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2D CNN-based concrete stress monitoring
using impedance signals of capsule-like smart aggregate
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Abstract. This study aims to develop a 2D CNN deep learning model processing electromechanical impedance (EMI)
responses of a capsule-like smart aggregate (CSA) sensor for monitoring stress variation in concrete structures. The following
approaches are conducted to obtain the objective. Firstly, an overall scheme of the proposed method is presented. An EMI
measurement model is theoretically presented for a CSA sensor embedded in a concrete cylinder under compressive loadings. A
2D CNN model is designed to learn and classify stress-sensitive features from CSA’s EMI responses. Secondly, a CSA-
embedded concrete cylinder is experimentally investigated to record the EMI signals of the cylinder under a series of
compressive stress levels. Thirdly, the performance of the 2D CNN model is investigated for noise-contaminated data sets as
well as untrained stress-EMI scenarios. Finally, the accuracy of the proposed 2D CNN model is analyzed by comparatively

discussing with a well-established 1D CNN model.

Keywords:
sensor; smart aggregate; stress and damage monitoring

compressive testing; concrete structure; convolutional neural network; impedance-based method; PZT

1. Introduction

Concrete structure undergoes local damage or
degradation during service life. Therefore, it is essential to
monitor stress level and damage status in the structure as a
pre-requisite process to avoid the risk of major failure
induced by the local damage (Khan ef al. 2020, Smolana et
al. 2021).

Various non-destructive testing (NDT) methods have
been proposed for stress and damage monitoring in concrete
structures, including X-ray scanning (Suzuki et al. 2017),
fiber-optic sensors (Tan et al. 2021), strain gauge sensors
(Sun et al. 2020), cement-based sensors (Lee et al. 2020),
and vibration-based approaches (Pham et al. 2024, 2025).
Among these, strain gauges are widely used due to their
high accuracy in capturing static or slowly varying stress
states. However, they typically require complex wiring, are
sensitive to environmental factors, and have limited
effectiveness in dynamic conditions. The EMI technique
has recently been popular because of its benefits in high
sensitivity to dynamic stress changes, fast response over a
wide frequency range, and dual functionality as both
actuator and sensor. It is also cost-effective and easy to
integrate into concrete structures (Na and Baek 2018). The
method utilizes PZT sensors to interact with structures,
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providing information about the local characteristics of the
examined area (Liang et al. 1994). Surface-mounted PZT
sensors could detect local damage but were less sensitive to
inner concrete damage (Lim et al. 2016, Narayanan et al.
2018). Song et al. (2008) developed an EMI-based smart
aggregate (SA) technique to reduce the effect of noisy
ambient conditions and temperature variation on PZT
sensors. The SA sensors have been applied to monitor
strength development, compressive stress, and internal
damage in concrete structures (Pham et al. 2021a, b, Li et
al. 2023). Pham et al. (2022) proposed a new SA technique,
so-called capsule-like smart aggregate (CSA), with pre-
determined frequency ranges for EMI response sensing. The
EMI signals recorded from the CSA sensors could directly
represent the change in concrete stress as well as the
occurrence and development of local damage near the
Sensors.

The main issues for the SA-based structural health
monitoring involve managing the multiple stages of data
collection, processing the collected information, and
accurately assessing the occurrence and severity of
structural damage. So far, the EMI features such as root-
mean-square deviation (RMSD) and cross-correlation
deviation (CCD) have been commonly utilized for
estimating stresses and identifying damage severities in
structures. However, the conventional multi-step process
requires the rigorous process of feature extraction to
guarantee the accurate estimation of stress and damage
quantitatively (Sun et al. 1995, Zagrai and Giurgiutiu
2001). False damage alerts could be led by the biased
selection of EMI features mainly due to insufficient
analyses and wrong decisions influenced by human
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interference. As a challenging issue, therefore, the selection
of sensitive frequency bands and meaningful EMI features
has a critical effect on the accuracy of the estimated results
(Park et al. 2003, Min et al. 2010).

In order to overcome the above-mentioned challenge in
the traditional multi-step process, an autonomous process of
EMI feature extraction should be implemented for the SA-
based damage monitoring. In recent years, deep learning
techniques have been effectively employed to assess
structural conditions (Abdeljaber et al. 2018, Yuan et al.
2020, Nguyen et al. 2021, 2023). Researchers have
integrated CNN-based deep learning algorithms with EMI
signals for assessing bolt-loosening status in steel structures
(Nguyen et al. 2023) and detecting sensor failures (Nguyen
et al. 2021). A few studies have attempted combining CNN
algorithms with EMI techniques to assess the integrity of
concrete structures (De Oliveira ef al. 2018, Ai et al. 2022,
Nguyen et al. 2022). Nguyen et al. (2022) developed a 1D
CNN model to automatically process and extract features
from raw EMI responses for monitoring damage in a pre-
stressed reinforced concrete beam. Lately, Ta et al. (2024a)
designed a 1D CNN deep regression learning model for
concrete stress monitoring via processing raw EMI
responses measured by the SA sensors. Stresses in SA-
embedded concrete cylinders could be automatically
estimated with high accuracy, even under noise effects and
missing data.

