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ABSTRACT OF THE DISSERTATION 

A Data-driven Seismic Damage Assessment Framework of Regional Highway Bridges 

 

by 

Dong Wang 

Doctor of Philosophy in Civil Engineering 

University of California, Los Angeles, 2020 

Professor Jian Zhang, Chair 

  

Recent earthquake disasters have demonstrated the seismic vulnerability of highway bridge 

systems.  Rapid seismic assessment of regional highway bridges is critical to help reduce severe 

loss of life and property. However, measurement of the regional scale system performance faces 

the challenge of dealing with the large uncertainty in structural properties and spatial 

characteristics. Traditionally, the numerical modeling approaches are established to simulate 

nonlinear response for each highway bridge across a regional portfolio. This process is largely 

limited by accuracy of model and computational effort. Especially some key structural component 

parameters are almost impossible to be retrieved for some ancient bridges. An alternative data-

driven framework is developed to predict seismic responses or damage level of bridges using 

machine learning techniques. The proposed hierarchically structured framework enables a 

customized application in different scenarios.  

Firstly, the typical modeling technique for reinforcement concrete highway bridges is 

introduced using specific elements for different components. However, the modeling procedures 

are material-level parameter dependent and time consuming. The nonlinear analysis convergence 
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is also a frustrating problem for numerical simulations. Due to these realistic limitations, a simple, 

fast and robust numerical model which can be developed with only component-level information 

needs to be adopted. It’s shown that the bridge bent representation can be simplified as a single 

degree of freedom system. The force-displacement relationship of the bridge can be roughly 

approximated by a bilinear curve. So a simplified 2D bilinear model is adopted for highway bridges 

throughout the study.   

Secondly,  the statistical distributions for selected bridge input parameters can be derived 

based on the regional bridge inventory. Then an iterative process by sampling and filtering input 

parameters can be used to generate as many bridges as possible candidates for a specific region. 

The proposed bridge models and selected historical ground motions will be utilized to develop a 

seismic response prediction model using machine learning for instrumented highway bridges. This 

study investigates the optimal features to represent the highway bridge and ground motion. 

Different regression models are applied for near-fault motions and far-field motions and similar 

performance can be achieved, which significantly outperformed the traditional methods.   

Finally, to predict the seismic response of the non-instrumented highway bridges whose 

ground motion information is missing, the kriging interpolation model is implemented first. Then 

graph network is exploited to improve the performance. Different rules are evaluated for 

constructing an undirected graph for the highway bridges in an active seismic region. Subsequently, 

the Node2vec model is conducted to extract the embedding for each node and a graph neural 

network is implemented to predict the seismic response.  

Furthermore, vast amounts of text description data from online social platforms can be used 

to help detect the potential severely damaged bridges rapidly once an earthquake happens. A 

Convolution Neural Network classification model is implemented to evaluate the overall damage 
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level distribution based on the collected text data. GloVe model is used to generate the word vector 

as its distributed representation. 
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1. Introduction 

1.1 Background 

As one of the major critical civil infrastructures, the highway transportation system can be 

severely damaged or collapsed under single and multiple earthquakes. In this system, the seismic 

performance of highway bridges is the key determinant. It is necessary to evaluate the seismic 

vulnerability of highway bridges to avoid the unbearable result in economical loss and life safety. 

Though the highway bridges have been extensively utilized to distribute traffic at the 

interchanges and connect the adjacent segments, inadequate study and development were 

accomplished about the seismic resistance of highway bridges before the 1971 San Fernando 

earthquake. During the earthquake, approximately 40 highway bridges received significant 

damage while 5 elevated over crossings collapsed with long spans and relatively tall columns 

(Jennings and Wood 1971). Then many research programs were launched to analyze the seismic 

performance of highway bridges, improvements have been achieved in both design and analysis 

of bridge structures. 

The Hyogo-ken-Nanbu earthquake took place at Kobe and Awaji Island on January 17, 

1995, caused destructive damage to highway bridges. Collapse and nearly collapse of 

superstructures and other destructive damage occurred at many sites (Unjoh, Terayama et al. 2002). 

