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ABSTRACT

Damage detection is one of the primary purposes of structural health monitoring. Since neutral axis location changes have been considered to be sensitive damage indicators, extensive research efforts have been devoted to developing effective and accurate neutral axis estimation methods, although challenges remain in real-world applications. This report proposes a novel structural condition assessment method using an equivalent neutral axis (ENA) at each location at which a sensor is installed that can be estimated based on acceleration and strain measurements. Numerical simulations were conducted using a simply supported steel beam model to investigate the effect of the ENA with respect to the sensor configuration and damage level. The proposed method was also applied to a numerical reinforced concrete beam model to further validate the ENA as a damage indicator, thus proving the sensitivity of the ENA to structural damage. 
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1. INTRODUCTION

Structural health monitoring (SHM) serves to increase the lifetimes of structures and public safety, while concurrently reducing maintenance costs and downtime. Since SHM is conducted continuously, it enables early damage detection and helps decision-makers plan maintenance to increase the availability of structures.[1–3] Extensive efforts have been made towards the development of SHM techniques to detect structural abnormalities. One of the most frequently used techniques is based on the changes of the dynamic characteristics of structures and is referred to as vibration-based damage detection. This technique utilizes the eigen-parameters of a structure, such as the natural frequencies, mode shapes, mode shape derivatives, and modal flexibilities, to detect global damage in the structure.[4, 5] However, the application of this technique to bridge structures exposed to outdoor environments and unknown input excitations may cause vibration-based damage indicators to be inaccurate, and damage detection cannot be conducted in accordance to the desired standards. Thus, more robust damage indicators are necessary for operational condition assessment, even in the presence of ambient signals, noise, and temperature changes.[6]
	Recently, many researchers have proposed damage indicators using the neutral axis for bridge and wind turbine monitoring.[6–13] The neutral axis is a set of points in a cross-section of a structural member at which the normal stress or strain vanishes subject to specific loads, and it is considered to be a universal parameter of the cross-section of every load-carrying structure. Neutral axis location changes are highly correlated with the reduction of or changes in the cross-sectional properties. Correspondingly, the neutral axis location can potentially serve as a structural damage indicator. There are two main types of neutral axis estimation methods: (1) strain-based methods for estimating the neutral axes of specific cross-sections, and (2) data fusion methods used to determine an equivalent neutral axis (ENA), which is representative of the entire structure.
	The strain-based methods use as few as two strain values in a cross-section of a structure, assuming a linear strain distribution, to determine the neutral axis location.[11] Kim et al.[8] conducted a four-point flexure test on a 25 m prestressed concrete girder and observed neutral axis changes at the limit state of the girder. Sigurdardottir and Glisic[10] experimentally investigated the use of the neutral axis as a damage indicator for beam-like structures through the long-term monitoring of a full-scale bridge. They showed that short-term evaluation of the strain-based neutral axis was effective for detecting stiffness loss, whereas the long-term monitoring results were affected by the rheological effects of concrete and nonlinear temperature variations. Xia et al.[12] used a Kalman filter for neutral axis estimation that considered strain measurements on the top and bottom of a structure, as well as measurement noise, and experimentally proved the robustness of the proposed method. Soman et al.[6] proposed a neutral axis estimation method for a wind turbine tower by using strain measurements and the pitch angle of a nacelle with Kalman filtering. The proposed method compensated for the bending moment induced by nacelle rotation and provided a robust damage index in the presence of noise. However, strain-based methods require at least two strain measurements at each section of interest to obtain the value of a structural damage index. Furthermore, the temperature gradient over the cross-section has not been considered in previous studies on strain-based methods, which has strongly impacted the neutral axis estimation.
	Recently, data fusion techniques that take advantage of multiple measurements such as acceleration, strain, and angular velocity have been applied for system identification, response estimation, and damage detection and have attracted considerable attention.[7, 13–24] The idea of data fusion has also been applied for neutral axis estimation. Soman et al.[13, 14] proposed a stable neutral axis estimation method that compensates for the temperature gradient effect on a beam structure by incorporating a multi-rate Kalman filter and data fusion from temperature and strain sensors. They showed that any pair of strain sensors on a beam structure can yield stable neutral axis and damage detection capabilities. However, as is the case for the neutral axis, numerous strain sensor pairs are required for accurate damage detection as damage is a local phenomenon. The number of sensors required for neutral axis estimation can be significantly reduced by using an ENA that represents the entire structural body.[7, 15] The ENA assumes that the simply supported beam structure has a uniform neutral axis for all cross-sections, and the data fusion methods yield the equivalent location of the neutral axis (i.e., ENA). Thus, a beam structure with nonhomogeneous sectional and material properties may have an ENA with a location different from the neutral axis locations.[7] Rauert et al.[7] proposed an ENA estimation method for a beam structure by using the relationship between strain and displacement. Strain and displacement mode shapes were extracted from the measured strain and acceleration responses, and the ENA was determined based on the strain–displacement relationship obtained from the finite element (FE) model. Even though the estimation method was successfully validated experimentally, the ENA changes due to structural damage were not analyzed. Furthermore, it is necessary to estimate strain and displacement mode shapes with sufficient accuracy and consistency for damage detection, which is often challenging for general full-scale civil engineering structures in the field. Park et al.[24] proposed a peak power matching (PPM) method that does not rely on the mode shapes of a structure for ENA estimation. The PPM method applies the Fourier transforms of the strain- and acceleration-based displacements and obtains the ratio of the two Fourier transforms at their first natural frequency to determine the ENA of the beam structure. Due to the low computational cost, the PPM method enables rapid ENA estimation with a small number of sensors (i.e., 3–5 strain measurements and at least one acceleration measurement on the beam structure). However, the estimation accuracy and consistency were affected more significantly than the structural damage by the measured noise and number of fast Fourier transform (FFT) points. Note that the temperature gradient issue is resolved in ENA estimation as the ENA considers only dynamic strain and acceleration responses, while the strain occurring due to the temperature gradient is represented in the static response.
	This report proposes a new ENA estimation method for structural damage detection that uses five sets of strain and acceleration measurements. The proposed ENA estimation approach is formulated in the time domain to avoid the measured noise and FFT-related problems present in the PPM method. In addition, sinusoidal functions are introduced for mode shapes, so complicated FE modeling is unnecessary. The proposed method first obtains a calibration factor that links the measured acceleration and second derivative of the strain-based displacement at the same position. The moving windowing technique is applied to the acceleration and strain responses of each segment such that a calibration factor is extracted from each one. An outlier removal technique incorporating the PPM method and random sample consensus (RANSAC)[25] is applied for accurate and consistent calibration factor estimation for each strain and acceleration measurement set. The calibration factors from each sensor location are converted into ENAs, and the optimal ENA that represents the conditions of the entire structure is obtained.
	The remainder of this paper is organized as follows. Section 2 presents brief reviews of the PPM method and RANSAC as background. In Section 3, the theoretical formulations for the ENA are explained, including a minimization problem and an outlier elimination technique. To validate the proposed method, Section 4 describes numerical simulations conducted on a simply supported beam model with different sensor layouts, measured noise levels, and damage scenarios. Subsequently, Section 5 discusses simulations that were conducted on a reinforced concrete (RC) beam structure considering the nonlinearities in the model and noise. In these simulations, the ENA changes were investigated under various loading conditions that led to yielding of the RC beam. Finally, Section 6 presents some conclusions drawn based on the simulation results.

