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Abstract

:

Structural health monitoring (SHM) techniques are used to assess the behavior of structures during or after construction. The high cost of sensors is the main reason for the limited use of the SHM techniques. The present study investigates the dynamic behavior (dynamic acceleration, semi-static displacement, frequency and damping ratio) of highway steel plate girder bridges using strain measurements. The double filtration and polynomial prediction methods are used to estimate the dynamic behavior of the bridge using real-time strain measurements. To verify the accuracy of the developed method, the field monitoring measurements of the WonHyo bridge is used. The bridge behavior under different truck speeds and weights is observed and evaluated. The displacement and acceleration measurements are used to examine the results of the proposed method. The results of this study demonstrate that the strain measurements can be used to obtain an accurate semi-static displacement and dominant frequency content of the bridge. The accuracy of the developed model for the semi-static and dynamic behaviors is 99% and 69%, respectively.
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1. Introduction


Recently, structural health monitoring (SHM) has become a necessary tool to evaluate the condition of important structures, such as bridges, buildings, tunnels, and so forth. The SHM systems are categorized into short and long-term monitoring systems. Long-term systems are used for a continuous monitoring of the structures that need real-time performance analysis, on the other hand, short-term monitoring systems are mostly low-cost monitoring systems used to evaluate the performance of existing structures for a short period of time.



Many researchers developed low-cost monitoring techniques in order to decrease the costs of the long- and short-term assessment of structures. For example, a system was developed by Zhao et al. [1] using smartphone application for structures monitoring; however, the accuracy of the developed system is limited. Gulgec et al. [2] employed a deep learning algorithm to decrease the cost of SHM by estimating the strain responses from acceleration responses. Furthermore, image processing has been used to reduce the monitoring cost [3] where the displacement can be estimated from real time image monitoring systems [4]. Jo et al. [5] presented a low-cost monitoring technique using global positioning system (GPS) sensors by using four low-cost sensors for estimating the dynamic behavior of structures; the results of this study showed low accuracy, 20–30 cm. In addition, compared to accelerometers and strain sensors, GPS sensors are expensive and their sampling frequency is low, 10–100 Hz [6,7]. Therefore, to accurately estimate the performance of structures, accelerometers, displacement or strain sensors are usually used [8,9,10]. These sensors are used to estimate the accurate dynamic and static behavior of structures, as well as the fatigue can be extracted using strain measurements [11]. The present study introduces a low-cost monitoring system to extract the full behavior of a monitoring point, including the accurate dynamic performance, of highway steel bridges using only strain measurements.



Strain sensors have proven to be effective tools to measure the fatigue of structures, particularly bridges [11,12,13,14]. Moreover, strain sensors have been widely used to estimate the behavior of bridges under environmental effects [14,15] and traffic loads [13], as well as to assess traffic volume over bridges [16]. However, the possibilities to estimate bridges’ deflection and acceleration from strain measurement remain limited, as it is very sensitive for the measurement noises [17]. Yen and Lai [18] calculated natural frequencies of the first 10 mode shapes of a bridge, and their results showed that the computed first mode shape was 5.32 Hz compared to that extracted from strain measurements, 4.92 Hz. Furthermore, Koss and Karczub [19] used experimental models and the frequency response function to estimate the strain performance of beams using acceleration measurements. Their study used two accelerometers sensors and the frequency response functions between them were estimated based on different positions of these sensors to a fixed one. They found that the correlation between the acceleration measurements and strain prediction was high. In addition, Lee [17] proposed a method to estimate the strain from acceleration and displacement sensors; however, the proposed method depends on the transformation matrices and the methods of analysis used. Anders et al. [20] utilized mode shapes changes to estimate displacement from strain. Wang et al. [21] used the cross-correlation matrix of a modal coordinates to estimate the mode shapes of the beam element though strain measurements. Gevinski and Pederiva [22] used a hybrid modal analysis to transfer displacements to strains and assess the dynamic behavior of steel structures. Additionally, when the frequency response function was used to convert the acceleration to strain for an experimental steel bar, the accuracy observed was less than 10% [23]. In addition, Sweitzer and Ferguson [24] proposed a nonlinear transfer function between displacement and strain measurements. They found that this method was reasonably useful in dynamic behavior evaluation. Massone et al. [25] estimated a nonlinear transformation function for a shear wall that can be used to transform displacement to strain, and the error of the model was around 10%. In another study that introduced and applied double filtration method to the evaluation of the acceleration from GPS measurements, Moschas and Stiros [26] noted that this method can be used to estimate the full behavior of structures. From these studies, it is concluded that the transformation functions can be used to accurately estimate strains from displacement and acceleration measurements. Based on the literature review presented above, predicted real-time measurements for steel structures have not been thoroughly investigated yet.



The present study proposes a novel integrated model to predict displacement and acceleration of highway steel plate girder bridges using time domain strain measurements. The proposed model uses a transformation function based on simple polynomial prediction and double filtration methods to estimate the full behavior of a given monitored point through a direct field strain measurement. The model is applied to estimate the full behavior of the WonHyo bridge and extract its dynamic characteristics. The displacement and acceleration prediction ability of the model are evaluated and tested using different cases of loadings for the studied bridge. Limitations of the proposed model are then presented.