During the Northridge earthquake of January 17 in Los Angeles, seven highway bridges suffered 

partial collapses and another 170 bridges suffered damage ranging from minor cracking to the 

slumping of abutment fills (Buckle 1994). After the 1987 Whittier Narrows earthquake, an 

important highway bridge was found that there were many fractures on the support beam and 28 

other bridges suffered minor damage (Gates, Mellon et al. 1988). The 1989 Loma Prieta 

earthquake caused 144 highway bridges from 9 counties to be damaged at different levels (Gordon 
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2002). In 1999, during the Chi-Chi earthquake of Taiwan, more than 10 bridges, including a cable-

stayed bridge, were severely damaged (Chang, Chang et al. 2000). The strongest earthquake of 

China occurred in Wenchuan on May 12, 2008, which caused great destruction to the infrastructure 

system, including 320 highway bridges. Unlike the damage to buildings in earthquake regions, 

where a large number of injuries or deaths were caused directly by building collapse, bridge 

damage isolated the affected area by preventing the transport of lifeline supplies and denying 

access by rescuers, which generated an even larger impact to the society (Han, Du et al. 2009). 

Most recently, during the 2014 South Napa earthquake, 54 bridges got seriously damaged so that 

a retrofit program that cost 12 billion dollars was launched later (Johnson and Mahin 2016). 

These historical earthquakes have shown that they can cause significant life and property 

loss due to the devastating risk on the highway bridges. These disasters have emphasized the 

vulnerability of highway bridge system and the need to mitigate seismic risk consequence of 

failure of the system. And most of the damage has been proven to be the result of excessive seismic 

displacement and deflections that have been substantially underestimated during design (Zhang 

and Makris 2002).  

  

(a) Westbound Santa Monic Freeway during the 1994 

Northridge earthquake 

 

(b) Hanshin Expressway system during the 1995 Kobe 

earthquake 
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(c) Bull Creek Canyon Channel undercrossing during 

during the 1994 Northridge earthquake 

 

(d) Shi-wei Bridge during the 1999 Chi-Chi   

earthquake 

 

  
(e) Vespucio Note Highway during the 2010 Chile 

earthquake 

 

(f) Baihwa Bridge during the 2008 Wenchuan 

earthquake 

 

Figure 1.1. Observed bridge failures in major earthquakes  

 

 

1.2 Seismic Hazard Assessment of Highway Bridges 

Seismic hazard assessment plays an important role in structural design or retrofit stage, 

response spectra, and fragility curves have been widely used in practical application. However, 

obtaining the accurate seismic response of structures right after an earthquake happens can provide 

more help for the post-earthquake evacuation and recovery. There are not enough time and 

resources to send professional staff to do the on-site inspection. The development of structural 

health monitoring(SHM) technology has significantly improved our capability of solving this 
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problem. Remote sensing devices are installed in the highway bridges to record the structural 

response histories (e.g., accelerations, displacements, strains) subjected to the ground motion (Sun 

2019). The installation and maintenance cost determines that only a limited number of sensors are 

installed in the structures, and the most widely used sensors are accelerometers. Engineering 

Demand Parameters(EDP) for bridges like curvature ductility in piers, pile cap displacement, 

abutment displacement, and pile cap rotation are defined to quantify the damage measure. As a 

simplified 2D bilinear model is adopted in the study, only the peak transverse displacement and 

maximum drift ratio are considered as the target EDP for the seismic hazard assessment.  

We have explained that it’s not efficient to do Nonlinear Response History Analysis 

(NRHA) for a portfolio of highway bridges, not to mention that most of the bridges have no sensor 

installment. Alternative approaches currently available within the earthquake engineering field to 

address these issues are to estimate EDPs using site Intensity Measures (IM) such as Spectrum 

Acceleration (SA) (Sun 2019). And Ground Motion Prediction Equation(GMPE) can be applied 

to estimate the required IM for the non-instrumented bridges. Though this method is much more 

computationally cost-effective, the accuracy will be sacrificed. 

Recently, machine learning technologies have innovative applications in diverse fields. It 

can deal with complicated regression and classification problems due to the superior capability in 

nonlinear function modeling. Researchers have successfully implemented machine learning 

models for estimating the seismic response of structures during the past decade. The study of 

representation learning for both highway bridges and ground motion is still insufficient. There is 

no scientific guidance about what input parameters should be chosen in the machine learning 

models.   

An alternative approach is presented here which incorporates our physics-based 
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background and mathematical statistics knowledge. The framework can address those 

forementioned limitations and can take the best advantage of all the data that can be collected 

during the earthquake. Representation learning will be investigated and model architecture will be 

customized for a variety of scenarios.  

 

1.3 Organization 

The objective of the research reported is to develop a data-driven framework that predicts 

seismic responses of actual highway bridges for a specific region. The framework needs to work 

for both instrumented and non-instrumented bridges. And the accuracy-speed trade-off will be 

executed throughout the whole task. 

Chapter 2 derives the schema to generate multiple bridge model candidates which are using 

the input parameter distributions based on the bridge inventory in California. To guarantee the 

proposed bridges satisfy the engineering design requirement, a limit about axial load ratio is used 

to eliminate the unqualified candidates. Corresponding direct structural properties like weight, 

height, cross-section area, yielding moment, the moment of inertia can be automatically produced. 