2. BACKGROUND

[bookmark: OLE_LINK24][bookmark: OLE_LINK25]The proposed time-domain ENA estimation technique is based on the PPM method developed by Park et al.[24] This section provides brief reviews of the PPM method and RANSAC algorithm,[25] which is used to remove outliers from the ENA data.

2.1 PPM method

Park et al.[24] proposed a data fusion-based PPM approach for ENA determination using acceleration and strain measurements, both of which can be converted into displacements. However, the obtained displacements from each piece of data are not identical due to measurement error and limited information. For example, acceleration is generally associated with large, low-frequency errors, and the neutral axis location is necessary to convert strain into displacement. Since the first modal energy of the displacement estimated based on the acceleration is generally quite accurate, the neutral axis can be determined by matching the magnitude of the first mode in the power spectra of the displacements estimated based on the acceleration and strain.
	Consider a beam structure that corresponds to the simplest numerical representation of a bridge. The strain and displacement can be expressed in modal coordinates as


	 	


	,	

where yc is the neutral axis location and qj(t) and ϕj(t) are the jth modal coordinate and mode shape, respectively. 
	The displacement and strain responses at discrete locations can be approximated using several fundamental natural modes as


	 	


	,	

where m and n are the numbers of entries in the displacement u and strain ε vectors, respectively; r is the number of the modal coordinates q used in the approximation; Φ is the displacement mode shape matrix; and Ψ is the strain mode shape matrix. When n ≥ r, the displacement vector can be written in terms of the strain as


	,	

where the superscript † denotes the Moore–Penrose pseudo-inverse and yc is the assumed neutral axis. Given the strain measurement, the displacement response can be obtained if the displacement and strain mode shapes and neutral axis location are known. For example, Shin et al.[15] demonstrated displacement estimation for a simply supported beam whose modal shapes were sinusoidal functions. As the neutral axis is unknown for a real bridge, an assumed neutral axis location directly results in displacement estimation errors.
	Acceleration can also be used to obtain displacements by double integration of the acceleration in the time domain. Although double integration typically produces low-frequency drift in the estimated displacement, the energy beyond the low-frequency region is known to be calculated accurately. By matching the magnitudes of the first modal peaks in the power spectra of the displacements obtained from the measured acceleration and strain with yc, the calibration factor α for obtaining the ENA can be determined as


	 	


[bookmark: ZEqnNum263453]	 ,	

where ω1 is the first natural frequency and Sd, Sa, and Sd,ε are the power spectra of the displacement, measured acceleration, and estimated displacement from the measured strain with yc, respectively. Note that Sd,ε can be different from Sd because the neutral axis location is assumed to be yc, and if the ENA is used, the scaling for displacement estimation is correct. 
	Although the PPM method is sufficient for estimating overall displacement responses, ENA estimates obtained using the PPM method are inappropriate for damage detection purposes because α can be affected by the number of FFT points and measured noise, particularly for low-level vibrations. Thus, it cannot be ascertained whether or not changes in yc are related to structural damage. 

2.2 RANSAC

RANSAC, which was proposed by Fischler and Bolles,[25] is an iterative method that can determine an optimal numerical model from a dataset that contains outliers. Unlike the least-squares method, RANSAC is based on a voting strategy, enabling effective handling of data with a large portion of outliers. In the RANSAC algorithm, a small subset randomly sampled from the entire dataset is used to fit a corresponding numerical model. Inliers are then identified based on proximity to the numerical model. Repeating this process, the model that has the largest number of inliers is sought. The procedure for implementing the RANSAC algorithm can be summarized as follows:
Randomly select the minimum number of points required to determine the model parameters;
Solve for the parameters of model f(x);
Determine the inliers for which the residual is less than a prescribed threshold; 
Repeat steps 1 through 4 to find the model that has the most inliers.


3. PROPOSED ENA ESTIMATION METHOD

3.1 Overview

This section describes the proposed ENA estimation method using strain and acceleration responses. To avoid dependency on the number of FFT points and to remove outliers, the proposed method is designed to calculate the ENA in the time domain and to perform filtering. The ENA estimation and structural condition assessment are implemented in four stages: 
1. Stage 1: The time histories of the acceleration and displacement estimated from the strain at location xi are filtered with a bandpass filter that only passes the first natural frequency region of the target structure; 
Stage 2: The calibration factor is calculated for each time window of the filtered data by solving a minimization problem defined in Subsection 3.2;
Stage 3: The PPM method and RANSAC are applied to remove outliers and to estimate the optimal calibration factor in the time domain;
Stage 4: The condition factor for the entire structure and damage location are obtained based on the ENAs at each sensor location converted from the calibration factors.

