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A B S T R A C T

In accelerated bridge construction (ABC), 3D-printed concrete and structural retrofitting using concrete
jacketing are used to reduce the onsite construction time. Both techniques involve bonded concrete, where
a concrete layer is cast on the old substrate. As a result, the interfacial transition zone between these concrete
layers is the weakest part of the structure. In this paper, a machine learning-based model is proposed to
predict the bond strength between concrete layers from extracted ultrasonic features. Ultrasound tests provide
the input parameters, and bi-surface shear test results are the targets for the machine learning model. To
validate the method, laboratory testing is performed on 54 concrete specimens with different design mixtures
and bond zone conditions. Variational Mode Decomposition (VMD) is applied to the ultrasonic signals, and
three intrinsic mode functions (IMFs) are extracted from each signal leading to 21 independent features.
Four machine learning algorithms are deployed, namely K-nearest-neighbors, support vector machine, random
forest, and XGB regressors. XGB is found to be the most accurate model, and its hyperparameters are tuned to
optimize the model performance. To improve the method, the features’ importance values are derived, and the
most compelling features for training are identified, which are the third quartile and center frequency of the
first IMF’s instantaneous frequency, and the center frequency and kurtosis of the second IMF’s instantaneous
frequency. The resulting final model was a tuned XGBoost regression model that obtained an R-squared value of
95.5 percent taking the four features as input. For the four selected features, apparent clustering was found at
a bond strength of 3 MPa, ensuring a reliable prediction of quality bond conditions. These results demonstrate
the effectiveness of the proposed model in predicting the bi-surface shear strength of concrete layers based on
ultrasonic testing.
1. Introduction

Many civil applications require a concrete overlay to be retrofitted
to an existing layer of concrete. In accelerated bridge construction
(ABC), concrete is added layer-by-layer in 3D printing, and different
concrete layers are bonded in the connection of prefabricated bridge
decks. A challenge for these construction methods is the bonding
strength of the interfacial transition zone between concrete layers.
High-performance concrete (HPC) is suitable for 3D printing, rehabil-
itation, and fast construction due to its high strength and flowability.
Since HPC shows higher bonding to the substrate than ordinary con-
crete, it is preferable for rehabilitation. The condition of the substrate’s
surface plays an important role in the bonding strength, and surface
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treatments can be applied to improve the bond strength by increas-
ing the friction and adhesion between the layers. Surface treatment
methods include wire brushing the substrate [1,2], using steel con-
nections between the layers, and adding grooves on the substrate
surface [3]. Further, the moisture at the interfacial transition zone can
affect the bond quality adhesion adversely [4]. Hence, to determine the
actual bonding strength, it is essential to conduct destructive or non-
destructive tests due to the multiplicity of influencing parameters, such
as surface treatments and material.

Many destructive test setups have been proposed to evaluate the
bond strength between concrete layers: including slant shear, splitting
prism, pull-off, and bi-surface shear. Zanotti et al. [5] compared tensile
and shear bond strength tests, and found that shear tests are more
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reliable since tensile tests produced scatter results. Momayez et al.
[6] investigated the test accuracy and performance of various bond
strength tests and recommended the bi-surface shear test due to its
acceptable coefficient of variation (COV) and ease of use.

Due to the degradation of bond strength, it is vital to regularly
assess the bonding condition during the service life of a structure to
ensure sufficient concrete bonding. Ultrasound testing (UT) is a Non-
Destructive Evaluation (NDE) method that is suitable for initial strength
estimation, internal defect detection [7], and structural health monitor-
ing (SHM). There are two types of ultrasonic test setups: non-contact
and contact. Non-contact ultrasound testing has some limitations, such
as being expensive and sometimes only applicable in conductive medi-
ums (as for the electromagnetic induction of ultrasonic waves). There-
fore, contact ultrasound testing is more common in concrete materials
due to their relatively low price and ease of use. Conventional ul-
trasonic testing is mainly based on the correlation between the wave
velocity passing through the medium and the compressive strength of
the concrete [8,9]. However, other features considering the shape of
the transmitted wave and the wave energy can produce more precise
strength estimations and are more indicative in damage detection than
the wave velocity [10–15].

Guided wave ultrasonic testing (GWUT) involves the study of more
complex underlying physics by considering the wave’s shape. In GWUT,
a signal with a predetermined wave shape is emitted and the returning
shape is recorded after passing through the medium. Many features can
be extracted from GWUT, such as the energy, amplitude, and attenu-
ation of the wave, or the deformation of the mode shape. However,
some factors may affect the testing results, such as the amount of grease
as couplant [16–18] used to connect the transducer/receiver to the
specimen surface, and the applied pressure to the transducer/receiver
by the user. Due to these challenges, techniques are being developed
that can generate accurate results regardless of the influencing factors.

