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1. Introduction 

 
Sensing elements (e.g., sensors, actuators, transducers) 

play a key role in a structural health monitoring (SHM) 
system. With an array of sensing devices, structural 
responses of a monitored system can be easily recorded 
over time and utilized for various SHM tasks, such as 
damage identification, the evaluation of structural 
performance, the control of construction process. However, 
during their service life, the sensing devices inevitably 
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experience performance degradations (e.g., degraded 
quality or failures), which can result from overloading, 
severe environmental effects, and material deteriorations. 
Such performance degradations will cause observable 
changes in the measured structural responses, which could 
be misinterpreted as the effect of structural damage. 

Damage detection using electromechanical impedance 
(EMI) signatures has been a commonly favoured SHM 
method (Park et al. 2001, Song et al. 2008, Nguyen and 
Kim 2012). Traditionally, the impedance-based SHM 
method utilizes PZT (Lead Zirconate Titanate) patches, 
which are surface-bonded directly to a host structure, to 
measure the EMI in the high-frequency range (Kim et al. 
2019). Since the EMI responses contain local dynamics of 
the host structure, the structural damage can be diagnosed 
by observing the variation in the measured EMI signatures. 
However, the direct attachment of the PZT often leads to 
weak EMI responses and further causes difficulties in 
determining sensitive frequency bands for a damage 
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Abstract.  The piezoelectric-based smart interface technique has shown promising prospects for electro-mechanical impedance 
(EMI)-based damage detection with various successful applications. During the process of EMI monitoring and damage 
identification, the operational functionality of the smart interface device is a major concern. In this study, common functional 
degradations that occurred in the smart interface are diagnosed using a deep learning-based method. Firstly, the effect of 
functional degradations on the EMI responses is analytically discussed. Secondly, a critical structural joint is selected as the test 
structure from which EM measurement using the smart interface is conducted. Thirdly, a numerical model corresponding to the 
experimental model is established and updated to reproduce the measured EMI responses. By using the updated numerical 
model, the EMI responses of the smart interface under the common functional degradations, such as the shear lag effect, the 
adhesive debonding, the sensor breakage, and the interface detaching, are simulated; then, the functional degradation-induced 
EMI changes are characterized. Finally, a convolutional neural network (CNN)-based functional assessment method is newly 
proposed for the smart interface. The CNN can automatically extract and directly learn optimal features from the raw EMI 
signals without preprocessing. The CNN is trained and tested using the datasets obtained from the updated numerical model. 
The obtained results show that the proposed method was successful to classify four types of common defects in the smart 
interface, even under the effect of noises. 
 
Keywords:  CNN; debonding; deep learning; degradation; diagnosis; electromechanical; impedance characteristics; 
impedance method; piezoelectric sensor; sensor fault; shear lag; smart interface 
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detection task (Kim et al. 2010, Min et al. 2010, Huynh et 
al. 2019). For a given target structure, the effective 
frequency bands are often unknown and traditionally 
identified by the try-and-error method. This is mainly due to 
the dependence of the sensitive frequency bands on local 
dynamic characteristics of the target structure. Embeddable 
piezoelectric-based sensing devices have been developed 
for enhancing damage sensitivity of the EMI, such as smart 
aggregates for SHM of concrete structure (Song et al. 2008, 
Yan et al. 2009), smart washers for critical connection 
monitoring (Nguyen et al. 2011, Nguyen and Kim 2012), 
for smart coupons for corrosion monitoring (Li et al. 2019). 
However, to obtain damage-sensitive EMI signatures, those 
piezoelectric devices must be inserted in the monitored 
structures during the construction, causing challenges when 
applied to existing structures. 

To deal with the above problems, mountable 
piezoelectric devices have been proposed (Huynh and Kim 
2014, Ryu et al. 2019, Tawie et al. 2019). The idea was 
pioneered in the reference (Annamdas et al. 2009). In their 
work, a PZT patch was indirectly mounted to the host 
structure via an additional interface with the purpose of 
easy installation. The PZT-interface system was mounted to 
a host structure to monitor the EMI response. The idea was 
then improved by changing boundary conditions of the 
substrate structure to form a mountable piezoelectric-based 
smart interface (Huynh and Kim 2014). The smart interface 
can be attached to and removed from a host structure via 
two outside bonded sections. The middle section of the 
smart interface was designed to create strong EMI 
resonances in a desired effective frequency range, thus 
enabling the predetermination of the sensitive frequency 
bands of the EMI (Huynh and Kim 2017). The use of the 
smart interface concept has been recently reported. A 
slender smart interface for tension force monitoring of 
axially loaded members was designed in the reference (Ryu 
et al. 2019). A circular piezoelectric interface was 
developed to enhance the EMI for SHM of a fibre 
composite plate (Tawie et al. 2019). 

As the EMI-based method has been a widely accepted 
SHM approach, the evaluation of the operational 
functionality of the piezoelectric-based smart interface has 
become an important issue for practical applications. For 
damage identification, the EMI signature of an unknown 
state is statistically compared with the baseline signature of 
the undamaged state. However, the baseline signature varies 
with not only the structural damage but also the functional 
degradations of the piezoelectric device. The performance 
of the smart interface can be degraded due to sensor defects 
(e.g., sensor breakage), poor bonding layer (e.g., debonding 
and shear lag phenomena), or damaged interface (e.g., 
detaching from the host structure). Those degradations 
would modify structural and piezoelectric properties of the 
smart interface, leading to certain changes in measured EMI 
responses, causing false detection of structural damages. 
Thus, a reliable method should be sought for the assessment 
of the functionality of the smart interface during SHM 
tasks. 

In the past years, some researchers have put their efforts 
into assessing the operational conditions of PZT sensors for 

the impedance-based method. One of the first attempts was 
to estimate the effect of the degraded bonding layer on the 
EMI, as reported in the reference (Giurgiutiu et al. 2002). 
Their study proposed a sensor debonding identification 
method via tracking the appearance of the PZT’s resonance. 
Park et al. investigated extensively the problem with the 
consideration of more degradation types in the piezoelectric 
sensors (Park et al. 2006). Ai et al. assessed the sensor 
conditions and distinguished the sensor faults from the 
structural damage by using the features of the real 
admittance (Ai et al. 2016). Very recently, the effect of 
sensor defects on the EMI of a smart interface has been 
experimentally investigated (Huynh et al. 2020). Their 
study showed that the sensor defects could be distinguished 
from the structural damage using the gradient of the 
imaginary admittance signatures. However, the study 
considers only sensor breakage and sensor debonding in the 
experiment due to difficulties in forming realistic defects in 
the smart interface. During its service life, a smart interface 
could also experience the interface fault (i.e., interface 
debonding) and the shear lag phenomenon. 

