Computer Science, Hannover University of 
Applied Sciences and Arts, Ricklinger Stadtweg 120,  
30459  Hannover, Germany

2	 Fraunhofer WKI, Application Center for Wood Fiber 
Research HOFZET, Heisterbergallee 10A, 30453  Hannover, 
Germany

3	 Department of Civil Engineering, Magdeburg-Stendal 
University of Applied Sciences, Breitscheidstr. 2,  
39114  Magdeburg, Germany

Abstract
Efficient monitoring of the condition of road infrastructure is essential for the provision of a reliable and sustainable 
mobility and transportation network. The assessment of the structural condition of the asphalt base layer is particularly 
important in this respect. This paper presents a data-driven approach for an innovative road monitoring system for the non-
destructive and continuous determination of the degree of degradation of asphalt roads. The innovation of the project lies 
in the application of Artificial Intelligence methods to derive the degradation state of the asphalt base layer on the basis 
of sensor measurements obtained by means of a novel hybrid sensor fabric integrated directly into the asphalt base layer. 
The proposed Machine Learning-based diagnosis relies heavily on the quality of sensor data. Therefore, we introduce a 
new method to evaluate the significance of sensor measurements using time series analysis techniques. The feasibility 
and functionality of the approach is demonstrated through extensive experiments by embedding the sensor material in real 
asphalt specimens, which are subject to controlled load tests.

Keywords  Road condition monitoring · Degradation monitoring · Machine learning · Artificial intelligence · Sensor 
fabric · Smart infrastructure

Received: 14 August 2025 / Accepted: 14 November 2025
© The Author(s) 2025

Learning road degradation with asphalt-integrated sensor fabric

Ralf Bruns1  · Jürgen Dunkel1  · Maximilian Greve1 · Christina Haxter2 · Joris Herrmann3 · Sascha Kayser3

1 3

https://doi.org/10.1007/s41062-025-02415-x
https://orcid.org/0000-0001-5842-4218
https://orcid.org/0000-0003-3567-1173
http://crossmark.crossref.org/dialog/?doi=10.1007/s41062-025-02415-x&domain=pdf&date_stamp=2025-12-2


Innovative Infrastructure Solutions            (2026) 11:9 

using conventional inspection methods due to the associ-
ated high inspection costs, time-intensive procedures, and 
the additional damage caused. Furthermore, inspecting and 
assessing the quality of the road surface (cracks, potholes, 
etc.) is not sufficient to draw reliable conclusions about the 
extent of structural interventions in the underlying road 
construction, the associated costs, and the environmental 
impact of maintenance measures. However, road condition 
assessment is an essential task for efficient and sustainable 
maintenance of road networks and road asset management 
in general [6].

The aim of our approach is the development of an innova-
tive smart road monitoring system for the non-destructive, 
continuous, large area, and cost-efficient determination of 
the degree of degradation of asphalt roads. Without affect-
ing the ongoing traffic flow. The innovation of the project 
lies in the application of Artificial Intelligence (AI) meth-
ods to derive the degradation state of the asphalt base layer 
on the basis of sensor measurements obtained by means 
of a novel hybrid sensor fabric integrated directly into the 
asphalt base layer.

The main contributions of our smart road infrastructure 
monitoring system are:

	● Novel fabric-based sensor system: Data acquisition via 
a new type of innovative bio-based fabric sensor system 
that is embedded directly into the asphalt base layer. 
The measurement signals recorded with this sensor fab-
ric depict the increasing material degradation over the 
operational use of the road.

	● Smart machine learning-based degradation assessment: 
AI-based diagnosis of the degradation state of a road 
segment on the basis of a Machine Learning (ML) mod-
el by evaluating the sensor data available for the first 
time from the asphalt base layer.

	● Innovative time series-based data quality analysis: The 
proposed Machine Learning approach relies heavily on 
the quality of sensor data. Therefore, we introduce a 
new method to evaluate the significance of sensor mea-
surements using time series analysis techniques.

The large-scale integration of the sensor system into the traf-
fic infrastructure enables a reliable assessment of the current 
degradation state and the planning of effective and sustain-
able maintenance measures. Automatic rapid and accurate 
assessment of the condition of key infrastructure enables 
data-driven decision making and leads to more resilient 
infrastructure [7].

The remainder of the paper is organized as follows. In 
Sect. 2 we introduce the basic idea of our sensor measur-
ing approach. Section 3 describes how road degradation can 
be learned by machine learning techniques. The machine 

learning results are presented in Sect. 4. Section 5 discusses 
methods in order to assess the significance of sensor mea-
surements. Finally, an overview of related work is given 
in Sect.  6 and future research directions are discussed in 
Sect. 7.

Embedded sensor measuring system and 
data acquisition

Basic concept road condition monitoring

The basic idea of our approach is to develop a hybrid fabric 
that can detect changes in the condition of the surrounding 
environment with the help of integrated sensor material. For 
this purpose, a specific sensor wire is woven into the fab-
ric. The wire stretches under load and changes its electrical 
resistance in the process. This functionalized sensor fabric 
is then to be incorporated into the asphalt base layer of road 
pavements in order to detect structural damage in the layer. 
From the measured changes of the electrical resistance of 
the sensor fabric, the degradation state of the asphalt layer 
shall be deduced.

Machine learning methods are applied to learn the rela-
tionship between the electrical voltage measured in the tis-
sue and the change of the structural condition of the asphalt. 
As a result, the trained Machine Learning models can then 
be used to derive the degradation state of a road on the basis 
of the data measured in the embedded sensor fabric.

The material selection, fabric design and fabric manufac-
ture process are presented in the following Sect. 2.2.

In order to demonstrate the feasibility and functionality 
of our road condition monitoring approach, the sensor fab-
ric was embedded in asphalt test specimens and these test 
specimens were subjected to controlled stress tests under 
laboratory conditions. The laboratory experiments with the 
ongoing load tests enable the time-synchronous measure-
ment of the change in the condition and residual strength 
of the asphalt specimen on the one hand and the change in 
the electrical resistance of the sensor material on the other 
hand. Section 2.3 deals with the embedding of the hybrid 
fabric in specially adapted test specimens and describes 
the laboratory test setup with the load series and results of 
measurements.

A more detailed discussion of the innovative sensor fab-
ric and the laboratory experiments can be found in [8].

Design of sensor fabric

The sensor material must essentially possess two properties 
in order to be suitable for our application purpose: 
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1.	 Temperature-independent electrical resistance
2.	 Integrability into the carrier fabric directly in the weav-

ing process

A copper-nickel wire (Cu55Ni44Mn1) was chosen as the 
sensor material, whose electrical resistance is almost inde-
pendent of temperature. Moreover, the resistance of the 
selected wire changes in a nearly linear dependence on its 
elongation. In addition, the specific electrical resistance is 
in the right order of magnitude both for measurements on a 
laboratory scale and for later use on site.