Huang et al. [19] proposed the empirical mode decomposition
(EMD) method as a self-adaptive signal processing technique that is
advantageous in the analysis of non-stationary signals. This method
can be used to decompose bulk waves into an empirical number of
intrinsic mode functions (IMFs), reflecting the input signals’ intrinsic
information. EMD has many advantages over other time–frequency
signal decomposition algorithms, such as Wavelet Transform (WT). For
instance, it can pass nonlinear modulations in the original signal to
the decompositions. Moreover, the major advantage of EMD is that
mother wavelet functions are derived from the signal itself. Hence,
this adaptive analysis differs from wavelet-based approaches with fixed
mother wavelet functions. However, EMD has disadvantages such as
mode mixing, separated spectral bands, and a random number of modes
generation which is not under the user’s control [20]. Control over the
number of extracted modes is crucial for training a machine learning
(ML) algorithm since the number of inputs depends on the number of
extracted modes from the signals.

Variational mode decomposition (VMD) is a nonlinear/nonstation-
ary signal decomposition algorithm proposed by Dragomiretskiy and
Zosso [21] to improve the disadvantages of EMD. VMD yields better
results than EMD in terms of frequency recovery [22], and it is an
entirely non-recursive method that can be used to decompose bulk
waves into IMFs, where the modes are extracted concurrently. Each
IMF has its center frequency, and the sum of all IMFs can reproduce
the original input signal minus some noise, depending on settings. After
demodulating the original signal, the resulting IMFs have a narrow
frequency bandwidth and are smooth. Since the user of VMD can select
the number of decompositions based on the problem circumstances,
most of the time, it provides fewer decompositions than EMD [23].
Therefore, mode mixing in the VMD method is less likely to occur than
in EMD. The number of modes is optional (adaptive bands) in VMD, and
there is an important relation to Wiener filter denoising. Determining
the number of modes by the user allows for extracting adequate IMFs
2

to be used as input features in artificial intelligence algorithms.
The use of Artificial Intelligence (AI) has become increasingly pop-
ular in civil engineering applications. Machine learning (ML), deep
learning (DP), and fuzzy logic (FL) have been deployed to solve various
correlation problems performing actions such as interpreting, clustering
and classification, reasoning, learning, and decision-making [24–26].
Popular ML algorithms used by academics and the industry are scalable
tree-boosting systems called XGBoost (XGB) [13,27,28]. The scalability
of XGB is due to a novel tree learning algorithm for handling sparse
data and a theoretically justified weighted quantile sketch procedure
for handling instance weights in approximate tree learning. In concrete
technology, XGB has been used to estimate the compressive strength of
concrete and showed acceptable accuracy [29]. Besides XGB, there are
other algorithms such as random forest (RF), support vector machine
(SVM), and K nearest neighbor (KNN). Mousavi et al. [13] investigated
the capabilities of KNN and SVM for wood classification and achieved
high accuracies.

Although several studies have presented methods analyzing results
from tests, such as slant shear, splitting prism, pull-off, and bi-surface
shear, to evaluate the bonding strength between concrete blocks, none
have explicitly developed a machine learning model to predict this
quality using features extracted from nondestructive testing (NDT)
techniques. This paper addresses this shortcoming developing a tech-
nique that leverages ultrasound testing, advanced signal processing,
and machine learning to create a model capable of non-destructively
estimating the bonding strength between concrete blocks.

This paper proposes a systematic feature extraction approach ana-
lyzing ultrasonic bulk waves for ML training to predict the bi-surface
shear strength of concrete layers. In this regard, non-destructive and
destructive tests were conducted on the same samples to measure ultra-
sonic wave signals and to determine the corresponding bond strengths.
The captured wave signals were decomposed using VMD, and features
were extracted from the sub-signals. Machine learning algorithms were
trained to predict the specimens’ bond strength using the extracted
features. As such, the input parameters to the regression models are
the features extracted from the ultrasonic waves, and the target is the
bond strength obtained from destructive bi-surface shear testing. An
optimization study was performed to select the most effective features,
and different machine learning models were deployed to produce the
best model predicting the bi-surface shear strength.

2. Problem statement and objectives

In accelerated bridge construction (ABC), structural retrofitting, and
3D concrete printing, it is vital to assess the bonding quality between
different layers of concrete to ensure structural integrity. Failure of
bonded concrete typically starts from the weakest part of these struc-
tures, i.e., their bonding zone. Hence, the condition of this critical
interfacial transition zone needs to be evaluated throughout their ser-
vice lives. Ultrasonic testing is one of the most effective non-destructive
testing (NDT) procedures and can be used for this purpose. However,
only limited work has been conducted on using UT for concrete bond
strength assessment.

This research aims to provide a high-accuracy model for unsu-
pervised health monitoring of the bonding zone in bonded concrete
structures from non-destructive ultrasonic signals. To this end, VMD
is applied to the ultrasound signals, and the performance of four
machine-learning algorithms is studied. To achieve the most effective
and high-accuracy model for bonding strength prediction, the proposed
method applies wave feature optimization procedures leading to signif-
icantly reduced wave features and highly accurate assessment results.
The research is supported by the laboratory testing of 54 concrete
specimens with various bond zone conditions and concrete mixtures,
and 162 ultrasound tests (three tests for each specimen) are conducted.
To establish the ground truth of the bonding strength, destructive

bi-surface shear testing is performed on all tested specimens.