So far, most of the studies on the sensor fault diagnosis 
have used hand-crafted EMI features such as the gradient of 
the imaginary admittance or the statistical damage indices 
(Park et al. 2006, Ai et al. 2016, Huynh et al. 2020). The 
hand-crafted feature extraction process is not only time-
consuming but also prevents the impedance-based method 
from the real-time operation. Recently, the convolutional 
neural network (CNN) has successfully solved many 
problems of pattern recognition in the SHM field 
(Abdeljaber et al. 2018, Azimi and Pekcan 2020, Huynh 
2021). One of the advanced features of the CNN is the 
combination of the feature extraction and damage 
classification tasks into a unique learning block (Abdeljaber 
et al. 2018), providing the CNN with an ability to 
autonomously take out and directly learn optimal features 
from the raw signals. This allows to reduce computational 
costs and also provides an enhanced classification 
performance. 

In this study, a CNN-based method is newly developed 
to assess the health status of a smart interface during SHM. 
At first, a refined impedance model is adopted to 
analytically interpret the effect of the smart interface’s 
degradations on the EMI response. Next, a critical girder 
connection is selected as a host structure to conduct real 
impedance measurement via the smart interface. Then, a 
finite element (FE) model corresponding to the 
experimental model is established and fine-tuned by a 
sensitivity-based algorithm. The numerical EMI responses 
are compared with the experimental ones to show the 
reliability of the updated FE model. Afterwards, common 
functional degradations of the smart interface, including the 
shear lag effect, the adhesive debonding, the sensor 
breakage, and the interface detaching, are modelled using 
the updated FE model; then, the functional degradation-
induced EMI changes are analyzed. Lastly, a CNN-based 
functional assessment method is designed for the smart 
interface. Based on the EMI characterization, the imaginary 
part is selected as the input for the CNN. The output of the 
network includes the four classes of operational conditions 
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of the smart interface: “Healthy”, “PZT-bond defect”, 
“PZT-breakage”, “Interface-debonding”. The CNN is 
trained using the numerical EMI signals generated from the 
updated FE model and tested using the corresponding noise-
contaminated signals. The obtained results show that the 
proposed method is of high accuracy with an overall 
precision of 99%. 

The originality of this study and its contribution to the 
SHM community include: (1) a newly-developed deep 
learning-based method for functional assessment of a 
degraded smart interface is presented; (2) the developed 
method can directly process the raw EMI signal without 
preprocessing; therefore (3) the method is promising for 
real-time assessment of the functionality of the smart 
interface; and (4) this study is expected to provide a reliable 
diagnostic tool for the degraded smart interface during 
SHM in practice. 

 
 

2. Impedance monitoring approach via smart 
interface 
 
2.1 Piezoelectric-based smart interface 
 
The overview of the piezoelectric-based smart interface 

technique is depicted in Fig. 1(a). The smart interface is a 
substructure embedded with a PZT patch. To acquire the 
EMI response, the PZT is excited by a harmonic voltage 
(V(ω)) in the high-frequency domain via an impedance 
analyzer. Due to the inverse piezoelectric effect, the PZT is 
expanded and its deformation initiates the coupling between 
the interface and the host structure, which simultaneously 
results in an output current (I(ω)) following the direct 
piezoelectric effect. The output current is recorded by the 
impedance analyzer and the EMI is obtained as Z(ω) = 
V(ω)/I(ω). 

The smart interface prototype is shown in Fig. 1(b). The 
prototype is a plate-like structure and the PZT is surface-
bonded at the middle. The smart interface can be easily 
bonded to the target structure via two outside sections. The 
middle of the interface is intentionally designed with a 
flexible section to enable an easy elongation of the PZT 
along with the piezoelectric effects, which consequently 
creates strong resonances in the measured EMI. 

If the structural damage occurred in the host structure, 
the modal parameters of the coupled interface-host structure 
system will vary, causing alternations in the EMI of the 
system. In a typical way, structural damage is diagnosed by 

 
 

Fig. 2 Analytical refined impedance model
 
 

comparing the post- and after-damage EMI signatures using 
statistical damage metrics. 

 
2.2 Electromechanical impedance model 
 
Under the piezoelectric excitation, the system shown in 

Fig. 1(a) has coupling interactions between the sensor and 
the interface, between the interface and the host structure. 
To describe such interactions, a simplified impedance 
model of the interface-host structure system can be used 
(Huynh and Kim 2017). However, this model did not 
consider the role of the bonding layer in the EMI 
formulation, which can be used to describe the shear lag 
effect and the sensor debonding (Jin and Wang 2011, Bhalla 
and Moharana 2012). 

In this study, a recently-developed impedance model 
was adopted to represent the effect of degradations in the 
smart interface (Huynh et al. 2020). As seen in Fig. 2, the 
refined impedance model is a 3-dof spring-mass-damper 
system, in which one dof refers to the host structure (ms, ks, 
cs), and two remaining dofs refer to the interface (ms, ks, cs) 
and the bonding layer (mb, kb, cb), respectively. Once a 
harmonic voltage excitation V(ω) is applied to the PZT, a 
harmonic force fb is introduced into the impedance model at 
the PZT driving point. The equation of motion of the 3-dof 
system under the external force fb can be expressed in Eq. 
(1), in which 𝑥௕, 𝑥ሶ௕, 𝑥ሷ௕ ; 𝑥௜, 𝑥ሶ௜ , 𝑥ሷ௜ ; 𝑥௦, 𝑥ሶ௦, 𝑥ሷ௦  are the 
displacements, velocities, and accelerations corresponding 
to the masses mb, mi and ms, respectively. 

 ൥𝑚௕ 0 00 𝑚௜ 00 0 𝑚௦൩ ൝𝑥ሷ௕𝑥ሷ௜𝑥ሷ௦ ൡ ൅ ൥ 𝑐௕ െ𝑐௕ 0െ𝑐௕ 𝑐௕ ൅ 𝑐௜ െ𝑐௜0 െ𝑐௜ 𝑐௜ ൅ 𝑐௦൩ ൝𝑥ሶ௕𝑥ሶ௜𝑥ሶ௦ ൡ
൅ ൥ 𝑘௕ െ𝑘௕ 0െ𝑘௕ 𝑘௕ ൅ 𝑘௜ െ𝑘௜0 െ𝑘௜ 𝑘௜ ൅ 𝑘௦൩ ൝𝑥௕𝑥௜𝑥௦ൡ ൌ ൝𝑓௕00 ൡ 
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Fig. 1 (a) Overview of the piezoelectric interface-based impedance monitoring method; (b) Smart interface prototype
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Under the harmonic force 𝑓௕ ൌ 𝐹௕𝑒௝ఠ௧, the steady-state 
displacements of the system can be defined as 

 𝑥௕ ൌ 𝑋௕𝑒௝ఠ௧; 𝑥௜ ൌ 𝑋௜𝑒௝ఠ௧; 𝑥௦ ൌ 𝑋௦𝑒௝ఠ௧ (2)
 

where Xb, Xi, and Xs are complex vibrational magnitudes of 
each dof, ω is the angular frequency, j is the unit imaginary 
number (j2 = -1). 

