Quantitative interface debonding detection for concrete-filled steel tube members with EMI and convolutional neural networks
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ABSTRACT: Interface debonding between steel tube and concrete core of concrete-filled steel tube (CFST) members weakens the confinement effect of steel tube on concrete core and leads to decrease of their mechanical behaviors. It has been a challenging task to quantitatively detect the debonding. In this paper, a quantitative interface debonding detection method for CFST members is proposed using the electromechanical impedance (EMI) measurement of piezoelectric lead zirconate titanate (PZT) sensors mounted on the surface of the CFST members and a Convolutional Neural Network (CNN). First, the Euclidean distances between the EMI data of CSFT members with debonding and them of healthy CFST members are determined numerically. The original EMI data is converted into Red Green Blue (RGB) frames, which is used as input to the CNN model to be trained. Then, a number of RGB frames are used as input to the CNN model with the help of the data augmentation method. The accuracy of the trained CNN is verified with expended test data. Finally, the intensity of the interface debonding of CFST members with different interface debonding defects is predicted using the trained CNN and EMI. Results show that the proposed quantitative interface debonding detection approach for CFST members is effective.
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Introduction
In recent years, damage detection using piezoelectric lead zirconate titanate (PZT) patches has attracted much attention and has been applied in different structures, such as composite structures [1, 2], pipeline structures [3], reinforced concrete (RC) structures [4], steel structures [5] and steel-concrete composite structures [6, 7], etc.
One of the most attractive approaches for defect detection of engineering structures using embedded or surface-mounted PZT sensors is based on the electromechanical impedance (EMI) measurement. Liang et al. [8] derived a one-dimensional electromechanical coupling model composed of PZT sensors and the host structure to illustrate the principle of the EMI based damage detection approach. Sun et al. [9] first employed the EMI method to monitor the condition of truss structures. Tawie and Lee [10] monitored the early strength of concrete specimens using EMI, and the results showed that the increase of concrete strength leads to the shift of resonant spectrum of the EMI. Some damage indices such as the Root Mean Square Deviation (RMSD) [11], Correlation Coefficient Deviation (CCD) [12], Covariance (Cov) and Correlation Coefficient (CC) [13,14] based on EMI measurements have been proposed and the relationship between them and damage intensity has been investigated numerically and experimentally. Hamzeloo et al. [11] investigated the influence of damage type and location and material stiffness on the RMSD of EMI experimentally and numerically. Based on the test measurement of EMI for the defect detection of aluminum plate specimens, Tseng and Naidu [13] found that the proximity of a damage to the transducer or with the increase in damage size, the RMSD increase, while Covariance and CC decrease in value. The RMSD index was found to be more suitable for characterizing growth and the location of damage, whereas the increase in damage size at a fixed location is more effectively discernible by covariance and CC. 
In all the above studies, the structure damage is determined by the resonant spectrum shift and/or amplitude change of the original impedance or admittance signal. Even the defined damage indices generally increase with the increase structural defect severity, quantitative defect detection approaches using EMI are desired. 
Recently, Convolutional Neural Networks (CNNs) have been successfully applied in structural damage identification and defect detection using vibration measurements for structural health monitoring (SHM) [15]. Due to the low computational cost and strong adaptability of CNNs, they have been employed to detect structural damages using EMI measurements. De Oliveira et al. [16] first applied EMI and CNN to detect damage in aluminum structures. Rezende et al. [17] investigated the effect of temperature variation on EMI and developed a temperature robustness model to identify damage with the help of CNNs. Ai et al. [18] combined principal component analysis (PCA) algorithm with neural network to detect cracks in concrete and verified its accuracy through experiments. Most of the current studies on defect detection using EMI and CNN show their applicability for simple structures with single material. Further investigation on the interface debonding detection of CFST member, as a typical composite structure composed of steel and concrete material, is desired.
In this study, aiming at the quantitative evaluation of interface debonding of CFST members, a method combining EMI and CNN is proposed and validated with multi-physics coupling numerical simulation data. EMI data of CFST members with different interface debonding sizes are preprocessed and converted into Red Green Blue (RGB) frames and used as the input of the CNN model. Input data are divided into nine labels representing different degrees of interface debonding defects. The trained CNN is employed to predict the degrees of the interface debonding defect of the tested CFST members with high accuracy.
[bookmark: _Hlk99129577]principle of THE Quantitative Interface debonding defects DETECTION APPROACH 
Principle of EMI measurements-based defects detection 
The principle of defects detection with EMI is to mount PZT sensors on the outer surface of the main structure to be monitored or to embed the PZT sensors in it and then to measure the EMI of the sensors using the self-excitation and self-sensing approach. By comparing the EMI changes before and after the initiation of damage, the damage condition of the main structure is evaluated qualitatively. Liang et al. proposed a one dimensional (1D) coupling model as shown in Figure 1 and derived the admittance expression as follows [8]:
		(1)
where  is the virtual unit,  is the excitation angular frequency,  are the width, length and thickness of the PZT sensor, respectively.  are the complex dielectric constant and complex Young's modulus when the PZT stress is zero or constant, are the piezoelectric constant and dielectric loss factor of the PZT sensor,  are the mechanical impedance of the PZT sensor and the main structure, respectively. It can be seen from Equation (1) that the electrical impedance  is determined by the PZT material parameters (including ) and the mechanical impedance value  of the main structure.