Construction and Building Materials 403 (2023) 133062P. Khademi et al.
Fig. 1. Specimens with different surface treatment.
3. Materials and sample preparation

For laboratory testing, high-performance alkali-activated slag con-
crete (HPAASC) was used as overlay material on ordinary Portland
cement concrete (OPCC). Using slag as a substitution for Portland ce-
ment is common for research in this field [30,31]. The HPAASC mixture
consisted of sand, ground granulated blast furnace slag (GGBFS), silica
fume, a mixture of sodium hydroxide and sodium silicate solution, a
superplasticizer, and steel fiber. The substitution of GGBFS for cement
makes this concrete eco-friendly since GGBFS is a waste material from
iron production. The mixed sodium hydroxide and sodium silicate
solution work as an activator in the slag hardening process. The sand
content and superplasticizer amount were fixed at 1000 kg/m3 and
27 kg/m3 in all the samples. On the other hand, the silica fume, steel
fiber, GGBFS, activator solution, and surface roughness varied among
the samples. Table 1 lists the deployed range of various concrete design
parameters. The maximum and minimum values are based on typical
practical usage. For instance, we applied a maximum of 12 moles of
sodium hydroxide solution since for high-performance concrete the
molarity of the sodium hydroxide reduces the flowability [3].

The different concrete mixtures were cast on 10 × 15 × 15 cm3

blocks of OPCC in a 15 × 15 × 15 cm3 mold. Therefore, cubic samples
with a dimension of 15 cm at each side, one-third made of HPAASC and
two-thirds made of OPCC, were obtained. The contact surface between
OPCC and HPAASC was investigated for three conditions: untreated,
one-line groove, and three-line groove (see Fig. 1). Hence, the surface
roughness of the bond zone differed across the studied specimens.

4. Test setup

Two different types of tests were carried out: non-destructive and
destructive. One month after sample preparation, ultrasound testing
3

Table 1
The range of the mixed designs parameters.

Variable Minimum Maximum

Slag (kg) 704 836
Silica Fume (kg) 44 176
Steel Fiber (Percent) 0 2
The Molarity of NaOH (mol) 8 12

was performed on the specimens to capture non-destructive ultrasonic
wave signals containing information on the samples’ material proper-
ties. Thereafter, destructive bi-surface shear testing was conducted to
measure their bonding strength (in MPa). The raw ultrasonic signals
were subsequently used as inputs to the ML model, and the mea-
sured bond strengths as the model’s targets. Fig. 2 shows a schematic
overview of the research methodology. Comprehensive details on these
tests are provided in the subsections below.

4.1. Destructive test

In this research, bi-surface shear testing was conducted due to its
acceptable coefficient of variation compared to other test methods. A
schematic of the testing is depicted in Fig. 3(a). As can be seen, the
tested sample was placed on two supports positioned at the bottom
corner sides of the specimen, and a load was applied to a third support
positioned at the top center. The three supports had a width of 5 cm
and a length of 15 cm. A universal testing machine was employed to
apply the load with a maximum capacity of 1000 kN on the top support.
Thereby, the top support provides two shear planes passing through the
OPCC substrate and the bond zone. Since one-third of a test specimen
is made of HPAASC, and two-thirds made of OPCC, the failure may
occur either in the OPCC or the bond zone. As a result, substrate failure
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Fig. 2. The graphical abstract.
occurs when the bond strength is higher than the shear strength of the
substrate. Fig. 3(b) shows the failure of a test specimen at the bond
zone. In the specimens with grooves, the direction of the grooves was
perpendicular to the loading direction. Eq. (1) shows an expression for
calculating shear strength experimentally.

𝜏 = 𝑃
2𝑏𝑑

(1)

where 𝜏 is the bi-surface shear stress, 𝑃 is the applied load, and 𝑏 and
𝑑 are the width and height of the tested specimen, respectively.

OPCC, which had the same mix design in all samples, had a com-
pressive strength of 38 MPa after 28 days. For HPAASC, the design
mixtures varied from sample to sample and the compressive strength
after 28 days was between 94 and 127 MPa.
4

4.2. Non-destructive test

In civil engineering structures, non-destructive testing is typically
performed to detect damage or to determine material properties. As
such, ultrasonic waves can be used to predict the strength of concrete.
In this research, ultrasonic testing (UT) is used to assess the bond
strength between different layers of concrete. In the UT process, a
piezoelectric transducer sends an initial wave, and after the wave passes
through the specimen medium, another piezoelectric sensor (receiver)
receives the signal. Two main issues can affect the UT test results.
First, the amount and type of the couplant material used as a coupling
to bridge the gap between the transducer/receiver and the specimen’s
rough surface allowing transmission of the ultrasonic wave. Therefore,
in this study, all specimens were tested with the same type and amount
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Fig. 3. BSS test configuration.
of couplant. And second, the pressure applied to the transducer and re-
ceiver should be the same for all tests to obtain a consistent connection
to the specimen’s surface. To this end, the transducer/receiver was fixed
to the specimen’s surface by elastic ribbons of the same length. While
aiming to execute standardized testing, in practice, small variations are
unavoidable.