Substituting Eq. (2) into Eq. (1) will lead to an 
expression describing the coupled vibration responses of the 
whole system, as follows 

 

 
The mechanical impedance of the system 𝑍ሜ  (i.e., the 

bonding layer-interface-host structure system) is defined as 
the ratio between the excitation force fb and the velocity 𝑥ሶ௕ 
at the PZT driving point, as expressed in Eq. (4). The ratio 
Fb/Xb is easily determined by solving Eq. (3). By 
substituting Fb/Xb into Eq. (4), the mechanical impedance 𝑍ሜ  
is expressed in Eq. (5), where the dynamic stiffness 
components Kmn (m, n = 1, 2, 3) are defined in Eq. (6). 

 𝑍ሜ ൌ 𝑓௕𝑥ሶ௕ ൌ 𝐹௕𝑗𝜔𝑋௕ (4)

 𝑍ሜ ൌ 1𝑗𝜔 ቌ𝐾ଵଵ െ 𝐾ଵଶଶ𝐾ଵଵ ൅ ሺ𝐾ଶଶ െ ௄మయమ௄యయሻቍ (5)

 𝐾ଵଵ ൌ െ𝜔ଶ𝑚௕ ൅ 𝑗𝜔𝑐௕ ൅ 𝑘௕; 𝐾ଵଶ ൌ െ𝑗𝜔𝑐௕ െ 𝑘௕𝐾ଶଶ ൌ െ𝜔ଶ𝑚௜ ൅ 𝑗𝜔𝑐௜ ൅ 𝑘௜; 𝐾ଶଷ ൌ െ𝑗𝜔𝑐௜ െ 𝑘௜𝐾ଷଷ ൌ െ𝜔ଶ𝑚௦ ൅ 𝑗𝜔ሺ𝑐௜ ൅ 𝑐௦ሻ ൅ ሺ𝑘௜ ൅ 𝑘௦ሻ 
(6)

 
The overall EMI Z is a combined function of the 

mechanical impedance of the system 𝑍ሜ  and that of the PZT 
sensor Za (Liang et al. 1994, Xu and Liu 2002), as follows 

 𝑍ሺ𝜔ሻ ൌ ቊ𝑗𝜔𝐶 ቈ1 െ 𝑍ሜ𝑍ሜ ൅ 𝑍௔ 𝑑ଷଵଶ 𝑌෠ଵଵா𝜀ଷ̂ଷ் ቉ቋିଵ
 (7)

 
where ஼ୀ௪ೌ௟ೌ௧ೌఌොయయ೅  is the capacitance of the PZT patch; 𝑌෠ଵଵா ൌሺ1 ൅ 𝑗𝜂ሻ𝑌ଵଵா  is the complex Young’s modulus of the PZT at 
the constant electric field; 𝜀ଷ̂ଷ் ൌ 𝜀ଷଷ்ሺ1 െ 𝑗𝛿ሻ  is the 
complex dielectric permittivity at the constant stress; d31 is 
the piezoelectric coupling constant at the zero stress; wa, la, 
and ta are respectively the effective width, length, and 
thickness of the PZT; η and δ are the structural damping 
loss factor and the dielectric loss factor of the PZT. The 
mechanical impedance of the PZT sensor, Za, is computed 
by 𝑍௔ ൌ ௒෠భభಶ ௪ೌ௧ೌ௝ఠ௟ೌ . 

The structural damage would modify the host structure’s 
parameters (ms, cs, ks), leading to the variation in the 
measured EMI responses, according to Eqs. (5)-(7). 
However, the EMI is also varied with degradations that 

occurred in the smart interface, which can result from 
overloading conditions, material deteriorations, and 
environmental changes. 

 
2.3 Effect of functional degradations on EMI 

responses 
 
By using the refined impedance model, imperfections in 

the bonding layer (e.g., debonding and shear lag 
phenomena) ,  in  the  PZT senso r  ( e .g . ,  s ensor 
breakage/degraded quality), or in the interface structure 

 

 
(e.g., interface detaching) can be analyzed. Shear lag is a 
phenomenon of the difference in the PZT’s strain relative to 
the interface’s strain (Bhalla and Moharana 2012). When 
the stiffness of the bonding layer (kb) is significantly 
reduced, the shear lag occurs, causing the reduction in the 
force and strain transmission between the PZT and the 
interface through the bonding layer. Thus, according to Eqs. 
(5-7), the shear lag effect certainly causes changes in the 
EMI through the bond stiffness (kb). 

When the PZT is debonded from the interface, the 
coupling between the PZT and the bonding layer is 
degraded (Park et al. 2008). As the result, the PZT 
debonding certainly causes a reduction in the piezoelectric 
coupling constant d31 of the PZT sensor, consequently 
leading to the change in the measured EMI responses, 
according to Eq. (7). In case of the sensor 
breakage/degradation, the effective sizes of the PZT patch 
are altered, leading to the changes in the capacitance C of 
the PZT, and thus modifying the measured EMI responses, 
following Eq. (7). If the interface is damaged, its structural 
parameters (mi, ci, ki) would be changed. This will modify 
the dynamic stiffness components of the system, according 
to Eq. (6), resulting in the variations in the measured EMI 
response, following Eq. (7). 

From the above analyses, it is analytically demonstrated 
that the shear lag phenomenon, the sensor breakage, the 
sensor debonding, and the interface’s damage all will cause 
observable changes in the EMI signals. Those functional 
degradations should be timely detected using proper 
techniques to secure the reliability of the smart interface 
and to avoid false detection of structural damages during 
SHM. 