2. Theory Background and Methodology


This study investigates the use of strain measurements to estimate displacement and acceleration of structures members and determine their dynamic characteristics, frequency and damping. The monitoring theory and the design of strain sensors were presented in [27]. The main SHM concepts of strain, displacement and acceleration measurements and analyses are presented in [28,29,30]. Herein, local response measurements of structures’ members are a major advantage of strain measurements [31,32]. Where, local strains can be estimated through the relationship between strain and displacement [17,33]. As well as, dynamic acceleration can be detected from dynamic strain measurements through a transfer function. Figure 1 presents the displacement, acceleration and strain responses of point (a) using three sensors. This study aims to estimate accurately three responses of point a using strain measurements only. The relationship of displacement and strain for a given monitored point a along the vertical axis (z) of a beam during monitoring time t, Figure 1, can be simply expressed as follows [17]:


   {   ε s   (  z , t  )   }  =  [ T ]   {   u s   (  z , t  )   }   



(1)




where the semi-static strain (   ε s   ) and displacement (   u s   ) vectors are real-time measurements for one monitoring point, and T is the transformation matrix between the semi-static strain and displacement responses’ vectors.



Additionally, the transformation matrix is used to transfer the acceleration to dynamic strain as follows [34]:


   {   ε d   (  z , t  )   }  =  [ D ]   {   a d   (  z , t  )   }   



(2)




where, the dynamic strain (   ε d   ) and acceleration (   a d   ) of the monitoring point are measured, and D is the transformation matrix between the dynamic strain and acceleration responses’ vectors.



Thus, the inverse of the transformation matrices was used to calculate the displacement and acceleration of the monitored point from strain measurement.



Herein, T and D represent the mode shapes or modal matrices of the vibration mode of point a. Thus, to estimate the acceleration and displacement from Equations (1) and (2), the modal matrices are obtained analytically or experimentally. Lee [17] obtained the modal matrices experimentally by using displacement frequency response functions; while Wang et al. [21] used the finite element to calculate the modal matrices.



In this study, to overcome the complexity of the theoretical and experimental calculations of the frequency responses of structures, the polynomial function was used to transfer the strain measurements to displacement and acceleration responses in the time domain. A polynomial function was used to transform the semi-static displacement and dynamic acceleration responses of strain measurements in the time domain, as follows [35,36]:


   u s   ( t )  =   ∑   n = 0  N   p n    (  ε s   ( t )  )   N − n    



(3)






   a d   ( t )  =   ∑   n = 0  N   k n    (  ε d   ( t )  )   N − n    



(4)




where N is the polynomial model order and    p n    and    k n    are the semi-static and dynamic parameters of the model, respectively.



Figure 2 proposes the model design for estimating the semi-static displacement and dynamic accelerations responses from strain measurements. Hence, since dynamic noises and sensors errors affect sensors measurements, filtration methods are applied to remove the unsuitable noises [7,17]. The moving average (MA) filter is widely used to extract semi-static responses of structures, and the wavelet method is used to improve dynamic signals [7,26]. Further details on the two filters’ theories and their design can be found in [26,34,37]. In the present study, the MA and wavelet denoising methods are applied to extract accurate semi-static and dynamic behavior of bridges. To design the MA filter, the filter’s window is selected through trial and error, and the mother-wavelet name and wavelet order are selected based on previous studies and the signal noise ratio for the measurements. In the current study, a 70-point MA filter was used to remove strains’ noises. The Wayne’s theory of the MA filter is applied to decrease the shift between the measured and smoothed responses [31]. For the wavelet denoising, the discrete wavelet transform (DWT) was used to transform measured strain signals into decomposition levels, as follows [38]:


   W ψ  f  (  j , k  )  =  2  − j / 2     ∫   t = 0   N − 1   f  ( t )   ψ ¯  (  2  − j   t − k )  



(5)




where k and j are integer numbers;    W ψ  f  (  j , k  )    is the discrete wavelet coefficient of scale   a =  2 j  ,   b =  2 j  k  , while  a  is scale or frequency factor and  b  is a time factor.    ψ ¯   ( t )    represents the complex conjugate function of mother wavelet (  ψ  ( t )   ), where, the Daubechies (db) wavelet function is utilized.



The DWT generated two sets of functions viewed as high-pass and low-pass filters. Thereby, the measured data was separated into one containing its trend (the approximate (A)) and one comprising high frequencies contents (the detail (D)) using Equation (5). The detail coefficient was reconstructed to estimate the dynamic response of strain and acceleration measurements. The MA filter was used to extract semi-static strain and displacement measurements; and the wavelet method was applied to extract accurate dynamic measurements. In both filters, the double filtration process was applied to extract the dynamic strain measurements. In this respect, the filtration cycle can be increased based on the performance of structures. The filtration and prediction methods were used to extract time-series displacement and acceleration of steel bridges using strain measurements.