The carrier fabric to be designed for the sensor system 
must meet the following main requirements:

	● High displacement resistance to ensure installation in 
asphalt test specimens

	● Suitable spacing between the threads/wires to avoid 
structural disturbances

	● Minimal interference on the woven wire to minimize 
possible wire pre-damage during weaving procedure

One type of tissue that fulfills the above requirements is the 
leno fabric. In a leno fabric two threads are joined in warp 
direction: (i) the standing thread and (ii) the leno thread. The 
standing thread runs at right angles to the weft thread. The 
leno thread turns alternately to the right and left around the 
stationary thread after each weft insertion (see [8]).

In our project, leno fabrics were designed and produced in 
which 

1.	 The copper-nickel wires are used as standing threads and
2.	 Flax yarns (a natural fiber yarn) of different fineness are 

used for the leno, weft, and standing threads.

Different diameters of the copper-nickel wire with different 
resulting resistances were tested. Figure 1, on the left, sketches 
the design of the sensor fabric. Figure 2 shows two spools with 
flax yarn and with the wire, on the left, and visualizes the func-
tionalized sensor fabric with the woven-in wires on the right. 
An important aspect in selecting the wire was its suitability for 
the weaving process. The selected copper-nickel wire meets 
all weaving requirements. The electrical resistance of the sen-
sor fabric essentially depends on the properties of the embed-
ded wires, in particular the alloy used and the wire thickness. 
The fabric serves as a carrier material for embedding in the 
asphalt and should have no influence on the measured voltages. 
However, it is important that the fabric has high displacement 
resistance so that neighboring wires do not touch each other 
and the fabric is sufficiently robust for installation. In addition, 
the fabric can protect the wire from damage during installa-
tion. We have therefore specifically developed a fabric made of 
flax fibers, which is characterized by high displacement resis-
tance due to its construction and is also bio-based. Potential 
interferences between adjacent wires are the subject of further 
investigations.

The novel sensor system is designed as a two-dimensional 
fabric, which, unlike conventional point or line sensors (like 
distributed fiber optic sensing or piezoelectric sensors), allows 
for complete spatial coverage monitoring of infrastructure 

Fig. 2  Spools with flax yarn 
and wire (left), sensor fabric 
with woven-in wires (right) 
(© Fraunhofer WKI, Manuela 
Lingnau)

 

Fig. 1  Copper-nickel wires integrated into bio-based fabric (left), sensor fabric embedded in asphalt layer (right)
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recorded and the corresponding degree of structural damage 
is calculated synchronously. These test series make it possible 
to correlate and interpret the resistance and degradation data 
obtained.

For more details about the laboratory setting and the fatigue 
functions please refer to [8].

Data acquisition by laboratory test series

A series of fatigue tests were performed in the laboratory envi-
ronment introduced above. Sensor fabrics with interwoven 
wires of four different thicknesses were evaluated.

Samples of the data measured in the laboratory tests are 
shown in the following two figures. Figure 4 shows the recorded 
voltage measurements from the sensor fabric. The first column 
’cycle’ indicates the number of time steps in the experiment, in 
particular how many times the drop hammer has fallen to the 
specimen. The following two columns refer to the time in mil-
liseconds of the corresponding voltage measurement interval. 
The time values are related to the time that has elapsed since 
the start of the experiment. The other columns contain the volt-
age values at the beginning and end of the measurement inter-
val, as well as the medium value (all in mV).

Figure 5 shows the results from the fatigue tests carried out 
with the hydraulic testing machine. Based on the measured 
transverse strains, the fatigue of the asphalt specimen was cal-
culated. The columns in Fig. 5 indicate (i) the time step of the 
measurement, using the ‘cycle’ as shown in Fig. 4, (ii) the mea-
sured strain and (iii) the calculated fatigue, both in percentage.

such as roads. This significantly increases the probability of 
detecting spatially distributed damage like fatigue cracks at 
an early stage. A key advantage is its cost-effectiveness: the 
system measures the change in electrical resistance of metal 
alloy wires, enabling the use of extremely low-cost electronics. 
This makes large-scale, continuous monitoring economically 
viable for the first time. Furthermore, the installation is seam-
lessly integrated into the road construction process, as the flex-
ible fabric is simply unrolled between asphalt layers, ensuring 
excellent mechanical coupling and accurate measurements.

Fatigue tests in laboratory setting

The hybrid functionalized fabric, introduced above in Sect. 2.2, 
was embedded into asphalt test specimens (see Fig. 1, on the 
right).

Fatigue tests of the (sensorized) specimens were conducted 
in a servo-hydraulic testing machine under laboratory condi-
tions. The road load was simulated by a drop hammer with 
cylindrical guide rod. Displacement transducers measured the 
horizontal transverse strains. The degree of degradation of the 
asphalt specimen can be calculated from these measurements.

Figure  3 shows the experimental setup with the sen-
sorized asphalt specimen on the left and the servo-hydraulic 
testing machine with the connected measuring system on 
the right.

The load tests cause structural damage in the asphalt and, 
thus, also lead to an elongation of the sensor wires, which 
results in a change in the electrical resistance. During the 
mechanical loading of the sensorized asphalt test specimens, 
the electrical resistance values are continuously measured and 

Fig. 4  Data from the sensor fabric: measured voltage in successive time intervals, indicated by cycle

 

Fig. 3  Sensorized asphalt specimen 
(left) and servo-hydaulic testing 
machine (right) (according to [8])
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h(U) = D� (1)

with voltage U measured in the sensor fabric and degrada-
tion state D of the road segment. In our Machine Learning 
approach U serves the feature and D can be considered as 
the target of the hypothesis function.

Data preprocessing

To apply Machine Learning methods, feature engineering 
must first be performed. Specifically, we followed these 
steps:

	● First, the voltage data from the table in Fig. 4, repre-
senting the feature values, must be integrated with the 
fatigue data from Fig. 5, which serves as the target vari-
able. Fortunately, the data can be easily linked through 
the common ‘cycle’ column, which is present in both 
tables, see Fig 6.

	● Absolute values of the measured voltages are not useful, 
as the voltage values measured at the start of the tests 
may deviate depending on the wire thickness and small 
deviations in the wire length. To ensure comparability 
across different experiments, we used the percentage 
increase in voltage relative to the starting point of the 
measurement, rather than the absolute values.3

	● To facilitate the interpretation of the test results, we 
have mapped the percentages of the calculated fatigue 
to classes, i.e. the intervals of fatigue. The fatigue class 
0 corresponds to the initial phase of the road’s life cycle, 
characterized by fatigue values below 10%. In contrast, 
fatigue class 9 represents the final phase of the road’s 
life cycle, with fatigue levels exceeding 90%. The use of 
fatigue classes enables the application of standard eval-
uation metrics, such as precision and recall. For more 
details, refer to Sect. 4.

	● It should be noted that the data processing procedure 
inherently includes a basic form of outlier elimination. 
First, the voltage increase is calculated based on the 
mean of all voltage values measured during a load cycle, 
which reduces the influence of single outliers within in-
dividual cycles. Since occasional strong downward out-
liers were observed in some experiments (see Fig. 7), all 
data points with voltage values below the starting point 
are automatically removed from the dataset.

	 Nonetheless, more advanced outlier detection and elimi-
nation mechanisms should be implemented in the future. 