 
 

3. Experimental and numerical investigations 
 
The objective of this section is to establish a reliable 

testing model to simulate the degraded smart interface for 
analyzing the EMI characteristics and performing the 
functional assessment. Due to difficulties in creating 
realistic defects by the experiment, a predictable FE 
simulation strategy is adopted (Huynh 2020). The idea is to 
use an updated FE model to generate the reliable EMI 
response under various functional degradations in the smart 

൥െ𝜔ଶ𝑚௕ ൅ 𝑗𝜔𝑐௕ ൅ 𝑘௕െ𝑗𝜔𝑐௕ െ 𝑘௕0 െ𝑗𝜔𝑐௕ െ 𝑘௕െ𝜔ଶ𝑚௜ ൅ 𝑗𝜔ሺ𝑐௕ ൅ 𝑐௜ሻ ൅ ሺ𝑘௕ ൅ 𝑘௜ሻെ𝑗𝜔𝑐௜ െ 𝑘௜
0െ𝑗𝜔𝑐௜ െ 𝑘௜െ𝜔ଶ𝑚௦ ൅ 𝑗𝜔ሺ𝑐௜ ൅ 𝑐௦ሻ ൅ ሺ𝑘௜ ൅ 𝑘௦ሻ቏ ൝𝑋௕𝑋௜𝑋௦ൡ ൌ ൝𝐹௕00 ൡ (3)
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interface. First, an experimental model is constructed and 
the impedance monitoring using the smart interface is 
carried out. Second, the FE model corresponding to the 
experimental model is established and the EMI response is 
numerically simulated. Last, the FE model is fine-tuned by 
a sensitivity-based model-updating algorithm. The 
reliability of the updated FE model is evidenced by 
reproducing the EMI signatures measured from the 
experiment. 

 
3.1 Experimental investigation 
 
The target structure is the bolted connection of a lab-

scaled steel girder to conduct impedance measurement via 
the smart interface, as set up in Fig. 3(a). The target 
structure having a length of 3.96 m is assembled from two 
H-shaped girder segments through a bolted joint. The girder 
is simply supported via half-round steel rods. At the joint, 
the top and bottom flanges of the girder are clamped by a 
set of 16 bolts (Korean standard, 20 mm diameter) and two 
splice plates. All bolts are fastened by the same torque of 
160 Nm. 

 

 
 

 
 
The smart interface is fabricated from an aluminium 

plate and surface-mounted to the splice plate via two instant 
adhesive layers (Loctite 401). The geometric dimensions of 
the PZT-splice plate system are shown in Fig. 3(b). The two 
outside bonded sections of the interface have a thickness of 
5 mm while the middle flexible section has a thinner 
thickness of 4 mm, see Fig. 3(b). The PZT patch (PZT-5A) 
is bonded to the flexible section via the instant adhesive 
layer (Loctite 401). Fig. 4 shows the real views of the 
bolted joint and the mounted PZT interface. It is noted that 
the experimental model in this study was adopted from the 
previous work (Huynh 2020). 

A high-performance impedance analyzer, HIOKI 3532, 
was used to generate the harmonic excitation and recorded 
the EMI signatures from the smart interface. Particularly, 
the PZT was excited by a 1 V harmonic voltage in the 
frequency range of 10-55 kHz. During the impedance 
measurement, the room temperature was controlled at 21°C 
to avoid any effect caused by temperature changes. 

The real and imaginary parts of the measured EMI 
responses are shown in Figs. 5(a) and (b), respectively 
(Huynh 2020). Two strong resonances of the EMI are seen 
in the frequency ranges of 15-18 kHz and 33-36 kHz. The 

 
Fig. 3 Dimensional parameters of the testing model (a) Lab-scaled beam (b) Splice plate as the host structure

 
Fig. 4 Real view of the testing connection
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first resonant frequency (Peak 1) is 16.80 kHz (f1,Exp) and 
the second resonant frequency (Peak 2) is 34.65 kHz (f2,Exp). 
The resonant peaks correspond to the coupled vibrations of 
the smart interface-bolted connection system. The previous 
work proves that the contribution of the structural 
impedance to the overall EMI is significant at resonance 
(Nguyen and Kim 2012). Therefore, the resonant ranges of 
the EMI responses are often employed to maximize the 
damage detectability of the smart interface in practice. 

 
3.2 Numerical investigation 
 
3.2.1 Initial FE model 
Piezoelectric effect simulation requires coupled 

electrical and mechanical responses, which occur simul-
taneously during the harmonic excitation of the PZT (Uddin 
et al. 2016, Mansoor et al. 2017, Dang et al. 2019). The 
previous FE model, which was well-established using 
COMSOL Multiphysics (Huynh, 2020) was adopted. The 

 
 

 
 

model consists of the PZT patch and its bonding layer, the 
interface body and its bonding layers, and the splice plate, 
as shown in Figs. 6(a) and (b). The dimensional parameters 
of the model are based on the actual geometry of the 
experimental model, see Fig. 3. 

The model was meshed by 3D solid elements (2020 
elements for the smart interface and the bonding layers, and 
14118 elements for the splice plate), as seen in Fig. 6(a). 
Similar to the experiment, a 1V harmonic voltage was 
applied to the top surface of the PZT patch while the bottom 
was set as the ground electrode. The current generated due 
to the piezoelectric effects was measured during the PZT 
excitation. The EMI response was obtained as the ratio 
between the input voltage and the output current. Based on 
the previous studies (Johnson 1985, Ritdumrongkul et al. 
2004), the experimental model was simplified by the smart 
interface-connection splice interacting system supported by 
a three-dimensional spring system (kx, ky and kz) and a 
three-dimensional dashpot system (cx, cy and cz), as shown 
in Fig. 6(a). 

 

 

Fig. 5 Experimental EMI signatures (a) Real part; (b) Imaginary part 

 
Fig. 6 FE modelling of the experimental model (a) Meshed model; (b) Smart interface and bonding layers
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In the FE model, the splice plate was assigned by the 

steel material with Young’s modulus E = 200 GPa, 
Poisson’s ratio ν = 0.33, mass density ρ = 7850 kg/m3. The 
interface body was assigned by the aluminum material with 
E = 70 Gpa, ν = 0.33, and ρ = 2700 kg/m3. The PZT was 
assigned by the piezoelectric materials with the structural 
and piezoelectric properties obtained from the reference 
(Huynh et al. 2018). The z-directional contact stiffness was 
initially set as kz = 5.0 × 1011 N/m2/m and the x-directional 
and y-directional contact stiffness kx and ky were assumed to 
be 2.5 × 1011. The dashpot system was represented by the 
damping ratios ξx = ξy = ξz = 0.01. From previously 
published data (Ong et al. 2003, Gresil et al. 2012), the 
bonding layers were first assumed to have the thickness t = 
0.2 mm, Young’s modulus E = 3 Gpa, Poisson’s ratio ν = 
0.38, and the mass density ρ = 1700 kg/m3. 

The EMI response of the initial FE model was analyzed 
in the frequency range of 10-55 kHz. The numerical EM 
signatures obtained from the initial FE model were 
compared with the ones measured from the experimental 
test, as shown in Fig. 7. Similar to the experiment, the FE 
simulation showed two remarkable resonant peaks in the 
real impedance signature of 10-55 kHz (see Fig. 7(a)). The 
frequencies of Peak 1 and Peak 2 were found at 15.85 kHz 
(f1, FEM) and 33.05 kHz (f2, FEM), respectively. 