Figure 1 describes the details of the four stages of the proposed ENA estimation approach. 
[image: ]
FIGURE 1 Flowchart of the proposed four-stage method

3.2 ENA estimation in time windows

Suppose that the acceleration at xi and the strain responses are measured in a time interval T1 ≤ t ≤ T2 and that the displacement at xi is estimated using the measured strain with an assumed neutral axis location yc. An acceleration time history as can be obtained by taking the second-order derivative of the displacement us from the strain, as shown in Equation 8:


[bookmark: ZEqnNum166240]	,	

where α is the calibration factor, which is necessary to compensate for the error owing to the   neutral axis location. Note that the ENA can be obtained by Equation 7 once α has been determined. Since the acceleration in Equation 8 is essentially the same as the measured acceleration, α  can be obtained by minimizing the difference between those two accelerations, as defined in Equation 9:


[bookmark: ZEqnNum952494]	,	

where am is the measured acceleration. Herein, us and am are bandpass-filtered to have energies only around the first natural mode. As the measured data are always discrete, the continuous time integration in Equation 9 can be approximated using the trapezoidal rule as


[bookmark: ZEqnNum981425]	, 	

where Δt is the time step; the time window is selected from T1 to T2 so that the number of entries in as and am are odd numbers; and La is a diagonal matrix with unity diagonal entries except for the first and last entries, which are 1/√2. Equation 8 can be also discretized using the central finite difference as


[bookmark: ZEqnNum451485]	,	

where Lc is the second-order derivative operator of order (Ns-2)×(Ns), and Ns is the number of data points in the time interval from T1 to T2. Substituting Equation 11 into Equation 10 leads to the following minimization problem in the discrete time domain: 


	.	

The minimization problem yields a unique solution for α in the time window from T1 to T2, as shown in Equation 13:


[bookmark: ZEqnNum804782]	,	

where L = LaLc.
	The time window approach[26] is used to enhance the robustness of the ENA estimation. A time window that covers a small portion of the entire time history is selected and used to calculate an ENA value by applying Equations 7 and 13. The subsequent time window is selected with a certain amount of overlap with the previous window to estimate another ENA value. The size of each window is selected to be the windowing factor Fw times the target natural period of the structure. The following relation holds between the target frequency and number of time steps Ns in a time window:


	 ,	

where Ns is an integer and Fw, fT, and fs, denote the windowing factor, target frequency, and sampling rate, respectively. If the windowing factor Fw of 3 and the target frequency of 2 Hz are used, the number of data points Ns is three times the number of data points in the 2 Hz period. This process is illustrated in Figure 2. 
[image: ]
[bookmark: _GoBack]FIGURE 2 Time window technique for minimizing the difference between as and am in each time segment to obtain α

o overcome the drawback of the non-overlapping time-window technique, an overlapping time-
window technique is adopted. The overlapping time-window technique has been introduced by
Park et al. [11] to detect abrupt damage in structures. As illustrated in Fig. 3, an overlapping
time window moves forward by time increment t rather than by the time-window size. The recon-
struction of displacement is performed sequentially in each time window as the non-overlapping
time-window technique, but only the reconstructed displacement at the center of each time window
is taken as the solution of the time window. The reconstructed displacements at the other times in
the time window are discarded, and the time window advances to reconstruct the displacement of
the next time step. In this way, the error caused by inaccurate estimation of boundary conditions is
minimized in the reconstructed displacement, and the accuracy of the reconstructed displacement
is maintained at the same level for all time steps. The displacement at the center of a time window
is the (k +2)-th component of u vector, u
k+1
, in Eq.(11). 
To overcome the drawback of the non-overlapping time-window technique, an overlapping time-
window technique is adopted. The overlapping time-window technique has been introduced by
Park et al. [11] to detect abrupt damage in structures. As illustrated in Fig. 3, an overlapping
time window moves forward by time increment t rather than by the time-window size. The recon-
struction of displacement is performed sequentially in each time window as the non-overlapping
time-window technique, but only the reconstructed displacement at the center of each time window
is taken as the solution of the time window. The reconstructed displacements at the other times in
the time window are discarded, and the time window advances to reconstruct the displacement of
the next time step. In this way, the error caused by inaccurate estimation of boundary conditions is
minimized in the reconstructed displacement, and the accuracy of the reconstructed displacement
is maintained at the same level for all time steps. The displacement at the center of a time window
is the (k +2)-th component of u vector, u
k+1
, in Eq. (11). 
[bookmark: OLE_LINK75]3.3 Elimination of outliers


The α value extracted from each time window segment includes the effects of outliers due to insufficient excitation, as well as measurement noise. To eliminate the outliers and obtain an accurate α  value for each measurement set, the two-stage outlier removal scheme based on the PPM method and RANSAC that is depicted in Figure 3 was employed in this study. In the first stage, the α values estimated from the time window segment are filtered based on the upper and lower bounds provided by the PPM method introduced in Section 2. The PPM method can provide a rough estimate of α and is sufficient for determining the upper and lower bounds. A 50% margin was selected in this study for the ENA estimate based on the PPM method (i.e., 1.5 ENA and 0.5 ENA for the upper and lower bounds, respectively). This initial filtering removes extreme outliers from α and makes the subsequent stage computationally efficient using filtering with RANSAC. RANSAC finds the best estimate from among the α values pre-filtered in the first stage with a defined number of iterations. Note that the model function for the ENA was selected to be constant (i.e., ). 
[image: ]
FIGURE 3 Two-stage outlier removal process using the PPM method and RANSAC

Note that α can be easily converted into an ENA by using Equation 7.

3.4 Structural condition assessment

After ENAs at each sensor location xi are obtained by using α, the condition of the entire structure is assessed by using the algorithm in Table 1.