By extracting local patterns along a single dimension,
the above-listed research works have demonstrated that 1D
CNN was effective for sequential data such as time-series
or frequency-series sensor signals. In contrast, 2D CNNs
are designed for grid-like data where filters slide across two
dimensions to capture spatial relationships and hierarchical
features. This spatial capability allows 2D CNNs to
preserve the arrangement of features, capture complex
patterns, and exploit correlations both within and across
channels. Their ability to learn hierarchical features makes
them powerful for tasks requiring spatial understanding
such as pattern recognition. Leveraging the advantages of
2D CNN for impedance sensor signals is promising for
improving both training efficiency and prediction accuracy.
In this study, a 2D CNN deep regression learning model is
investigated for the CSA sensors to effectively process EMI
responses for concrete stress monitoring. The following
approaches are implemented to achieve the goal. Firstly, the

overall scheme of the proposed method is presented. The
2D CNN model is designed to process CSA’s EMI
responses for estimating concrete stress. Secondly, the
compression experiment on a CSA-embedded concrete
cylinder is carried out to record EMI responses under
different applied stresses. Thirdly, the performance of the
developed model is investigated under the effect of noise-
contaminated EMI and untrained stress-EMI scenarios.
Finally, the 2D CNN model is comparatively evaluated to
the 1D CNN model regarding to learning performance and
testing accuracy on stress estimation to demonstrate the
effectiveness of the proposed approach.

2. Methodology

2.1 Scheme of CSA-based concrete stress
monitoring via 2D CNN model

Fig. 1 illustrates the scheme of CSA-based concrete
stress monitoring via 2D CNN model. It has three main
stages: acquisition of EMI databank, development of 2D
CNN model for stress estimation, and evaluation of 2D
CNN model.

In the first stage, a databank is constructed for stress
estimation by acquiring raw EMI signals and their matching
structural conditions (e.g., stress levels and damage
severities) of CSA sensors embedded in concrete cylinders.
In the second stage, a 2D CNN model is designed for
extracting hidden features of the collected EMI signals and
deep learning the input EMI features corresponding to the
output stress values. The accuracy of the CNN model is
evaluated by comparing the estimated output values with
the actual values. In the final stage, the performance of the
2D CNN model is evaluated for two practical situations of
the CSA-embedded concrete structure. At first, the accuracy
of stress estimation is evaluated for noise-contaminated
EMI scenarios. Next, the accuracy of stress estimation is
evaluated for untrained stress-EMI scenarios.

2.2 CSA-based EMI technique

Fig. 2 shows the scheme of the CSA-based EMI
concrete stress monitoring technique. The technique allows
monitoring of EMI responses via CSA sensors embedded in
concrete structures. The structural design of the capsule-like
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Fig. 2 CSA-based EMI concrete stress monitoring technique: (a) CSA sensor; (b) 2-DOF impedance model;
(c) Behavior of CSA sensor embedded in concrete structure under compression

smart aggregate (CSA) sensor allows it to operate
effectively in multiple directions. The directional sensitivity
has been verified in our recent studies (Pham ef al. 2022, Ta
et al 2024b, c¢), which evaluated CSA performance under

electric current is measured and then it is used to calculate
the EMI. The EMI Z(w) is a function of the structural-
mechanical impedance of the PZT sensor and that of the
CSA-concrete structure
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both axial and lateral stress conditions.

Fig. 2(a) shows a CSA sensor oriented to the x-axis (x-
CSA) in the concrete cylinder. The x-CSA sensor is formed
by assembling a vibrating interface (21 x 21 x 1.5 mm)
extended wall frame thickness of 2 mm and two aluminum
cover plates (25 x 25 x 2 mm) (Pham et al. 2022). In the
interface, a PZT patch (10 x 10 x 0.51 mm) is surface-
mounted in the middle of the vibrating interface. The PZT
interface is designed to sense its flexural vibration
responses with respect to the PZT sensor’s deformation
along the x-axis. The cover plates aim to protect the PZT
sensor and vibrating interface during concrete curing.

The capsule-like smart aggregate (CSA) offers several
key advantages over surface-mounted PZT sensors. The
vibrating interface enables frequency control and
sensitivity, enabling more consistent signal interpretation.
The aluminium capsule provided strong mechanical
protection, reducing the risk of damage during construction.
Being embedded within the concrete allowed CSA to couple
with internal stress zones and improve sensing accuracy.
The CSA sensors cannot be easily replaced after
installation; however, the performance of the embedded
PZT is ensured by the capsule structure.

As shown in Fig. 2(b), the 2-DOFs impedance model
represents the coupling system of the CSA and concrete
structure (Pham et al. 2022). The inverse piezoelectric
effect converts electrical energy into mechanical energy.
Due to inverse piezoelectric effect, and input harmonic
voltage induces a deformation of PZT. At the same time, the

where the variables wy, ¢, and [, is the dimensions of the
piezoelectric patch in terms of width, thickness, and length,
respectively; &I, denotes the complex dielectric constant
of at zero stress; Zs(w) = 171E1wptp /(jwly) represents the
structural-mechanical impedance characteristics of PZT; d3,
represents the PZT’s constant in one direction at zero stress;
YE is Young’s modulus of the PZT sensor under the field
condition at the zero electric. It is clear that the EMI’s real
part, Z(w), contains both the structural-mechanical
impedance of the PZT patch (Z,(w)) and of the CSA-
concrete structure (Zy( @)), as shown in Eq. (1). When the
properties of PZT remain constant, external effects on host
structure would affect the impedance responses of the
CSA—concrete structure. Thus, the changes in structure
characteristics induced by stress or damage could affect the
measured EMI signatures.