Figure 2 illustrates the developed model flow chart to extract the behavior of steel bridges in time and frequency domains using strain measurements. The displacement and acceleration responses were used for model design, while the strain measurements were used to extract the displacement and acceleration in the testing stage. The following steps were considered to design the model. First, the MA filter was used to estimate the semi-static strain and displacement responses from the measured strain and displacement, respectively. From both semi-static responses, the regression model was designed for the semi-static displacement responses of the bridge. Second, the dynamic strain responses were detected by subtracting the semi-static response from the measured strain signals. Then, the dominant frequency of dynamic strains and acceleration responses of bridge elements were calculated and assessed. If both frequencies are the same, then the wavelet filter can be applied to remove the remaining noises, else, the MA filter should be applied again to remove the remaining semi-static response. At the same time, the wavelet filter can be used to extract the filtered acceleration response. Finally, from the relation between the extracted dynamic strain and acceleration, the dynamic transformation function can be estimated.



To assess the performance of the model design, statistical indices were used. The coefficient of determination (R2), root mean square error (RMSE) and mean absolute error (MAE) values were calculated and assessed. The R2 was used to measure the relation between observed and predicted values, where low values of RMSE and MAE reflect high accuracy of the model. These indices are expressed as follows:


   R 2  = 1 −     ∑   i = 1  N     (   S p  −  S ¯   )   2      ∑   i = 1  N     (   S m  −  S ¯   )   2     



(6)






  R M S E =       ∑   i = 1  N     (   S p  −  S m   )   2   N     



(7)






  M A E =  1 N    ∑   i = 1  N   |   S p  −  S m   |   



(8)




where    S p     and     S m    are the predicted and measured values, respectively; N is the number of samples and    S ¯     denotes the mean value of the observed response.



On the other hand, to estimate the dynamic characteristics (frequency and damping ratio), fast Fourier transformation (FFT) was used to extract the dominant frequency mode of the signals’ measurements. FFT theory and its applications are presented in [35,36]. In the present study, the acceleration signals measurements and the predicted dynamic strains were used to evaluate the performance of the developed method. In addition, the Hilbert transform method was used to extract the instantaneous frequency and measurements phase and to predict accelerations [36]. The instantaneous signals frequency and phase were extracted to evaluate the performance of the presented method. The instantaneous frequency and phase of complex signals (   a x   ( t )   ) can be extracted using Hilbert transform as following Equation (9) [36]:



For the systems that can be used to extract complex signals using input (  x  ( t )   ) and output (   x ^   ( t )  = 1 / π t ( x  ( t )   ) [36]:


   a x   ( t )  =  A x   ( t )   e  j  φ x   ( t )     



(9)




where    A x   ( t )  =    x 2   ( t )  +   x ^  2   ( t )      is the signal instantaneous amplitude, and    φ x   ( t )  = tan  (   x ^   ( t )  / x  ( t )   )    is the instantaneous phase. Therefore, the instantaneous frequency,   ω  ( t )  = d  φ x   ( t )  / d t ,    was calculated. The measurement and predicted acceleration were used as an input to the Hilbert system.



In addition, Shin and Hammond [36] found that the autocorrelation function can be used to estimate the damping ratio of signals measurements. The authors observed high correlation between the normalized autocorrelation and the impulse response function (IRF) of the structures’ responses. Equation (8) was used to select the signal value of time (t) for two response channels (x1 and x2) of the dynamic response.


  x  ( t )  =  x 1   ( θ )  ,           a n d         x  (  t + τ  )  =  x 2   ( θ )   



(10)







The autocorrelation function is shown in Equation (11).


   R  x x    ( τ )  = E  [  x  ( t )  x  (  t + τ  )   ]   



(11)




where  θ  is a random variable with a uniform probability density function, and  τ  is the time lag. Then, the least square method was used to estimate the coefficients of a polynomial fit for the signals’ IRF. The linear regression was used to calculate the slope of the IRF. Then, the damping ratio was calculated as follows Equation (12):


  ζ = − p  ( 1 )  /  ω n   



(12)




where   p  ( 1 )    is the first coefficient or slope of the IRF bridge response and    ω n    is the structure natural frequency.




3. Bridge and Monitoring System Descriptions


In the present study, the developed model was used to evaluate the WonHyo bridge (steel plate girder) in Seoul, Korea. The monitoring system was designed to observe the bridge behavior under traffic loads. A three-wheel truck was used to assess the bridge performance. The monitoring system was designed and implemented by the A-Best Company.



The WonHyo bridge is one of longest bridges crossing the Han river in Seoul. Figure 3 shows the plan of the studied span, the bridge cross section, the loading cases used and the monitoring system. The total length of the bridge is 1470 m, and its width varies between 14.0 to 20.0 m. In different sections, the bridge consists of different construction materials, such as reinforced concrete, pre-stressed concrete and steel. In the present study, the span between piers 7 and 8 (42.5 m long) was investigated. The main supporting elements of this span were six continuous steel plate girders (Figure 3a). The measurements were taken at the middle of the studied span. The bridge width at the mid-section was 14.0 m. Waterproof strain gauge sensors, a sampling frequency of 200 Hz (type WFLA-6-11-1L; TML Co., Tokyo Measuring instruments Lab., Japan, (https://tml.jp/eng/documents/strain_gauge/WFseries.pdf), a high precision CDP-50 displacement meter, Tokyo Measuring instruments Lab., Japan (https://tml.jp/eng/documents/transducers/CDP.pdf) and an ARF-10A accelerometer, Tokyo Measuring instruments Lab., Japan, (https://tml.jp/eng/documents/transducers/ARF-A_ARF-A-T.pdf) were used to observe the strain (S), displacement or deflection (D) and acceleration (A) of the bridge girders, respectively.



