
Citation: Khudhair, M.; Gucunski, N.

Integrating Data from Multiple

Nondestructive Evaluation

Technologies Using Machine

Learning Algorithms for the

Enhanced Assessment of a Concrete

Bridge Deck. Signals 2023, 4, 836–858.

https://doi.org/10.3390/

signals4040046

Academic Editors: Gloria Cosoli,

Paolo Chiariotti and Alessandra

Mobili

Received: 12 October 2023

Revised: 9 November 2023

Accepted: 23 November 2023

Published: 4 December 2023

Copyright: © 2023 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

signals

Article

Integrating Data from Multiple Nondestructive Evaluation
Technologies Using Machine Learning Algorithms for the
Enhanced Assessment of a Concrete Bridge Deck
Mustafa Khudhair and Nenad Gucunski *

Department of Civil & Environmental Engineering, Rutgers University, Piscataway, NJ 08854, USA;
mustafa.jabbar@rutgers.edu
* Correspondence: gucunski@soe.rutgers.edu; Tel.: +848-445-2232

Abstract: Several factors impact the durability of concrete bridge decks, including traffic loads,
fatigue, temperature changes, environmental stress, and maintenance activities. Detecting problems
such as corrosion, delamination, or concrete degradation early on can lower maintenance costs.
Nondestructive evaluation (NDE) techniques can detect these issues at early stages. Each NDE
method, meanwhile, has limitations that reduce the accuracy of the assessment. In this study, multiple
NDE technologies were combined with machine learning algorithms to improve the interpretation
of half-cell potential (HCP) and electrical resistivity (ER) measurements. A parametric study was
performed to analyze the influence of five parameters on HCP and ER measurements, such as the
degree of saturation, corrosion length, delamination depth, concrete cover, and moisture condition
of delamination. The results were obtained through finite element simulations and used to build
two machine learning algorithms, a classification algorithm and a regression algorithm, based on
Random Forest methodology. The algorithms were tested using data collected from a bridge deck in
the BEAST® facility. Both machine learning algorithms were effective in improving the interpretation
of the ER and HCP measurements using data from multiple NDE technologies.

Keywords: half-cell potential; electrical resistivity; impact echo; numerical simulation; machine
learning; multi-NDE; corrosion; bridge deck; concrete; random forest; classification algorithm;
regression algorithm

1. Introduction

The assessment of a bridge deck’s condition requires the use of multiple nondestructive
evaluation (NDE) technologies. Some commonly used techniques are the half-cell potential
(HCP) and electrical resistivity (ER). The HCP is used to determine the likelihood of
active corrosion in reinforcing steel bars, while ER is employed to assess the corrosive
environment. However, the NDE technologies have limitations in detecting certain types of
defects and deterioration as their detection and characterization are influenced by various
factors. For instance, and as discussed later, the accuracy of HCP measurements can be
impacted by factors such as moisture content, concrete cover, and the anode/cathode
ratio. Similarly, ER measurements can be influenced by factors such as moisture content,
carbonation, and temperature. Therefore, it is crucial to have a thorough understanding
of the strengths and limitations of NDE technologies to make the best use of them in a
complementary manner.

NDEs play a pivotal role in bridge monitoring, ensuring the structural integrity
and safety of these critical infrastructure assets. NDEs provide invaluable data without
compromising a bridge’s structural integrity. However, the impact of environmental effects
on these tests cannot be underestimated. Variations in moisture levels, or even the presence
of corrosion, can alter the values obtained from these tests, potentially leading to an
inaccurate interpretation or missed signs of degradation. Therefore, careful consideration
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of environmental factors is essential to maintaining the reliability and effectiveness of
nondestructive tests in bridge inspection.

The primary goal of this research is to address the foregoing issue by enhancing
the interpretation of the results of ER and the HCP through the use of machine learning
algorithms to analyze the results of surveys via multiple NDE techniques. Additionally,
this research study has the following aims:

• To integrate information from various NDE technologies to gain a better understand-
ing of how different factors can impact their measurements and, consequently, the
detection and characterization of defects or deterioration.

• To establish connections between the results from different technologies and the vari-
ous factors that can influence the measurements to further improve their interpretation.

In summary, this research seeks to overcome the limitations of NDE technologies by
conducting a joint analysis of multiple techniques and considering the influence of various
factors on their results. In particular, this study introduces an approach to enhance the
interpretation of half-cell potential (HCP) and electrical resistivity (ER) measurements in
the context of concrete bridge deck assessments. This approach is manifested via the inte-
gration of multiple nondestructive evaluation (NDE) technologies with machine learning
algorithms, specifically utilizing Random Forest methodology. Furthermore, the study
conducts a parametric analysis to explore the impact of various key parameters on HCP and
ER measurements, including the degree of saturation, corrosion length, delamination depth,
concrete cover, and moisture condition of delamination. By combining these elements, the
research improves the accuracy of the measurement interpretation and ensures consistency
in the condition monitoring of bridge decks through periodical NDE surveys.

2. Parameters Affecting HCP and ER Measurements

A comprehensive review of the relevant literature was conducted to identify the
factors impacting the results of HCP and ER measurements. The sections below provide a
summarized description of the parameters that affect the responses of these technologies,
providing an understanding of the underlying principles that govern their behavior. This
information serves as a foundation for identifying the parameters that are of the highest
interest for this research study.