TABLE 1 Algorithm for condition assessment using ENAs
	[bookmark: OLE_LINK11][bookmark: OLE_LINK12]Input: ENAs from each sensor location  
Output: Condition factor C and damage location DL at the i-th sensor location

	1 Initialize C to 1 and DL to 0.
   Normalize the ENAs with respect to the initial values in intact conditions.

	2 For all normalized ENAs in different damage cases,


	
3                  
 

	4 end for



The ENAs obtained from each sensor location are first normalized to their initial values in intact conditions such that the maximum value of the normalized ENAs is 1. In different damage stages, the normalized ENAs are obtained, and their mean values at the sensor locations are the condition factors. However, there are cases in which normalized ENAs can be greater than 1, although these values are expected to decrease as damage occurs. This phenomenon is caused by rapid changes in strain, which can be explained by Equation 8. Performing double integration on both sides of Equation 8, the normalized ENA can be obtained as


 ,             (15)

where uacc and us are the displacements derived from the acceleration and strain. If the change in strain is large but the change in acceleration is relatively small compared to their initial values, the normalized ENA will be greater than 1. Similarly, if change in acceleration is large but the change in strain is relatively small, the ENA will be less than 1. This characteristic suggests that if the strain is measured on a cracked or damaged surface, the normalized ENA can be greater than 1. Therefore, the algorithm for condition assessment flips ENAs that are greater than 1 with respect to 2 as 2-ENA, and the mean of all of the ENAs is defined as the condition factor C. Also, taking into account the fact that the ENA estimate can exceed 1 due to cracking, the damage location at the i-th sensor location DLi is obtained as a binary value to indicate where damage occurred.

4. NUMERICAL VALIDATION OF STEEL BEAM MODEL

4.1 Simulation setup

Consider the simply supported beam modeled with 21 Euler–Bernoulli beam elements that is shown in Figure 4. The beam is 50 m long, and the width and height of the cross-section are 2 m and 5 m, respectively. The dimensions and material properties of the beam are summarized in Table 2. The first natural frequency of the beam is 1.07 Hz. A moving load P with a velocity v of 1.5 m/s is applied vertically from left to right to simulate traffic loading. P consists of a static force of 5000 kN and a zero-mean Gaussian random component with a standard deviation of 500 kN. Time history analysis was conducted using MATLAB Simulink to simulate the acceleration and strain for ENA estimation.
[image: ]
[bookmark: OLE_LINK9][bookmark: OLE_LINK10]FIGURE 4 Simply supported beam with a moving load.

[bookmark: _Ref343697482][bookmark: _Toc343771577][bookmark: OLE_LINK2][bookmark: OLE_LINK8]TABLE 2 Dimensions and material properties of the beam model
	Length
	Depth
	Width
	Elastic modulus
	Mass density

	42 m
	2 m
	5 m
	206 GPa
	7850 kg/m3


[bookmark: OLE_LINK1]
	In ENA estimation, the size of the time window Ns in Equation 14 is set using a standard windowing factor Fw of 3 and a target frequency of the first natural mode of the structure. To eliminate outliers, the upper and lower bounds were set to 1.5 and 0.5 times the ENA, as estimated based on the PPM method. Additionally, the data points and threshold for residuals in RANSAC were set to Ns/6 and 0.001, respectively, and 10,000 iterations were performed to identify the best value of α for ENA estimation.

4.2 Number of sensors for ENA estimation

Before investigating damage detection, the proposed ENA estimation method was applied to the simulated acceleration and strain from the intact beam to investigate the effects of the number of sensors on the estimation accuracy. 

TABLE 3 Sensor layouts
	Layout
	Strain location(s)
	Accelerometer location(s)

	L1
	N11 (i.e., node 11)
	N2, N5, N11, N14, N17

	L2
	N5, N14
	N2, N5, N11, N14, N17

	L3
	N5, N11, N14
	N2, N5, N11, N14, N17

	L4
	N2, N5, N11, N14
	N2, N5, N11, N14, N17

	L5
	N2, N5, N11, N14, N17
	N2, N5, N11, N14, N17

	L6
	N2
	N2

	
	N5
	N5

	
	N11
	N11

	
	N14
	N14

	
	N17
	N17



The ENAs were extracted at each sensor layout in Table 3 with five accelerometers but different numbers of strain sensors. The ENA was obtained at each sensor location at which an accelerometer was installed because the strain-based method can estimate the displacement at any position on the beam, whereas the acceleration-based method can only estimate the displacement at the sensor location. For example, in L3, strain measurements obtained at three locations, N5, N11, and N14, and accelerations measured at five locations, N2, N5, N11, N14, and N17 were used to estimate the displacement by applying Equation 7 and thus to obtain the ENA at N2, N5, N11, N14, and N17. Unlike the cases in which multiple strain measurements were used for ENA estimation, only one set of strain and acceleration measurements was obtained at each sensor location in L6 for ENA estimation, and five strain and acceleration values were obtained from this setup in total. The condition factor and damage location were obtained from five ENA estimates at the sensor locations. 
Figure 5 shows the distributions of the ENAs acquired with each sensor layout at N2, N5, N11, N14, and N17. The medians obtained using the different layouts vary on the order of 0.001, but the distributions themselves differ considerably; for instance, the ENA distribution corresponding to L4 is quite large, and that corresponding to L5 is the smallest. Considering the skewness and distribution of the ENAs, L6 was chosen as the sensor layout for ENA estimation due to its well balanced ENA distribution. 
[image: ]
FIGURE 5 ENA boxplots for the different sensor layouts

4.3 Damage detection capability

This subsection describes the changes in normalized ENA due to structural damage in the model. Note that the ENAs were normalized to their values in intact conditions. Structural damage was simulated by reducing the height of the cross-section by 10% and 30% at elements 7, 11, and 14. The simulated damage cases are described in Table 4.

TABLE 4 Damage cases
	Type
	Damaged element
	Damage location
(element location/
beam length)
	[bookmark: OLE_LINK16][bookmark: OLE_LINK17]Reduction in element height (%)

	Case 1 (Single)
	7
	0.33
	10

	Case 2 (Single)
	7
	0.33
	30

	Case 3 (Single)
	11
	0.47
	10

	Case 4 (Single)
	11
	0.76
	30

	Case 5 (Single)
	14
	0.76 
	10

	Case 6 (Single)
	14
	0.76 
	30



Figure 6 shows the normalized ENAs at the sensor locations in L6 for six damage cases with cross-sectional height reduction. The horizontal axis indicates the sensor location (element number), and the vertical axis shows the ENA obtained at each sensor location. For instance, the first blue bar corresponding to sensor location 5 with an estimate of 0.97 represents the ENA obtained at sensor 1 in case 1, where element 7 was damaged. The ENAs at the various sensor locations in case 1 are 0.96, 0.97, 0.97, 0.98, and 0.98, and most of the ENAs are decreased from their initial values of 1.0 due to the damage. Likewise, when the amount of damage increases from 10% to 30% (from case 1 to case 2), the ENAs decrease to 0.85, 0.87, 0.90, 0.91, and 0.93. Note that the ENAs near the damage location are sensitive to the damage, and the ENAs at the damaged element exhibit reversal and sudden changes (see the peak ENAs at sensors 8, 11, and 14). These features are present because the strain at a damaged element changes abruptly due to the damage, leading to a sudden increment in the ENA estimate. Therefore, the algorithm for condition assessment in Table 1 flips ENAs that are greater than 1 with respect to 1 and uses mean ENAs for condition assessment. In addition, the algorithm estimates damage locations using ENA values greater than 1.