Fig. 2(c) shows the behavior of the x-CSA sensor
embedded in the concrete structure subjected to
compressive stress, oy . The stress-strain responses
occurred in the sensor due to the effect of compressive
stress in the concrete structure. Specifically, the x-CSA
sensor’s vibrating interface is subjected to a compressive
deformation in the x-direction (see cut plan A-A).
Meanwhile, other surfaces of the x-CSA sensor (i.e., z- and
y-directions) tend to expand under tensile stress or
induced by the effect of Poisson’s rule (see Fig. 2(c)). The
expansion of the vibrating plate induced by the tensile stress
produces the change in structural impedance which can be



26 Quoc-Bao Ta, Ngoc-Lan Pham, Quang-Quang Pham and Jeong-Tae Kim

measured by EMI responses from the PZT patch in the
vibrating plate. The increment of the applied stress on the x-
CSA-embedded concrete structure could cause the leftward-
shifting trend of EMI responses.

2.3 Databank of EMI signals

2.3.1 Data configuration for noise-contaminated
EMI scenarios

EMI signals may undergo changes due to diverse factors
like sensor configuration and temperature variation (Jalloh
2005). In order to account for all these variables,
comprehensive experiments should be conducted with
challenges and expenses. Thus, employing data
augmentation emerges as a viable substitute for considering
the realistic measurement conditions of the analyzed
structure. A prevalent method of data augmentation is to
involve Gaussian noise in the recorded EMI signals, as it
effectively represents typical electronic and environmental
interference and provides a statistically sound basis for
testing model robustness.

Fig. 3 illustrates the data configuration for noise-
contaminated EMI scenarios. The performance of the 2D
CNN-based stress estimation model is evaluated via
training, validation, and testing sets generated from the
measured impedance-stress databank. For each applied
stress level, EMI responses are recorded with four
ensembles to assure the signal’s reliability in impedance
measurement method. To construct the training set, the first
two ensembles are added Gaussian noise with standard
deviations of 0%, 1%, 2%, 3%, 4%, and 5% of the signal
amplitude. The third ensemble is used to track the
overfitting status during the training procedure (Salman and
Liu 2019). To construct the testing set, noise levels ranging
from 1% to 16% are injected into the last ensemble of each
stress level, with a 1% increment. Note that Section 4.1

Stress-EMI databank

demonstrates the noise-contaminated EMI data and the
evaluation of the 2D CNN model

2.3.2 Data configuration for untrained stress-EMI

scenarios

A well-designed deep learning model should perform
well even when trained with small data (Min et al. 2010).
However, CNN-based deep learning techniques used to lack
of stability and accuracy when they were trained with
limited data (Melville et al. 2018). Thus, the performance of
the 2D CNN model is evaluated for untrained stress-EMI
scenarios by reducing the amount of training data in the
dataset.

As shown in Fig. 4, the first two ensembles (among four
ensembles) are added with noises (with standard deviation
from 0% to 5% of signal magnitude) to generate a training
dataset for the 2D CNN model. The third ensemble of each
applied stress level is utilized to validate the model. The last
ensemble of each level is added noises with a standard
deviation from 1% to 5% of signal magnitude to construct
the testing set. Two scenarios are established to investigate
the effect of untrained data on the 2D CNN'’s performance.
In the first scenario, the data for training and validating 2D
CNN model, so-called training and validating set 1, is
established by excluding the stress level S2 (among eight
levels S1-S8). In the second scenario, the data for training
and validating the model, so-called training and validating
set 2, is established by excluding the stress levels S2 and
S4. Note that Section 4.2 demonstrates the untrained EMI-
stress data and the evaluation of the 2D CNN model.

2.4 Design of 2D CNN architecture
As shown in Fig. 5, a 2D CNN-based deep learning

model was designed to estimate stress-EMI regression of
CSA-embedded concrete structures. The architecture of the
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Fig. 5 Architecture of 2D CNN deep learning model using EMI signals measured by CSA sensor

proposed 2D CNN model was built based on the previous
well-known model with adjusting hyper-parameters guided
by the study (Lecun et al. 1998, Zhang and Wallace 2015).
As presented in Appendix A, a preliminary study had been
conducted to determine a proper architecture. Three variants
of the 2D CNN architectures (M1-M3) were investigated
and compared in terms of their training efficacy. Based on
the comparative analysis, the most effective architecture,
M3, was selected for concrete stress estimation.

The 2D CNN architecture includes three parts: an input,
hidden layers, and an output. In the 1D CNN approach, the
EMI signal—consisting of 225 data points—is input as a
one-dimensional array of shape 225 X 1. For the 2D CNN,
we reshape this same 225-point signal into a 15 x 15 x 1
matrix. The resulting format allows the 2D CNN model to
exploit spatial correlations within the EMI signal, which is
not feasible with a purely sequential (1D) approach. Firstly,
the input of the 2D CNN deep learning model receives 15 X
15 x 1 (height x width x channel) input data. Each input
signal has 225 measurement points within its frequency
band.

More information regarding to the measured EMI data
can be found in Section 3.3. Secondly, the hidden layers
include three Conv layers with three ReLU layers, two
Maxpool layers, one global average pooling (GAP) layers
(Lin ef al. 2013), a Fc layer, and a Regression output layer.
The total training parameters of the 2D CNN model are
6067 parameters. The layer properties of the 2D CNN
layers are described in Table 1. The functionality of Conv,
ReLu, and Maxpool layers is found in the study
(Goodfellow et al. 2016). The GAP layer, followed by the
Maxpool layer, is to average feature maps. The Fc layer
combines and transforms feature maps into lower-
dimensional representations suitable for the Regression
layer. Finally, the output from the regression layer will be a
stress value estimated in MPa unit.