2.1. Parameters Affecting the HCP

HCP measurements can be impacted by various parameters which can result in
incorrect interpretations of the data. One such factor is the moisture content, which was
shown to reduce electrical resistivity and lead to lower (more negative) HCP values [1–7].
Another crucial parameter is the concrete cover thickness, which affects the distribution of
the potential, causing the potential at the steel/concrete interface to be significantly different
from the potential on the concrete surface as the concrete cover thickness increases [8].
However, the effect of the concrete cover is still not conclusive, with some studies suggesting
it can impact the accuracy of HCP measurements [5,9]. The anode/cathode ratio also affects
the potential distribution due to corrosion, with a smaller ratio potentially leading to
difficulty in detecting localized corrosion [8]. Furthermore, it was concluded that the
relationship between HCP values and the size of the corroded area in the steel bar needs to
be further investigated to improve HCP measurements [10].

2.2. Parameters Affecting the ER

Many factors can influence ER measurements, and these factors can have a significant
effect on the measured values. Specifically, parameters such as the degree of saturation,
rebar corrosion, and the depth and moisture condition of delamination [11,12]. Also, it was
found that the electrical resistivity of concrete is sensitive to moisture, with an increase
in moisture content leading to a decrease in electrical resistivity [13]. This conclusion is
supported by the findings in [14]. However, they recommend that further studies be carried
out to better understand the response of partially saturated concrete. Larsen et al. [15],
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as cited in [16], discovered an interesting behavior in concrete wherein a decrease in the
degree of saturation from 88% to 77% led to an average twofold increase in resistivity,
and a decrease from 88% to 66%, led to a sixfold increase. Temperature also affects ER
measurements, and according to Elkey and Sellevold [17], as cited in [18], an increase in
temperature leads to a decrease in ER values. This study found that ER values changed
by 5% for each 1 ◦C in concrete with a degree of saturation under 30% and by 3% for each
1 ◦C in concrete with a degree of saturation under 70%. Moreover, cracks and delamination
can also impact ER measurement values. Khudhair and Gucunski [19] found that the
effect of delamination decreases as the delamination depth from the surface increases. The
orientation angle of the delamination has a significant effect on ER measurements in the
45◦ to 90◦ range but only a minor impact in the 0◦ to 30◦ range. Finally, concrete resistivity
may be affected by carbonation [20].

3. Finite Element Simulations

The present study utilized finite element models to examine all of the nondestructive
evaluation (NDE) techniques included in this research. The models were created using
COMSOL Multiphysics® software, and each NDE technique was given its own unique set
of parameters and criteria to account for its distinct properties. The objective was to build a
single model that could simulate the three NDE technologies of interest in this study (the
half-cell potential, electrical resistivity, and impact echo (IE)) and to examine the effect of
different parameters on their measurements. The software was used to integrate properties
of interest for all three technologies into a single model, allowing for the simultaneous
simulation of measurements by the three NDE technologies. The concrete slab was modeled
as a block with dimensions of 1.0 m × 1.0 m × 0.2 m, with Perfect Match Layers (PMLs)
that simulated the absorbing boundaries of the four sides to avoid the reflection of elastic
waves from the sides for the impact echo measurement. The model components, including
various NDE probes, are illustrated in Figure 1. The model was sliced for meshing purposes,
allowing for finer discretization during the solution process. Extra-fine mesh was used
around the contact points of the probes of the NDE technologies, such as around the
electrodes of the Wenner probe for ER, around the HCP reference electrode, around the
transducer and impact area for the impact echo, and around the embedded steel bar. The
reason for creating an extra-fine mesh is to achieve precise simulations of the electrical field
distribution for ER, wave propagation for the IE, and potential differences for the HCP. The
maximum element size for the free tetrahedral element is 0.001 m, with a growth factor
equal to 1.2. Additionally, the model components encompass defects, such as the corrosion
of steel bars and delamination inside the concrete slab, which were incorporated within the
scope of this study.

Five parameters were included to investigate their impact on the interpretation of
NDE measurements. The five parameters chosen for this study include the degree of
saturation (DoS), rebar corrosion length (CL), delamination depth (DL), concrete cover
thickness (CC), and delamination moisture content, whether it is air-filled delamination
(AFD) or water-filled delamination (WFD). This chapter focuses on changes in the electrical
field and resistivity of the concrete deck that occur as a result of these parameters and the
corresponding HCP and ER measurements. The results from the simulation will be utilized
for the development of machine learning algorithms. The impact of these parameters
is determined by conducting several parametric studies. Below is a description of the
variations in the five parameters in this study.

1. Degree of saturation (DoS): A variety of saturation levels were selected to investigate
the influence of pore saturation on the NDE measurements. These values span
different saturation conditions that a structure may encounter. Seven saturation levels
were chosen, covering a range from 20% to 80% in increments of 10%.

2. Corrosion length (CL): The term “corrosion length” refers to the length of the anode
portion of the steel reinforcing bar. A set of eight values was selected to simulate the
corrosion length, which ranges from 2.5 cm to 35 cm in increments of 5 cm.



Signals 2023, 4 839

3. Delamination depth (DD): A set of six values was selected to reflect various depths
of delamination. These values range from 40 mm to 90 mm below the surface of the
concrete deck in increments of 10 mm.

4. Concrete cover (CC): The concrete cover thickness has a substantial impact on the
HCP measurement readings due to the presence of non-uniform corrosion on the
steel bars. A set of four values were selected to represent the concrete cover thickness:
38 mm, 51 mm, 63 mm, and 76 mm.