The dynamic test was first performed to investigate and measure the dynamic characteristics of the bridge by measuring and recording the actual impact frequency and the natural frequency (Figure 3b). To evaluate the performance of the bridge under static and dynamic loads, 16 strain sensors, 6 displacement sensors and 1 accelerometer sensor were attached at section A-A to monitor the bridge girders. The measurements of girder G6 were used to evaluate the model.



The monitoring system was designed to measure the movements of the girders and the slab during a short time period (24 pm to 5 am, on 2015.09.04). Figure 4 shows the monitoring system components used to collect the data. The sensors were connected to the data acquisition devices. Then, the measured data were digitized in an AD converter and delivered through the Bluetooth module and access point (AP). The data acquisition device used in this study had one channel; each device was synchronized each time by a signal sender. A personal computer was used to store the data in real time and to control the sensor nodes (data acquisition devices).



The loading vehicle used was two-dump trucks with a total weight of about 27 tons loaded with soil (see Table 1 and Figure 5 for the specifications and loading capacity of the test vehicle). Two different truck weights, A and B, were used with different speeds. Table 2 illustrates the trucks’ speeds.




4. Results and Discussion


The strain, displacement and acceleration of the bridge under 20 km/h truck speed during the model design stage are shown in Figure 6. The maximum response of the bridge was recorded when the truck passed over the monitoring point (between the 13th and the 23rd sections). As shown in Figure 6, the strain and displacement values before loading were around zero; some dynamic response was observed by the accelerometer. The remaining dynamic response of the bridge was measured after the truck left the test span. In general, the strain and displacement sensors were used to measure the static and semi-static responses of the bridge, while the accelerometer was used to measure the dynamic response. Meanwhile, the three measurements contained some errors (refer to the arrow in Figure 6a). Therefore, filtering or smoothing of the measurements was processed. Figure 6, also, shows the filtered measurements. The MA filter based on Wayne’s theory with 70 windows was used to estimate the semi-static strain and displacement responses. Figure 6a,b presents the semi-static strain and displacement responses, respectively. The standard deviations of observed and filtered strains were 25.875 µS and 25.526 µS, respectively. In addition, the correlation coefficient between both signals was 0.99. Additionally, the MA filter was used to estimate the semi-static displacement responses of the bridge. The standard deviation of the observed and filtered displacements was 2.265 mm and 2.236 mm, respectively; and the correlation coefficient between them was 0.99. These results indicate that there was no information loss from the original signals and the filtered strain and the displacement reflects the semi-static stress and deflection responses of the bridge, respectively. Moreover, the wavelet filter was applied by using db3 wavelet and two wavelet levels. The wavelet level was calculated based on the signal length. The performance of wavelet filter is shown in Figure 6c. The standard deviations of the measured and filtered acceleration responses were approximately the same (0.018 g); and the correlation coefficient approached one. Thus, the MA and wavelet filters performed well when estimating the semi-static and dynamic responses of the bridge. Additionally, there was no information loss from the original data, which accurately reflects the bridge behavior under dynamic load effects.



Figure 7 shows the smoothed signals of the acceleration and the extracted dynamic responses for the accelerometer and strain (dynamic strain) measurements, respectively. The dominant frequency of both signals was the same (2.88 Hz); thus, the wavelet filter was directly applied to estimate the dynamic strain of the bridge. Figure 7, also, shows that the dynamic strain did not contain any semi-static responses with one filter applied in this case. Accordingly, the double filters were sufficient for this kind of bridges to extract the dynamic behavior from strain measurements. Furthermore, the relationship between the semi-static behaviors of the strain and displacement measurements are shown in Figure 8a; where the second polynomial fitting model (D = 5.69 × 10−4 × S2 − 0.133 × S + 0.31 × 10−2) was able to demonstrate the relation between these responses. The linear polynomial fitting (A = 4.5 × 10−3 × S − 7.57 × 10−5) represents well the relationship between the dynamic responses collected and extracted from the acceleration and strain measurements (Figure 8b). Therefore, the second and first degrees of polynomial models were used to estimate the displacement and acceleration performances of the bridge from strain observation, respectively. The two polynomial models were used to convert the semi-static strain and extracted dynamic responses to displacement and acceleration, respectively. Therefore, after eliminating the noises of the semi-static and dynamic strain measurements, the two models were applied to predict or extract the bridge responses.



Then, the two models were evaluated using the strain, displacement and accelerometer measurements of the sensors under 20 km/h truck speed. The prediction values were assessed to estimate the accuracy of the developed models during the design stage.



The predicted displacement and acceleration responses of the bridge were evaluated (Figure 9). The R2 of the displacement and acceleration models were 0.99 and 0.95, respectively. The RMSE values of the models’ displacement and acceleration errors were 0.029 mm and 0.0042 g, respectively. In addition, the MAE values of the models’ displacement and acceleration errors were 0.024 mm and 0.0024 g, respectively. From these results, it can be concluded that the performance of two models was accurate and thus could be used to predict the displacement and acceleration of the bridge. Moreover, to check the performance of the two models, the strain sensors’ measurements for the same point under different conditions were evaluated as well.