The loss function in Eq. (2) represents the mean
absolute error (MAE) of the regression layer. In the

Table 1 Layer properties of 2D CNN layers

No. Type Depth Filter Stride  Padding
1 Convl + ReLu 18 3x3 1 Same
2 Conv2 + ReLu 18 3x3 1 Same
3 Maxpooll - 2x2 2 -

4 Conv3 + ReLu 18 3x3 1 Same
5 Maxpool2 - 2x2 2 -
6 GAP - - - -
7 Fcl 1 - - -
8 Regression - - - -

equation, the N signifies the total data, ¢_i and ¢” i (unit in
MPa) denote the estimated stress and the actual stress for
the ith data. The root mean square error (RMSE) index is
calculated by Eq. (3) to evaluate the accuracy of the trained
2D CNN regression model on the testing dataset. The
RMSE indicates the estimation error in terms of stress
monitoring, by measuring the average of the squares of the
errors between the estimated stress and the actual stress.
Both the loss and RMSE values have units of MPa. Lower
values indicate higher accuracy and better performance of
the model in predicting stress.

N
1 N
Loss = Nzlai - 0; 2)
i=1
1% ’
RMSE = ﬁz(ai - 6) 3)
i=1

2.5 Statistical index for damage classification

The CCD and RMSD index can be used as a damage
metric index to quantify the change changes in the
impedance signals

CCD=1-——E(lz, - 21z -2 ()
0707
N N
RMSD(2,27) = |} [2*(@) = 22/ ) [Z(@)? ()
i=1 i=1

The alarming threshold is determined by the upper
control limit (UCL) as follow
UCL=u+30 6)
where E[.] is expectation operation; Z(w;) is the measured
impedance signals; (*) denotes the damage state; u and o
are mean and standard deviation of the damage index
dataset.

3. Experimental test

3.1 Fabrication of CSA-embedded concrete
cylinder

Fig. 6 shows the fabrication process of a CSA-
embedded concrete cylinder. A CSA fabrication process is
detailed in a published work (Pham et al. 2022). The CSA
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was placed at the location of a standard plastic cylinder
mold (with a size of 100 x 200 mm). One CSA was oriented
with the planar surface of the PZT parallel to the applied
force under compression, and it was called an x-CSA
Sensor.

The x-CSA was spaced at a distance of 60 mm from the
bottom. Plastic wires and a steel bar (length of 150 mm, ¢2
mm) were utilized to fix the x-CSA sensor to the cylinder
mold. Then, the casting process for the concrete cylinder
was conducted with the CSA sensor installed inside. The
concrete components were weighted using a digital scale.
Then, they were evenly mixed by hand and poured into the
cylinder molds. After 48 hours of concrete casting, the
molds were removed, and the concrete samples were cured
via the wet blankets within 28 days. Table 2 describes the
material properties of the CSA-embedded concrete cylinder.

3.2 Experimental setup

Fig. 7 shows the test setup of a CSA-embedded concrete
cylinder under compression test. As shown in Fig. 7(a), a
concrete cylinder was positioned within the load frame of a
servo-hydraulic materials test system (MTS system). A 500
kN capacity load cell was employed to monitor the real
compression force. An impedance analyzer, HIOKI 3532,
was used to measure EMI signals from the CSA sensors.
The room temperature was also monitored via KYOWA
EDX-100A during the experiment. Only one concrete
cylinder specimen was used in the experiment. Fig. 7(b)
shows nine loading scenarios on the cylinder, SO = 0 MPa
to S8 = 15.24 MPa. The MTS multipurpose test software

Plastic wire
w "“Steel bar ¢ 2, /=150
‘1\ Electric wire [N
i r

¥._Concrete cylinder ._ -
100 x 200 .

Servohyraulic testing system
(MTS system)

Impedance analyser

CSA-embedded conerete
linde (HIOKI-3532)

cylinder
NN
Temperature analyser
(KYOWA EDX-100A) S
1 \

(a) Experimental setup

was utilized to control the applied stress levels. Time
intervals for stress increase and EMI measurement were 2.5
and 4.5 minutes, respectively. The loading rate for each
level was maintained at a consistent velocity of 0.0113
MPa.s-1. The EMI measurements were recorded in the
frequency range from 15 kHz to 26 kHz with 224 intervals
(i.e., to measure 225 points). The frequency range was
predetermined based on the characteristics of the CSA’s
vibrating plate (Pham et al. 2022). Ambient temperature
could affect impedance measurements. This issue could be
mitigated by collecting data under consistent thermal
conditions. In this study, the measured temperature
fluctuated between 22°C and 23°C. The temperature effect
on the EMI signals might be disregarded. The crack is
developed with the increasing in the stress level. No visible
cracking was observed in stress levels Sy to S;. Cracking
was observed only at stress level Sg, corresponding to
0.6fck. The experiment was stopped as soon as the first
visible surface crack appeared on the specimen.