5. Delamination moisture condition: Two values were selected to simulate the moisture
condition of the delamination within the concrete deck for this parameter. The
first case represents air-filled delamination (AFD), which simulates completely dry
conditions, while the second case represents water-filled delamination (WFD), which
simulates fully saturated delamination.
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Figure 1. Finite element 3D model components.

3.1. Half-Cell Potential Simulation Result

A half-cell can be simulated as an electrode placed within an electrolyte. To determine
the potential difference, a reference electrode can be used on the surface of the concrete. The
FE (finite element) model used to simulate the HCP (Figure 1) is the same concrete slab that
was utilized for the IE and ER technologies and has a block size of 1.0 m × 1.0 m × 0.2 m.
Cross-section A-A, shown in Figure 2, illustrates the internal steel bar, the cathodic region,
and the anodic region (the active corrosion area) within the concrete.

Signals 2023, 4, FOR PEER REVIEW    5 
 

 

 

Figure 2. A-A cross-section. 

The simulation results indicate that the equipotential  lines between the anode and 

cathode are highly sensitive to certain parameters such as shallow delamination and the 

saturation level of the delamination. To demonstrate the impact of these and other param-

eters on the electrochemical corrosion process  inside concrete, different simulation sce-

narios are presented. Figure 3a displays the potential distribution within concrete caused 

by a 15 cm length of steel rebar corrosion with 50% saturation and no delamination. On 

the other hand, Figure 3b,c show the potential distribution inside concrete with the same 

parameters but with  the presence of 30 mm deep delamination. Figure 3b  illustrates a 

scenario with air-filled delamination  (AFD), while Figure 3c  illustrates a scenario with 

water-filled delamination (WFD). 

  CC = 2.5; CL = 15; surface potential (V) contour = electrolyte potential (V). 

(a) 

 

  DD = 30; CL = 15; DoS = 0.5; surface potential (V) contour = electrolyte potential (V). 

(b) 

 

  DD = 30; CL = 15; DoS = 0.5; surface potential (V) contour = electrolyte potential (V). 

Figure 2. A-A cross-section.



Signals 2023, 4 840

The simulation results indicate that the equipotential lines between the anode and
cathode are highly sensitive to certain parameters such as shallow delamination and
the saturation level of the delamination. To demonstrate the impact of these and other
parameters on the electrochemical corrosion process inside concrete, different simulation
scenarios are presented. Figure 3a displays the potential distribution within concrete caused
by a 15 cm length of steel rebar corrosion with 50% saturation and no delamination. On
the other hand, Figure 3b,c show the potential distribution inside concrete with the same
parameters but with the presence of 30 mm deep delamination. Figure 3b illustrates a
scenario with air-filled delamination (AFD), while Figure 3c illustrates a scenario with
water-filled delamination (WFD).
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The half-cell potential (HCP) results are influenced by the physical properties of
two materials, the rebar steel where corrosion occurs and the surrounding concrete, as well
as the characteristics of the pores that regulate electrolyte flow. The results of the HCP
are impacted by all five parameters analyzed in this study. In general, the HCP results
are positively correlated with both the corrosion length (CL) and the degree of saturation
(DoS). As these two parameters increase, the measured potential becomes more negative.
Conversely, HCP results are negatively correlated with increases in the concrete cover
(CC) and delamination depth (DD). Figure 4 presents the HCP measurement values for
sound concrete with varying corrosion lengths and degrees of saturation at concrete cover
thicknesses of 38 mm, 51 mm, 63 mm, and 76 mm. The dashed lines in the figures describe
the boundary of the 90% probability of an active corrosion zone according to the standard
specification ASTM C876-15.

Signals 2023, 4, FOR PEER REVIEW    6 
 

 

(c) 

 

Figure 3. Potential distribution for 15 cm corrosion length and 0.5 DoS: (a) no delamination; (b) AFD 

at 30 mm; (c) WFD at 30 mm. 

The half-cell potential (HCP) results are influenced by the physical properties of two 

materials, the rebar steel where corrosion occurs and the surrounding concrete, as well as 

the characteristics of the pores that regulate electrolyte flow. The results of the HCP are 

impacted by all five parameters analyzed in this study. In general, the HCP results are 

positively  correlated with both  the  corrosion  length  (CL) and  the degree of  saturation 

(DoS). As these two parameters increase, the measured potential becomes more negative. 

Conversely, HCP  results are negatively correlated with  increases  in  the concrete cover 

(CC) and delamination depth (DD). Figure 4 presents the HCP measurement values for 

sound concrete with varying corrosion lengths and degrees of saturation at concrete cover 

thicknesses of 38 mm, 51 mm, 63 mm, and 76 mm. The dashed lines in the figures describe 

the boundary of the 90% probability of an active corrosion zone according to the standard 

specification ASTM C876-15. 

In Figure 4a, it can be seen clearly that the corrosion length of 2.5 cm cannot be detected 

using the HCP as the potential is larger than the threshold for all values of the DoS. Also, 

the minimum detectable corrosion length is 5 cm with a DoS equal or greater to 0.5, 10 cm 

with a DoS equal or greater to 0.4, and 15 cm with a DoS equal or greater to 0.3. Furthermore, 

a corrosion length that is greater than 20 cm can be detected in all values of the DoS. These 

behaviors change with the change in the concrete cover, as shown in Figure 4b–d. 

   

(a)  (b) 

Signals 2023, 4, FOR PEER REVIEW    7 
 

 

   

(c)  (d) 

 

Figure 4. HCP measurements for sound concrete: (a) 38 mm CC; (b) 51 mm CC; (c) 63 mm CC; (d) 

76 mm CC. 