Figure 1. One-dimensional electro-mechanical coupling model composed of CFST and a PZT sensor


[bookmark: _Hlk99142967]Figure 2. EMI method monitoring system
In practice, the PZT sensor is connected to an impedance analyzer by wires welded to the positive and negative terminals of the PZT sensor, and the electrical impedance signal at different excitation frequencies is measured. Then the EMI measurement of a healthy structure is compared with that of the structure with damage.  Figure 2 shows an example of the test setup for the interface debonding detection of a CFST member where a PZT sensor is mounted on the surface of it and the EMI of the PZT sensor is measured with an impedance analyzer.
Principle of quantitative debonding defects detection approach based on CNN and EMI
The CNN is efficient in image processing as a successful deep learning algorithms using sparse connectivity and shared weight method is helpful for reducing both the number of weights and the risk of overfitting. The basic architecture of the CNN is shown in Figure 3.


Figure 3. Typical architecture of a CNN
The two-dimensional (2D) features of the original EMI are extracted through the convolution kernel and are employed as input to the CNN for quantitative detection of interface debonding of CFST members. The feature map after the convolution layer is pooled to achieve dimensionality reduction and secondary feature extraction. In the fully connected layer, the 2D features are mapped to one-dimensional vectors, and the extracted features are classified by the SoftMax classifier. The output layer provides the result of damage intensity or degree.
Numerical validation 
Numerical model of the PZT-CFST coupling system
The multi-physics field finite element model (FEM) as shown in Figure 4 for the PZT-CFST coupling system was established using COMSOL and the influence of interface debonding defect size on the EMI impedance signal is investigated numerically. 


Figure 4. The FE model of the coupling system of CFST with debonding defect and a surface-bonded PZT
[bookmark: _Hlk99143264]  The PZT has a length and a width of 15mm and 10mm, respectively, and a thickness of 0.3 mm. The polarization direction is in its thickness direction. The material properties of steel, concrete and PZT sensor are shown in Table 1. The detailed mechanical (elastic constant) and piezoelectric properties (dielectric constant and piezoelectric stress constant) are taken from previous studies by Xu et al. [7, 19].
Table 1. Material properties
	Material
	Young’s modulus
(GPa)
	Poisson ratio
	Density
(kg/m³)

	Steel
	210
	0.29
	7850

	Concrete
	25
	0.2
	2500

	PZT
	---
	0.36
	7500


EMI simulation results of CFST members with different interface debonding defects
To investigate the influence of the length of interface debonding defects on the EMI signal, four cases are considered, which are CFST members in healthy condition and with debonding defect lengths of 150 mm, 100 mm and 50 mm, respectively. The depth of the interface debonding defects is identical and 5 mm. An AC voltage with an amplitude of 1 V is applied to the upper surface of the PZT and the lower surface that is in contact with the steel tube of CFST is grounded. The frequency band of the excitation signal is 1-800 kHz with an interval of 1 kHz. The EMI of the healthy specimen is shown in Figure 5. From figure 5, it is clear that the EMI curve has an obvious peak at the frequency band of 160-180 kHz, which can be treated as a sensitive frequency band here.
[image: ]
[bookmark: _Hlk99179926]Figure 5. Sensitive frequency band selection
Figure 6 shows the comparison of the EMI results of the four CFST members in healthy condition and them with debonding defects described as “s debonding length-thickness” in the selected sensitive frequency band. It is clear that the EMI in the determined frequency band is very sensitive to interface debonding defects.
[image: ]
Figure 6. The impedance signatures of CFST members with different sizes of interface debonding defects.
The existence of interface debonding defects reduces the local stiffness of the coupling system resulting in a left shift of frequency. The offset increases with the degree of interface debonding, which is consistent with the founding from the previous experimental study of Xu et al. [6].
Quantitative interface debonding defects detection results with EMI and CNN
Data labelling and data preprocessing
The simulated EMI results are used as original data for the CNN training and testing. The debonding degree in the form of debonding length is divided into 9 categories with a defect length interval of 5mm, as shown in Table 2. Firstly, the Euclidean distance (ED) between EMI data of each specimen with a debonding defect and that of the healthy data is calculated to form an ED-matrix, which is normalized and mapped into RGB frames as the input to the CNN using the colormap function in MATLAB. Moreover, the data augmentation method including resize transformation, random rotation transforms, blur processing, etc. is used to expand the original samples [20]. The original data sets are expended to 392 including 371 training sets and 21 testing sets.
Table 2. Classification of damage degree
	Classification
	Defect length(mm)