3  The percentage increase in voltage at a given time instant t is 
calculated relative to the initial (start) voltage and is defined as 

Percentage increase in voltage(t) = U(t)−Ustart
Ustart

× 100, where 
U(t) denotes the mean voltage at time t and Ustart is the voltage at 
the starting point.

The degree of fatigue damage is analyzed in the laboratory 
using the Dynamic Indirect Tensile Fatigue Test.1 In this test, a 
cylindrical asphalt specimen is subjected to repeated vertical 
compression. This compression indirectly generates horizontal 
tensile strain, which simulates the real-world stress at the bot-
tom of an asphalt layer under traffic. By recording how many 
load cycles are required to cause failure at a specific strain 
level, the material’s characteristic fatigue function is deter-
mined. This function describes the fundamental resistance of 
the asphalt to the type of cracking that the sensor system is 
designed to monitor in the field. The procedure for calculating 
the fatigue state is as follows: 

1.	 Initial strain: First, the initial elastic horizontal strain 
(εel,anf) is calculated for each test.

2.	 Number of load cycles to failure (NMacro) is defined 
as the number of load cycles2 at which macrocracking 
occurs in the specimen. It is determined using the concept 
of the energy ratio ER(N) (using the stiffness modulus at 
load cycle N). NMacro corresponds to the load change N at 
which the ER(N) curve reaches its maximum.

3.	 Fatigue function: The relationship between the initial elas-
tic horizontal strain (εel,anf) and the corresponding number 
of load cycles up to the macrocrack (NMacro) is described 
by a power function: NMacro = k × εel,anf

n. The parame-
ters k and n are material-specific values that are determined 
by regression from the test results.

For further details regarding the fatigue calculation formulas 
see [8].

Around 4000 data points are received for each experi-
ment carried out with a specific wire.

Machine learning of road degradation

The main goal of our approach is to learn the road degrada-
tion state from voltage values measured in the sensor fabric. 
More precisely, we want to learn the hypothesis function 
h():

1  In accordance with technical specification TP Asphalt-StB, Part 24.
2  i.e. hammer drops.

Fig. 5  Degradation states for each cycle: calculated from strain 
measurement
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Machine learning pipeline

The preprocessing of the data described above leads to a 
multi-class classification problem according to the follow-
ing Eq. 2.

h(∆U) = C� (2)

The hypothesis function h(), which must be learned, maps 
the voltage increase ∆U  to a set of N degradation states 
C = {C0, C1, ..., CN−1}, where each Ci represents a dis-
tinct degradation category. More precisely, the degradation 
states refer to a sequence of degradations starting with a new 
road in state C0 until it has to be renewed in state CN−1.

According to the classical Machine Learning process, 
we proceed the following steps for finding an appropriate 
hypothesis function: 

In particular, sudden and pronounced drops in voltage 
values should be identified and corrected to improve 
data reliability.

These data preprocessing steps yield to the integrated 
Machine Learning dataset shown in Fig. 6.

The two newly calculated columns, ‘voltage increase’ 
and ‘fatigue class,’ serve distinct roles: ‘voltage increase’ 
acts as the feature for the hypothesis function to learn, while 
‘fatigue class’ is the corresponding target. The feature data 
may appear somewhat limited, but it is important to note 
that the sensor system only provides voltage measurements 
that can be used to predict road conditions.

Fig. 6  Voltage values mapped to 
road degradation classes
 

Fig. 7  Voltage measured in the fabric (top) and fatigue state (bottom) in a very good experiment: the linear increase of the fatigue corresponds with 
an exponential voltage increase
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model predicts an adjacent fatigue class, the pre-
dicted state is relatively close to the correct road 
state and could be accepted as a valuable result. 
According to road maintenance domain experts, 
precise classification of the fatigue state is not criti-
cal during operational monitoring. When using a 
10-level fatigue scale, a deviation of one class (i.e., 
an error of approximately 10%) in either direction is 
considered acceptable. In most cases, asphalt pave-
ment renewal is a long-term, planned activity. As 
such, immediate intervention is rarely required, and 
it is generally sufficient to accurately capture the 
overall trend of deterioration rather than determine 
the exact fatigue state.

	 To reflect this domain-specific tolerance, we define 
the modified precision∗(Ci) as follows: 

precision∗(Ci) = TP ∗(Ci)/(TP ∗(Ci) + FP ∗(Ci))� (5)

	  where TP ∗(Ci) is the number of predictions of the cor-
rect class Ci and its adjacent classes Ci−1 and Ci+1 with 
i ∈ {0, 1, ..,N − 1}, as well. Accordingly, FP ∗(Ci) is 
the number of instances incorrectly predicted as belong-
ing to class Ci, when they are not belonging to class Ci 
or its adjacent classes.

	● The F1 score provides a more balanced evaluation 
of a model’s performance, especially in cases where 
there is an uneven class distribution or when both 
precision and recall are important. It is the harmonic 
mean of precision and recall and can be calculated 
as: 

F1(Ci) = 2 × Precision(Ci) × Recall(Ci)
Precision(Ci) + Recall(Ci)

.� (6)

In road monitoring, precision is of the utmost importance: 
the predictions should be as accurate as possible so that 
no incorrectly detected fatigue condition results in costly 
repairs. We use precision (and precision∗) to denote the 
average precision over all classes.

Machine learning evaluation results

To test the suitability of the intelligent sensor fabric, differ-
ent experiments were carried out with copper-nickel wires 
of 4 different diameters: 0.2 mm, 0.3 mm, 0.4 mm, 0.6 mm. 
For each wire thickness, 7-9 asphalt specimens were pro-
duced and a total of 32 fatigue tests with specimens were 
conducted. Each experiment produced a dataset, which 

1.	 Splitting data into training and test set: The dataset 
is randomly split into training set and test set using 
standard k-fold cross-validation, with 20% of the 
data reserved for testing and evaluating the prediction 
model. In the experiments presented below, we consis-
tently used k = 5 folds throughout.

2.	 Model selection and training: The next step is to select 
an appropriate classification model for training on the 
dataset. Among the models considered were the Logis-
tic Regression and the Random Forest Classifier.

	 A series of evaluation experiments was conducted for 
each model, using a range of datasets to ensure a com-
prehensive assessment of the performance. In particular, 
we performed a grid search to optimize each model’s 
hyperparameters, systematically testing various param-
eter combinations.

3.	 Model evaluation: Given our multi-class classification 
problem, we employed the following classical evalua-
tion metrics to quantify the performance of the learned 
hypothesis function.

	● Recall measures how well the model identifies the 
relevant instances for each class. Specifically, recall 
is the proportion of correctly predicted instances of 
a class compared to the actual instances of that class 
in the dataset: 

recall(Ci) = TP (Ci)/(TP (Ci) + FN(Ci)),� (3)

	  where True Positives TP (Ci) is the number of 
instances correctly predicted as belonging to class Ci 
and False Negatives FN(Ci) is the number of instances 
belonging to Ci but are incorrectly predicted as another 
class. A recall of 1.0 means that all instances of a class 
are predicted correctly.