3.2. Electrical Resistivity Simulation Results 

The concrete slab model used for the ER simulation  is the same one utilized for the 

HCP simulation and is represented as a block measuring 1 m × 1 m × 0.2 m. The center of 

the ER model contains the probe contact area, represented by four electrodes spaced 5 cm 

apart. The ER  technology simulation was carried out by mimicking  the operation of  the 

Resipod Proceq probe (according to the Resipod Proceq manual, 2017). This probe injects a 

current of 200 µA from the two outer electrodes, while the two inner electrodes measure the 

potential difference  in the resulting electrical field, as  illustrated  in Figure 5. Specifically, 

probe No. 1 has a current intensity of +200 µA, and probe No. 4 has a current intensity of 

−200 µA. Table 1 displays the electrical conductivity values for concrete, water, and air used 

in the model. Concrete’s conductivity of 0.002 S/m corresponds to a resistivity of 500 Ω.m. 

 

Figure 5. C-C cross-section. 

Table 1. Material properties. 

Materials 

Properties 

Electrical Conductivity 

(S/m) 
Relative Permittivity 

Concrete  0.002  4.5 

Measured voltage   
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Concrete 

14 3 2

Figure 4. HCP measurements for sound concrete: (a) 38 mm CC; (b) 51 mm CC; (c) 63 mm CC;
(d) 76 mm CC.

In Figure 4a, it can be seen clearly that the corrosion length of 2.5 cm cannot be detected
using the HCP as the potential is larger than the threshold for all values of the DoS. Also, the
minimum detectable corrosion length is 5 cm with a DoS equal or greater to 0.5, 10 cm with
a DoS equal or greater to 0.4, and 15 cm with a DoS equal or greater to 0.3. Furthermore, a
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corrosion length that is greater than 20 cm can be detected in all values of the DoS. These
behaviors change with the change in the concrete cover, as shown in Figure 4b–d.

3.2. Electrical Resistivity Simulation Results

The concrete slab model used for the ER simulation is the same one utilized for the
HCP simulation and is represented as a block measuring 1 m × 1 m × 0.2 m. The center
of the ER model contains the probe contact area, represented by four electrodes spaced
5 cm apart. The ER technology simulation was carried out by mimicking the operation
of the Resipod Proceq probe (according to the Resipod Proceq manual, 2017). This probe
injects a current of 200 µA from the two outer electrodes, while the two inner electrodes
measure the potential difference in the resulting electrical field, as illustrated in Figure 5.
Specifically, probe No. 1 has a current intensity of +200 µA, and probe No. 4 has a current
intensity of −200 µA. Table 1 displays the electrical conductivity values for concrete, water,
and air used in the model. Concrete’s conductivity of 0.002 S/m corresponds to a resistivity
of 500 Ω.m.
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Figure 5. C-C cross-section.

Table 1. Material properties.

Materials

Properties

Electrical Conductivity
(S/m) Relative Permittivity

Concrete 0.002 4.5

Water * 0.5 88.1

Air * 3 × 10−15 1
* used to fill the delamination.

The electrical potential distribution measured in (mV) at the C-C cross-section
(Figure 1) for the sound concrete is shown in Figure 6a. The models containing air-filled
delamination (AFD) and water-filled delamination (WFD) are shown in Figure 6b,c, respec-
tively. The simulation results indicate that the measurement of ER technology is highly
affected by the level of saturation, the presence and depth of delamination, and the moisture
condition of the delamination. As a result, several models were developed to assess the
effects of these factors. The ER modeling results highlight a significant impact of these
parameters. Generally, the ER values are inversely proportional to the degree of saturation.
However, the ER measurements are directly proportional to the depth of delamination for
the WFD case and inversely proportional to the AFD case.
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Figure 6. Concrete potential distributions from ER simulations: (a) sound concrete; (b) AFD at 70 mm;
(c) WFD at 70 mm.

The change in electrical resistivity with the change in the degree of saturation is illus-
trated in Figure 7a for the sound concrete model, where the electrical resistivity decreases as
the degree of saturation increases. The impact of air-filled delamination (AFD) on electrical
resistivity (ER) measurements is demonstrated in Figure 7b by presenting the ER values for
different delamination depths and degrees of saturation. The trend in electrical resistivity
lines is similar to those in Figure 7a, with a drastic decrease in resistivity in the low degree
of saturation range from 0.2 to 0.3. Furthermore, the resistivity decreases as the depth of the
delamination increases. This can be explained by the fact that AFD serves as an insulator
as the electrical conductivity of air is close to zero. In contrast, the electrical resistivity
(ER) measurements for water-filled delamination (WFD) are directly proportional to the
delamination depth, as demonstrated in Figure 7c. This can be attributed to the higher
electrical conductivity of water compared to concrete. Again, Figure 7c shows a sharp
decrease in ER values for all delamination depths in the low degree of saturation range
from 0.2 to 0.3.
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Figure 7. ER for the models: (a) for sound concrete; (b) with AFD at different depths; (c) with WFD
at different depths.

3.3. Impact Echo Simulation Results

The model for the impact echo (IE) was based on the same model of a 1.0 m × 1.0 m × 0.2 m
concrete slab (Figure 1) with Perfect Match Layers (PMLs) on all four sides to prevent the reflec-
tion of elastic waves. The model includes a loading plate and measurement points to represent
the impact area and transducer location, respectively. The transducer was positioned 5 cm from
the impact point, as shown in Figure 8. The IE test was simulated using a half-sine wave pulse
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with a maximum force of 1 N and a duration of 50 microseconds. Poisson’s ratio for concrete is
0.2, the speed of the compression wave (P-wave) is 4000 m/s, and the speed of the shear wave
(S-wave) is 2312 m/s.