Near-fault and far-field ground motions are selected separately. Nonlinear response history 

analysis is conducted for each pair of bridge candidate and ground motion.  

Inspired by the mathematical representation of a near-fault (pulse-like) ground motion,  the 

parameters which can control the simulated signal can be regarded as its principal features in 

Chapter 3. Multiple regression models are exploited to predict the peak transverse displacement of 

instrumented bridges and the median absolute relative deviation (MARD) can be limited to 5%. A 

different representation for far-field ground motion by computing its spectrogram in the frequency 

domain is developed. A recurrent neural network is utilized and the corresponding MARD can 
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also be limited to 5%. 

Due to the geology characteristic of the region, the collections of highway bridges in 

different locations can be built as a graph network, where some pairs are connected based on the 

similarity of ground motion and structural properties. Choices of the proper network representation 

of our task are investigated in Chapter 4, which will determine the ability to use the network 

successfully. Node2vec model is conducted to extract the embedding for each node in the network 

and graph neural network is implemented to predict the seismic response for the non-instrumented 

bridges. 

Chapter 5 introduces some other data sources like text descriptions from social networks 

which can help locate the potential highway bridges suffering the most severe damage. The Natural 

Language Processing(NLP) model using cutting-edge deep learning technology is implemented. 

The collected text data from different locations can be used to generate a heat map indicating the 

global damage level. Then the highway bridges that may be severely damaged are selected first 

based on their location and the prediction models will be applied to obtain the seismic response. 

Finally, a summary and discussion are presented in Chapter 6 
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2. Parameterization And Numerical Modeling of Highway Bridges 

This chapter presents an in-depth study of the California highway bridges using the as-built 

drawings provided by Caltrans and the National Bridge Inventory(NBI) database. Most major 

changes in the design codes are introduced after the 1971 San Fernando and 1994 Northridge 

earthquakes. These earthquake disasters have demonstrated the greater seismic vulnerability for 

the bridges designed before 1971 due to the low transverse reinforcement and a lack of longitudinal 

restraint. The state of California has initiated a retrofit program to increase the seismic resistance 

of the bridges built before 1971. However, Pre-1971 highway bridges using the outdated design 

still take up a large proportion in the current bridge inventory and their seismic performance needs 

to be evaluated with the precedence. 

 

2.1  Generic Highway Bridge Configuration 

Various highway bridge components are shown in Figure 2.1 (Mangalathu 

Sivasubramanian Pillai 2017). There are two parts called superstructure and substructure for those 

components. The former includes the girder, deck slab, and parapet, while the latter includes 

abutment, footing, bent beam, pier column, bearing, and shear key. The transportation weight is 

applied to the superstructure and then carried through abutments and pier columns to the 

foundation. The girders help support the deck and distribute the area load to the bent beam. The 

bearings can help the smooth transmission of gravity load to the abutments and allow the 

longitudinal movement of the girders. The abutments attach the deck to the ground and facilitate 

supporting its weight in both horizontal and vertical directions. The pier columns serve as the 

supports for the bridge spans at intermediate points and also provide resistance  to the lateral loads. 

Foundations transfer the load evenly down to the substrata layer.  
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Figure 2.1. Illustration of highway bridge components  

2.2 Bridge Input Parameter Selection 

2.2.1 Introduction 

Thousands of highway bridge models in California need to be obtained to train a seismic 

response prediction model. The most robust approach would involve a systematic individual 

evaluation of every single bridge, which would be impossible. So an alternative approach using a 

small set of as-built drawings combined with information from NBI is adopted here to characterize 

and parameterize the structural representation for pre-1971 highway bridges in California. The 

structural input parameters are represented as probability density functions. In some cases, a large 

amount of data is available to define these input distributions, while in other cases very little data 

is available. Consulting with Caltrans bridge designers and engineering judgment is used when the 

available data is insufficient to accurately define distributions among the inputs. 

Individual realizations of pre-1971 highway bridges can be generated by randomly picking 

discrete input parameter values from their derived distributions. The highway bridge candidates 

which fail to satisfy certain requirements will be eliminated. Then the corresponding numerical 

models will be constructed automatically and NRHA can be conducted in OpenSees. 
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2.2.2 Input Parameter Distributions 

Multiple input parameters are selected to generate the highway bridge candidates, 

including the number of spans, number of pier columns, span length, column height, deck width, 

superstructure weight, column section size, yield moment, and curvature. For simplicity, abutment 

type and girder type of highway bridge will not be taken into consideration. The statistical 

distributions for the selected input parameters are derived based on a set of as-built drawings of 

bridges built before 1971 and the National Bridge Inventory database. 