[image: ]
[bookmark: OLE_LINK18]FIGURE 6 Normalized ENA in the simulated damage cases               

The structural condition was assessed based on the ENA at each sensor by using the algorithm in Table 1. Figure 7 compares the condition factors with the normalized height losses of the damaged elements for reference. The proposed condition factor accurately reflects the changes induced due to damage at a single element. Also, regardless of the damage location, the condition factor remains fairly consistent. Since this subsection only addresses the changes in the condition factor due to damage at a single element, and Subsection 4.4 will describe the numerical study performed with damage at multiple elements.
[image: ]
FIGURE 7 Changes in proposed condition factor due to damage

4.4  ENA changes due to progressive damage

Progressive damage extending from the center to the entire beam was simulated to investigate the corresponding ENA changes. Table 5 describes the investigated progressive damage cases. Each damaged element had its height reduced by 30% such that the normalized ENA became 0.7, and the damage propagated until the entire beam was damaged (case 9). 

TABLE 5 Progressive damage cases
	Damage stage 
	Damaged element (damage severity)

	1
	Intact

	2
	10

	3
	9, 10

	4
	9–12

	5
	9–13

	6
	7–14

	7
	5–17

	8
	2–20

	9
	1–21 (entire beam)



[bookmark: OLE_LINK19][bookmark: OLE_LINK20][bookmark: OLE_LINK21][bookmark: OLE_LINK32][bookmark: OLE_LINK33][bookmark: OLE_LINK34]Figure 8a depicts the changes in ENA at each sensor location. The ENA decreases as damage propagates, and reverse changes occur with damage at the sensor location. For example, all of the ENAs decrease as expected in stage 2, but in stage 3, the ENA at element 11 is reversed due to the occurrence of damage at element 11. The ENA at element 14 in stage 5 exhibits a similar change due to the occurrence of damage at element 14. However, if damage propagates to most of the structure, all of the ENAs converge to the damage amount of 0.7. Figure 8b shows the condition factor used to evaluate the overall structural condition in each stage and the beam height reduction for reference. As damage propagates, the condition factor converges to 0.7, which is the reference value. If damage occurs at the sensor location, the condition factor accurately identifies the damaged condition, as seen in cases 3–7 in Figure 8a. Figure 8b shows that if two elements are damaged where sensors are not installed, the condition factor represents the overall condition very well. This result suggests that even if sensors are not located in the damaged area, the overall structural condition can be accurately assessed after damage propagation. 

	[image: ](a)


	  [image: ](b)



FIGURE 8 Changes in ENA due to damage propagation

Based on the numerical studies described in this section, the following conclusions can be drawn:
· Among the sensor layouts, L6, which has five co-located strain and acceleration sensors, yields the best ENA estimation results;
· The proposed condition factor represents the actual reduction in neutral axis, providing a reliable index for damaged structures; it converges to the actual amount of neutral axis damage as the amount of damage increases and does so rapidly if damage occurs at the element at which the sensor is located. 

5. NUMERICAL SIMULATION OF AN RC BEAM

5.1 Simulation setup

The proposed method was validated by applying it to a simply supported RC beam with progressive damage, which is shown in Figure 9. The RC beam had a rectangular cross-section with 110 cm width, 45 cm depth, 16 reinforcing steel bars, and a total length of 10 m. A numerical model with 50 elements was developed using the nonlinear finite element analysis software ZEUS-NL.[27] Nonlinear material behavior based on modified Mander’s model[28] was defined for concrete, and a bilinear elasto-plastic model with kinematic hardening was used for steel. The modeling parameters are summarized in Table 6.
[image: ]
FIGURE 9 RC beam model

TABLE 6 Material properties of the RC beam
	Material
	Model
	Properties
	Value

	Reinforcement
steel
	Bilinear elasto–plastic model with kinematic strain hardening
	Modulus of elasticity
	206,000 N/mm2

	
	
	Yield strength
	400 N/mm2

	
	
	Strain-hardening parameter
	0.005

	Concrete
	Nonlinear constant confinement concrete model
	Compressive strength
	25 N/mm2

	
	
	Tensile strength
	3 N/mm2

	
	
	Crushing strain
	0.002

	
	
	Confinement factor
	1.01

	
	
	Modulus of elasticity
	25,000 N/mm2



	Loading cases were carefully designed to study the effectiveness of the proposed ENA estimation method for various damage levels. A vertical load labeled P in Figure 9 was applied at the midspan and was increased from 10 kN to 250 kN to simulate different levels of structural damage to the beam. After damaging the beam with the initial P, an inelastic time-history analysis was conducted with a zero-mean Gaussian random component with a standard deviation of 3 kN at the center of the beam. Five sensors measuring strain and acceleration were deployed symmetrically with respect to the center of the beam (see Table 7). Note that each sensor measured both strain and acceleration and was attached to the underside of the beam.

TABLE 7 Sensor layout
	Measurement 
	Strain and acceleration 

	Sensor location (m)
	2, 4, 5, 6, 8

	Sensor RMS noise
	Strain: 1us, Acceleration: 0.1mg

	Sampling rate (fs)
	125 Hz



In the numerical simulation, the root-mean-square (RMS) noise levels of the acceleration and strain signals were assumed to be 0.1 mg and 1 μs, respectively, and the sampling rate was set to 125 Hz. ZEUS-NL and MATLAB 2018b were utilized for implementation. To process the time-history strain and acceleration responses, the time window had a standard windowing factor of 3 and a target frequency of 4.5 Hz, which was the first natural frequency of the beam. The band-pass filter had a pass region between 3 Hz and 6 Hz with a center frequency of 4.5 Hz (i.e., the first natural frequency). The band-pass filter was a third-order elliptic filter with a gain of 0.01 dB in the passband and -300 dB attenuation in the stopband. For ENA filtering, the upper and lower bounds for outlier removal were set to 1.5 and 0.5 times the ENA obtained by using the PPM method, respectively. RANSAC was applied with a residual of 0.01 for 30 samples in each iteration, and 10,000 runs were executed.