The test setup consisted of a function generator (MEGATEK, MFG-
2205P), a broadband longitudinal piezoelectric transducer with a cen-
ter frequency of 100 kHz, a receiver, an amplifier, and a digital oscil-
loscope (OWON, TDS-7104) to record the longitudinal wave response.
In the testing, the function generator produces the waveform, and the
digital oscilloscope displays the received amplitudes and waveform.
The received signal is weaker than the transmitted signal due to wave
transmission effects in the heterogeneous concrete material as well as
in the bond zone, such as wave attenuation, dispersion, reflection, and
refraction effects. While the initial wave is a longitudinal wave with a
sinusoidal pattern, the received signal is a modulated form of the initial
wave.

As mentioned previously, three types of surface treatment were
studied: without grooves, one groove, and three grooves. Fig. 4 shows
the raw signals of three samples with different surface treatments but
the same concrete mixtures. The aggregates’ different amounts, sizes,
and locations have an influence on wave transmission, and hence,
waveform detection [32]. Therefore, samples with the same concrete
design were selected to minimize the effect of the aggregates. As can
be seen in Fig. 4, the different bond conditions resulted in different
received waveforms. The highest amplitude is related to the specimen
with three grooves due to the higher consistency between concrete
layers.

One of the aims of this article is to construct a model that enables
the prediction of the bonding strength of concrete overlay using imper-
fect ultrasound test results. It is a common practice in data science to
assess the performance of a machine learning model when imperfect
data is available. Moreover, sometimes we intentionally contaminate
the data with various types of noise and uncertainties for two primary
reasons: (1) data augmentation, and (2) assessing the power of a
machine learning model. For example, in the newly added Refs. [33–
35] the authors introduce several uncertainties to the training and test
5

ultrasound signals, such as noise contamination and down-sampling, to
assess the performance of the proposed machine learning algorithm. As
such, we argue that the primary objective of this paper is not to rely
on perfectly acquired data. On the contrary, the aim is to develop a
machine-learning model that regardless of the quality of the recorded
ultrasonic signals, can make satisfactory predictions.

4.3. Features extraction

To relate the specimen’s physical strength to the ultrasound mea-
surements, the measured ultrasonic signals must be interpreted. Vari-
ational mode decomposition (VMD) is an effective signal processing
tool that can be used to decompose an input signal into different
band-limited IMFs. VMD aims to decompose the input signal into a
prespecified number of discrete and narrow-band sub-signals along
with their center frequencies. It is an adaptive signal decomposition
algorithm that can adapt to the original signal characteristics while the
sum of the sub-signals constructs the original signal minus some noise
depending on settings. Fig. 5 showcases an example of an ultrasound
signal that passed through a specimen and then divided into three
IMFs using VMD. Fig. 5(a) shows a received signal used as an input
of VMD, which is further decomposed into three sub-signals as shown
in Figs. 5(b) to 5(d). The first mode (Fig. 5(b)) inherits most of the
characteristics of the raw signal (Fig. 5(a)). On the other hand, the sec-
ond and third modes contain supplementary information representing
high-frequency modulations due to the wave interaction with concrete
aggregates. In this study, VMD was preferred over other decomposition
algorithms due to the following reasons:

1. VMD is capable of computing the center frequency of a signal
while maintaining narrow-band properties aligning with the
current standard IMF definition.

2. Unlike EMD, VMD decomposes the input signal into a prespeci-
fied number of IMFs, making it easy to set up the feature space
for the regression problem of this paper.

3. VMD is also capable of noise cancellation, so in severe cases, the
noise cancellation property of VMD can be adjusted by tuning
the corresponding parameter.
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Fig. 4. Waveforms of samples with different surface treatments.
Intrinsic Mode Functions are defined as amplitude-modulated-
frequency-modulated (AM-FM) signals. Eq. (2) shows the general form
of an IMF considered by VMD:

𝑢𝑘(𝑡) = 𝐴𝑘(𝑡) cos(𝜙𝑘(𝑡)), (2)

where 𝑢(𝑡) is the 𝑘th IMF, 𝐴𝑘(𝑡) is its instantaneous amplitude which is
a non-decreasing function, and 𝛼𝑘(𝑡) is its instantaneous phase.

The 1-D Hilbert transform is the linear, shift-invariant operator that
maps all 1-D cosine functions into their corresponding sine functions.
It is an all-pass filter that is characterized by the following transfer
function:

ℎ(𝜔) = −𝑗 sgn(𝜔) = −𝑗𝜔
|𝜔|

(3)

Thus, the Hilbert transform is a multiplier operator in the spectral do-
main. The corresponding impulse response is ℎ(𝑡). Because convolution
with ℎ(𝑡) is not integrable, the Hilbert transform of a signal is the
convolution integral as below:

ℎ̂(𝑡) = lim
𝜖→0

1
𝜋 ∫

|𝜏−𝑡|>𝜖

𝑔(𝜏)
𝑡 − 𝜏

𝑑𝜏, (4)

where ℎ̂(𝑡) indicates the Hilbert transform of the signal ℎ(𝑡) in which
the limit conforms to the Cauchy principal value [36]. The integral
of Eq. (4) is convergent, and thus the Hilbert transform of (4) exists.