However, the FE model predicted the frequencies of 
Peak 1 and Peak 2 different from the experimental model 
(see Fig. 7(a)). The differences are also found in the 
imaginary impedance signatures (see Fig. 7(b)). To 
regenerate the experimental impedance signatures at the 
same frequency ranges with identical patterns, the structural 
parameters of the FE model should be fine-tuned by model-
updating algorithms. 

 
3.2 Updating FE model 
 
3.3.1 Sensitive-based model-updating algorithm 
The purpose of model-updating is to adjust a numerical 

model corresponding to a realistic model (Sirca and Adeli 
2012). Through adjusting the structural parameters, the FE 
model can reproduce the measured EMI responses. In this 
work, the modal sensitivity-based system identification 
method, which is regarded as one of the reliable model-
updating approaches (Shih et al. 2009, Pasquier and Smith 

 
 

2016), was adopted to update the FE model. 
The details of the modal sensitivity-based model-

updating can be found in the previous study (Stubbs and 
Kim 1996). Herein, we only summarize the key steps. The 
first step is to determine the model-updating parameters of 
the FE model and measure the peak frequencies of the smart 
interface. The second step is to calculate the modal 
sensitivity of the model-updating parameters using the 
initial FE model. The third step is to compute the fractional 
changes in these parameters by the modal sensitivity 
equation. The final step is to repeat the whole process until 
the differences in the peak frequencies between the FE 
model and the experimental model are minimal. 

 
3.3.2 Model-updating parameters 
To secure the success of the model-updating process, 

proper structural parameters of the FE model should be 
properly selected. The rule is to select the unknown 
structural parameters and the structural parameters showing 
high sensitivities to the peak frequencies. Structural steel, 
aluminium alloy and PZT-5A are well-known materials and 
therefore the standard values are used. In the testing model, 
the structural parameters of the bonding layers are unknown 
and relatively uncertain. The Poison’s ratio and the mass 
density of the bonding layer are approximate 0.38 and 1700 
kg/m3 with minor deviations while Young’s modulus and 
the bond thickness have considerable deviations (Ong et al. 
2003, Gresil et al. 2012). Young’s modulus of the bonding 
layer has significant impacts on the high-frequency 
response of PZT sensors (Bhalla and Moharana 2012). 
Besides, the contact stiffness kx, ky and kz are also unknown 
and depends on the bolt preload. The values of kx and ky 
were found to be around half of kz (Huynh and Kim 2017), 
therefore kx and ky were set as 0.5 × kz during the model-
updating process to reduce the number of unknown 
parameters. In summary, the bond thickness tb, the bond 
Young’s modulus Eb, and the contact stiffness kz are 
selected as the model-updating parameters. 

 
3.3.3 Updated FE model 
Fig. 8 shows the modal sensitivities of the three model-

updating parameters to the two identified frequencies of the 
impedance peaks (f1 and f2). It is shown that the bond 
thickness was the most sensitive to the frequency of Peak 1 

Fig. 7 EMI signatures of initial FE model vs experimental model (a) Real impedance; (b) Imaginary impedance
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Fig. 8 Modal sensitivities of model-updating parameters
 
 

 
 

 
 

while the bond elastic modulus was the most sensitive to the 
frequency of Peak 2. 

Next, the FE model was fine-tuned by the modal 
sensitivity-based algorithm. The experimental frequencies 
corresponding to the two impedance peaks were used as the 
target frequencies. Fig. 9 showed the convergence of the 
two peak frequencies of the FE model for the 27 iterations. 
In the beginning, the frequency error between the initial FE 
model and the experimental model was about 6% for Peak 1 
and about 5% for Peak 2; however, the error was decreased 
to 0.3% for Peak 1 and 1.3% for Peak 2 at the 27th iteration. 
The FE model was converged with an average error of less 
than 1%. 

The real part of the numerical EMI was compared with 
the experimental result in Fig. 11(a). Despite certain 
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Fig. 9 Convergences of the two peak frequencies of the FE model 

 
Fig. 10 Relative changes in the three model-updating parameters of the FE model 

Fig. 11 EMI signatures of updated FE model (a) Real part; (b) Imaginary part 
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differences in the peak magnitude, it is obvious that the 
peak frequencies of the FE model were consistent with 
those of the experimental model at the identical frequency 
range with similar patterns. The consistency between the 
two models was also observed in the imaginary part of the 
EMI, see Fig. 11(b). Conclusively, the updated FE model 
reproduced the experimental EMI signatures. Thus, the 
fine-tuned FE model is feasible to estimate the EMI 
signatures of the smart interface under functional 
degradations. 

As the numerical peak frequencies (f1,FEM and f2,FEM) 
matched with the experimental ones (f1,Exp and f2,Exp), the 
model-updating parameters are determined. Fig. 10 shows 
the relative changes in the three model-updating parameters, 
which are divided by the parameters at the 27th iteration. 
The figure shows that the parameters were converged to the 
unity at the final iteration. 

 
 

4. Effect of functional degradations on EMI 
characteristics of smart interface 
 
4.1 Simulation of common defects in smart 

interface and structural damage in host 
structure 

 
The updated FE model was utilized to investigate the 

functional degradation-induced EMI characteristics of the 
smart interface. Potential degradations in the smart interface 
(i.e., shear lag effect, sensor debonding, sensor breakage, 

 
 

 
 

interface detaching) and structural damage (i.e., reduced 
Young’s modulus of the spice plate) were numerically 
simulated. Then, EMI signatures were obtained from those 
FE simulations. Afterwards, the effects of the functional 
degradations and structural damage on the EMI and 
impedance features (i.e., the peak frequency and peak 
magnitude) were analyzed. 

Firstly, the shear lag phenomenon was simulated by 
reducing the elastic modulus of the bonding layer (Eb). We 
simulated nine cases of the bond elastic modulus, as 
follows: 1 × Eb (healthy), 0.5 × Eb, 0.1 × Eb, 0.05 × Eb, 0.03 
× Eb, 0.02 × Eb, 0.005 × Eb, 0.001 × Eb, and 0.0001 × Eb. 

Secondly, to simulate the sensor debonding effect, the 
size of the bonding layer was reduced in the horizontal 
and/or vertical directions, as described in Fig. 12(a). In the 
intact state, the bonding layer was filled over the bottom 
surface of the PZT. Then, six sensor debonding cases were 
modelled, including the cases of vertical debonding V1 
(10%) and V2 (20%), horizontal debonding H1 (10%) and 
H2 (20%), and combined vertical and horizontal debonding 
V1H1 (19%) and V2H2 (36%). 