The span length is defined as a function of the number of spans. The distribution is listed 

in Table 2.1. The numbers of spans we use in the study are 2, 3, and 4, which are the most common 

configurations. For the 2-span bridges, 75% of them has a span length that follows a truncated 

normal distribution with a mean of 29.0m (95ft), a standard deviation of  6.1m(20ft), and truncation 

limits of 16.8m (55ft) and 42.7 (140ft), and 25% of them has a span length follows a truncated 

normal distribution with a mean of 41.1m (135ft), a standard deviation of  10.7m(35ft), and 

truncation limits of 22.9m (75ft) and 70.1m (230ft). For the 3-span and 4span bridges, the span 

length follows a truncated normal distribution with a mean of 27.4m (90ft), a standard deviation 

of  7.6m (25ft), and truncation limits of 15.2m (50ft) and 48.8m (160ft) (Mangalathu 

Sivasubramanian Pillai 2017). 

Table 2.1. Distribution of span length 

Span 

Range 

   No of 

spans 
Mix % Unit Mean 

Standard 

Deviation 

Lower 

Bound 

Upper 

Bound 

S22 

2 75 ft 95 20 55 140 

2 25 ft 135 35 75 230 

S34 

3 55 ft 90 25 50 160 

4 45 ft 90 25 50 160 
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Column heights are measured as the height between the underside of the bridge deck and 

the top of column footing by manual plan view. The column height distribution of pre-1971 

highway bridges follows a log-normal distribution with a mean of 0.9m (3.06ft), a standard 

deviation of 0.04m (0.13ft), where the lower bound is 5.0m (16.5ft)and the upper bound is 8.5m 

(28ft). Only circular columns are used in the study and the percentage distribution of cross-sections 

is given in Table 2.2. Generally, the median of column height and section size increase from the 

pre-1971 highway bridge to the post-1971 highway bridge. 

 

 Table 2.2. Distribution of column cross-sections 

Type of bent Diameter (inch) Mix % 

Single 

48 20 

60 40 

72 40 

Multi 

36 38 

48 50 

60 12 

 

Deck width is defined as a function of the number of columns per bent and it can be 

summarized from plan view of bridges. Here we only consider the number of columns per bent 

not more than three. The distribution for each type is listed in Table 2.3. The deck area is equal to 

the multiplication of span length and deck width which will be used to calculate the total 

superstructure weight. 
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Table 2.3. Distribution of deck width 

No of columns per bent Mix % Unit Mean Standard Deviation Lower Bound Upper Bound 

1 

25 ft 26.5 1.5 22 30 

50 ft 34 1.2 30 38 

25 ft 40 1.5 38 46 

2 

15 ft 34 2.0 30 38 

25 ft 41 5 38 48 

15 ft 58 26 48 74 

3 

10 ft 48 18 38 56 

15 ft 66 9 56 74 

5 ft 80 9 74 92 

 

The distribution of the superstructure weight is important for the gravity analysis, as well 

as for establishing the inertia demand on the bridge. The dead load weight per tributary area of the 

deck is summarized from the drawings provided by Caltrans. It follows a normal distribution with 

a mean of 9.1 𝐾𝑁/𝑚2 and a standard deviation of 1.5 𝐾𝑁/𝑚2 (Brandenberg, Zhang et al. 2011).  

Given the cross-section of a column, the flexural capacity can be computed. A suite of 

Monte Carlo moment-curvature analysis of the sections was conducted in OpenSees with 

representative distributions of steel strength (𝑓𝑦) , the compressive strength of concrete (𝑓𝑐
′) , 

section effective depth (𝑑), longitudinal reinforcement ratio (𝜌), confined to unconfined concrete 

strength ratio (𝑓𝑐,𝑐𝑜𝑛𝑓𝑖𝑛𝑒𝑑
′ 𝑓𝑐,𝑢𝑛𝑐𝑜𝑛𝑓𝑖𝑛𝑒𝑑

′⁄ ). The material properties follow a normal distribution and 

the parameters are summarized in Table 2.4.  
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Table 2.4. Distribution of material properties 

 Mean Standard 

Deviation 

𝒇𝒄
′ (𝐌𝐏𝐚) 25 10 

𝒇𝒚(𝑴𝑷𝒂) 300 60 

𝒇𝒄,𝒄𝒐𝒏𝒇𝒊𝒏𝒆𝒅
′ 𝒇𝒄,𝒖𝒏𝒄𝒐𝒏𝒇𝒊𝒏𝒆𝒅

′⁄  1.1 0.05 

 