5.2 Acceleration and strain responses

Figure 10 shows example acceleration and strain measurements at the center of the beam for the initial P of 30 kN. Random 3 kN vibration was excited at the midspan. The acceleration reaches a maximum of 30 mg, while the strain has a maximum of 63 μs with a mean of 57 μs, which was induced by the initial P.

	[image: ]
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FIGURE 10 Acceleration and strain measurements in the midspan under initial load of 30 kN.

5.3  Neutral axis changes at midspan

The neutral axis changes resulting from the strain that was linearly distributed from the top to the bottom of the RC beam are illustrated for several load cases in Figure 11. The actual neutral axis at the midspan changes from 0.225 m (half of the beam height) in intact conditions to 0.325 m upon yielding of the bottom steel reinforcement, as measured from the bottom surface of the beam.

[image: ]
[bookmark: OLE_LINK23]FIGURE 11 Strain distributions and corresponding ENAs for several loading cases

5.4 Analysis of ENA changes 

Figure 11a shows the changes in normalized ENA at the sensors installed at elements 10, 20 25, 30, and 40. Note that the ENAs were normalized to their initial estimates, such that their values were 1.0 in intact conditions. In Figure 11, four distinct stages of ENA changes are observable, which are denoted as the intact, cover concrete crack, confined concrete crack, and rebar yielding stages. In the intact stage, the RC beam can hold P and no cracking is observable. In the cover concrete crack stage, the bottom cover concrete outside the rebars is tensioned and the cover concrete is cracked. In the confined concrete crack stage, the cracks propagate into the confined region bounded by the reinforcements of the RC beam. After crack propagation, the tension force is resisted by the bottom rebars until they yield and fail. In the cover concrete crack stage with a vertical load of 46 kN, most of the ENAs decrease and only the ENA from the sensor at element 25 shows reversal due to crack occurrence, as expected. These findings can be verified by the stress plot of the bottom cover concrete in Figure 11b, where the stress at the bottom surface for elements 23–27 vanishes at 46 kN due to cracking. In the confined concrete crack stage with vertical loading of 48–100 kN, elements 10 and 30 begin to exhibit cracks at 54 kN and 58 kN, respectively, showing abrupt changes in normalized ENA. With a vertical load of 120 kN, the elements located near the support are cracked, with the physical interpretation that the cracks propagated from the center to the support of the beam. 
	It should be noted that the normalized ENAs converge to values greater than 1. Unlike in Subsection 4.4, where the ENAs converged to the degree of sectional loss, those in Figure 11a do not converge to the actual degree of damage, but rather to values greater than 1, because of rebars that act against beam deflection. For an RC beam, the rebars resist deflection after crack initiation, leading to relatively small changes in acceleration, while the strain magnitude increases after cracking. 
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FIGURE 11 (a) Normalized ENAs and (b) stress for several loading cases

Figure 12 compares the condition factors representing the overall condition of the structure with the actual reduction ratios of the neutral axis at the midspan. After cover concrete cracking, both values decrease, and the neutral axis and condition factor changes are very similar. However, as more cracking occurs, the condition factor estimates become more conservative than the actual neutral axis changes, because the strain at the damaged sensor changes rapidly, while the actual deflection change is relatively small. After 120 kN, at which cracking occurs at all of the sensors, the beam deflection increases and the condition factor converges to the actual neutral axis change.

[image: ]
FIGURE 12 Comparison of condition assessment results with neutral axis changes
	

6. CONCLUSIONS

This report proposed a new approach for determining the ENA of a beam structure from five strain and acceleration measurements to assess the overall structural condition. Conventionally, the neutral axis can be estimated at a damaged beam section assuming the two cross-sectional strain measurements to be linearly distributed. The proposed ENA method estimates the ENA as an index for the entire structure. The proposed method is implemented in two stages: (1) ENA estimation based on minimization, where the second-order differential of the strain-based displacement and measured acceleration is minimized to yield the ENA for a given beam structure, and (2) outlier removal using RANSAC to eliminate unnecessary and noisy estimates. The proposed ENA estimation technique was first validated by performing numerical simulations of a steel beam structure with different sensor layouts, measurement noise, and various damage scenarios. The numerical simulation results can be summarized as follows:
· Among the sensor layouts, L6, with five co-located strain and acceleration sensors, yielded the best ENA estimates;
· The ENA decreases due to structural damage but is reversed with respect to 1 when damage occurs at the sensor location;
· The condition factor, which indicates the overall condition of a structure, is a reliable index for describing damaged structures.
	The proposed ENA estimation method was also applied to an RC beam structure subjected to increasing loading until structural failure for validation purposes. In the simulation, the RC beam structure was considered to have a nonlinear response. The results of the RC beam simulation can be summarized as follows:
The normalized ENAs obtained at the sensor locations based on the measurements changed with the structural failure stage; as the damage propagated, the proposed condition factor converged to the actual neutral axis change at the midspan;
Overall change in structural conditions and location of damaged element of RC beam under increasing vertical loading can be successfully detected by applying the proposed method.
This study present proof of concept of ENA estimation and its use for structural condition assessment. In the next step of the research, an experimental validation of proposed ENA for detecting damage of actual RC girder will be carried out. Also application to detecting loosening of tendon force in prestress concrete beam will be investigated. 

FUNDING

This research was supported by Basic Science Research Program through the National Research Foundation of Korea (NRF) funded by the Ministry of Education, Science and Technology (NRF–2017R1C1B5018231) and the Chung-Ang University Research Grants in 2018.