Before applying VMD to a signal, its parameters need to be specified
based on the algorithm developed by the authors of VMD, as presented
in [37]. The function of each parameter and the way of specifying
them are fully discussed in [12,13]. The values assigned to the VMD
parameters in this study are shown in Table 2. As one of the VMD
advantages over EMD, 𝑝 is an integer – the number of IMFs – that the
user can determine based on their extensive domain knowledge.

In this research, after selecting different values for 𝑝, it was noted
that redundant IMFs were extracted from the ultrasonic signals for more
than three decompositions. When 𝑝 was set to a value smaller than
three, only a little information about high-frequency modulation could
be extracted from the signals.

By further analyzing the IMFs, useful features were extracted from
each sub-signal. Each mode has an instantaneous frequency

(

d𝜙(𝑡)
d𝑡

)

which is non-decreasing, varies slowly, and is concentrated around a
central value 𝑓 . The center frequency (𝑓 ) of a mode is computed by
6

𝑐 𝑐
Table 2
VMD parameters.

Parameters Description Specified values

𝑝 Number of IMFs 3
𝛼 Denoising factor 1
𝜏 Time interval 0.1
𝜖 Convergence threshold 10−6

𝑖𝑛𝑖𝑡 Center frequency initializer 0
DC Boolean parameter 0

(5) through iterations:

𝑓𝑐
𝑛+𝑘
𝑘 =

∫ ∞
0 |𝑈𝑛+𝑘

𝑘 (𝑓 )|2𝑓𝑑𝑓

∫ ∞
0 |𝑈𝑛+𝑘

𝑘 (𝑓 )|2𝑑𝑓
≈

∑

𝑓 |𝑈𝑛+𝑘
𝑘 (𝑓 )|2

∑

|𝑈𝑛+𝑘
𝑘 (𝑓 )|2𝑑𝑓

, (5)

where 𝑓𝑐 is the 𝑘th center frequency, 𝑈𝑛+𝑘
𝑘 (𝑓 ) is the Fourier transform of

the 𝑘th mode calculated in the (𝑛+1)th iteration. The kurtosis, variance,
and skewness of an IMF’s instantaneous frequency were calculated and
taken as features through (6), (7), and (8), respectively:

𝐾 =
𝜇4
𝜎4

, (6)

where 𝜇4 is the fourth central moment, and sigma is the standard
deviation.

𝑆2 =
∑

(𝑦𝑖-𝑦̂)2
∑

𝑛 − 1
, (7)

where 𝑦𝑖 is the value of the 𝑖th observation, 𝑦̂ is the mean value of all
observations, and n is the number of observations.

𝜇̃3 =
∑𝑁

𝑖 (𝑦𝑖-𝑦̂)3

(𝑁 − 1)𝜎3
, (8)

where 𝑁 is the number of variables in the distribution. In addition, the
first, second, and third quartiles of each IMF’s instantaneous frequency
were also taken as features. As a result, seven features were obtained
from each IMF.

As mentioned above, our preliminary studies showed that decom-
posing the bulk signal into less than three sub-signals results in missing
information about nonlinear modulations in the signal. On the other
hand, more than three sub-signals generated redundant information.
Therefore, the optimal number of IMFs for this study was chosen as
three. This is compatible with the results in [12,13]. Hence, overall, 21
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ndependent features (3 IMFs 𝑥 7 features) were extracted from each
riginal bulk ultrasound. To investigate whether all these features are
ssential, and to optimize the algorithm, we applied feature engineering
o find the optimal number of features.

. Machine learning results

Machine learning algorithms were employed to establish a correla-
ion between the extracted features and the mechanical bond strength
f the tested specimens. 54 signals resulting from the test samples were
nvestigated. From each signal, 21 features were extracted and used as
nput vector for four machine learning models, i.e. RF, KNN, SVM, and
GB models. The deployed algorithms were subsequently evaluated to

ind the best-fitted model.
The box and Whisker plot of Fig. 6 shows the distribution of

he extracted features. These features are the inputs of the machine
earning algorithms, and the bi-surface shear strength is the output.
he samples are made of ordinary Portland cement concrete (OPCC)
s the substrate and high-performance alkali-activated slag concrete
HPAASC) as the overlay layers. The OPCC had the same mix design in
ll samples, and its compressive strength after 28 days was 38 MPa. It
s worth noting that the design mixture of HPAASC varies from sample
7

to sample. As such, the compressive strength of the HPAASC concrete
after 28 days was between 94 and 127 MPa.