Based on the analysis results, flexural capacity was defined using statistical dimensionless 

parameters. The yield moment of a column is defined using Equation 2.1:                              

 𝑀𝑦
′ =

𝑀𝑦

𝑓𝑐
′𝐴𝑔𝑑[1+(𝑛−1)𝜌]

  (2.1) 

where 𝑀𝑦 is the yield moment of the column, 𝐴𝑔 is the gross area of the column, 𝑑 is the effective 

depth of the section, 𝑛 is 𝐸𝑠 𝐸𝑐⁄  (the ratio of the modulus of elasticity of steel to concrete), 𝜌 is the 

longitudinal reinforcement ratio, which equals 𝐴𝑠 𝐴𝑔⁄ , and 𝑀𝑦
′  is the normalized yield moment of 

the column. The dimensionless yield moment, 𝑀𝑦
′ , is found to be log-normally distributed with a 

mean of -2.64 and a standard deviation of 0.24. And the yield curvature can be computed using 

Equation 2.2: 

 𝜙𝑦 = 0.00866𝑒
(
𝑀𝑦

679.0
) + 0.00257 (2.2) 

The statistical distributions of bearing and pile strength can also be summarized from the 

database. As the type of abutment and foundation are not considered in the study, they will not be 

selected as the input parameters.  
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2.3 Bilinear Modeling Formulation 

2.3.1 Introduction 

A typical layout of the numerical modeling for a two-span bridge is shown in Figure 2.2. 

The superstructure and substructures are modeled by different elements and the dynamic response 

can be captured in both longitudinal and transverse directions by coupling all the parts together. 

The superstructure(bridge deck) is generally considered to remain elastic when an earthquake 

happens, and an elastic beam-column element is adopted to represent it. The bents are modeled 

using a combination of fiber-based nonlinear beam-column elements(columns) and rigid links(cap 

beams) to cause moment and force transfer between the members. Cap beams are confined by and 

deformed with the deck. Bearing is modeled with a bi-directional hysteretic element. Foundation 

and abutment are represented by equivalent linear springs and dashpots at the bottom. Figure 2.4 

shows the comparison of the numerical model with the experimental results (Lehman and Moehle 

2000). Two different specimens are chosen from California highway bridge pier columns. The 

result validates the modeling schema described above which is adequate to simulate the dynamic 

analysis and capture the seismic response. 

 

 Figure 2.2. Illustration of highway bridge components 
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Figure 2.3. Comparison of experimental and numerical simulation results  

However, the modeling procedures are material-level parameter-dependent and time-

consuming. To realize the rapid seismic assessment for regional highway bridges, a different type 

of numerical modeling which is computationally efficient for nonlinear analysis is adopted in the 

study. Instead of many detailed material-level parameters which are almost impossible to obtain, 

only basic component-level information is sufficient to complete the modeling.  

2.3.2 Application and Validation of Bilinear Modeling Procedure 

Painter Street Crossing(PSO) is a two-span prestressed concrete box-girder with a two-

column central bent (see Figure 2.5). Xie and Zhang (2017) built numerical modeling of the PSO 

using fiber-based nonlinear beam-column elements for the bridge columns in the software platform 

OpenSees (Mazzoni, McKenna et al. 2006). Then the pushover analysis was conducted for the 

model. 

 

Figure 2.4. Elevation View of Painter Street Overcrossing 
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As shown in Figure 2.6, the sectional moment-curvature relation and the force-

displacement relation of the pier column can be both approximated by regressed bilinear curves. 

The former provides input parameters for the moment-curvature hardening relation in OpenSees, 

and the latter offers three parameters, namely the elastic stiffness 𝐾1,𝑐, post-yielding stiffness 𝐾2,𝑐 

and characteristic strength 𝑄𝑐, representing the hysteretic behavior of the column element. 

 

 

(a) Moment-curvature curve                                          (b) Force-displacement curve 

Figure 2.5. Pushover analysis of pier column (PSO) 

The gravity load mainly comes from the superstructure.  A single degree of freedom (SDOF) 

system is used for the simplified numerical modeling of PSO’s pier (Figure 2.7). The top node has 

the same weight as the superstructure and the bent columns are modeled by a displacement beam-

column element. Hardening material with the regressed bilinear moment-curvature relation is used 

to define the section property in OpenSees. And the force-displacement relation obtained by this 

SDOF bilinear model is the same as the earlier pushover analysis result. 
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Figure 2.6. Bridge bent representation using an SDOF system  

 