For the frequency domain evaluation and estimation, the FFT, Hilbert transform and autocorrelation function methods were used to extract the dynamic characteristics (frequency and damping ratio) of the bridge from the acceleration and dynamic strain measurements. Figure 10 demonstrates the dynamic response of the bridge with 20 km/h truck using strain and acceleration measurements. The time series of the frequency during the measurement time is shown in Figure 10a. As shown in the figure, the performance of the two sensors was almost similar (the mean frequency calculation for acceleration and dynamic strain was 3.54 and 3.69 Hz, respectively). Moreover, the frequency phase was highly correlated with the constant shift (Figure 10b). These results indicate that the frequency contents during the measurement time could be accurately detected using strain observations. The fundamental frequency of the bridge is shown in Figure 10c, and the results suggest that the dominant frequency of the bridge was 2.88 Hz for both the acceleration and dynamic strain measurements. Finally, the autocorrelation function (AF) was used to estimate the damping ratio (Figure 10d), which showed a high correlation of 0.95. In addition, the calculated damping ratio was 0.32, and 0.37 of the dynamic strain and acceleration measurements, respectively. The accuracy of the designed model when estimating the damping ratio was 86.5%. The results show that the developed model could be used to accurately detect the bridge responses in both the time and frequency domains.



To estimate and check the designed model, the displacement and acceleration values of the bridge were predicted, and the identification models were assessed using the truck speeds of 30, 40 and 50 km/h for the same monitoring point (testing stage). The strain measurements were used to estimate the semi-static displacement and dynamic acceleration using the developed model. Figure 11 and Figure 12 show the performance of the designed models in the time and frequency domains, respectively, for truck A with a speed of 40 km/h. In this stage, the strain measurements were used only to estimate the semi-static and acceleration; then, the displacement and acceleration measurements were compared with the predicted values. Figure 11 presents the observed and predicted values for the semi-static and acceleration of the bridge. The evaluation of the displacement shows that the R2, RMSE and MAE were 0.98, 0.066 mm and 0.054 mm, respectively. Moreover, the R2, RMSE and MAE of the acceleration model were 0.87, 0.0036 g and 0.0018 g. These results show a high correlation between the observed and the predicted values, which means a high accuracy in estimating the bridge’s responses in the time domain.



The dominant frequency and damping ratio were calculated and presented for the testing stage (Figure 12). The dominant frequency with 40 km/h truck speed was identical (2.86 Hz) to the dynamic strain and acceleration measurements. In addition, the damping ratios were 0.79 and 0.59 for the strain and acceleration measurements, respectively. This indicates an accurate performance of the model in assessing this kind of bridge in the frequency domain. Accordingly, the model can be used with strain measurements only to estimate the future behavior of the bridge, thereby leading to a decrease of the monitoring system cost.



Table 3 summarizes the load cases, including the maximum semi-static absolute displacement and acceleration and the dominant frequency and damping ratio. From Table 3, it can be seen that the variation between the observed and estimated semi-static displacements was very small (maximum variation was 0.07 mm), which means very high model accuracy (99%). Meanwhile, the maximum change of acceleration was 0.02 g (accuracy was 72.6%), indicating that the model accuracy in the time domain was acceptable and could be used to assess the bridge behavior under different kinds of dynamic loads. On the other hand, the dominant frequency estimations for both observed and predicted accelerations were equal. The maximum damping ratio variation change was 0.24 (with accuracy 69%). Therefore, the developed model could be used to precisely estimate the semi-static displacement and frequency with acceptable dynamic acceleration and damping ratio changes using a low-cost monitoring system.



On the other hand, the model was tested to check its capacity to estimate the displacements of other points not considered in the design stage. In this part, the displacements of girders G1 to G5 were evaluated. Table 4 shows the maximum absolute values of the extracted and the observed semi-static displacements of the girders under the speeds of 20, 30, 40 and 50 km/h.



As presented in Table 4, the accuracy of the model decreased with the position of the measured girder relative to girder G6. The R2, RMSE and AME were 0.99, 0.16 mm and 0.08 mm, respectively for the predicted displacement of girder G5; while R2, RMSE and AME were −1.41, 0.25 mm and 0.16 mm, respectively, for girder G1 with 20 km/h speed. The R2, RMSE and AME were 0.98, 0.14 mm and 0.07 mm, respectively for the predicted displacement of girder G5; while R2, RMSE and AME were −1.84, 0.10 mm and 0.06 mm, respectively, for girder G1 with 50 km/h speed. Furthermore, the model error increased with the low speeds, the range of error was 1.26 mm and 1.08 mm under 20 km/h and 50 km/h, respectively. The difference between the observed and predicted displacements reached its maximum values with the far girder from G6. Therefore, for accurate performance estimation, a separate model should be designed for each girder. Furthermore, it can be seen that the estimated displacement values were greater than the actual one; thus, the designed model could be used as an early safety alarm.




5. Conclusions


In the present study, a filtration-prediction model was proposed to decrease the short-period monitoring system cost of monitoring points of plate girder steel bridges. A double filter with polynomial prediction models was designed and evaluated in the time and frequency domains. In addition, a real monitoring system under different cases of dynamic loadings for the WonHyo highway bridge was used. The developed model performance was then evaluated by comparing its results with real measurements. The results of this study revealed the following.