	● Precision quantifies how many of the instances pre-
dicted as belonging to a certain class are actually 
correct. It is calculated by: 

precision(Ci) = TP (Ci)/(TP (Ci) + FP (Ci)),� (4)

	  where False Positives FP (Ci) is the number of 
instances incorrectly predicted as belonging to class Ci. 
A precision of 1.0 means that every instance the model 
predicted as positive for a class is correct, there are no 
false positives.

	● Precision*: Because in our road monitoring system, 
the sequence of fatigue classes refers to a consecu-
tive sequence of deterioration states, we can dis-
tinguish how ’good’ wrong predictions are. If our 
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Classifier performed only slightly worse, indicating that 
classification quality was generally comparable across most 
models.

However, it can be observed, that a simple model such 
as Logistic Regression provides significantly lower classifi-
cation performance due to its inability to model non-linear 
relationships in the data. Considering that our dataset is 
likely to contain complex, non-linear interactions and deci-
sion boundaries, this linearity constraint limits the model’s 
ability to capture relevant patterns. From an ablation per-
spective, this result indicates that overly simplistic models, 
such as Logistic Regression, are inadequate for capturing 
the complexity inherent in our data.

Based on these findings, all results presented in the fol-
lowing sections were obtained using the Random Forest 
Classifier.5

Evaluation results

We start with an experiment that works almost perfect to 
predict the road fatigue. Figure 7 shows the progression of 
data points over about 3000 load cycles, measured during a 
specific experiment using a wire with a 0.3 mm diameter.

As expected, the figure initially shows that fatigue 
increases linearly.6 Only at the very beginning of the stress 
test can no noticeable effect of the drop hammer be seen. 
The voltage curve looks a bit different: at first, it also 
increases linearly, but in the end an exponential increase can 
be observed. Furthermore, there is a downward outlier at 
around 2400 load cycles. In this particular experiment, it 
should be possible to derive the relation between voltage 
and fatigue without significant issues.

This impression is confirmed by the results of a Random 
Forest classification, which are shown in Fig. 8. For each 
fatigue class, the achieved results for precision, recall, and 
F1 score are given. Furthermore, the support column indi-
cates how many data points in the test set belong to this 
class.

The corresponding confusion matrix shows that only in a 
few cases a neighboring fatigue class was predicted instead 
of the correct one. Each row represents, for a given fatigue 
class, the number of correct and incorrect classifications. In 
the first row, we see that all 79 data points for class 0 were 
correctly classified. For class 1, out of 63 predictions, 55 
were correctly classified, 1 were misclassified as class 0, 
and 7 were misclassified as class 2.

5  The following hyperparameters are used: ‘estimators = 5’, ‘boot-
strap = true’, ‘min samples split = 4’.

6  It should be noted that the calculation method can also result in 
fatigue values of more than 100%. In such a case, the road section 
can still be used.

served to learn the relationship between the measured volt-
age and the associated fatigue class as formally described 
in Eq.  2.

Model learning was performed with scikit-learn,4 the 
well-known open source Python Machine Learning library, 
which provides various classification algorithms.

Model selection

To select the most suitable model we conducted experi-
ments using several Machine Learning classification 
methods: Logistic Regression, Support Vector Classifier, 
Decision Trees, Random Forest, and Gradient Boosting. 
Following the Machine Learning pipeline described in 
Sect. 3.2, we carried out the following steps for each of our 
32 experiments:

	● The data was split into a 80% training set and a 20% 
test set.

	● On the training set, we performed 5-fold cross-valida-
tion to obtain average performance metrics across folds. 
Each fold served as a validation set once, while the re-
maining four folds were used for training. Additionally, 
we employed grid search to systematically explore hy-
perparameter combinations and identify the optimal set-
tings for each model.

	● The test set was completely held out during training and 
cross-validation. It was used exclusively for the final, 
unbiased evaluation of the model after hyperparameter 
tuning. The final model, trained on the full training set 
with the best-found hyperparameters, was evaluated on 
this test set.

Table 1 lists the final results for the evaluated models using 
their optimized hyperparameters. The columns show the 
mean and the median precision values achieved across all 
experiments.

Among the evaluated models, the Random Forest Clas-
sifier achieved the best overall performance. In addition, 
most of the other models, particularly the Support Vector 

4  https://scikit-learn.org.
Our models are also using further libraries such as pandas and NumPy 
for data wrangling.

Table 1  Comparison of model classifiers based on precision scores 
across all experiments
Classifier Mean precision Median precision
Random forest 0.47 0.41
Support vector 0.44 0.41
Decision tree 0.45 0.35
Gradient boosting 0.42 0.30
Logistic regression 0.34 0.20
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Obviously, the classification results are correspondingly 
worse. As shown in Fig. 10, only precision and recall values 
of about 0.66 can be achieved.

This means that only 66% of the predicted classes are 
correct. However, the learned model still provides valuable 
results, as the confusion matrix reveals that it generally pre-
dicts adjacent fatigue classes. This indicates that the predic-
tions are relatively close to the correct state. This is proven 
by a modified precision∗ = 0.97.

Unfortunately, the sensor fabric may sometimes fail to 
provide any meaningful insight into the fatigue condition 
of a road section. Figures 11, 12 illustrate an experiment 
where the voltage oscillates, making it impossible to infer 
the fatigue state from the voltage values.

As a result, the classifier can only achieve a low precision 
about 0.36. A look at the confusion matrix also shows that 
it is practically impossible to predict road conditions on the 

Considering a test set of 574 classifications from 10 
classes, almost perfect precision and recall values of 0.97 
each were achieved. Because each misclassifaction pre-
dicts an adjacent class, we achieve a perfect modified 
precision∗ = 1.0.

The experiment demonstrates that the developed sensor 
fabric is an effective means of determining the deterioration 
condition of a road section, with a high degree of accuracy.

But the quality of the data provided by the sensor fabric 
depends heavily on the installation circumstances. Loose 
wires that are not tightly embedded in the asphalt base layer 
or a small stone in the asphalt that exerts pressure on the 
wire cause poorer data quality. An example gives the results 
shown in Fig. 9. The voltage rise curve looks rather similar 
as that before, but at the beginning it is slightly decreasing. 
In addition, the course of the curve has a certain amount of 
noise.