Signals 2023, 4, FOR PEER REVIEW    10 
 

 

Figure 7. ER for the models: (a) for sound concrete; (b) with AFD at different depths; (c) with WFD 

at different depths. 

3.3. Impact Echo Simulation Results 

The model for the impact echo (IE) was based on the same model of a 1.0 m × 1.0 m × 

0.2 m concrete slab (Figure 1) with Perfect Match Layers (PMLs) on all four sides to pre-

vent the reflection of elastic waves. The model includes a loading plate and measurement 

points to represent the impact area and transducer location, respectively. The transducer 

was positioned 5 cm from the impact point, as shown in Figure 8. The IE test was simu-

lated using a half-sine wave pulse with a maximum  force of 1 N and a duration of 50 

microseconds. Poisson’s ratio for concrete is 0.2, the speed of the compression wave (P-

wave) is 4000 m/s, and the speed of the shear wave (S-wave) is 2312 m/s. 

As shown in Figure 1b, an ultra-fine mesh was utilized in the vicinity of the trans-

ducer and impact point. The purpose of this mesh was to achieve a highly accurate simu-

lation of wave propagation for the IE technology. The maximum size of the free tetrahe-

dral element was set to 0.001 m, with a growth factor of 1.2. 

 

Figure 8. B-B cross-section for sound concrete. 

The effect of the impact echo can precisely determine the plate-like structure’s thick-

ness. The thickness is calculated based on the dominant frequency and the velocity of the 

P-wave in the material, as illustrated in [21]. 

𝑇 ൌ  
𝛽𝐶
2𝑓
  (1)

where 

𝑇 ൌ 𝑡ℎ𝑒 𝑑𝑒𝑝𝑡ℎ 𝑜𝑓 𝑡ℎ𝑒 𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑜𝑟 

𝛽 ൌ 𝑡ℎ𝑒 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑖𝑜𝑛 𝑓𝑎𝑐𝑡𝑜𝑟 ሺ0.96 𝑓𝑜𝑟 𝑝𝑙𝑎𝑡𝑒 െ 𝑙𝑖𝑘𝑒 𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒𝑠ሻ 

𝐶 ൌ 𝑡ℎ𝑒 𝑃 െ 𝑤𝑎𝑣𝑒 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦 

𝑓 ൌ 𝑡ℎ𝑒 𝑑𝑜𝑚𝑖𝑛𝑎𝑛𝑡 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 

Acceleration time history plots of the sound and defective concrete models are dis-

played in Figure 9, while the corresponding frequency spectra for both models are shown 

in Figure 10. The frequency spectrum of the impact echo tests on the sound concrete, as 

seen in a blue line in Figure 10, reveals that the main frequency is 10,000 Hz. This leads to 

a calculation of the concrete slab’s thickness of 0.192 m using Equation (1), which is nearly 

the same as the actual thickness of 0.200 m. On the other hand, the dominant frequency 
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As shown in Figure 1b, an ultra-fine mesh was utilized in the vicinity of the transducer
and impact point. The purpose of this mesh was to achieve a highly accurate simulation of
wave propagation for the IE technology. The maximum size of the free tetrahedral element
was set to 0.001 m, with a growth factor of 1.2.

The effect of the impact echo can precisely determine the plate-like structure’s thick-
ness. The thickness is calculated based on the dominant frequency and the velocity of the
P-wave in the material, as illustrated in [21].

T =
βCp

2 f
(1)

where

T = the depth o f the re f lector

β = the correction f actor (0.96 f or plate − like structures)

Cp = the P − wave velocity

f = the dominant f requency

Acceleration time history plots of the sound and defective concrete models are displayed
in Figure 9, while the corresponding frequency spectra for both models are shown in Figure 10.
The frequency spectrum of the impact echo tests on the sound concrete, as seen in a blue line
in Figure 10, reveals that the main frequency is 10,000 Hz. This leads to a calculation of the
concrete slab’s thickness of 0.192 m using Equation (1), which is nearly the same as the actual
thickness of 0.200 m. On the other hand, the dominant frequency caused by the flaw (a 5 cm
deep crack), shown as a red line in Figure 10, is 34,900 Hz. The calculated depth of the crack
in the concrete slab using Equation (1) is [0.96 × 4000/(2 × 34,900)] = 0.055 m, which is very
close to the known crack depth of 0.050 m.
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4. Machine Learning Algorithms

Machine learning is a method of using computer algorithms to predict a target output
using multiple input features. The accuracy of the prediction improves over time through
the use of a high-quality data set. Different algorithms can be employed depending on the
type of study, data set, and desired output. Machine learning can be divided into two main
categories: supervised and unsupervised learning algorithms. A supervised learning
algorithm is used when there is a known relationship between the input features and the
target output, whereas an unsupervised learning algorithm is used when it is difficult to
determine clear relationships between the input features and the desired output. Machine
learning was utilized to enhance the interpretation of the ER and HCP results by using data
from the three NDE methods. Machine learning has been extensively utilized in various
applications of structural assessments by NDEs, as reported in several research studies
such as [22–25]. Artificial intelligence (AI) has also been employed for concrete evaluations
in NDEs for various technologies, including impact echo [22,25], half-cell potential [26],
and electrical resistivity [27].