The filtration cycle process was used to eliminate the strain, displacement and acceleration measurements’ noises in time domain. A double filter process was used; however, if the semi-static signals were contaminated, the cycle process of the filtration should be increased. In addition, the polynomial selection depends on the shape of the relationship between the measured and extracted responses of the bridge. In the present study, the second and first polynomial degrees were selected to illustrate the bridge behavior. This model was found to be suitable for the studied bridge, and it should be evaluated before being applied for other types of bridges.



The application of this model to the WonHyo bridge shows that the moving average and wavelet filters were suitable to eliminate the dynamic noises of the measurements. On the other hand, the design stage of the model showed that the correlation between the observed and predicted values was high (R2 = 0.95), while the model error was low for the semi-static (RMSE = 0.029 mm) and acceleration (RMSE = 0.0042 g) predictions in the time domain. In the testing stage, the model performance was low when estimating the acceleration (R2 = 0.87), while the performance was still high (R2 = 0.98) to predict the semi-static displacement. Moreover, the model error for the semi-static displacement and acceleration were small. The bridge frequency for the measured and predicted accelerations was equal in the model design and testing stages. In addition, the signals’ time–frequency and time phase were highly correlated. The accuracy of the developed model in extracting the bridge damping ratio was 86.5% and 69% for the design and testing stages, respectively. These results indicate that the developed model could be effectively used to estimate the full behavior of the bridge using strain measurements only. Furthermore, the predicted displacement values were generally greater than the measured values, this implies that the model could be used as an early safety alarm. Finally, the capability of using the model for the entire bridge was evaluated and tested in the time domain of the semi-static displacement. The results of this evaluation show that the model was suitable to predict the performance of the design point only.







Author Contributions


M.R.K. designed theoretical models, performed analysis, and wrote the original draft. E.E. revised and edited the manuscript. J.W.H. revised the manuscript. All authors have read and agreed to the published version of the manuscript.




Funding


This work was supported by a 2020 Incheon National University Research Grant.




Acknowledgments


This work was supported by a 2020 Incheon National University Research Grant. The authors gratefully acknowledge these supports.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Zhao, X.; Ri, K.; Han, R.; Yu, Y.; Li, M.; Ou, J. Experimental Research on Quick Structural Health Monitoring Technique for Bridges Using Smartphone. Adv. Mater. Sci. Eng. 2016, 2016, 1–14. [Google Scholar] [CrossRef]

	



Gulgec, N.S.; Takáč, M.; Pakzad, S.N. Structural sensing with deep learning: Strain estimation from acceleration data for fatigue assessment. Comput. Civ. Infrastruct. Eng. 2020. [Google Scholar] [CrossRef]

	



Zhong, F.; Quan, C. Efficient digital image correlation using gradient orientation. Opt. Laser Technol. 2018, 106, 417–426. [Google Scholar] [CrossRef]

	



Dong, C.-Z.; Celik, O.; Catbas, F.N.; O’Brien, E.J.; Taylor, S. Structural displacement monitoring using deep learning-based full field optical flow methods. Struct. Infrastruct. Eng. 2020, 16, 51–71. [Google Scholar] [CrossRef]

	



Jo, H.; Sim, S.H.; Tatkowski, A.; Spencer, B.F.; Nelson, M.E. Feasibility of displacement monitoring using low-cost GPS receivers. Struct. Control Heal. Monit. 2013, 20, 1240–1254. [Google Scholar] [CrossRef]

	



Im, S.B.; Hurlebaus, S.; Kang, Y.J. Summary Review of GPS Technology for Structural Health Monitoring. J. Struct. Eng. 2013, 139, 1653–1664. [Google Scholar] [CrossRef]

	



Kaloop, M.; Elbeltagi, E.; Hu, J.; Elrefai, A. Recent Advances of Structures Monitoring and Evaluation Using GPS-Time Series Monitoring Systems: A Review. ISPRS Int. J. Geo-Inf. 2017, 6, 382. [Google Scholar] [CrossRef]

	



Deng, Y.; Li, A.; Feng, D. Fatigue reliability assessment for orthotropic steel decks based on long-term strain monitoring. Sensors 2018, 18, 181. [Google Scholar] [CrossRef]

	



Qiu, Z.C.; Wang, X.F.; Zhang, X.M.; Liu, J.G. A novel vibration measurement and active control method for a hinged flexible two-connected piezoelectric plate. Mech. Syst. Signal Process. 2018, 107, 357–395. [Google Scholar] [CrossRef]

	



Follen, C.W.; Sanayei, M.; Brenner, B.R.; Vogel, R.M. Statistical Bridge Signatures. J. Bridg. Eng. 2014, 19, 04014022. [Google Scholar] [CrossRef]

	



Zhou, Y.E. Assessment of Bridge Remaining Fatigue Life through Field Strain Measurement. J. Bridg. Eng. 2006, 11, 737–744. [Google Scholar] [CrossRef]

	