REFERENCES

1.	Jang, S., Jo, H., Cho, S., Mechitov, K., Rice, J.A., Sim, S-H., Jung, H-J., Yun, C.B., Spencer, B.F., Gul, A. Structural health monitoring of a cable-stayed bridge using smart sensor technology: deployment and evaluation. Smart Struct. Syst. 2010; 21(5-6): 439-459.
2.	Lynch, J.P., Loh, K.J. A summary review of wireless sensors and sensor networks for structural health monitoring. Shock and Vib. Dig. 2016; 38(2): 91–130.
3.	Sohn, H., Farrar, C.R., Francois, M.H., Shunk, D.D., Stunemates, D.W., Nadler, B.R., Czarnecki, J.J. A review of structural health review of structural health monitoring literature 1996–2001. Los Alamos National Laboratory 2002.
4.	Pandey, A., Biswas, M., Samman, M. Damage detection from changes in curvature mode shapes. J. Sound Vib. 1991; 145(2): 321–332.
5.	Salawu, O. Detection of structural damage through changes in frequency: a review. Eng. Struct. 1997; 19(9): 718–723.
6.	Soman, R.N., Malinowski, P.H., Ostachowicz, W.M. Bi-axial neutral axis tracking for damage detection in wind-turbine towers. Wind Energy 2016; 19(4): 639–650.
7.	Rauert, T., Feldmann, M., He, L., Roeck, G. De. Calculation of bridge deformations due to train passages by the use of strain and acceleration measurements from bridge monitoring supported by experimental tests. Proceedings of EURODYN2011, Leuven, Belgium 2011; 1149-1155
8.	Kim, J., Chung, W., Kim, J.-H.J. Experimental investigation on behavior of a spliced PSC girder with precast box segments. Eng. Struct. 2008; 30(11): 3295–3304.
9.	Park, K-T., Kim, S-H., Lee, Y-H., Hwang, Y-K. Degree of composite action verification of bolted GFRP bridge deck-to-girder connection system. Compos. Struct. 2006; 72(3): 393–400.
10.	Sigurdardottir, D., Glisic, B. Neutral axis as damage sensitive feature. Smart Mater. Struct. 2013; 22(7): 075030.
11.	Sigurdardottir, D.H., Glisic, B. Detecting minute damage in beam-like structures using the neutral axis location. Smart Mater. Struct. 2014; 23(12): 125042.
12.	Xia, H., Ni, Y., Ye, X. Neutral-axis position based damage detection of bridge deck using strain measurement: formulation of a Kalman filter estimator, Proceedings of the 6th European Workshop on Structural Health Monitoring, Dresden, Germany 2012.
13. Chatzi, Eleni N., and Andrew W. Smyth. "The unscented Kalman filter and particle filter methods for nonlinear structural system identification with non‐collocated heterogeneous sensing." Structural Control and Health Monitoring: The Official Journal of the International Association for Structural Control and Monitoring and of the European Association for the Control of Structures 16.1 (2009): 99-123.
14. Sim, Sung-Han. "Estimation of flexibility matrix of beam structures using multisensor fusion." Journal of Structural Integrity and Maintenance 1.2 (2016): 60-64.
15. Smyth, Andrew, and Meiliang Wu. "Multi-rate Kalman filtering for the data fusion of displacement and acceleration response measurements in dynamic system monitoring." Mechanical Systems and Signal Processing 21.2 (2007): 706-723.
16. Cho, Soojin, Chung-Bang Yun, and Sung-Han Sim. "Displacement estimation of bridge structures using data fusion of acceleration and strain measurement incorporating finite element model." Smart Structures and Systems 15.3-4 (2015): 645-663.
17. Park, Jong‐Woong, et al. "Visual–inertial displacement sensing using data fusion of vision‐based displacement with acceleration." Structural Control and Health Monitoring 25.3 (2018): e2122.
18. Liu, C., Park, J. W., Spencer Jr, B. F., Moon, D. S., & Fan, J. (2017). Sensor fusion for structural tilt estimation using an acceleration-based tilt sensor and a gyroscope. Smart Materials and Structures, 26(10), 105005.
19. Sim, S. H., Spencer Jr, B. F., & Nagayama, T. (2010). Multimetric sensing for structural damage detection. Journal of engineering mechanics, 137(1), 22-30.
20. Sung, S. H., Park, J. W., Nagayama, T., & Jung, H. J. (2013). A multi-scale sensing and diagnosis system combining accelerometers and gyroscopes for bridge health monitoring. Smart Materials and Structures, 23(1), 015005.
21. Sung, S. H., Lee, J. H., Park, J. W., Koo, K. Y., & Jung, H. J. (2014). Feasibility study on an angular velocity-based damage detection method using gyroscopes. Measurement Science and Technology, 25(7), 075009.
22. Soman, Rohan, et al. "Application of Kalman Filter based Neutral Axis tracking for damage detection in composites structures." Composite Structures 184 (2018): 66-77.
23. Soman, Rohan, et al. "Kalman filter based neutral axis tracking in composites under varying temperature conditions." Mechanical Systems and Signal Processing 110 (2018): 485-498.
24.	Park, J.-W., Sim, S.-H., Jung, H.-J. Displacement estimation using multimetric data fusion. IEEE/ASME Trans. Mechatron. 2013; 18(6): 1675–1682.
25.	Fischler, M.A., Bolles, R.C. Random sample consensus: a paradigm for model fitting with applications to image analysis and automated cartography. Commun. ACM 1981; 24(6): 381–395.
26.	Lee, H.S., Hong, Y.H., Park, H.W. Design of an FIR filter for the displacement reconstruction using measured acceleration in low-frequency dominant structures. Int. J. Numer. Methods Eng. 2010; 82(4): 403–434.
27.	Elnashai, A., Papanikolaou, V., Lee, D. Zeus-NL-A System for Inelastic Analysis of Structures-User Manual. Mid-America Earthquake Center, Department of Civil and Environmental Engineeering, University of Illinois at Urbana-Champaign, Urbana, IL 2010.
28.	Martínez-Rueda, J.E., Elnashai, A. Confined concrete model under cyclic load. Mater. Struct. 1997; 30(3): 139–147.