Thirdly, to simulate the sensor breakage, the size of the 
PZT was reduced in the horizontal and/or vertical 
directions, as described in Fig. 12(b). In the intact state, the 
size of the PZT is the same as the size of the bonding layer. 
Six sensor breakage cases were simulated, including the 
cases of vertical breakage V1 (10%) and V2 (20%), 
horizontal breakage H1 (10%) and H2 (20%), and 
combined vertical and horizontal breakage V1H1 (19%) 
and V2H2 (36%). 

 
 

 
 

Fig. 12 Simulation of degraded PZT interface (a) PZT debonding; (b) PZT breakage; (c) Interface debonding

Fig. 13 Numerical EMI signatures under the shear lag effect (a) Real impedance; (b) Imaginary impedance
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Fourthly, to simulate the phenomenon of interface 
detaching from the host structure (i.e., the splice plate), the 
adhesive layer of the interface was removed. Supposing that 
the interface was detached at the left bonded section. As 
shown in Fig. 12(c), in the intact state, the interface was 
completely attached to the host structure. Six interface 
detaching cases were modelled, including two vertical 
detaching V1 (23%) and V2 (46%), two horizontal 
detaching H1 (20%) and H2 (40%), and two combined 
vertical and horizontal detaching V1H1 (38%) and V2H2 
(67%). 

Finally, to simulate the structural damage, the elastic 
modulus of the splice plate Esplice (i.e., the host structure) 
was reduced in the FE model. Four cases of the elastic 
modulus: 1 × Esplice (healthy), 0.8 × Esplice, 0.6 × Esplice, 0.4 × 
Esplice were simulated. 

 
4.2 Shear lag-induced EMI characteristics 
 
Fig. 13(a) shows the real part of the EMI signatures for 

different values of the bond elastic modulus. The real EMI 
significantly varied with the bond stiffness. The signature of 
the imaginary part shifted down along with an increase of 
shear lag effect (i.e., a decrease of the bond stiffness), as 
seen in Fig. 13(b). Specifically, the real impedance peaks 
shifted down and left according to the shear lag effect. For 

 
 

 
 

the bond stiffness below 0.005Eb, two impedance peaks 
were disappeared. 

As key impedance features, the frequency and the 
magnitude of Peak 1 and Peak 2 were quantified under the 
shear lag effect. As respectively shown in Figs. 14(a) and 
(b), the magnitude and the frequency of the two peaks were 
reduced with a decrease of the bond stiffness. When the 
bond elastic modulus was reduced from 1 × Eb to 0.005 × 
Eb, the two peak frequencies experienced similar reductions 
of about 500 Ω (see Fig. 14(a)) while the two peak 
magnitudes showed different variations: 0.85 kHz for Peak 
1 and 2.85 kHz for Peak 2 (see Fig. 14(b)). The reduction 
rate of the 2nd frequency was faster than that of the 1st 
frequency, suggesting a larger impact of the shear lag effect 
on Peak 2. 

 
4.3 Sensor debonding-induced EMI characteristics 
 
The real and imaginary parts of the EMI were simulated 

for the six debonding cases of the PZT, as shown in Figs. 
15(a) and (b). the sensor debonding caused obvious changes 
in the EMI responses. Interestingly, several new peaks 
appeared in the frequency ranges of 19-21 kHz and 37-44 
kHz, which were resulted from the asymmetric piezoelectric 
force transmission from the debonded PZT to the interface. 
Similar to the shear lag effect, the sensor debonding caused 

 
 

 
 

 

 
Fig. 14 Shifts in (a) Peak magnitude; and (b) Peak frequency due to the shear lag effect 

Fig. 15 Numerical EMI signatures under sensor debonding (a) Real impedance; (b) Imaginary impedance
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Fig. 16 Shifts in peak magnitudes due to sensor debonding (a) V1 & V2; (b) H1 & H2; (c) V1H1 & V2H2

Fig. 17 Shifts in peak frequencies due to sensor debonding (a) V1 & V2; (b) H1 & H2; (c) V1H1 & V2H2

Fig. 18 Numerical EMI signatures under sensor breakage (a) Real impedance; (b) Imaginary impedance

Fig. 19 Shifts in peak magnitudes due to sensor breakage (a) V1 & V2; (b) H1 & H2; (c) V1H1 & V2H2
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downshifts in the imaginary EM signatures, see Fig. 15(b). 
The changes in the magnitude of Peak 1 and Peak 2 were 
quantified concerning the debonding direction of the PZT, 
as shown in Figs. 16(a), (b), and (c). Similar to the shear lag 
effect, the peak magnitude was decreased with an increase 
in the debonding severity. Two impedance peaks 
experienced relatively different changes in the peak 
magnitude (max variations: 310 Ω for Peak 1 and 405 Ω for 
Peak 2). Due to the higher debonding severity, the 
combined debonding cases (V1H1 and V2H2) showed 
higher changes in the peak magnitude as compared to others 
(V1, V2, and H1, H2). 

The variation in the peak frequency was also computed 
for the intact and the six sensor debonding cases, as plotted 
in Fig. 17. It is observed that the sensor debonding caused 
slight changes in the peak frequencies (max variations: 0.3 

 
 
 

 
 

kHz for Peak 1 and 0.75 kHz for Peak 2). The trend of the 
peak frequency variation was not apparent for the single 
direction of the debonding (V1, V2, and H1, H2). For the 
combined directions of the debonding (V1H1 and V2H2), 
the peak frequency was increased along with the debonding 
severity; specifically, the frequency change of Peak 2 was 
higher than that of Peak 1. 

 
4.4 Sensor breakage-induced EMI characteristics 
 
The real and imaginary parts of the obtained EMI 

responses were plotted in Figs. 18(a) and (b), respectively. 
The figures showed that the sensor breakage caused clear 
variations in the EMI signatures. As seen in Fig. 18(a), 
several additional peaks appeared in the frequency ranges of 
19-21 kHz and 37-44 kHz. In contrast with the shear lag 

 
 

 
 

 

Fig. 20 Shifts in peak frequencies due to sensor breakage (a) V1 & V2; (b) H1 & H2; (c) V1H1 & V2H2

 
Fig. 21 Numerical EMI signatures under interface debonding (a) Real impedance; (b) Imaginary impedance
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and the sensor debonding phenomena, the breakage of the 
PZT caused upward shifts in the imaginary part of the EMI 
signatures, see Fig. 18(b). 

The changes in the magnitudes of Peak 1 and Peak 2 
were quantified concerning the breakage direction of the 
PZT, as shown in Fig. 19. In contrast with the adhesive 
layer’s defects, the peak magnitude was increased with an 
increased debonding severity due to the sensor breakage. 
Two impedance peaks experienced relatively different 
changes in the peak magnitude (max variations: 300 Ω for 
Peak 1 and 205 Ω for Peak 2). The horizontal breakage 
cases (H1 and H2) caused higher changes in the peak 
magnitude as compared to others. 