Wood, S.L.; Dean, P.K. Methodology for the Quantitative Evaluation of the Remaining Fatigue Life of Fracture Critical Bridges; Research Report No. FHWA/TX-07; University of Texas: Austin, TX, USA, 2007. [Google Scholar]

	



Ni, Y.; Xia, H.; Wong, K.; Ko, J. In-service condition assessment of bridge deck using long-term monitoring data of strain response. J. Bridg. Eng. 2011, 17, 876–885. [Google Scholar] [CrossRef]

	



Chen, C.; Wang, Z.; Wang, Y.; Wang, T.; Luo, Z. Reliability Assessment for PSC Box-Girder Bridges Based on SHM Strain Measurements. J. Sensors 2017, 2017, 13. [Google Scholar] [CrossRef]

	



Kim, S.H.; Ahn, J.H.; Jung, C.Y.; Jang, J.W.; Park, Y.H. Behaviour of steel-box semi-integral abutment bridge considering temperature-earth pressure change. Int. J. Steel Struct. 2014, 14, 117–140. [Google Scholar] [CrossRef]

	



Kaloop, M.R.; Hu, J.W.; Elbeltagi, E. Time-series and frequency-spectrum correlation analysis of bridge performance based on a real-time strain monitoring system. ISPRS Int. J. Geo-Inf. 2016, 5, 61. [Google Scholar] [CrossRef]

	



Lee, G.M. Prediction of strain responses from the measurements of displacement responses. Mech. Syst. Signal Process. 2007, 21, 1143–1152. [Google Scholar] [CrossRef]

	



Yen, B.; Lai, L. Evaluation of bridge vibration through field measurement of strains. Transp. Res. Rec. 1989, 1223, 101–106. [Google Scholar]

	



Koss, L.L.; Karczub, D. Euler beam bending wave solution predictions of dynamic strain using frequency response functions. J. Sound Vib. 1995, 184, 229–244. [Google Scholar] [CrossRef]

	



Anders, S.; Manuel, L.A.; Rune, B. A general procedure for estimating dynamic displacements using strain measurements and operational modal analysis. Smart Mater. Struct. 2016, 25, 025020. [Google Scholar]

	



Wang, Z.-C.; Huang, C.-Y.; He, Z.-C.; Wang, Y.-P. Strain modes identification using cross-correlation function of measured dynamic strain. Adv. Struct. Eng. 2017, 20, 96–104. [Google Scholar] [CrossRef]

	



Gevinski, J.R.; Pederiva, R. Dynamic Strain Prediction Using Modal Parameters. In Proceedings of the 7th European Workshop on Structural Health Monitoring, Nantes, France, 8–11 July 2014; pp. 1705–1711. [Google Scholar]

	



Kim, J.; Kim, C.-J. Prediction of Strain Response in a Linear Beam System Using Frequency Response Function Between Strain and Acceleration. In AETA 2016: Recent Advances in Electrical Engineering and Related Sciences; Springer: New York, NY, USA, 2016; Volume 415, pp. 436–443. [Google Scholar]

	



Sweitzer, K.A.; Ferguson, N.S. Force, displacement and strain nonlinear transfer function estimation. J. Phys. Conf. Ser. 2016, 744, 012130. [Google Scholar] [CrossRef]

	



Massone, L.M.; Orakcal, K.; Wallace, J.W. Modeling of Squat Shearwalls Controlled By Shear. In Proceedings of the 14th World Conference on Earthquake Engineering, Beijing, China, 12–17 October 2008. [Google Scholar]

	



Moschas, F.; Stiros, S. Measurement of the dynamic displacements and of the modal frequencies of a short-span pedestrian bridge using GPS and an accelerometer. Eng. Struct. 2011, 33, 10–17. [Google Scholar] [CrossRef]

	



Guo, Y.; Zhu, X.; Ni, Y. Design of three-direction strain sensor with big measurement range for structural health monitoring. Opt. Eng. 2018, 57, 067104. [Google Scholar] [CrossRef]

	



Zhang, J.; Xia, Q.; Cheng, Y.; Wu, Z. Strain flexibility identification of bridges from long-gauge strain measurements. Mech. Syst. Signal Process. 2015, 62, 272–283. [Google Scholar] [CrossRef]

	



Li, P.; Wang, Y.; Liu, B.; Su, L. Damping Properties of Highway Bridges in China. J. Bridg. Eng. 2014, 19, 04014005. [Google Scholar] [CrossRef]

	



Lü, C.; Liu, W.; Zhang, Y.; Zhao, H. Experimental estimating deflection of a simple beam bridge model using grating eddy current sensors. Sensors 2012, 12, 9987–10000. [Google Scholar] [CrossRef]

	



Hong, W.; Zhang, J.; Wu, G.; Wu, Z. Comprehensive comparison of macro-strain mode and displacement mode based on different sensing technologies. Mech. Syst. Signal Process. 2015, 50, 563–579. [Google Scholar] [CrossRef]

	



Carey, C.; OBrien, E.J.; Malekjafarian, A.; Lydon, M.; Taylor, S. Direct field measurement of the dynamic amplification in a bridge. Mech. Syst. Signal Process. 2017, 85, 601–609. [Google Scholar] [CrossRef]

	