Fig. 9  Voltage measured in the fabric (top) and fatigue state (bottom) in a good experiment: the linear increase of the fatigue corresponds with a 
continuous voltage increase, albeit with a drop at the beginning

 

Fig. 8  Evaluation results of 
Random Forest classification for a 
very good experiment: very good 
precision values across all classes, 
and a perfect precision* value. 
There is only a very small number 
of misclassifications to adjacent 
fatigue classes, indicated in the 
confusion matrix by the non-diago-
nal elements
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Fig. 12  Evaluation results of Ran-
dom Forest classification for a bad 
experiment: bad precision values 
across all classes, as well as a poor 
precision* value. There are a large 
number of misclassifications, as 
indicated by a dense confusion 
matrix with few zero entries

 

Fig. 11  Voltage measured in the fabric (top) and fatigue state (bottom) in a bad scenario: the linear increase of the fatigue corresponds with oscil-
lating voltage curve

 

Fig. 10  Evaluation results of 
Random Forest classification for a 
good experiment: reasonable preci-
sion values across all classes, and 
a very good precision* value. Only 
a moderate number of misclassi-
fications indicated in the confu-
sion matrix by the non-diagonal 
elements
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Furthermore, it could be exploited that several wires 
are contained in the smart sensor fabric. This design leads 
to data redundancy, as multiple wires measure the same 
section of road, which helps to detect and correct errone-
ous data, resulting in a better model. However, the servo-
hydraulic testing machine used in our experiments does 
not support the use of multiple wires simultaneously. The 
implementation of multiple wires will become feasible after 
further advancements in the testing machine and during the 
subsequent deployment of the sensor system in real-world 
road applications.

Fortunately, in our laboratory experiments, neither 
imbalanced data nor noisy labels were observed. As shown 
in Figs. 7, 9 and 11, the measured fatigue calculated from 
strain measurements increases linear. The calculated fatigue 
labels are therefore considered reliable, as a linear increase 
corresponds to the expected linear deterioration under con-
stant test conditions.

Significance of sensor data

The results presented in Sect. 4 demonstrate that the effec-
tiveness of our approach is highly dependent on data qual-
ity. The sensor fabric may be improperly installed in the 
asphalt or degrade over time, leading to unreliable data. Due 
to these challenges in installing the fabric in the test speci-
men, a high percentage of experiments did not yield useful 
results.8  

Therefore, distinguishing reasonable sensor data from 
untrustworthy data is a key issue of our road monitoring 
approach: 

1.	 Only significant data should be used to train the classifi-
cation model, ensuring accurate learning of the relation-
ship between measured voltages and the corresponding 
road degradation states. If the training data is not cor-
rect, the quality of the classifications will suffer.

2.	 In real-life operation, only a significant dataset from 
properly functioning wires should be used to classify 
road conditions, enabling accurate diagnostic results. 
Improperly functioning sensor fabrics are useless for 
road section classification purposes.

8  Some damage to the sensor wires is to be expected and is unavoid-
able. However, for the presented approach, it is sufficient if a certain 
percentage of properly functioning sensors provide reasonable data 
quality. Note that this percentage is expected to improve significantly 
as the sensor wire material and diameter, wire coating, fabric design 
and material, hybrid fabric manufacturing process, and the installa-
tion procedure and guidelines in asphalt are further optimized.

data from this sensor fabric. The predictions are distributed 
across almost all classes, which leads to a very low modified 
precision∗ = 0.48.

Findings

Measurement quality classification

In summary, we can say that some of the measurements are 
immediately almost perfect and well-suited for learning. 
Others are unusable for our purposes, with no recogniz-
able or plausible course of measurements. A third category 
includes measurements that, while generally usable and 
showing expected behavior, have data quality issues that 
may impair learning outcomes. These issues include noise, 
outliers or anomalies, and unusable sections at the begin-
ning or end of the measurement series.

Feature engineering

An approach to further improve the model quality is to 
expand the number of features.

However, the servo-hydraulic testing machine used in 
this study provides controlled laboratory conditions that 
only allow the measurement of voltage values. Additional 
environmental data cannot be included.7

Under real-world operation, additional features must be 
considered to account for environmental influences, includ-
ing those that measure weather parameters such as tempera-
ture and humidity, as well as cameras and pressure sensors 
to estimate traffic load. In particular, we expect temperature 
to influence both the mechanical behavior of the asphalt and 
the response of the sensor system. At this stage, however, 
we lack sufficient insights to assess the importance of these 
additional features.

Another strategy to improve the model is to include addi-
tional voltage measurements as features. We investigated 
how the feature space can be expanded by including previ-
ous voltage measurements (lag values) and the differences 
between data points in order to create a temporal context 
and capture short-term variations. However, this approach 
did not significantly improve the results in the “bad data” 
experiments and led to strong overfitting—yielding excel-
lent training accuracy but poor cross-validation perfor-
mance. Therefore, this approach was not pursued further in 
this study.

7  Although the temperature can be varied, it had no relevant impact on 
our laboratory experiments. The selected copper–nickel wire exhib-
its temperature-independent electrical resistance, and the duration 
of the laboratory tests—in the order of minutes—is likely too short 
for minor temperature variations to influence the fatigue state of the 
asphalt specimens.
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achieve this, we selected a large seasonal window, defined 
as one-tenth of the total number of data points. In this con-
text, the seasonal window functions more as a smoothing 
parameter rather than representing a physical cycle length. 
This allows the STL algorithm to treat short-term variations 
as “seasonal” noise and effectively filter them out, thereby 
isolating the underlying trend.

Figure 13 shows an example of STL decomposition 
applied to a dataset generated by a specific wire  [9]. It 
depicts the original data of the voltage increase (at the top) 
along with the three corresponding components T, S, and R.

The trend component contains the largest share of the 
data in the STL decomposition, and increases steadily, 
resembling the linear progression of voltage curve. As 
expected, the seasonal component, with values ranging 
from − 0.0011 to 0.0011, contributes only a very small por-
tion. After subtracting the trend and seasonal components, 
a residual remains as shown at the bottom. At the end of 
the curve of the original data, increasingly larger leaps of 
the voltage increments results in a higher variance of the 
residual component.
 
Trend strength
 
The strength of the trend in a time series is a measure of 
the extent to which the trend component contributes to the 
overall variability of the data. A strong trend means that a 
significant portion of the data’s variability can be explained 
to the trend component, whereas a weak trend suggests 
that other factors, such as seasonal patterns or noise, are 
more dominant [15]. The strength of the trend FT  can be 
calculated by Eq. 8:

FT = max(0, 1 − variance(Rt)
variance(Tt + Rt)

)� (8)

A value close to 1.0 indicates a strong trend, while a value 
near 0 indicates a weak or non-existent trend. The dataset 
depicted in Fig. 13 exhibits a trend strength of almost 1.0, 
indicating that the data is entirely explained by the trend 
component, with no residual variability [9]. This suggests a 
clear progression over time and may imply weak or negli-
gible effects from other factors such as noise or seasonality.
 
Autocorrelation function
 
The autocorrelation function (ACF) measures the similar-
ity between a time series and a lagged version of itself 
shifted by k values (lags) over successive time intervals. It 
quantifies how the values of a time series at one time point 
are related to values at previous time points [16]. The ACF 
ρ(k) for lag k can be calculated by Eq. 9.

In the following, we present a time series-based approach 
for automatically assessing the significance of the sensor 
data generated by a specific wire within the fabric.

Time series of road sensor data

The measurement data from a particular wire can be viewed 
as a time series, consisting of a sequence of temporary 
ordered observations [9]. As in most time series, values that 
are closer together tend to have a high correlation [10, 11]. 
This characteristic can be leveraged to identify outliers and 
anomalies in sensor data. In general, time series can exhibit 
a variety of patterns [12]:

	● A trend in a time series refers to the long-term movement 
or direction in the data over time. In a road monitoring 
system, the road condition is continuously deteriorating. 
This behavior should result in increasing voltage values 
over time, indicating a positive trend.