Comparing the accuracy of the trained models showed that XGB
achieves the best performance among all models. XGB is based on
gradient-boosting on parallel trees and combining the results [38]. XGB
is easier to use for tabular structured data as opposed to deep learning,
which performs better on non-structured data such as images. Eq. (9)
shows the objective function of XGB for finding the function 𝑓𝑡 to be
fitted on data at the 𝑡th iteration of running the algorithm:

𝑅(𝑡) =
𝑛
∑

𝑖=1
𝑟
(

𝑦𝑖,𝑦̂
(𝑡−1)
𝑖 + 𝑓𝑡(𝑥𝑖)

)

+ 𝜔(𝑓𝑡), (9)

here 𝑟 is the XGB’s loss function, 𝑦𝑖 and 𝑦𝑖 are real and predicted
alues, and 𝜔 is a penalty factor calculated from Eq. (10) as follows:

(𝑓𝑘) = 𝛾𝑇 + 1
2
𝜆‖𝑤‖

2, (10)

Variables of XGB include learning rate, max depth, and the number
of estimators. Each parameter affects the accuracy of the XGB regressor.
Therefore, they need to be tuned to optimize the model’s performance.
Table 4 shows the variables range used in iterations. A small learning
rate may result in finding a local extremum of the graph, whereas the
global extremum may not be found by choosing a big learning rate.
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Fig. 6. Box and Whisker plot of the normalized features.
Table 3
Time–frequency features extracted from the ultrasonic test results.
Feature number Designation Feature number Designation

𝑥1 First quartile of IFIMF1 𝑥12 Kurtosis of IFIMF2
𝑥2 Second quartile of IFIMF1 𝑥13 Skewness of IFIMF2
𝑥3 Third quartile of IFIMF1 𝑥14 Center frequency of IMF2
𝑥4 Variance of IFIMF1 𝑥15 First quartile of IFIMF3
𝑥5 Kurtosis of IFIMF1 𝑥16 Second quartile of IFIMF3
𝑥6 Skewness of IFIMF1 𝑥17 Third quartile of IFIMF3
𝑥7 Center frequency of IMF1 𝑥18 Variance of IFIMF3
𝑥8 First quartile of IFIMF2 𝑥19 Kurtosis of IFIMF3
𝑥9 Second quartile of IFIMF2 𝑥20 Skewness of IFIMF3
𝑥10 Third quartile of IFIMF2 𝑥21 Center frequency of IMF3
𝑥11 Variance of IFIMF2 – –
Table 4
XGB optimization.

Variable Minimum Maximum Optimal value

Learning rate 0.01 0.2 0.1
Max depth 1 15 3
Number of estimator 10 1000 100

Wrong max depth and the number of estimators can either decrease the
accuracy of the models or cause over-fitting. Therefore, tuning these
hyperparameters enhances the model accuracy [39]. The optimized
value for the learning rate, max depth, and the number of estimators
was evaluated as 0.1, 3, and 100, respectively.

Table 5 shows the R-squared of each model. The R-squared was
computed as follows:

R-squared = 1 − SS
TS (11)

here SS is the sum of squares of residuals and TS is the total sum of
quares.

The dataset was shuffled and split into four control volumes (CV),
nd the accuracy pertaining to each CV was reported. The accuracy of
GB was higher than other algorithms, so we chose to tune the XGB
odels’ hyperparameters. After the tuning process, the highest accu-

acy among the models belonged to the optimized XGB (see Table 6).
ig. 7 shows the loss functions of each fold to monitor the possibility
f overfitting. They show a continuous decrease in the loss value of
he validation data and no divergence between train and validation
ata is detected. Therefore, the optimized XGB model was selected
or the feature engineering process in the next section. In addition,
ig. 8 shows the accuracy of the model with respect to the training
ata volume which proves that the training dataset was adequate due
o the adequate increase in test data accuracy.

.1. Feature engineering

From the extracted 21 features, several selected features are directly
orrelated with accuracy, and ease of use and have reverse relations
8

Table 5
The statistical evaluation metrics of the models with randomly selected hyper-
parameters.

Model name First CV Second CV Third CV Forth CV Final accuracy

RF (R2) 0.72 0.85 0.93 0.81 0.83
RF (MSE) 0.0096 0.0106 0.0112 0.0024 0.0085

KNN (R2) 0.66 0.75 0.91 0.74 0.77
KNN (MSE) 0.0151 0.0415 0.0191 0.0079 0.0209

SVM (R2) 0.37 0.78 0.94 0.60 0.67
SVM (MSE) 0.0239 0.0390 0.0340 0.0149 0.0280

XGB (R2) 0.87 0.76 0.92 0.90 0.87
XGB (MSE) 0.0031 0.0039 0.0100 0.0013 0.0046

Table 6
The statistical evaluation metrics of the models with optimized hyper-parameters.