Baqersad, J.; Niezrecki, C.; Avitabile, P. Full-field dynamic strain prediction on a wind turbine using displacements of optical targets measured by stereophotogrammetry. Mech. Syst. Signal Process. 2015, 62, 284–295. [Google Scholar] [CrossRef]

	



Sarwar, M.Z.; Park, J.-W. Bridge Displacement Estimation Using a Co-Located Acceleration and Strain. Sensors 2020, 20, 1109. [Google Scholar] [CrossRef]

	



Cummings, A.; Rothwell, G.; Matthews, C. How well does a linear static finite element analysis predict measured strains from a nuclear package tie-down system during rail transportation? Proc. Inst. Mech. Eng. Part F J. Rail Rapid Transit 2018, 232, 222–237. [Google Scholar] [CrossRef]

	



Shin, K.; Hammond, J.K. Fundamentals of Signal Processing for Sound and Vibration Engineers; Wiley: Chichester, UK, 2008; p. 416. [Google Scholar]

	



MATLAB; R2015a; The MathWorks Inc.: Natick, MA, USA, 2015.

	



Kaloop, M.R.; Kim, D. De-noising of GPS structural monitoring observation error using wavelet analysis. Geomat. Nat. Hazards Risk 2016, 7, 804–825. [Google Scholar] [CrossRef]








[image: Applsci 10 04215 g001 550] 





Figure 1. A schematic diagram of beam responses in the z direction. 
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Figure 2. Model process and evaluation. 
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Figure 3. The WonHyo bridge (a) studied the span position and elevation and (b) the cross section, load case and monitoring system (G = girder, S = strain, D = displacement, A = accelerometer). 
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Figure 4. The structural health monitoring system. 
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Figure 5. Test Truck axle dimension (units in m). 
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Figure 6. Measurements and filtration under 20 km/h (a) strain, (b) displacement and (c) acceleration. 
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Figure 7. Acceleration and dynamic strains measurements. 
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Figure 8. Scatterplot of (a) the semi-static strain and displacement and (b) the acceleration and dynamic strain. 
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Figure 9. Models prediction in the time domain: (a) semi-static displacement and (b) dynamic acceleration. 
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Figure 10. Frequency domain evaluation of (a) time–frequency, (b) time–phase, (c) fast Fourier transformation (FFT), (d) autocorrelation and damping ratio of the dynamic strain and acceleration. 
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Figure 11. Prediction values in the time domain of the testing stage for a truck speed of 40 km/h; (a) semi-static and (b) acceleration. 
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Figure 12. (a) Frequency and (b) damping ratio of the bridge with a 40 km/h truck speed. 






Figure 12. (a) Frequency and (b) damping ratio of the bridge with a 40 km/h truck speed.



[image: Applsci 10 04215 g012]







[image: Table] 





Table 1. Trucks load distribution.
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	Truck
	Gross Weight (ton)
	Front Wheel (ton)
	Rear Wheel (ton)





	A
	26.03
	5.47
	20.56



	B
	28.03
	6.59
	21.44
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Table 2. Dynamic load test.
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	Load Case
	Truck Case
	Speed (km/h)
	Direction





	L.C1
	A
	20
	Yeouido to Wonhyoro



	L.C2
	B
	30
	Yeouido to Wonhyoro



	L.C3
	A
	40
	Yeouido to Wonhyoro



	L.C4
	B
	50
	Yeouido to Wonhyoro
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Table 3. Time and frequency domain evaluation for the bridge response.
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Speed (km/h)

	
Semi-static (mm)

	
Acceleration (g)

	
Frequency (Hz)

	
Damping Ratio




	
Disp.

	
Strain

	
Acc.

	
Strain

	
Acc

	
Strain

	
Acc

	
Strain






	
20

	
7.67

	
7.60

	
0.097

	
0.095

	
2.88

	
2.88

	
0.37

	
0.32




	
30

	
7.54

	
7.59

	
0.050

	
0.046

	
2.86

	
2.86

	
0.74

	
0.61




	
40

	
7.58

	
7.61

	
0.084

	
0.088

	
2.86

	
2.86

	
0.59

	
0.79




	
50

	
7.42

	
7.40

	
0.073

	
0.093

	
2.88

	
2.88

	
0.77

	
0.53
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Table 4. Semi-static estimated and observed displacements for girders G1 to G5.
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Speed (km/h)

	
G1-disp. (mm)

	
G2-disp. (mm)

	
G3-disp. (mm)

	
G4-disp. (mm)

	
G5-disp. (mm)




	
Disp.

	
Strain

	
Disp.

	
Strain

	
Disp.

	
Strain

	
Disp.

	
Strain

	
Disp.

	
Strain






	
20

	
0.58

	
1.20

	
0.76

	
0.88

	
2.09

	
3.17

	
3.65

	
5.03

	
6.02

	
7.04




	
30

	
0.39

	
0.73

	
0.91

	
1.25

	
2.23

	
3.38

	
3.78

	
5.25

	
6.18

	
6.95




	
40

	
0.44

	
0.87

	
0.87

	
1.12

	
2.31

	
3.71

	
3.80

	
5.26

	
6.28

	
7.08




	
50

	
0.35

	
0.84

	
0.98

	
1.36

	
2.32

	
3.43

	
3.81

	
5.27

	
6.24

	
6.73
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