	● Seasonality refers to recurring patterns or cycles with 
a fixed period (e.g., daily, weekly, monthly) due to 
seasonal factors. The sensor fabric data may vary due 
to seasonal phenomena, such as temperature changes. 
However, the provided datasets in Sect.  4 are derived 
from laboratory experiments conducted under constant 
temperatures. In the future, in real-life operation the 
temperature will influence the measurement values.

STL decomposition
 
STL decomposition (Seasonal-Trend decomposition using 
Loess) is a versatile and robust method for breaking down 
a time series into the trend and the seasonal component. 
When the trend and seasonal components are removed 
from the data, the remaining residual component captures 
everything not influenced by trends, cycles, or seasonal 
effects [12–14].

STL uses Loess (locally estimated scatterplot smoothing) 
as a regression method to flexibly estimate the trend and 
seasonal components. It can operate with an additive model, 
meaning that at each time instant t, the data point yt can be 
calculated as the sum of the corresponding trend (T), sea-
sonal (S), and residual (R) components as expressed by the 
following equation.

yt = Tt + St + Rt� (7)

Although we do not expect true seasonal effects in the volt-
age data measured by the sensor fabric, STL decomposi-
tion remains a valuable tool for de-noising the signal and 
separating the long-term trend from short-term fluctua-
tions—even if those fluctuations are not strictly periodic. To 
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measurement points, the number of the considered lags was 
adjusted to the number of measurement points.9

Figure 14 shows the ACF with the significance borders of 
the dataset from an exemplary experiment. As always, the 
correlation for lag 0 is 1.0 because the time series is com-
pared with itself. Thereafter, the correlation values remain 
high and decrease steadily as the size of the shift increases. 
In the time series considered here, a trend can therefore be 
assumed [9].

The ACF in Fig. 15 presents a slightly different scenario. 
The correlation diminishes significantly more rapidly, drop-
ping to just 0.16 at a lag size of 70. Furthermore, the cor-
relation does not decrease uniformly: between lags 26 and 
48, there is almost no change, while from lag 106 onward, 
the correlation begins to increase again. Based on this 
ACF, it can be inferred that the data lacks both trend and 
seasonality [9].

9  We considered N/20 lags for a time series with N data points.

ρ(k) =
∑N

t=k+1(yt − ȳ)(yt−k − ȳ)∑N
t=1(yt − ȳ)2

� (9)

with the total number of observations N, and the mean of 
the time series ȳ.

A high ACF value at lag k indicates that the data points 
yt and yt−k are strongly correlated. Obviously, the ACF is 
1.0 for k = 0 and is getting smaller with greater lags. This 
is due to the fact that values closer in time are more similar 
than values further away in time [12].

The significance borders in the context of an ACF are the 
thresholds used to determine whether a given autocorrela-
tion value at a specific lag is statistically significant. A value 

is not significant if it lies in the range ± 1.96√
N

, where N is the 
length of the time series [10].

Figures 14, 15 show the ACF of two datasets from two 
of our experiments. Due to the the different number of 

Fig. 13  STL decomposition of sensor data from a very good experi-
ment (curve at the top) into trend, seasonal and residual components 
[9]. The trend curve is smoother as that from the original sensor data. 

Seasonal and residual data are orders of magnitudes smaller and 
account only for a small proportion
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described in Sect. 4, with each experiment identified by its cor-
responding number in the first column. The subsequent col-
umns are displayed:

	● The left-hand side of the table contains columns with time 
series and graph-related indicators. These values can be 
calculated during system operation by monitoring the data 
measurement trajectory, without relying on any Machine 
Learning methods. Therefore, we want to define criteria 
based on these measurements to decide whether a particu-
lar wire can be used to diagnose the fatigue condition of 
the road.

Figure 14 shows that all ACF values of the first experi-
ment are significant. However, the time series presented in 
Fig. 15 contains only about 71% significant ACF values 
indicating that there is no trend.

Evaluating the significance of measurement data

In this subsection, we establish criteria for automatically distin-
guishing between significant and non-significant datasets. Each 
dataset, corresponding to a specific wire, can be characterized 
by graph-related indicators such as time-series metrics and the 
results of the Machine Learning experiments. Table 2 provides 
a summary of the results from all 32 conducted experiments 

Fig. 15  ACF values from a dataset of a bad experiment: rapidly declining ACFs over increasing lags suggest low serial dependence without a 
sustained trend [9]

 

Fig. 14  ACF values from a dataset of a very good experiment: steadily decreasing ACFs over growing lags suggest strong serial dependence, such 
as a trend [9]
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Table 2 shows PACFS values ranging from 79 to 
100%. High PACFS values suggest the presence of 
structured patterns, indicating that current values are 
strongly dependent on recent values. Experiments with 
high precision are often associated with both a strong 
trend strength and a high PACFS value. This suggests a 
complex behavior characterized by the coexistence of a 
pronounced trend and a distinct periodic pattern.
Maximum negative gap (MaxNegGap): It is expected 
that the voltage values generated by the sensor fabric 
will increase continuously as the road pavement wears 
down. A decrease in voltage values, therefore, suggests 
a malfunctioning sensor. However, due to measure-
ment inaccuracies, it is relatively common for a subse-
quent voltage value to be slightly smaller than its pre-
decessor. Consequently, only a sustained decrease over 
an extended period is indicative of a faulty or unusable 
sensor. To identify such prolonged negative trends, we 
determined the maximum negative gap (MaxNegGap) 

Trend strength (FT ): Using a STL decomposition, the 
trend strength of the underlying time series was calcu-
lated according to Eq. 8. A meaningful voltage curve 
should exhibit a continuous increase and demonstrate a 
strong trend, reflected by an FT  value close to 1.0. The 
results presented in Table 2 show trend values rang-
ing from 0.03 to 0.99. Notably, a strong trend emerges 
as a critical prerequisite for achieving high prediction 
accuracy.
Percentage of ACF Significance (PACFS): Based on 
the autocorrelation function, as defined in Eq.  9, we 
compute the ACF(k) values for all lags k ∈ [1, N/20], 
where N is the total number of data points in the time 
series. Using the significance borders ± 1.96√

N
, we define 

PACFS as the percentage of these ACF(k) values that 
exceed the boundaries in absolute value, i.e., the pro-
portion of lags for which the autocorrelation is statisti-
cally significant.