3.3 EMI signals

Fig. 8 shows measured EMI responses of the x-CSA
sensor under applied stresses So-s. In each stress level, four
EMI measurements (4 ensembles) were recorded in the
frequency range of 15-26 kHz. As shown in Fig. 9, an EMI
plot (in average of EMI ensembles) was provided for an
evaluation relevant to the trends of the resonant frequency
peak and real EMI magnitude. It is observed that the
resonant peaks expressed the leftward shifting trend, and
their corresponding EMI magnitudes were reduced under

A Stress (MPa)
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15.24 °
S7/ |
14.21 [~
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1218 -
1045 e Ss L
Unloading
g2l Sa 5 r'nin
S3
6.09 T
S _ Time for force
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2.03 - St Time for impedance ‘
S measuring 4.5 min L
0 0 lime (min)}

(b) Applied loading history

Fig. 7 Experimental Setup for CSA-embedded concrete cylinder under compression test
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Table 2 Material properties for CSA sensor embedded-concrete cylinder

Properties Aluminum (6061-T6) PZT 5A Epoxy layer Concrete
Mass density, p (kg/m?) 2700 7750 1090 2400
Young’s modulus, £ (GPa) 68.9 62.1 0.75 25.43
Poisson’s ratio, v 0.33 0.35 0.3 0.2
Dielectric loss factor, o 0.02 0.015 0.02
Yield strength, o, (MPa) 241
Compressive strength, . (MPa) 323 25.3
Damping loss factor, # 0.0125
Dielectric constant, €337 (F/m) 1.53x 1078
Coupling constant, d31 (m/V) -1.71 x 10710
— S =0MPa — S, =4.06 MPa — S4=8.12MPa S = 12.18 MPa — Sg=15.24 MPa
— $;=2.03MPa — S3=6.09 MPa — S5 =10.15 MPa — §7=14.21 MPa
S 600
8
8 400
g
£ 200
L
15.0 3540
17.2 30 <
19.4 2% ¥
T &
CUneg,, w2 : 1520(@\“"
) 238 0 ¢
260 0

Fig. 8 Measured EMI responses of x-CSA in cylinder under applied stress levels So.s
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Fig. 9 EMI responses (in average of ensembles) of x-CSA in cylinder under applied stresses So.s

So-1: No damage S2.4. No damage

Ss.7. No damage Ss:Crack initiation

Fig. 10 Visual observation of cylinder during loading steps So-s

the stress increment. The variation trend of the experimental
EMI signals was consistent with the theoretical explanation
in Section 2.2. Fig. 10 shows the observation of cylinder
during loading steps So.s, visually checking damage status
on the cylinder. Crack initiation was found at the stress
level Ss.

3.4 Statistical quantification of EMI responses

EMI features (RMSD and CCD (Nguyen et al. 2022))
were calculated from the measured EMI data of the x-CSA-
embedded concrete cylinder under compressive tests. The
first stress level Sy (at 0 MPa) was neglected in EMI feature
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Fig. 11 EMI features of x-CSA sensor under applied stresses (Si-s)

computation due to the uncertainty effect in experimental
measurements. To assist decision-making, the upper control
limit (UCL) was calculated from three standard deviations
from the mean, corresponding to a 99% confidence level.
The quantified index exceeding the UCL threshold signified
changes under the applied stress level. The error bars,
which represented the standard deviation of the EMI
ensembles, were also plotted.

Fig. 11 shows the EMI features of the x-CSA sensor
under applied stresses (Si.s). The RMSD indices linearly
increased with increasing stress levels from S, to S; (see
Fig. 11(a)). The RMSD index suddenly changed at the
stress level Sg. The magnitudes of CCD indices non-linearly
increased under increasing stress levels (see Fig. 11(b)). It is
observed that a sudden shift was occurred at stress level Sg
by the RMSE and CCD indices, indicating the formation of
internal and surface cracks (Pham et al. 2021a, Kocherla et
al. 2021).

After analyzing the statistical metrics, it is observed that
both RMSD and CCD indices exhibited high sensitivities to
variations in applied stress levels. Although the mentioned
statistical indies could quantify damage to concrete
structures, it required multi-steps of data processing and
could not be automated for stress estimation. Therefore,
there existed a need to develop an automated stress
estimation technique.

4, Evaluation of 2D CNN model

4.1 Stress estimation for noise-contaminated EMI
scenarios

4.1.1 Data preparation

Following the data configuration scheme described in
Fig. 3, the databank of the measured stress-EMI signals of
the concrete cylinder was formed for the 2D CNN deep
regression learning model. Table 3 shows eight labels of
“stress” which were assigned to the datasets. The first seven
stress levels (S - S7) were labeled for EMI data under stress
values from 2.03 MPa to 14.21 MPa with an increasing
interval of 2.03 MPa orderly. The eighth level (Ss) was
labeled for 15.24 MPa.

To construct the training set, the Gaussian noise with
standard deviations ranging from 0% to 5% of the signal
amplitude was applied to the first two ensembles (among
four ensembles), resulting in a total of 384 signals for 8
stress levels. The third ensemble was utilized to construct
the validation set, and the total 8 signals were utilized as

Table 3 Data labeling for stress estimation

Stress level Observation Labeled stress (MPa)
Si No damage 2.03
Sa No damage 4.06
S3 No damage 6.09
S4 No damage 8.12
Ss No damage 10.15
Se No damage 12.18
S7 No damage 14.21
Ss Mini cracks 15.24

Table 4 Data scenarios for noise-contaminated EMI

scenarios

Scenario

Data type

Training set

Validation set

Testing set

Measured signal

16

8

8

Noise-contaminate
signal

d 384

8

1288

the validation set. To create the testing dataset, different
levels of noise were added, ranging from 1% to 16%, to the
remaining raw signals at each stress level. For each noise
level, 10 new signals were generated for each of the eight
stress levels, resulting in a total of 1280 signals for the 16
noise levels. The testing dataset consisted of 1288 signals,
including the original 8 raw EMI signals measured without
noise. The number of measured and noise-contaminated
signals are summarized in Table 4.
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Fig. 12 Visualization of labeled data in training set
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Fig. 12 visualizes the labeled EMI signals in the dataset
for training the 2D CNN model. In the figure, each EMI
signal was recorded with 225 data points. 10800 data points
were recorded for each stress level. As a result, a total of
86400 data points were acquired for 8 stress levels. Fig. 13
illustrates examples of noise-contaminated EMI signals
(under stress level S1 in the testing set. Note that total 16
levels of noise (1% ~ 16%) were added to the raw signals.