Model name CV1 CV2 CV3 CV4 Final accuracy

Optimized RF (R2) 0.87 0.92 0.85 0.97 0.90
Optimized RF (MSE) 0.0177 0.0305 0.0194 0.0261 0.0234

Optimized KNN (R2) 0.87 0.93 0.78 0.96 0.88
Optimized KNN (MSE) 0.0468 0.0638 0.0589 0.0302 0.0499

Optimized SVM (R2) 0.78 0.74 0.57 0.91 0.75
Optimized SVM (MSE) 0.0685 0.1103 0.0833 0.0487 0.0777

Optimized XGB (R2) 0.88 0.97 0.99 0.95 0.95
Optimized XGB (MSE) 0.0017 0.0036 0.0068 0.0011 0.0033

with model complexity. Therefore, there is a need to find the most
important features and then select the optimal feature number. To this
end, the effect of each feature on the estimated target was investigated.
The importance of a feature is defined as the total number of times
that the feature was selected for a leaf node production in the XGB
algorithm. Fig. 9 presents the calculated importance of each feature
using the Permutation importance method. Based on this method, the
evaluation of the model based on all features is calculated to be the base
accuracy. Then, each feature will be shuffled randomly one by one, and
the model performance is re-evaluated for each case. After comparing
the base accuracy with the obtained one, the decrease in the accuracy
will be considered and resulted in the importance of each feature.
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Fig. 7. The loss value (MSE) of train and validation datasets during 100 epochs of training.
he advantages of this method are not to rely on data distribution
nd the ability to identify the features that cause overfitting. From
he importance, the features were subsequently sorted based on their
nfluence on the regression model. Then, the features were added to
he selected features’ category one at a time, starting with the most
mportant feature.

Since the value of R-squared depends on the number of features in
model [40], another metric termed R̄-squared is usually evaluated

or comparing models with different numbers of features. Since the
umber of features differed in each step, the R̄-squared of the model
onstructed from the selected features were considered. The R̄-squared
as computed as follows:

̄ -𝑠𝑞𝑢𝑎𝑟𝑒𝑑 = 1 −
[

(1 − R2)(𝑛-1)
(𝑛-𝑘-1)

]

(12)

Fig. 10 displays the calculated R̄-squared. With the use of R̄-squared,
he redundant features now have a negative effect on the accuracy. As
result, the optimal number of features with which the model has the
ighest accuracy could be identified. Fig. 10 indicates that less than
hree variables resulted in very low accuracy, while more than four
eatures were redundant and unnecessary. As such, four features were
dentified as the optimal features, including the third quartile of the
irst IMF’s instantaneous frequency (𝑥3), the center frequency of the
irst IMF (𝑥7), the kurtosis of the second IMF’s instantaneous frequency
𝑥12), and the center frequency of the second IMF (𝑥14).

The Pearson correlation for all features (Fig. 11) and the variance
9

nflation factor (VIF) for the selected features (Table 7) implies that
there is a level of collinearity between variables x7 and x14. This would
have been an issue if the purpose of this paper was to interpret the
effect of each of those variables on the model performance individually.
However, since the primary goal of this paper is to perform prediction,
we have not focused on the correlation properties of the features. A
similar approach was taken in other studies such as [41].

Moreover, it is known that the XGB as a tree-based ensemble algo-
rithm is robust to the negative effects of the multicollinearity among
features as evidenced by findings of [42]. The identified correlated
features (x7 and x14) exhibit a level of interaction between one an-
other. This interaction is leveraged by the XGB model to improve the
quality of predictions. For example, by adding the feature x7 to the
model the adjusted-R2 has significantly improved from 0.58 to 0.94.
This is evident from Fig. 10 where the vertical portion of the plot clearly
indicates the significance of the selected variables in improving the
regression model’s performance.

Fig. 10 shows a recursive feature elimination using the ‘‘Yellow-
brick’’ library in Scikit-learn. The graph shows the adjusted-R2 of the
model performance across different folds. The solid line represents the
mean value of the obtained R2 across different folds using recursively
adding the number of most important optimal features. The standard
deviation of the model performance is shown as a shadowed line. As
such, we can see that the number of four features is selected as the

optimal number of features.
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Fig. 8. Learning curve.
Fig. 9. Feature importance.
Table 7
VIF values of the selected features.

Feature’s name VIF value

x3 2.7
x7 30.3
x12 3.7
x14 27.6

5.2. Discussion on machine learning results

We further summarize the procedures followed thus far. In the first
step, the bulk signal was decomposed into an optimal number of IMFs,
i.e., three. Then, seven features were extracted from each IMF to build
a vector of inputs with twenty-one features. Several machine learning
models, namely, RF, KNN, SVM, and XGB were developed, and their
accuracies were compared to each other. As a result, XGB yielded the
best performance and highest accuracy among all the models. Then,
The hyperparameters of the XGB model were tuned, and the model
was optimized. In the next step, the tuned XGB was deployed to
select the most descriptive features and to find the optimal number of
features through multiple iterations. Consequently, four features were
introduced, namely, 𝑥3, 𝑥7, 𝑥14, and 𝑥12 (see Table 3).