Table 2  Time series indicators and Machine Learning results for conducted experiments. Experiments with good data quality are marked with a 
* (in the first column)
No. FT PACFS [%] MaxNegGap [%] Precision Precision* CDist
1* 0.99 100 9.63 0.99 1.00 1
2 0.94 100 64.34 0.72 0.91 6
3 0.96 100 49.87 0.74 0.85 5
4 0.57 100 96.07 0.35 0.53 9
5 0.85 75 98.30 0.11 0.31 6
6 0.98 100 46.12 0.47 0.73 5
7 0.99 100 98.36 0.70 0.89 2
8 0.87 100 83.85 0.25 0.47 9
9 0.91 100 66.93 0.34 0.64 7
10 0.92 100 50.36 0.77 0.89 4
11 0.45 100 97.34 0.16 0.36 9
12* 0.98 100 25.79 0.65 0.96 2
13 0.95 100 97.51 0.35 0.59 8
14 0.56 100 84.32 0.19 0.40 9
15 0.70 100 73.58 0.38 0.50 8
16 0.09 73 88.29 0.15 0.40 9
17* 0.95 100 04.02 0.98 1.00 1
18 0.24 99 98.28 0.13 0.34 9
19 0.97 100 82.39 0.72 0.96 2
20 0.32 89 97.65 0.40 0.58 9
21 0.62 100 63.64 0.26 0.55 7
22 0.56 100 98.16 0.36 0.47 9
23 0.49 100 98.01 0.36 0.61 9
24 0.55 100 98.79 0.32 0.44 9
25* 0.99 100 14.73 0.93 1.00 1
26 0.84 100 49.42 0.33 0.73 5
27 0.56 100 98.48 0.18 0.39 9
28 0.46 100 90.91 0.18 0.41 9
29 0.68 100 98.08 0.29 0.53 9
30 0.59 100 98.61 0.27 0.52 9
31 0.76 100 50.18 0.51 0.76 8
32 0.03 79 95.18 0.21 0.36 9
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First, with all the information provided in Table 2, we have to 
decide which of the experiments yield useful data. An obvious 
criteria are precision and precision*: if the Machine Learning 
model achieves precision* values greater than 0.9 we could 
assume that the classification works very good. Following this 
argument, experiments 1, 2, 7, 10, 12, 17,19, 25 seem to pro-
vide useful data.10 But unfortunately, a high precision value 
is necessary but not sufficient for meaningful data. In a few 
experiments we could observe a continuously decreasing volt-
age curve, which does not make any sense, but could neverthe-
less be mapped perfectly to the fatigue states determined by the 
strain measurements as described in Section 2.4. This observed 
decrease in electrical voltage during these experiments can be 
attributed to the heterogeneous nature of asphalt. As a com-
posite material, asphalt contains varying grain structures and 
voids, which can shift under load. These internal rearrange-
ments, along with the closure of microcracks—particularly 
those oriented perpendicular to the sensor wire—can locally 
relieve or compress the wire.11 This mechanical interaction 
affects the sensor’s strain response, resulting in a downward 
trend in the measured voltage over time.

An illustrative case of this issue is provided by the model 
trained on data from experiment 19. Although it achieves a 
high precision* value of 0.96, the corresponding voltage signal 
exhibits a continuous decline over time (see Fig. 16). This trend 
contradicts the expected physical response, indicating that the 
sensor wire used in this experiment could not be used for road 
state diagnosis and should be excluded from both model train-
ing and diagnostic evaluation. The same phenomenon is also 
observed in Experiments 2, 3, 7, and 10. While all of these 
exhibit strong predictive performance with precision* values 
≥ 0.85, they also show pronounced anomalies in the form of 
large negative deviations, with MaxNegGap > 49%.

A a result, the data from experiments 1, 12, 17 and 25 can be 
considered sufficiently reliable for determining the road con-
dition. These experiments are marked with an ‘*’ in the first 
column of Table 2.

To assess the usability of the measured data during the oper-
ation of the monitoring system, we rely on the three available 
key indicators: trend strength (FT ), Percentage of ACF Signifi-
cance (PACFS) and maximum negative gap (MaxNegGap)).

Based on the analysis of Table  2, we observe that 
all valid datasets satisfy the following conditions: 
FT ≥ 0.95, PACS = 100% and MaxNegGap < 26%.12 
Moreover, since none of the invalid datasets meet all three 

10  Experiments 7 and 10 are also in this range and deliver 
precision∗ ≥ 0.89
11  Since these are local phenomena no conclusions can be drawn from 
them regarding the state of degradation.
12  Note that all of the three criteria need to be considered. For instance, 
it is possible for a dataset to exhibit a low MaxNegGap but also a low 
trend strength, although this does not occur in the present data.

Kn in the graph, defined as the largest lag Kn with a 
negative trend, i.e. where two corresponding observa-
tions satisfy xi > xi+Kn . To ensure comparability of 
gap sizes across different experiments, we calculated 
MaxNegGap as a percentage of the total number of 
data points in each corresponding experiment. Small 
values indicate the expected course, where only few 
and short voltage decreases can be observed. Table 
2 shows MaxNegGap values between about 4 and 
98%. For instance, experiment number 19 in Table 2 
has a relative negative gap size of about 82%, which 
means that a decreasing voltage interval covers almost 
all observations and therefore makes this experiment 
unusable.

	● The columns on the right-hand side of the table contain 
performance indicators of the Machine Learning approach. 
These values require a Machine Learning model and can-
not be determined during the operation of the monitoring 
system.

Precision and precision*: As explained in Sect. 3.2, 
the well-known precision metrics indicate how well 
the voltage measurements from the sensor fabric can 
be used to determine the fatigue state. The proposed 
metrics, prediction*, also considers a classification of 
an adjacent fatigue class as acceptable. As a result, 
precision∗ ≥ precision always holds. Experiment 
12 in Table 2, illustrated by Figs. 9, 10, gives an exam-
ple where precision∗ is much greater than precision. 
Across all experiments, it can be seen that the values 
for precision and precision∗ cover a wide range be-
tween 0.13 and 1.0.
Misclassification distances (CDist): Another crite-
rion for evaluating the quality of the Machine Learn-
ing model is the distribution of forecast errors across 
classes. For example, the confusion matrix in Fig. 10 
shows that some class 0 data points were misclassified 
as class 1 or class 2, resulting in a maximum distance of 
2 for this fatigue class. In contrast, the confusion matrix 
from our poorly performing experiment (Fig. 12) re-
veals that class 0 data points were misclassified as class 
9, leading to a maximum distance of 9. We have added 
a corresponding column in Table 2 to display CDist, 
the maximum distance between the correct and the 
misclassified class in the confusion matrix across all 
entries. In particular, CDist indicates the largest single 
misclassification, as opposed to the prediction* indi-
cator, which assesses the average performance of the 
model across all predictions.
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1.	 Vision-based sensing technologies include vehicle embed-
ded cameras, RGB sensors, LiDAR, satellite imagery, 
drone-acquired images etc.

2.	 Sensor-based sensing technologies, especially vibration-
based, include vehicle mounted accelerometers, gyro-
scopes, smartphone inertial sensors, wireless vibration 
meters etc.

Several studies focus on only one of the above sensing catego-
ries, but there are also studies that use both categories in com-
bination, e.g. in   [19]. A review on smartphone applications 
for pavement condition monitoring is given by Al-Sabaeei et 
al. [20].

Depending on the type of measuring device and 
the sensing method, two forms of monitoring can be 
distinguished [17]: 

1.	 Static road condition monitoring uses sensing devices 
that are installed at a specific location for a specific 
period of time.