4.1.2 Training result

The computation of deep learning was conducted on a
desktop computer equipped with a GPU (GeForce GT 2080
Ti, 11 GB), CPU (Intel Core i9-9000KF, 3.6 GHz), and 64
GB of RAM. The 2D CNN model was constructed using
the Python programming language. The model was trained
using the Adam optimizer algorithm with a mini-batch size
value of 2 and a learning rate value of 0.0001.

Fig. 14 presents the loss values of the 2D CNN model
after a training procedure of 100 epochs. The training and
validation loss sharply dropped within the first five epochs,
followed by a gradual convergence until the end. The 2D
CNN model performed a convergence in loss values,
indicating that the configuration of the 2D CNN model was
designed effectively for learning and extracting optimal
damage EMI features. The training time for 6067
parameters of 2D CNN was about 50.6 seconds. The
trained2D CNN model at the 44™ epoch, corresponding to
the lowest loss validation value in the whole learning

—— Training Loss
Validation Loss

w S

Loss Value
N

-

Selegted epoch: 44%

0 20 40 60 80 100
Epoch

Fig. 14 Loss values of 2D CNN models after 100 epochs

process, was selected to evaluate its accuracy on the testing
set.

4.1.3 Evaluation results

The effect of noise levels on the accuracy of the 2D
CNN model for stress estimation is analyzed as shown in
Fig. 15. In the figure, the estimated stress values were
plotted against the actual stress values across different noise
levels. At the 0% noise level, the model precisely estimated
stress values with an RMSE error of approximately 0.07
(see Fig. 15(a)). At the 8% noise level, the model precisely
predicted stress values with the RMSE error of about 0.49
(see Fig. 15(e)). It is observed that the estimation stress
error of 2D CNN was over 30% at noise levels larger than
10%.

Fig. 16 shows linear relationships between various noise
levels and RMSE values. As shown in Fig. 16(a), the RMSE
was 0.07 at 0% noise level and 0.3 at 5% noise level. As
shown in Fig. 16(b), the RMSE was 0.38 at 6.0% noise
level and it was 1.03 at 16% noise level. It is observed that
the RMSE values raised almost linear as the noise
percentage from 0% to 5%. In general, the accuracy of
stress estimation from the 2D CNN model decreased when
the levels of noise increased. Thus, the empirical function
of 2D CNN was encouraged to use for error estimation in
practical applications.

4.2 Stress estimation for untrained stress-EMI
scenarios

4.2.1 Data preparation

The databank of the untrained stress-EMI scenarios was
formed by following the data configuration scheme
described in Fig. 4. From the experiments, the EMI signals
were recorded four times (four ensembles) for each applied
stress level. Total 32 signals were obtained from stress
levels S1- S8. The first two ensembles were used to
establish the training set which produced a total of 384
signals for 8 stress levels. The third ensemble was used for
the validation set which resulted in a total of 8 signals for
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Fig. 16 RMSE error of 2D CNN model under various noise levels

8 stress levels. The last ensemble was used to establish the
testing set.

As summarized in Table 5, two scenarios were
established to investigate the effect of untrained stress-EMI
data on 2D CNN'’s performance. In the first scenario, the
data for training and validating 2D CNN model were
established by excluding the stress level S, (among eight
levels Si-Sg). 48 signals and 1 signal at stress level S, were
excluded from the training and validation set, respectively.
As a result, the remaining signals in the training set and

Table 5 Data scenarios for untrained stress-EMI scenarios

) Data type
Scenario — — -
Training set  Validation set  Testing set
Untrained case 1 336 7
- 408
Untrained case 2 288 6

validation set orderly were 336 signals and 7 signals. In the
second scenario, the data for training and validating the
model were established by excluding the stress levels S,
and Ss. The 96 signals and 2 signals were excluded from the
training and validation set, respectively. As a result, the
remaining signals in the training set and validation set
orderly were 288 signals and 6 signals.

Fig. 17 visualizes the labeled EMI data in the training
set of the 2D CNN model under untrained scenarios. In the
untrained scenario 1 (see Fig. 17(a)), the stress level S, was
excluded from the training set. In the untrained scenario 2
(see Fig. 17(b)), the stress levels S, and S4 were excluded
from the training set.

4.2.2 Training result

Fig. 18(a) shows the loss values of the 2D CNN model
during 100 epochs for the untrained scenario 1. In the
figure, the training loss quickly dropped in the first 4 epochs



2D CNN-based concrete stress monitoring using impedance signals of capsule-like smart aggregate 33

5 ¢
1501 50 @

Otz Boing

(a) Untrained scenario 1 (excluded stress S2)

175
200 e 0

(b) Untrained scenario 2 (excluded stress Sz, S4)

Fig. 17 Training data under untrained scenarios

[0

—— Training Loss
—— Validation Loss

w s

Loss Value
N

-

Selected epach: 73¢

0 20 40 60 80 100
Epoch

(a) Scenarios 1 (excluded stress Sz)

—— Training Loss
—— Validation Loss

w s

Loss Value
N

-

Selected epach: 68+

0 20 40 60 80 100
Epoch

(b) Scenarios 2 (excluded stress Sz, S4)