Multiple locations in PSO have been installed the recording channels, including the 

embankment top, pile cap top, and free field as shown in Figure 2.7. When the 1992 Petrolia 

earthquake occurred, the PSO was severely shaken and the bridge response, as well as ground 

motions, were all recorded by the channels. The motion in the pile cap top is input into OpenSees 

and the computed response of the SDOF bilinear model is shown in Figure 2.8 and compared with 

the recorded data. The history displacement and acceleration are both in very good agreement, 

which validates the application of the simplified bilinear modeling procedure.  
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Figure 2.7. PSO bridge recording channels 
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Figure 2.8. Comparison of bilinear modeling analysis result and recorded data for Painter Street 

Bridge 
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2.4 Schema of Bridge Candidate Generation 

To develop a regional seismic response prediction system, a dataset including the local 

bridge models are required. A schema of bridge candidate generation is adopted using the input 

parameter selection derived in chapter 2.2. The component-level parameters of the generated 

bridge candidates are close to the pre-1971 California inventory bridge and their performance of 

the seismic response can also represent the reality.  

 

Figure 2.9. Proposed bridge generation schema 

The iterative process to generate qualified highway bridge candidates is represented in 

Figure 2.8. Firstly, the number of spans, weight per area, number of columns per bent, concrete 

and steel strength, and dimensionless yield moment need to be sampled from the respective 

distribution. Then span length, deck width, and column diameter will follow a conditional 

distribution.  Axial load ratio ( the ratio of the axial load to the axial capacity of column) will be 

used to determine whether the potential bridge candidate satisfies the fundamental design 

requirement. For single-column piers, the axial load ratio ranges from 0.03 to 0.09. For two-

column piers, the axial load ratio ranges from 0.02 to 0.06. For three-column piers, the axial load 
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ratio ranges from 0.01 to 0.05. The values used here are chosen based on 16 as-built drawings of 

pre-1971 highway bridges and they can be modified if more accurate statistic about axial load ratio 

is provided. One hundred bridge candidates are generated based on the proposed schema. And the 

corresponding yield moment, post-yield moment, and yield curvature will be computed as the input 

parameters to construct the bilinear modeling for each bridge candidate in OpenSees. 

2.5 Ground Motion Selection 

To prepare a dataset for developing a seismic response prediction model, generated 

highway bridge candidates and carefully ground motions are needed. The nonlinear analysis will 

be conducted for each pair of bridge models and ground motion records. The selected ground 

motions in the study consist of two types: 1. Broad-band(far-filed) ground motions 2. Pulse-like 

(near-fault) ground motions.  Unlike the broadband ground motion which can be decomposed into 

multiple waves(0-20Hz), sometimes a single large long-period pulse in the velocity or acceleration 

time history represents the near-fault ground motion.  

The broad-band ground motions are selected from the PEER Strong Motion Database 

(http://ngawest2.berkely.edu/) by Baker et al. (2011), and the mean and variance of their 

logarithmic response spectra match that predicted for a ‘generic earthquake scenario’ typical of 

high-seismicity sites in California (Baker, Lin et al. 2011). There are three broad-band ground 

motion sets and each set has 40 unscaled ground motions. The first set was selected to match a 

magnitude 7 strike-slip earthquake at a distance of 10k for a soil site (Table  2.5), the second set 

was selected to match a magnitude 6 strike-slip earthquake at a distance of 25 km for a soil site 

(Table 2.6) and the third set was selected to match a magnitude  7 strike-slip earthquake at a 

distance of 10 km for a rock site (Table 2.7). 

http://ngawest2.berkely.edu/
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Table 2.5. Set #1A: Selected 40 soil motion inputs (M=7, R=10 KM) 