2.	 Dynamic road condition monitoring is based on sensors 
that can be mounted on or in a moving vehicle to collect 
data about the road sections traveled while driving.

A comparative evaluation of smart sensors employed in 
road inspection can be found in Ranyal et al. [2]

Most AI-assisted approaches to date have focused on 
evaluating road surface quality using vision-based or vibra-
tion-based methods, rather than assessing the underlying 
road layers. For instance, Kobadagi et al.  [21] provides a 
survey on various methods of potholes detection on road 

of these thresholds, we consider the above conditions to be 
both necessary and sufficient for identifying valid measure-
ment data. However, due to the limited number of high-qual-
ity datasets currently available, we propose a more relaxed 
set of criteria to classify a dataset as useful, as defined in 
Eq. 10:

FT > 0.90 ∧ PACFS > 90% ∧ MaxNegGap < 30%� (10)

While the 30% threshold for the gap size is somewhat 
arbitrary; our observations indicate that clearly unsuitable 
experiments consistently exceed a MaxNegGap of 40%. As 
more experimental data become available, these thresholds 
can be tightened to ensure suitable data. It is important to 
note that in practical deployment, the system operates with 
a large number of sensor wires. Therefore, it is sufficient 
if only a small subset of them works reliably (and can be 
identified).

Related work: AI in road quality assessment

Several studies have been conducted to develop innovative 
road quality assessment methods in recent years. These include 
several proposals that use AI technologies for data analytics.

The sensing technologies in the area of AI-based road moni-
toring can be roughly categorized into two classes, namely 
vision-based and sensor-based [17, 18]: 

Fig. 16  Example of a continuously decreasing voltage curve (experiment 19): although this provides high precision* = 0.96, it contradicts the 
expected physical reaction
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Conclusion

Efficient monitoring of the condition of road infrastructure is 
essential for the provision of a reliable, resilient and sustain-
able mobility and transportation network. In this work, we 
presented a new data-driven assessment approach based on 
innovative fabric-based sensor material and Machine Learn-
ing-based diagnosis. In contrast to most other approaches, 
the sensor fabric is embedded into the asphalt base layer. 
The emitted sensor measurements are evaluated by a 
Machine Learning model so that the degradation state of the 
road section can be derived automatically and continuously.

The sensor system consists of a bio-based fabric made 
of flax fibers and sensor wires, which makes it inexpensive 
to manufacture and, thanks to its resistance to deformation, 
able to withstand the high stress loads during construction 
work. The sensor fabric thus meets two important require-
ments for large-scale deployment under real-world condi-
tions. The innovative integration of advanced sensor fabric 
(smart measurement) and AI-driven data analysis (smart 
analytics) enables smart road condition monitoring in real 
time.

Extensive experiments demonstrate the feasibility and 
functionality of the approach. Several asphalt specimens 
with embedded sensor material were subject to controlled 
load stress tests under laboratory conditions. The measure-
ments were used to train and evaluate the ML model with 
promising results. In addition, time series-based procedures 
were used to differentiate between significant and unusable 
sensor measurements.

The proposed approach significantly expands the research 
on AI-assisted road classification by developing a smart AI-
based sensor system for the asphalt base layer.

Due to the revealed relevance of data quality in our 
approach, one focus of our future work will be the improve-
ment of data quality of the measurement series, e.g., by 
means of outlier extraction, anomalies detection and noise 
reduction by smoothing.

An important aspect of our ongoing research is the inves-
tigation of the structural impact of embedding the sensor 
fabric in the road construction. First shear displacement 
tests between asphalt layers have already been performed, 
but further tests are necessary to be able to assess the effect 
on road durability.

Durability and longevity are important criteria for road 
construction. We expect our sensor system to have a long 
service life, as the copper-nickel material of the wire pre-
vents corrosion. The flax carrier yarn serves only as carrier 
material and is explicitly allowed to degrade. The contact 
points between the wires and the electrical measuring system 
are potential corrosion points, but are protected as well as 
possible by appropriate isolation. Such possible installation 

pavements. Jan et al.  [22] presents a survey specifically 
on crowdsensing approaches for road pavement condition 
monitoring. Several of these approaches rely on AI methods.

Due to recent advancements in data analytics tech-
nologies and the easy and inexpensive availability of 
high-performance computing resources, several innova-
tive proposals have been published that employ Artificial 
Intelligence methodologies to assess, classify and localize 
structural road degradation using data collected with next-
generation sensor technology  [2]. For instance, Mancel et 
al. [23] developed an AI- and vision-based approach specifi-
cally for secondary road networks, for which conventional 
manual inspection techniques generally appear impractical 
from a technical and economic point of view.

The main AI techniques employed are Machine Learning 
methods based on manual feature extraction as well as auto-
mated Deep Learning methods that require large volumes of 
training data [2]:

	● Machine learning models, including Random Forrest, 
Decision Tree, KNN, SVN, k-means clustering, e.g. 
used in [17, 24, 25]

	● Deep learning models, including different kinds of con-
volutional neural networks (CNN), generative adversar-
ial network (GAN), Long Short-Term Memory (LSTM), 
e.g. used in [18, 26–28]

For systematic reviews on AI-assisted road condition moni-
toring studies please refer to the reviews provided by Ran-
yal et al. [2], Cao et al. [29] and Leukel et al. [30].

In summary, road condition monitoring in general, par-
ticularly using AI methods, represents an active field of 
research today. We note that the published studies on AI-
assisted road degradation monitoring have largely focused 
on assessing the quality of the pavement surface. These 
methods rely on an external perspective, typically using 
vibration data or various types of image data, and therefore 
are limited to analyzing superficial road conditions. In con-
trast, our work aims to evaluate the structural condition of 
the internal road construction. Since the asphalt base layer 
forms the structural foundation of a road, we have devel-
oped a novel hybrid sensorized fabric embedded directly 
into this layer. This enables the collection of continuous 
electrical voltage data which, through the application of 
Machine Learning models, provide unprecedented insights 
into the inner condition of the road. An approach not previ-
ously explored in the context of road condition monitoring.

Both road condition monitoring methods, surface 
level and base layer approaches, complement each other 
because they address different aspects of road degradation 
assessment.
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problems will be addressed in the follow-up project, which 
will conduct long-term studies on the installation conditions 
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operation. For this purpose, two real-life field test tracks are 
planned as the next steps:
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practical installation guidelines and procedures that ensure 
the robust and reliable installation of the hybrid sensor sys-
tem in real-world construction environments. Moreover, 
additional sensors will also be installed to measure environ-
mental influences and traffic congestion.

In addition, for a long-term test, a large section of a pub-
lic asphalt road will be equipped with the fabric-based sen-
sor material. This real test road section will serve to verify 
the laboratory results under realistic conditions with real 
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To address the anticipated challenges of properly embed-
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wires should be integrated within a section of the fabric. 
This design allows for the utilization of redundant data mea-
surements from a single road section, enhancing robustness 
and reliability.

Another research direction focuses on predicting the 
future development of road conditions. This approach 
should also consider additional factors, such as the antici-
pated changes in environmental conditions and the pro-
jected traffic load, to provide more comprehensive insights.
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