Fig. 18 Loss values of 2D CNN model for untrained scenarios

20

N
S

0% noise . #30%

-
o

=

o

-30%

-
o
=
o

%

%

Actual Stress (MPa)
Actual Stress (MPa)

Untrained S,

=)
=)

RMSE = 0.17

1% noise

7°" Untrained S,

20

A30% 2% noise *30%
Z st 4 g
-30% = -30%
: @ 10
o
n
s °f )
] S
2
g of Untrained S,
RMSE = 0.18 / RMSE = 0.23
10 15 20 0 5 10 15 20

0 5 10 15 20 0
Estimated Stress (MPa)

(a) 0% noise

N
=]

N

o

Estimated Stress (MPa)

(b) 2% noise

Estimated Stress (MPa)

3% noise . F30%

-
n

-30%

=
o

w
\

“" Untrained S,

Actual Stress (MPa)
Actual Stress (MPa)

=)

RMSE = 0.27

T
4% noise . *

Untrained S,

0 5 10 15 20 0
Estimated Stress (MPa)

(d) 3% noise

Estimated Stress (MPa)

(e) 4% noise

(c) 2% noise
20 .
% 5% noise *30%
& 15t <
-30% = -30%
@ 10
<
5 !
0 | g s
s 0 CH D
2 -
g ol Untrained S,
RMSE = 0.29 Y RMSE = 0.37
10 15 20 0 5 10 15 20

Estimated Stress (MPa)

() 5% noise

Fig. 19 Stress estimation of 2D CNN model for untrained scenario 1 (excluded stress S»)

and then gradually decreased with minor fluctuations to the
100th epoch. The validation loss rapidly declined with high
variations in the first 55 epochs. Afterward, the validation
loss marginally fluctuated until the learning process’s end.
It is observed that the training loss value was approximately
0.21 at the 73™ epoch, corresponding to the lowest
validation loss of nearly 0.06. Thus, the trained 2D CNN
model at the 73" epoch was selected to evaluate its
accuracy on the testing set of untrained scenario 1.

Fig. 18(b) shows the loss values of the 2D CNN model
during 100 epochs for the untrained scenario 2. In the
figure, the training loss of 2D CNN rapidly decreased in the
first 3 epochs. The loss continues to decline gradually with
slight fluctuations until the 100 epoch. The validation loss

showed a rapid decrease in the first 2 epochs. Afterward, the
validation loss experienced fluctuations and reduction until
the 100" epoch. It is observed that the minimum value of
the validation loss was 0.06 at the 68™ epoch with respect to
the training loss value was about 0.22. Thus, the trained 2D
CNN model at 68" epoch was selected to evaluate its
accuracy on the testing set of untrained scenario 2.

4.2.3 Evaluation results

Fig. 19 shows the effect of untrained stress S, (untrained
scenario 1) on the accuracy of the 2D CNN model. As
shown in Fig. 19(a), with 0% noise level, the model
precisely estimated stress with the RMSE error of
approximately 0.17.
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As shown in Fig. 19(e), with 4% noise level, the model
accurately predicted stress with the RMSE error of
approximately 0.29. Fig. 20 shows the effect of untrained
stress levels S; and Ss4 (untrained scenario 2) on the
accuracy of the 2D CNN model. As shown in Fig. 20(a),
with 0% noise level, the model predicted stress with the
RMSE error of 0.2. As shown in Fig. 20(f), with 5% noise
level, the model predicted stress with the RMSE error of
approximately 0.38.

Fig. 21 shows the relationships between RMSE and
noise levels. For untrained scenario 1 (see Fig. 21(a)), the
RMSE accounted for 0.18 at 1% noise level and around
0.37 at 5% noise level. For untrained scenario 2 (see Fig.
21(b)), the RMSE accounted for 0.2 at 1% noise level and
0.31 at 4% noise level. Generally, when the amount of data
in the training sets decreased, the accuracy of the 2D CNN
model for stress estimation declined.

5. Comparative evaluation of 2D CNN and 1D CNN
deep learning approaches for concrete stress
estimation

5.1 Training performance

The training performance of 2D CNN and 1D CNN
models was comparatively evaluated via the training set

20

described previously in Section 4.1. As shown in Table 6,
the training time of the 2D CNN model required 50.6
seconds for 6067 training parameters. The training time of
the 1D CNN model took 64.5 seconds for 6081 training
parameters. The 2D CNN model was constructed with 0.2%
fewer training parameters and required 21.5% less training
time than the 1D CNN model.

The loss values of 2D CNN and 1D CNN models was
compared for a training process of 100 epochs, as shown in
Fig. 22. The training loss values of both models
experienced a downward trend (see Fig. 22(a)). The training
loss values of 2D CNN model were slightly lower than 1D
CNN model in the whole learning process. The validation
loss values were also compared for the two models (see Fig.
22(b)). The validation loss values of 1D CNN highly
fluctuated and continued larger fluctuation at the end, while
that of 2D CNN has fluctuations with a trend of
convergence.

5.2 Accuracy of stress estimation under noise-
contaminated EMI scenarios

Fig. 23 presents an RMSE comparison between 2D
CNN and 1D CNN models under noise levels. At 2% noise
level (see Fig. 23(a)), RMSE of 2D CNN was 0.15 which
was 37.5% lower than that of 1D CNN. At 5 % noise level,
RMSE of 2D CNN raised to 0.3 which was 38.7% lower
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Fig. 24 RMSE comparison of 2D CNN and 1D CNN models under untrained stress-EMI scenarios

Table 6 Comparison of training parameters and training

time
Model Variation
2DCNN  IDCNN (%)
Training parameters 6067 6081 0.2
Training time (second) 50.6 64.5 21.5

than that of 1D CNN. As shown in Fig. 23(b), the RMSE of
2D CNN was 0.42 at 7% noise level which was 27.5%
lower than that of 1D CNN. At a higher noise level of 15%,
RMSE of 2D CNN achieved 0.92 which was 31.8% lower
than that of 1D CNN.