No. Earthquake, Year Station Mag- 

nitude 

No. Earthquake, Year Station Mag- 

nitude 

1 Mammoth Lakes,1980 Long Valley Dam 6.06 21 Landers, 1992 Yermo Fire Station 7.28 

2 Chi-Chi, Taiwan,1999 CHY036 7.62 22 Northridge-01,1994 Sylmar - Converter  6.69 

3 Cape Mendocino,1992 Rio Dell Overpass - FF 7.01 23 San Fernando,1971 LA -Hollywood Stor FF 6.61 

4 Imperial Valley-06,1979 Delta 6.53 24 N. Palm Springs,1986 Morongo Valley 6.06 

5 Kocaeli, Turkey, 1999 Yarimca 7.51 25 Loma Prieta,1989 Hollister - South & Pine 6.93 

6 Imperial Valley-06,1979 Calipatria Fire Station 6.53 26 Chi-Chi, Taiwan,1999 TCU055 7.62 

7 Chi-Chi, Taiwan,1999 CHY034 7.62 27 Chi-Chi, Taiwan,1999 CHY025 7.62 

8 Chi-Chi, Taiwan,1999 NST 7.62 28 Imperial Valley-06,1979 Brawley Airport 6.53 

9 Kocaeli, Turkey, 1999 Duzce 7.51 29 Chi-Chi, Taiwan,1999 CHY088 7.62 

10 Trinidad,1980 Rio Dell Overpass 7.2 30 Duzce, Turkey,1999 Duzce 7.14 

11 Spitak, Armenia,1988 Gukasian 6.77 31 Chi-Chi, Taiwan,1999 TCU061 7.62 

12 Loma Prieta,1989 Gilroy Array #4 6.93 32 Loma Prieta,1989 Saratoga - Aloha Ave 6.93 

13 Chi-Chi, Taiwan,1999 TCU060 7.62 33 Imperial Valley-02,1940 El Centro Array #9 6.95 

14 Victoria, Mexico,1980 Chihuahua 6.33 34 Chi-Chi, Taiwan-03,1999 TCU123 6.2 

15 Loma Prieta,1989 Fremont - Emerson Court 6.93 35 Northridge-01,1994 Jensen Filter Plant 6.69 

16 Chalfant Valley-02,1986 Zack Brothers Ranch 6.19 36 Chi-Chi, Taiwan-03,1999 CHY104 6.2 

17 Chi-Chi, Taiwan,1999 TCU118 7.62 37 Loma Prieta,1989 Salinas - John & Work 6.93 

18 Denali, Alaska,2002 TAPS Pump Station #10 7.9 38 Loma Prieta,1989 Coyote Lake Dam  6.93 

19 Imperial Valley-06,1979 El Centro Array #4 6.53 39 Chi-Chi, Taiwan,1999 CHY008 7.62 

20 Big Bear-01,1992 San Bernardino  6.46 40 Chi-Chi, Taiwan-06,1999 TCU141 6.3 
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Table 2.6. Set #1B: Selected 40 soil motion inputs (M=6, R=25 KM) 

No. Earthquake, Year Station Mag- 

nitude 

No. Earthquake, Year Station Mag- 

nitude 

1  Big Bear-01,1992 Lake Cachulla  6.5 21 CA/Baja Border Area,2002  Holtville Post Office  5.3 

2  Big Bear-01,1992 Snow Creek  6.5 22 Morgan Hill,1984 San Juan Bautista, 24 

Polk St  

6.2 

3  Loma Prieta,1989 Fremont - Emerson Court  6.9 23 Livermore-01,1980  Tracy - Sewage Treatm 

Plant  

5.8 

4  Imperial Valley-06,1979  Superstition Mtn Camera  6.5 24  Chi-Chi, Taiwan-03,1999  TCU145  6.2 

5  CA/Baja Border Area,2002 El Centro Array #7  5.3 25  N. Palm Springs,1986 Indio  6.1 

6  Chalfant Valley-02,1986  Lake Crowley - Shehorn 

Res.  

6.2 26  Friuli, Italy-02,1976 Codroipo  5.9 

7  Northridge-01,1994 Elizabeth Lake  6.7 27  Northridge-01,1994  Compton - Castlegate St  6.7 

8  Northwest China-02,1997  Jiashi  5.9 28  Morgan Hill,1984  Gilroy Array #7  6.2 

9  Victoria, Mexico,1980 SAHOP Casa Flores  6.3 29  Big Bear-01,1992  North Shore - Salton 

Sea Pk HQ  

6.5 

10  CA/Baja Border Area,2002 Calexico Fire Station  5.3 30  Big Bear-01,1992  Seal Beach -Office Bldg  6.5 

11  Whittier Narrows-01,1987  Norwalk - Imp Hwy, S 

Grnd  

6.0 31  Livermore-01,1980  San Ramon - Eastman 

Kodak  

5.8 

12  San Fernando,1971 Santa Felita Dam (Outlet)  6.6 32  Coalinga-01,1983  Parkfield - Cholame 3W  6.4 

13  Coalinga-01,1983  Parkfield - Stone Corral  6.4 33  Friuli, Italy-01,1976  Codroipo  6.5 

14  Imperial Valley-06,1979  Plaster City  6.5 34  Chi-Chi, Taiwan-03,1999  CHY047  6.2 

15  El Alamo,1956 El Centro Array #9  6.8 35  Loma Prieta,1989 Dumbarton Bridge West 

End FF  

6.9 

16  Loma Prieta,1989  Fremont - Mission San 

Jose  

6.9 36  Whittier Narrows-01,1987  West Covina - S Orange 

Ave  

6.0 

17  N. Palm Springs,1986  San Jacinto - Valley 

Cemetary  

6.1 37  Mammoth Lakes-06,1980  Bishop - Paradise Lodge  5.9 

18  Northridge-01,1994  Bell Gardens - Jaboneria  6.7 38  Coalinga-01,1983  Parkfield - Fault Zone 

16  

6.4 

19  Chi-Chi, Taiwan-03,1999  CHY034  6.2 39  Chi-Chi, Taiwan-06,1999  CHY036  6.3 

20  Morgan Hill,1984  Gilroy Array #2  6.2 40  Whittier Narrows-01,1987 Canoga Park - Topanga   6.0 
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Table 2.7. Set #2: Selected 40 rock motion inputs (M=7, R=10 KM) 