	0
	Health

	1
	10-35 mm

	2
	40-65 mm

	3
	70-95 mm

	4
	100-125 mm

	5
	130-155 mm

	6
	160-185 mm

	7
	190-215 mm

	8
	220-245 mm


CNN structure
[bookmark: _Hlk99609285]The CNN-based quantitative interface debonding detection method can realize feature adaptive extraction and intelligent diagnosis by integrating feature extraction and damage classification. The employed CNN architecture is shown in Fig 7. The preprocessed data [1281281] is treated as input and is connected to the first convolution layer and convolved with a convolution kernel (55), then pooled with a layer size of 22. After repeating the convolution process twice, dropout (0.5) is added to prevent overfitting, and finally the fully connected layer is connected, and the SoftMax classifier outputs the nine structural damage degrees.


Figure 7. Quantitative CNN damage detection model for CFST
Quantitative debonding defects detection results
Using the 371 training sets that are randomly selected from the expended data sets, the CNN is trained for 100 iterations and the remaining 21 test sets are used to test the recognition effect of the proposed approach.
    Figure 8 and Table 3 show the training loss curve and predicted results of the 21 training data sets. In Table 3, the “Gt” value represents the true interface debonding defect degree of the test set, and the “Pred” value represents the corresponding prediction result. Results shown in Table 3 show that all values of “Gt” and the corresponding “Pred” are identical, which indicates that the interface debonding detection result has an accuracy of 100%. Generally peaking the detection accuracy is dependent on the selected training data sets for the CNN. In order to investigate the generality of the propose approach, here, a total of ten different CNNs are trained, respectively, using ten different randomly selected training data sets and used to identify the damage degree. Results show that the average accuracy is 95.24%, which reflects the effectiveness of the proposed approach.
[image: ]
Figure 8. The training loss
Table 3. Predicted results of 21 test sets
	No
	1
	2
	3
	4
	5
	6
	7

	RGB
	[image: ]
	[image: ]
	[image: ]
	[image: ]
	[image: ]
	[image: ]
	[image: ]

	Gt
	3
	6
	2
	1
	7
	3
	6

	Pred
	3
	6
	2
	1
	7
	3
	6

	No
	8
	9
	10
	11
	12
	13
	14

	RGB
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	[image: ]
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	[image: ]
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	[image: ]

	Gt
	3
	3
	5
	3
	2
	7
	1

	Pred
	3
	3
	5
	3
	2
	7
	1

	No
	15
	16
	17
	18
	19
	20
	21

	RGB
	[image: ]
	[image: ]
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	[image: ]
	[image: ]
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	Gt
	3
	1
	5
	2
	0
	4
	2

	Pred
	3
	1
	5
	2
	0
	4
	2


concluding remarks
This paper proposes a quantitative interface debonding defects detection approach for CFST members by combining EMI and CNN. FE simulations on CFST-PZT coupling systems in healthy condition and with interface debonding defects are carried out to determine the EMI employed to quantitatively identify the degree of interface debonding with the help of CNN. The conclusions from this study are as follows:
Numerical simulation results show that interface debonding defects lead to significant changes in impedance peak values and the corresponding frequency. The larger the length of the interface debonding defect is, the more the left shift of the peak frequency of the impedance spectrogram is.
The proposed interface debonding degree detection approach using EMI and CNN can identify the interface debonding with very high accuracy when only limited original data sets determined from the EMI are available. 
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