 
 

 
 

 
 
The frequency changes in Peak 1 and Peak 2 were 

computed accordingly. As observed in Fig. 20, the sensor 
breakage resulted in minor changes in the two peak 
frequencies (max variations: 0.25 kHz for Peak 1 and Peak 
2). The frequency of Peak 1 was slightly increased with the 
breakage size of the PZT while that of Peak 2 was slightly 
decreased. 

 
4.5 Interface detaching-induced EMI characteristics 
 
Fig. 21(a) showed the real part of the EMI responses 

under the six detaching cases of the interface. It was 
observed that the interface detaching caused significant 

Fig. 22 Shifts in peak magnitudes due to interface detaching (a) V1 & V2; (b) H1 & H2; (c) V1H1 & V2H2

Fig. 23 Shifts in peak frequencies due to interface detaching (a) V1 & V2; (b) H1 & H2; (c) V1H1 & V2H2

Fig. 24 Numerical EMI signatures under structural damage (a) Real impedance; (b) Imaginary impedance
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shifts in the two impedance peaks. Interestingly, many new 
peaks appeared in the frequency ranges of 10.5-11.5 kHz, 
18-26 kHz and 34-45 kHz. The significant variations of the 
impedance peaks were also observed in the imaginary part 
of the EMI signatures, as plotted in Fig. 21(b). It was found 
that the interface detaching did not modify the overall curve 
of the imaginary part. 

The changes in the peak magnitudes were quantified 
with regards to the detaching direction of the bonded 
section, including the vertical detaching cases: V1 and V2 
(see Fig. 22(a)), the horizontal detaching cases: H1 and H2 
(see Fig. 22(b)), and the combined detaching cases: V1H1 
and V2H2 (see Fig. 22(c)). The peak magnitudes 
experienced significant changes (max variations: 260 Ω for 
Peak 1 and 140 Ω for Peak 2) under the effect of interface 
detaching; however, no apparent trend can be observed. The 
frequency changes in Peak 1 and Peak 2 were computed 
accordingly. As shown in Fig. 23(a), the vertical detaching 
cases V1 and V2 caused significant reductions in the peak 
frequencies; the frequency shift of Peak 1 was higher than 
that of Peak 2 (max variations: 8 kHz for Peak 1 and 5.75 
kHz for Peak 2). As seen in Fig. 23(b), the horizontal 
detaching cases H1 and H2 caused less severe changes in 
the peak frequencies; the horizontal detaching majorly 
affected the frequency of Peak 2 (max variations: 0.5 kHz 
for Peak 1 vs 1.15 kHz for Peak 2). As observed in Fig. 
23(c), the combined detaching cases V1H1 and V2H2 
induced large variations in the two peak frequencies; the 
frequency shift of Peak 1 was higher than that of Peak 2 
(max variations: 8.75 kHz for Peak 1 and 5.95 kHz for Peak 
2).  

 
4.6 Structural damage-induced EMI characteristics 
 
Fig. 24(a) shows the real EMI signatures for different 

values of the elastic modulus. The EMI varied with the 
structural damage severity. Despite the impedance variation, 
the structural damage did not modify the curve pattern of 
the imaginary EMI signatures, as revealed in Fig. 24(b). 
Further, the two impedance peaks shifted left according to 
the damage severity, indicating the reduction in the modal 
stiffness of the splice plate, see Fig. 24(a). 

The changes in the peak frequencies and the peak 
magnitudes were quantified. Fig. 25(a) shows that Peak 1 

 
 

experienced slight magnitude changes under the effect of 
the structural damage while that of Peak 2 was nearly 
unchanged (max variations: 19.98 Ω for Peak 1 and 0.66 Ω 
for Peak 2). As seen in Fig. 25(b), the two peak frequencies 
were slightly reduced with the same amount (max 
variations: 0.45 kHz for Peak 1 and Peak 2) when the splice 
plate was damaged. 

 
 

5. Diagnosis of degraded smart interface using 
EMI responses and deep learning algorithm 
 
5.1 CNN-based functional assessment method 
 
A CNN-based method is proposed for assessing the 

health status of the smart interface during SHM, as shown 
in Fig. 26. The EMI features can be automatically extracted 
from the raw signal using a set of convolutional layers, and 
classified into one of four following classes: ‘Healthy’, 
‘PZT-bond defect’, ‘PZT-breakage’, ‘Interface-debonding’ 
using a set of fully connected (fc) layers. 

From the previous analyses, it is found that the 
degradations in the smart interface would cause three 
distinguishable patterns of imaginary impedance changes. 
They include upward shifts in the imaginary part induced 
by the degraded bonding layer of the sensor (e.g., shear lag 
and sensor debonding), downward shifts in the imaginary 
part caused by the degraded quality of the sensor (e.g., 
sensor breakage), and no shifts in the pattern of the 
imaginary part resulting from the interface detaching or the 
host structure’s damage. Therefore, the imaginary part is 
selected as the input for the CNN-based functional 
assessment model. 

As shown in Fig. 26, the architecture of the CNN model 
is sequentially designed with (1) the input layer, (2) the 
convolutional (Conv) layer with 8 kernels of 1 × 128 (strike 
= 1), (3) the batch normalization (Batchnorm) layer of 8 
channels, (4) the rectified linear unit (ReLU) layer, (5) the 
maxpooling (Maxpool) layer with a kernel of 1 × 4 (strike = 
2), (6) the conv layer with 32 kernels of 1 × 8 (strike = 1), 
(7) the batchnorm layer of 32 channels, (8) the ReLU layer, 
(9) the fully connected (Fc) layer of 128, (10) the Fc layer 
of 64, (11) the Fc layer of 4 (i.e., the number of classes), 
(12) the Softmax layer, and (13) the class output layer. The 

 
Fig. 25 Shifts in (a) Peak magnitude; and (b) Peak frequency due to structural damage 

(a) (b)

82



 
Deep learning-based functional assessment of piezoelectric-based smart interface under various degradations 

Table 1 The details of the operators of the CNN layers 

No Type Depth Filter Stride 
1 Input - - - 
2 Conv 8 1×128 1 
4 Batchnorm - - - 
5 ReLU - - - 
2 Maxpool 8 1×4 2 
6 Conv 32 1×8 1 
7 Batchnorm - - - 
8 ReLU - - - 
9 Fc 128 - - 

10 Fc 64 - - 
11 Fc 4 - - 
12 Softmax - - - 
13 Output - - - 

 

 
 
 

 
 
 

specifications of the operators of those layers are 
summarized in Table 1. 