Figs. 12(a) and 12(b) show the value of 𝑥3 and 𝑥7 versus the bond
10

trength, respectively. The vertical axes show the related bi-surface
shear strength. When the bi-surface shear strength is evaluated at more
than 3 MPa, both 𝑥3 and 𝑥7 exceed 0.09. This large difference between
the features’ values is the key to the bond condition clustering. The
value of these features can therefore be used to distinguish between
quality and poor bond conditions. Figs. 12(c) and 12(d) show the
values of 𝑥12 and 𝑥14 versus the bond strength, respectively. Since these
features are of close values, they are not easily separable. On the other
hand, the boundary between the quality and poor bond conditions
is more apparent in Fig. 12(d) than in Fig. 12(c), even though they
are both extracted from the exact (second) IMF. The reason explained
by other researchers [43–45] is that the inhomogeneity increases the
chance of the initial wave encountering a scattered wave. This can
be explained by nonlinear high-frequency modulations of the ultra-
sonic wave, interacting with non-linearity and micro-cracks, primarily
reflected in the second IMF’s statistical features.

Fig. 13 shows the regression error characteristics (REC) curve. The
area under the curve (AUC) presents the performance of the regression
model. The high value of AUC = 0.855 indicates that the tuned XGB
model is highly generalizable [46,47]. The value of the area over the
curve (AOC) for the tuned XGB model is calculated as 0.11. This value
indicates the adequacy of the model’s complexity and the number of
selected features. For further details about the background theories of
the ROC curves, the readers are referred to [48,49].

Fig. 14(a) shows the range of actual and predicted data. The abso-

lute error for each sample is shown in Fig. 14(b). The error is calculated
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Fig. 10. The recursive feature elimination method to find the optimal number of features.

Fig. 11. Pearson correlation coefficients of the features.
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Fig. 12. The selected features values, (a) Third quartile of the first IMF’s instantaneous frequency (𝑥3), (b) Center frequency of the first IMF (𝑥7), (c) Kurtosis of the second IMF’s
instantaneous frequency (𝑥12), and (d) Center frequency of the second IMF (𝑥14)
Fig. 13. The regression error characteristic curve.

based on the standardized actual and predicted data. The error means
and standard deviation are −0.022 and 0.091, respectively.

A Taylor diagram, depicting the performance of the different ma-
chine learning method investigated in this paper, is presented in
Fig. 15. The Taylor diagram provides a concise summary of how well
patterns match [50]. The presented graph shows the standard deviation
of the predicted target resulting from each model and their correlation
12

coefficient, i.e., the regression coefficient. The coefficient of correlation
of 1 for the reference point corresponds to the actual data obtained in
the experiment. The model with the closest point to the reference point
bears the best performance among all the models. Here, the XGB model
with the tuned hyperparameters exhibits the best performance.

6. Conclusions

In this paper, a model was proposed for estimating the bond
strength of the interfacial transition zone between concrete layers based
on ultrasound testing. To test the method, ultrasonic tests and bi-
surface shear tests were conducted on layered concrete specimens with
different design mixtures and bond zone conditions. It is hypothesized
that ultrasonic signals contain information about the concrete material
and the bond zone condition from interactions with the material in
the form of low- and high-frequency modulation. To retrieve this
information, the Variational Mode Decomposition (VMD) algorithm
was employed to demodulate the raw ultrasound signal into a pre-
specified number of low- and high-frequency sub-signals (IMFs). 21
features were extracted from the optimal number of IMFs, i.e., three.
Four different machine-learning algorithms were constructed using the
extracted features as input parameters. The accuracies of the models
were compared to each other, and the best model with the highest
testing accuracy was obtained. The key findings of this study can be
summarized as follows:

1. The optimal number of IMFs for signal decomposition is three.
2. There are four optimal features to interpret the characteristics of

the modulated signal based on the feature’s importance, includ-
ing the third quartile of the first IMF’s instantaneous frequency
(𝑥3), the center frequency of the first IMF (𝑥7), the center fre-
quency of the second IMF (𝑥14), and the Kurtosis of the second

IMF’s instantaneous frequency (𝑥12).
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Fig. 14. The range of actual and predicted normalized bond strength and corresponding error.
Fig. 15. Taylor diagram representing the performance of the different machine learning models.
3. The optimized XGB bore the highest R2 accuracy compared to
all the other models, i.e., the RF, KNN, SVM, and standard XGB
regressor with an R-squared value equal to 95.5 percent.

4. Specimens with the 𝑥3 > 0.09, 𝑥14 > 0.495, and 𝑥7 > 0.1 had
acceptable bond shear strength. Hence, to ensure that the bond
zone is in good condition, a feasible space must be constructed
based on the boundaries defined by the above-mentioned fea-
tures.

To optimize the method, the number of 21 independent features
proposed in this paper was further reduced to four features to train
13
the optimal model. The identified features are found to be insen-
sitive to the transducer’s pressure and couplant amount. Therefore,
they can reliably be used for predicting the bond strength of the
specimens. These results show the efficiency and robustness of the
proposed model in estimating the bond strength condition in bonded
concrete based on ultrasonic testing. While this research investigated a
wide range of high-performance alkali-activated slag concretes, other
research should be conducted on other types of high-performance
concretes. In addition, this research used a bi-surface shear test for bond
strength evaluation. As such, future work can explore the effectiveness
of alternative experimental tests for bond condition evaluation.
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