A supervised learning algorithm was utilized in this study. Supervised learning
algorithms are commonly used when there are well-defined attributes that can be linked to
the target. Some of the algorithms that can be used for supervised learning include Neural
Network, Naïve Bayes, K Nearest Neighbors, and Random Forest algorithms, among others.
Supervised learning algorithms can be further divided into two categories: regression for
continuous target values and classification for discrete target values. For this research,
the Random Forest algorithm was employed since it is known for its high accuracy as it
generates a multitude of decision trees using the training data set. The algorithm then
returns the prediction as either the average of the individual tree predictions in the case of
regression or the class chosen by most of the trees in the case of classification. The Random
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Forest model underwent a thorough five-fold cross-validation assessing its reliability and
generalization. The hyperparameter tuning used grid and randomized searches to optimize
parameters like n_estimators, max_depth, and min_samples_split. The model featured
300 decision trees for a balance between complexity and efficiency, with max_depth set
at 15 to prevent overfitting. Minimum sample requirements ensured a balance between
precision and generalization. Bootstrapping was utilized with a random state of 42, and all
available CPU cores were employed for reproducibility and computational power. Class
weights were adjusted to address dataset imbalance, collectively enabling accurate ER and
HCP measurement predictions.

4.1. Random Forest Algorithm Development

The algorithms were designed to provide corrected measurements from both half-cell
potential and electrical resistivity technologies, which are impacted by the presence of
the five parameters discussed earlier. The correction of the measurements is based on a
reference model with DoS = 40%, DD = 0, CC = 63 mm, and CL = 0. Orange® open-source
software was used to build the algorithm. Orange® is a visual programming tool for
machine learning, data mining, and data visualization and is written in Python, Cython,
C++, and C. It can be used without any programming experience, and all procedures can
be performed through a graphical user interface (GUI).

Three-dimensional simulation results of the NDE technologies explained in the fore-
going sections were utilized to develop the Random Forest algorithms. The simulation
generated 2548 models with specific values for the NDE technologies, forming a data set of
2548 instances for building two machine learning algorithms. The first is the Classification
Algorithm, and the second is the Regression Algorithm.

4.1.1. Classification Algorithm

The data set includes nine attribute types involved in the process. These attributes
serve various functions in the algorithm, some of which are Features, data that can be input
as real numbers from NDE technology measurements on site; some are Meta, data that
cannot be measured as real numbers by NDE technologies; and the rest are referred to as
Targets, as described below:

1. Degree of Saturation: the attribute is a Numerical variable that has a Feature role.
2. Length of Corrosion: the attribute is a Numerical variable that has a Meta role.
3. Delamination Depth: the attribute is a Numerical variable that has a Feature role.
4. Concrete Cover: the attribute is a Numerical data variable that has a Feature role.
5. Delamination M.C: the attribute is a Categorical variable that has a Meta role.
6. Measured Resistivity: the attribute is a Numerical variable that has a Feature role.
7. Measured HCP: the attribute is a Numerical variable that has a Feature role.
8. Actual Resistivity: the attribute is a Categorical variable that has a Target role.
9. Actual HCP: the attribute is a Categorical variable that has a Target role.

It is worth noting that the attribute “Degree of Saturation” can be observed using
various methods like moisture sensors, gravimetric measurements, or electrical impedance
techniques. These measurements help in assessing the moisture level within the material.
On the other hand, the delamination in the attribute “Delamination Depth” refers to the
separation or detachment of layers within the concrete. Observing the delamination depth
typically involves NDE techniques like impact echo (IE) or ultrasonic pulse echo (UPE)
testing. “Concrete Cover” refers to the thickness of the concrete layer that covers and
protects the steel reinforcement within a structure. It can be measured using techniques
like ground penetrating radar (GPR) or cover meters.

The targets considered are both the Actual Resistivity and Actual HCP, which will
be predicted by the classification algorithm as discrete classification values rather than
continuous values. The choice of discrete classification values for the ER method is based
on the correlation between resistivity and corrosion risk [28], while for the HCP method,
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the choice is based on the link between potential measurements and the active corrosion
probability [29]. The classification values for the HCP and ER are as follows:

Predicted values (Target) for HCP = {No Corrosion, Transition, Corrosion}.
Predicted values (Target) for ER = {Negligible, Weak, Moderate, High}.
The algorithm workflow for the HCP and ER technologies is shown in Figure 11.
The algorithm demonstrates exceptional precision in predicting both Actual ER classi-

fication and Actual HCP classifications. On average, across classes, the algorithm’s accuracy
was 92.6% for ER and 85.9% for the HCP. However, the accuracy varies when the target
class is altered, as illustrated in Table 2.
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Figure 11. Workflow diagram for the HCP and ER classification algorithm.

Table 2. Classification accuracy of the algorithm for different classes.

The Target Class Classification Accuracy
Negligible 96.6%

Weak 98.6%

ER Moderate 94.7%

High 95.3%
Average Over Classes 92.6%

H
C

P

No Corrosion 93.1%
Transition 87.9%
Corrosion 90.7%

Average Over Classes 85.9%

Additionally, the algorithm’s efficiency is tied to other evaluation results that provide
a numerical evaluation of its quality, known as a classifier performance measure, including
the area under the ROC curve (AUC), F1, precision, and recall. The evaluation results for
this algorithm based on the classifier performance measures indicate that the AUC, CA, F1,
precision, and recall for the average across classes are 0.989, 0.926, 0.926, 0.927, and 0.926,
respectively. Table 3 below displays the evaluation results for the other classes.
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Table 3. Evaluation results.