The input layer is a 1-D imaginary EMI signal with a 
fixed size of 901 × 1 (901 is the number of swept 
frequencies). The Conv layer has convolutional kernels with 
weights to learn certain features of the input. The ReLU 
layer maps the negative values of the result of the previous 
layer to zero and keeps positive values. The ReLU layer 
helps to minimize the cost of computation and makes the 
process of training more efficient. The Batchnorm layer 
normalizes each channel of the input data across a mini-
batch that help to speed up the process of training and 
reduce the sensitivity to the initialization of the network. 
The Maxpool layer slides the kernel on the output of the 
previous layer with a strike and for each position, only the 
maximum value is output. The Fc layer connects to all 
nodes of the previous layer and performs the dot product on 
the input data in each of the nodes. The Softmax layer takes 
the output of the Fc layer as the input data and applies the 

 
 
 

 
 
 

Fig. 26 The CNN-based functional assessment approach for smart interface 

 
Fig. 27 Sample noise-contaminated signals for testing
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softmax function. The details of these layers can be found 
in existing publications (LeCun et al. 1989, 2015, Gu et al. 
2015). 

 
5.2 Databank preparation and training the CNN 
 
Two datasets were constructed for training and testing 

the CNN model. The imaginary EMI signals obtained from 
the previous simulations with some additional cases were 
used to build the training dataset. The additional cases 
include the vertical PZT debonding of 30%, the horizontal 

 
 

 
 

PZT debonding of 30%, the combined vertical and 
horizontal PZT debonding of 51%, the vertical PZT 
breakage of 30%, the horizontal PZT breakage of 30%, the 
combined vertical and horizontal PZT breakage of 51%, the 
vertical interface debonding of 69%, the horizontal interface 
debonding of 60%, the combined vertical and horizontal 
interface debonding of 87%, and the contact stiffness 
reductions of 20%, 40%, and 60%. 

Briefly, the training dataset is composed of 42 imaginary 
EMI signals in which 7 signals (16.7%) for the “Healthy” 
class, 9 signals (21.4%) for the “Int.-debonding” class, 9 

 
 

 
 

.

Fig. 28 Training the CNN model

.  

Fig. 29 The accuracy of the CNN-based functional assessment method 
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signals (21.4%) for the “PZT-breakage” class, and 17 
signals (40.5%) for “PZT-bond defect” class. It should be 
noted that the “Healthy” class includes the signals of both 
the intact case of the smart interface and the damage cases 
of the host structure (i.e., Young’s modulus and contact 
stiffness reductions). The “PZT-bond defect” class includes 
the signals of both the shear-lag cases and the PZT 
debonding cases. 

To construct the testing dataset, the training signals were 
added by white noises with different levels of 1%, 2%, 3%, 
4%, and 5% (i.e., the standard deviation of the signal 
amplitude), respectively. The addition of noises to the 
original signals is to consider the uncertainty in the EMI 
measurement encountered in realistic situations. Briefly, the 
testing dataset is composed of 210 signals in which 35 
signals (16.7%) for the “Healthy” class, 45 signals (21.4%) 
for the “Int-debonding” class, 45 signals (21.4%) for the 
“PZT-breakage” class, and 85 signals (40.5%) for “PZT-
bond defect” class. Fig. 27 shows the sample signals of the 
testing dataset. It is shown that the added noises caused 
certain changes in the imaginary EMI signals. 

 
5.3 Evaluation of the CNN-based method for 

functional assessment in the smart interface 
 
All experiments in this study were performed on a 

desktop computer (CPU: Intel Core i7-8700 of 3.2 GHz, 
memory: DDR4 of 16 GB, GPU: GeForce GT 1030 of 2 
GB). The CNN model was programmed using Matlab 
language. The CNN was trained using the SGDM 
(stochastic gradient descent with momentum) training 
algorithm (the mini-batch size of 64, the momentum of 0.9, 
the learning rate of 0.001, the learning rate drop factor of 
0.1). 

The training accuracy and the training loss over the 
observations during the training process are plotted in Fig. 
28. After 200 iterations, the overall accuracy of the CNN 
model reached 100% while the loss was significantly 
reduced to an ignorable value of 0.05, suggesting the high 
accuracy of the trained CNN model. 

The performance of the CNN model was evaluated on 
the testing dataset. The classification result is illustrated 
using a fusion matrix chart, as shown in Fig. 29. The rows 
of the chart are the output classes (the predicted class) and 
the columns are corresponding to the target class (the true 
class). The diagonal cells are observations that are 
accurately classified. The off-diagonal cells are 
corresponding to observations that are incorrectly classified. 
In each cell, both the number of observations and the 
percentage of the total number of observations are shown. 
The far-right column on the chart shows the precision 
(positive predictive value) in green color and false 
discovery rate in red color for each class. The bottom row 
on the chart shows the recall (or true positive rate, in green 
color) and false negative rate (in red color) for each class. 
The bottom right cell of the chart corresponds to the overall 
accuracy. 

Fig. 29 reveals a high level of consistency between the 
predicted classes and the true classes. The obtained results 
show that the proposed CNN-based method successfully 

predicted the health status of the smart interface, even with 
the noise-contaminated signals. The overall accuracy of the 
CNN model was as high as 99%. 

 
 

6. Conclusions 
 
In this study, a CNN-based method was developed for 

assessing the functionality of the smart interface during 
SHM. The method can autonomously extract and directly 
learn optimal EMI features from the raw signals. A 
predictive FE modelling strategy was adopted to establish a 
reliable FE model, from which the influences of the shear 
lag, sensor debonding, sensor breakage, interface detaching, 
and structural damage were extensively analyzed. The FE 
model was then used to generate a reliable EMI databank 
for training and testing the CNN. From the numerical and 
experimental investigations, at least four concluding 
remarks can be drawn, as follows: 

 
(1) The effect of the smart interface’s degradations on 

the EMI response was analytically realized using a 
refined impedance model. 

(2) The imaginary EMI signals showed distinctive 
changes under different functional degradations of 
the smart interface. 

(3) The proposed CNN-based method was successful to 
classify four types of the health status of the smart 
interface, including “Healthy”, “PZT-bond defect”, 
“PZT-breakage”, “Interface-debonding”. 

(4) The proposed method can directly process the raw 
EMI signal without preprocessing and is therefore 
promising for real-time assessment of the 
functionality of the smart interface in practice. 

 
Despite those promising results, some limitations of this 

study remain unsolved. Firstly, the proposed CNN-based 
method was only verified on a bolted joint; the applicability 
of the method to more complex structures should be tested. 
Secondly, the proposed method is specifically designed for 
diagnosing single functional degradations; the method 
should be improved to assess combined degradation types. 
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