5.3 Accuracy of stress estimation under untrained
stress-EMI scenarios

Fig. 24 presents an RMSE comparison of 2D CNN and
1D CNN models under untrained stress-EMI scenarios. For
the untrained scenario 1 (see Fig. 24(a)), RMSE of 2D CNN
was 0.23 (21.1% higher than that of 1D CNN). At 5% noise
level, RMSE of 2D CNN was 0.37 (24.4% lower than that

of 1D CNN). For the untrained scenario 2 (see Fig. 24(b)),
RMSE of 2D CNN was 0.24 at 2% noise level (27.3%
lower than that of 1D CNN). At a noise level of 5%, RMSE
of 2D CNN achieved 0.38 (17.4% lower than that of 1D
CNN).

6. Conclusions

This study aimed to develop a 2D CNN deep learning of
electromechanical impedance (EMI) from the capsule-like
smart aggregate (CSA) sensor embedded in the concrete
structure. The EMI measurement model was designed and
theoretically described for the CSA-embedded concrete
structure under compressive stress. The 2D CNN model
was developed to learn CSA’s EMI signals to estimate stress
status in the concrete structures. The feasibility of the
developed models was further investigated under the effect
of noise-contaminated data and untrained data.

From the results, at least three major findings could be
made as follows:

(1) The developed 2D CNN deep learning model
effectively extracted damage features from raw EMI
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signals provided by the CSA sensor. The model
autonomously processed the signals and precisely
estimated concrete stress values in the MPa unit.

(2) The accuracy of stress estimation from the 2D CNN
model was significantly affected by noises injected
into CSA’s EMI signals. The accuracy of the 2D
CNN model was decreased when levels of applied
stress were excluded from the training data sets.

(3) In comparison with the previously established 1D
CNN model (Ta et al. 2024a), the 2D CNN model
not only achieved faster training time but also
estimated concrete stress with lower errors, making
it a promising option for realistic stress monitoring
in field concrete structures.

Although promising results have been found, additional
research is still needed: (1) Investigating the adaptability of
the methodology for various stress types and proportions of
concrete mixture. Also, implementing knowledge transfer
learning techniques to efficiently retrain the 2D CNN model
for other applications of concrete SHM; (2) Fine-tuning the
hyperparameters and convolution kernels of the 2D CNN
model using optimization methods to enhance its ability in
estimating concrete stress in test specimens; (3) developing
deep regression and classification learning methods for
autonomous damage monitoring in concrete structures.
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Appendix A: Comparison of 2D CNN architectures

A preliminary study was conducted to select a proper 2D
CNN architecture for concrete stress monitoring. Three
architectures M1, M2 and M3 were built based on the pre-
existing 2D CNN architecture (Ta et al. 2024a). Then, the
training performance of the architectures was evaluated
comparatively using the training set in Section 4.1.

The layer properties of three architectures M1, M2, and
M3 are presented in Table Al. Three architectures were
built with varying depths, while the input and output layers
of the three models were designed to be similar. The
architecture M1 was constructed with a convolution layer
(Convl) with a ReLu activation function. The Maxpooll
and GAP layers orderly follow the Convl1 layer. A Fc layer
was configured after the GAP layer. The architecture M2
was constructed by adding a convolution layer (Conv2)
with a ReLu layer after the Conv1 layer of M1. The added
layers could increase the data’s non-linear transformations
and enhance the training procedure’s convergence speed
(Zhang and Wallace 2015). The architecture of M3 was
built by increasing the depth of M2. All convolutional
layers were set for the same padding. The layer properties
of each architecture regarding the type, depth, filters, stride,
and padding are described in Table Al.

Table A1 Layer properties of the three 2D CNN
architectures (M1-M3)

The training and validation loss values of the
architectures M1, M2, and M3 during a learning process of
100 epochs are shown in Figure Al. As seen in the figures,
the loss values of training and validation dropped in the 100
epochs and converged until the last epoch. Among the three
architectures, M3 had the lowest loss during learning,
followed by M2 and then M1. For a learning process of 100
epoch, the M3 architecture exhibited the highest
performance in efficiently extracting optimal features from
EMI data sets. As a result, the M3 architecture was chosen
for the concrete stress estimation model.

Model M1
Layer Type Depth Filter Stride Padding
1 Convl + ReLu 18 3x3 1 Same
2 Maxpooll - 2x2 2 -
3 GAP - - - -
4 Fcl 1 - - -
5 Regression - - - -
Model M2
1 Convl + ReLu 18 3x3 1 Same
2 Conv2 + ReLu 18 3x3 1 Same
3 Maxpooll - 2x2 2 -
4 GAP - - - -
5 Fcl 1 - - -
6 Regression - - - -
Model M3 (see Table 1)

° Training Loss ® —— Training Loss ° —— Training Loss

. Validation Loss . Validation Loss . Vaiidation Loss

1 1 1

ol—— 5‘;‘ LAY ol i ATt | oL ™ Uiicines 75; =3

Epoch Epoch Epoch
(a) M1 (b) M2 (c) M3

Fig. Al Training and validation loss of three 2D CNN architectures (M1 — M3)