Target Class Model AUC CA F1 Precision Recall

ER

Negligible Random Forest 0.991 0.966 0.932 0.897 0.971
Weak Random Forest 0.993 0.986 0.954 0.984 0.926

Moderate Random Forest 0.978 0.947 0.827 0.848 0.807
High Random Forest 0.990 0.953 0.947 0.951 0.944

Average Over Classes Random Forest 0.989 0.926 0.926 0.927 0.926

H
C

P

No Corrosion Random Forest 0.979 0.931 0.837 0.808 0.867
Transition Random Forest 0.894 0.879 0.596 0.688 0.525
Corrosion Random Forest 0.971 0.907 0.928 0.910 0.946

Average Over Classes Random Forest 0.953 0.859 0.853 0.851 0.859

Moreover, the performance of the algorithm can be determined by creating a confusion
matrix. This matrix displays the relationship between the predicted and actual classes and
is used to evaluate the classification algorithm’s results. Figure 12a,b display the confusion
matrix in terms of the number of instances for the HCP and ER, respectively.
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Figure 12. Confusion matrix for the number of instances: (a) for the HCP; (b) for ER.

4.1.2. Regression Algorithm

Another way to utilize a machine learning algorithm in an NDE is by developing a
regression algorithm. Unlike the classification algorithm described earlier, which predicts
discrete targets, a regression algorithm predicts continuous target values. Additionally, a
regression algorithm can be more precise by forecasting the exact values of targets that
fall within the boundaries of two distinct classes. This makes the predicted targets more
concrete in numerical terms. The regression algorithm incorporates nine types of attributes
based on the data set. These attributes have varying functions in the process and can be
classified as Features, Meta, or Target, as explained below:
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1. Degree of Saturation: the attribute is a Numerical variable that has a Feature role.
2. Length of Corrosion: the attribute is a Numerical variable that has a Meta role.
3. Delamination Depth: the attribute is a Numerical variable that has a Feature role.
4. Concrete Cover: the attribute is a Numerical data variable that has a Feature role.
5. Delamination M.C: the attribute is a Categorical variable that has a Meta role.
6. Measured Resistivity: the attribute is a Numerical variable that has a Feature role.
7. Measured HCP: the attribute is a Numerical variable that has a Feature role.
8. Actual Resistivity: the attribute is a Numerical variable that has a Target role.
9. Actual HCP: the attribute is a Numerical variable that has a Target role.

Figure 13 shows the workflow diagram of the algorithm for both HCP and ER tech-
nologies.
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Figure 13. Workflow diagram for the HCP and ER regression algorithm.

The regression algorithm was evaluated for both ER and the HCP, and the results
show that the coefficient of determination (R2) for ER was 0.861, indicating a strong positive
relationship between the predicted and actual results, with a CVRSM of 69.388. The R2 for
the HCP was 0.841, also indicating a strong positive correlation with a CVRSM of 16.267.

Figure 14a,b display the correlations between actual instances (on the x-axis) and
Random Forest predictions (on the y-axis) for ER and the HCP, respectively. The correlations
are shown in three different colors: blue for no delamination, red for AFD, and green for
WFD. In the case of ER, red instances have the highest correlation r value of 0.94, with
0.93, 0.90, and 0.92 for blue instances, green instances, and overall instances, respectively.
This indicates that the regression algorithm is the most accurate when ER technology is
applied on concrete slabs with AFD and the least accurate on those with WFD. On the
contrary, HCP technology has a higher correlation value of r equal to 0.94 for blue instances.
Conversely, the other correlation values are 0.87, 0.92, and 0.91 for red, green, and overall
instances, respectively. Thus, the regression algorithm’s prediction is most accurate when
HCP technology is applied to sound concrete, but its accuracy decreases in the presence of
WFD. The lowest accuracy occurs when AFD is present.
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5. Implementation of the Algorithms

The data were gathered on the concrete deck of the bridge specimen in the BEAST®

(Bridge Evaluation and Accelerated Structural Testing) facility. A dual-axle truck carriage,
with a weight equivalent to 50,000 pounds, runs continuously to simulate a truck crossing
the deck more than 13,000 times a day. The facility allows the bridge deck to be exposed to
various environmental conditions, such as freezing, thawing, salt exposure, and continuous
truck traffic, to rapidly simulate its deterioration. Figure 15 shows the loading device.

The BEAST facility allows for the assessment of actual bridge decks in regard to their
dimensions, construction, exposure to environmental factors, and the loads placed on them
by truck axels. It functions as a full-scale prototype that mimics the conditions a real bridge
deck experiences. The bridge deck structure is 15 m long and 8.4 m wide, with a 1 ft by 1 ft
(0.3 m by 0.3 m) grid marked on it, as illustrated in Figure 16a. Data were collected using
three main NDE technologies: impact echo, electrical resistivity, and half-cell potential. The
MOIST-Scan device, shown in Figure 16e, was also utilized to gather information on the
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concrete’s degree of saturation; it uses microwave technology to provide an immediate,
nondestructive analysis of residual moisture. The collected data on the moisture content
were distributed in a range between 0% and 100%. Figure 16 shows the data gathered via
the four NDE techniques. The data were usually gathered monthly to track the progression
of deterioration.
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5.1. Applying the Regression Algorithm

The presented data were obtained from a BEAST slab evaluation on 24 June 2021. By
this time, the BEAST concrete slab had undergone 85 freeze–thaw cycles and 1,671,506 live
load cycles and had been sprayed with 3360 gallons of salt brine. Before utilizing the regres-
sion algorithm, the data from each technology were analyzed and visualized to compare
the differences in data interpretation with and without the ML algorithm. Figure 17a–e
present a surface map of the BEAST slab for the electrical resistivity, half-cell potential,
degree of saturation, impact echo condition assessment, and concrete cover, respectively.