4
image2.wmf
2

2

22

()

(,)

(,)()

j

ccj

j

x

uxt

xtyyqt

xx

f

e

¶

¶

=-=-

¶¶

å


oleObject2.bin

image3.wmf
11

{}{}

mmrr

uq

´´´

=F


oleObject3.bin

image4.wmf
11

{}{}

ncnrr

yq

e

´´´

=Y


oleObject4.bin

image5.wmf
†

1

{}{}

c

u

y

e

=FY


oleObject5.bin

image6.wmf
(

)

(

)

(

)

(

)

11

4

,11,1

da

dd

SS

SS

ee

ww

a

www

==


oleObject6.bin

image7.wmf
c

y

ENA

a

=


oleObject7.bin

image8.emf
Acceleration at 

x

i

Displacement at 

x

i

(Estimated from strain)

Bandpass filter

(1

st

mode)

Stage 1

Data preparation

Stage 2

Calibration 

factor 

calculation 

in time window

Minimization problem

ENA in each 

time window

Stage 3

Outlier removal

PPM

Lower/upper 

bounds

RANSAC

Inlier 

selection

Calibration 

factor  

at sensor 

location (

x

i

)

Stage 4

Structural 

condition assessment

ENA at 

x

i

Converts into ENA at each sensor location

Condition factor 

and damage 

location

ENA at 

x

j

ENA at 

x

k


image9.wmf
2

2

(,)(,)

sisi

d

axtuxt

dt

a

=


oleObject8.bin

image10.wmf
2

1

2

1

min()

2

T

Esm

T

aadt

a

P=-

ò


oleObject9.bin

image11.wmf
(

)

(

)

2

2

11

()()()

22

T

Easmasmasm

LaaLaaLaat

P=--=-D


oleObject10.bin

image12.wmf
2

scs

aLu

t

a

=

D


oleObject11.bin

image13.wmf
2

2

2

1

min

2

Eacsam

LLutLa

a

a

P=-D


oleObject12.bin

image14.wmf
(

)

(

)

1

2

TTTT

sssam

uLLuuLLta

a

-

=D


oleObject13.bin

image15.wmf
w

ss

T

F

Nf

f

=


oleObject14.bin

image16.emf
Time window

α

1

α

2

α

i

….

a

s

Acceleration

Time

a

m


image17.wmf
()

fx

a

=


oleObject15.bin

image18.emf
Upper Bound

Lower Bound

Random Samples

Best Estimate of 

α

α

extracted at 

each time window

Remove outliers with 

PPM method

Find the best estimate 

of 

α

with RANSAC


image19.wmf
1.0,

:2

()

1()

()

0()

i

ii

i

i

ifanyENA

ENAENA

CMeanENA

DLbinaryvalue

else

CMeanENA

DLbinaryvalue

>

=-

=

=

=

=


oleObject16.bin

image20.wmf
,

,

(,)

(,)

(,)(,)

accinitiali

initialsi

initialaccisinitiali

uxt

uxt

ENA

NormalizedENA

ENAuxtuxt

a

a

===´


oleObject17.bin

image21.emf
N1

P

v

N20


image22.emf
L1 L2 L3 L4 L5 L6

Sensor Layout

1.004

1.005

1.006

1.007

1.008

N

o

r

m

a

l

i

z

e

d

 

E

N

A


image23.emf
5 8 11 14 17

Sensor location (element)

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

2

N

o

r

m

a

l

i

z

e

d

 

E

N

A

Case1 Case2 Case3 Case4 Case5 Case6

0.96

0.85

0.97

0.86

0.98

0.90

0.97

0.87

0.97

0.85

0.98

0.89

0.97

0.90

1.18

1.69

0.97

0.87

0.98

0.91

0.97

0.85

1.19

1.71

0.98

0.93

0.97

0.87

0.97

0.86


image24.jpeg
Normalized value

1.1

o
©

o
©

o
bt

o
)

o
3]

0.97

0.90 0.89

0.70

0.94
0.90

0.75
I 0.70

0.94

T T
[ Condition factor
[ Reference

0.90

0.76
0.70

Case 1 Case 2

Case 3 Case 4
Damage cases

Case 5 Case 6





image25.emf
1 2 3 4 5 6 7 8 9

Damage stage

0.4

0.6

0.8

1

1.2

N

o

r

m

l

a

i

z

e

d

 

E

N

A

Sensor at 3

Sensor at 8

Sensor at 11

Sensor at 14

Sensor at 17


image26.emf
1 2 3 4 5 6 7 8 9

Damage stage

0.6

0.7

0.8

0.9

1

N

o

r

m

a

l

i

z

e

d

 

v

a

l

u

e

Condition factor

Reference


image27.jpeg
45 cm

110 cm

00000000
Rebars

l

50 elements

45 cm

0

10 m





image28.emf
0 5 10 15 20

Time (sec)

-40

-20

0

20

40

A

c

c

e

l

e

r

a

t

i

o

n

 

(

m

g

)


image29.emf
0 5 10 15 20

Time (sec)

50

55

60

65

S

t

r

a

i

n

 

(

u

s

)


image30.emf
Top

Bottom

NA

-1 -0.5 0 0.5 1 1.5 2

Strain

10

-3

0

225

325

Height 

above  

the bottom surface (mm)

450


image31.emf
0 50 100 150 200 250

Vertical Load (kN)

0

0.5

1

1.5

2

2.5

3

E

N

A

Sensor at 10

Sensor at 20

Sensor at 25

Sensor at 30

Sensor at 40

Normalized ENA

Vertical Load (kN)

confined 

concrete crack

rebar yielding

Intact

cover 

concrete crack


image32.emf
0 10 20 30 40 50

Element Number

0

1

2

3

S

t

r

e

s

s

 

(

M

P

a

)

10kN 46kN 54kN 58kN 120kN


image33.emf
0 50 100 150 200 250

Vertical load (kN)

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

1.1

N

o

r

m

a

l

i

z

e

d

 

v

a

l

u

e

Condition factor

Reduction in N-A

confined 

concrete crack

rebar yielding

Intact

cover 

concrete crack

crack on 

all strain sensor location

crack at element 25

crack at element 30

crack at element 20

crack at element 10, 40


image1.wmf
(,)()()

jj

j

uxtxqt

f

=

å


oleObject1.bin