The results from the impact echo test were unable to determine the depth of delamina-
tion as it was shallow, with a maximum depth of about 3 cm (1.25 in). The delamination
was found to be located within the concrete cover located at the boundary between the top
reinforcement mesh and the concrete. As per the visible spalling, the shallow delamination
corresponded with the top reinforcement layer, as shown in Figure 17d. Furthermore,
the concrete cover measurements were obtained from the GPR survey, as illustrated in
Figure 17e. A comparison of results from before and after implementing the algorithm is
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displayed in Figures 18 and 19 for ER and the HCP, respectively. Significant modifications
in the ER measurement values can be observed by comparing Figure 18a (without the
algorithm) to Figure 18b (with the algorithm). The measurements increased from approxi-
mately 12 kOhm.cm to roughly 25 kOhm.cm, with the minimum resistivity after using the
algorithm appearing in the center of the slab. These changes are due to the impact of the
DoS and delamination, which have a considerable influence on the measurement values, as
discussed earlier in Section 3. The algorithm improves the interpretation by correcting for
the differences with reference values. The algorithm attempts to counteract the effect of the
DoS by reducing resistivity in areas with a low DoS and increasing resistivity in areas with
a high DoS. Furthermore, the IE delamination map in Figure 17d highlights the location
of shallow delamination, which is reflected in the corrected ER values in Figure 18b. The
algorithm tries to mitigate the impact of delamination on the ER measurement values by
decreasing resistivity in the delaminated area, primarily in the center of the deck, as shown
in Figure 17d.
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Figure 19. Half-cell potential result comparison.

Similarly, the algorithm has produced significant changes in the HCP values. The
corrected HCP values in Figure 19b are a result of the impact of the DoS, delamination, and
CC parameters. The algorithm corrects the impact of these parameters by moving the HCP
values towards the right side of the scale (less negative values) for areas with high DoS
values. Likewise, the HCP values are shifted towards less negative values for areas with
low CC values. However, the HCP values are shifted towards the left side (more negative
values) for areas with low DoS values.

5.2. Applying the Classification Algorithm

The results produced by this algorithm are classifications, as opposed to the numerical
outputs produced by the regression algorithm. Both algorithms were applied to the
same BEAST data set. This algorithm makes predictions based on seven categories: four
categories for ER (Negligible, Weak, Moderate, and High), and three categories for the
HCP (No Corrosion, Transition, and Corrosion). Figures 20 and 21 illustrate the surface
maps, before and after applying the classification algorithm, for the half-cell potential and
electrical resistivity, respectively, based on the seven categories previously mentioned.
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Figure 21. Electrical resistivity result comparison.

In Figure 20b, the classification algorithm primarily corrects the HCP values located in
the central area of the slab. These corrected values are a result of the influence of parameters
such as the DoS, delamination, and CC. The algorithm determines the impact of these
factors by categorizing the corrosion area as a transition zone according to the ASTM
standard. The high DoS and low CC levels cause the algorithm to interpret the increase
in the HCP as a result of improved conductivity. Meanwhile, Figure 21b shows that the
classification algorithm has reclassified most areas with low resistivity (high corrosion risk)
as areas with higher resistivity (moderate corrosion risk). This is, again, due to the effect of
a high DoS and the slight impact of delamination, which is represented by a small red dot
in the center, indicating a low resistivity value (high corrosion risk).

6. Summary and Conclusions

This research analyzed the impact of various parameters on the NDE measurement re-
sults of electrical resistivity (ER) and half-cell potential (HCP) measurements. The findings
demonstrate that merging data from multiple technologies can enhance the interpretation
of NDE results. The classification and regression algorithms used showed high accuracy
in predicting the ER and HCP measurement classifications and values, respectively. The
correlation between the predicted and actual values for ER was 0.92, and for the HCP, it
was 0.91, which suggests a strong positive correlation.
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The results of the numerical simulations and machine learning algorithms applied to
an improved interpretation of NDE measurements led to several conclusions:

1. The ER measurements are significantly impacted by the degree of saturation, delami-
nation depth, and moisture condition of the delamination, while HCP measurements
are greatly affected by the degree of saturation, corrosion length, delamination depth,
concrete cover, and moisture condition of the delamination.

2. The results indicate that the HCP has limitations in detecting localized active corrosion
less than or equal to 2.5 cm because the potential distribution due to active corrosion
cannot exceed the ASTM threshold (−350 mV). The detection of larger localized
corrosion depends on the degree of saturation.

3. The concrete cover thickness affects HCP measurements, and a proper correction must
be made to describe it for the reference concrete cover thickness. As the thickness
increases, the measured potential decreases and vice versa.

4. The degree of saturation has a significant impact on both ER and HCP measurements.
The HCP values decrease (become more negative) as saturation increases due to
increased conductivity changing the potential distribution between the anode and
cathode.

5. Strong correlations were established from numerical simulations between the se-
lected parameters and NDE technology measurement values, enabling their improved
interpretation.

6. Machine learning algorithms are effective correction tools that take into account the
effects of all explored parameters.

7. Both regression and classification algorithms can be used as correction tools, but
regression provides higher-resolution corrected values.

8. All five examined parameters have a significant impact on the measurements and
should be considered in the interpretation process.
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