No. Earthquake, Year Station Mag- 

nitude 

No. Earthquake, Year Station Mag- 

nitude 

1 San Fernado,1971 Lake Hughes #4 6.61 21 Helena Montana-01,1935 Carroll College 6 

2 Loma Prieta,1989 Gilroy Array #6 6.93 22 Northridge-01,1994 Vasquez Rocks Park 6.69 

3 Kocaeli Turkey,1999 Izmit 7.51 23 Chi-Chi Taiwan,1999 WNT 7.62 

4 Northridge-01 ,1994 LA Wonderland Ave 6.69 24 Loma Prieta,1989 Golden Gate Bridge 6.93 

5 Imperial Valley-06,1979 Cerro Prieto 6.53 25 Loma Prieta,1989 UCSC 6.93 

6 Hector Mine,1999 Hector 7.13 26 Victoria Mexico,1980 Cerro Prieto 6.33 

7 San Fernando,1971 Pasadena Seismo Lab 6.61 27 Northridge-01,1994 Santa Susana  6.69 

8 Duzce Turkey,1999 Lamont 531 7.14 28 Loma Prieta,1989 Gilroy - Gavilan 6.93 

9 Hector Mine,1999 Heart Bar State Park 7.13 29 Duzce Turkey,1999 Mudurnu 7.14 

10 Chi-Chi Taiwan,1999 TCU138 7.62 30 Northridge-01,1994 Burbank Howard 6.69 

11 Chi-Chi Taiwan-06,1999 TCU129 6.3 31 Chi-Chi Taiwan-03,1999 TCU138 6.2 

12 Coyote Lake,1979 Gilroy Array #6 5.74 32 Chi-Chi Taiwan-06,1999 TCU138 6.3 

13 Taiwan SMART1(45),1986 SMART1 E02 7.3 33 Loma Prieta,1989 UCSC Lick Observatory 6.93 

14 Irpinia, Italy-01,1980 Bagnoli Irpinio 6.9 34 Loma Prieta,1989 Gilroy Array #1 6.93 

15 Loma Prieta,1989 Santa Teresa Hills 6.93 35 Northridge-01,1994 LA Dam 6.69 

16 Irpinia, Italy-01,1980 Bisaccia 6.9 36 Northridge-01,1994 LA 00 6.69 

17 Chi-Chi Taiwan,1999 TCU045 7.62 37 Sitka Alaska,1972 Sitka Observatory 7.68 

18 Kocaeli Turkey,1999 Gebze 7.51 38 Northridge-01,1994 LA Chalon Rd 6.69 

19 Northridge-01,1994 Pacoima Dam 6.69 39 Loma Prieta,1989 Belmont 6.93 

20 Denali Alaska,2002 Carlo (temp) 7.9 40 Chi-Chi Taiwan,1999 TCU129 7.62 
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Lots of previous research have demonstrated that pulse-like near-fault motions can cause 

more severe damage to structures than the ordinary far-field motions. Total 268 velocity pulses 

and 118 acceleration pulses out of 3390 records were identified by 𝜋-response spectrum procedure 

(Tang and Zhang 2011). 50 near-fault velocity-pulse motions and 25 near-fault acceleration-pulse 

motions having the obvious directivity effects were selected as listed in Table 2.8 and Table 2.9 

respectively.  

Table 2.8. Near-fault velocity pulses
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Table 2.9. Near-fault acceleration pulses

 

 

2.6 Nonlinear Response Analysis  

Each pair of generated bridge candidate model and selected ground motion were input in 

OpenSees and the nonlinear analysis was then conducted. Due to the simplicity and efficiency of 

SDOF bilinear modeling, the whole process is fast and no convergency issues are encountered 

during the dynamic analysis. One hundred bridge candidates are used here and more candidates 

can be generated at any time if necessary. The mechanical property distribution of the generated 

bridge candidates is list in Figure 2.10. It can be concluded that a wide range of realistic highway 

bridge models have been covered in the study. 
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Figure 2.10. Mechanical property distributions of generated bridge candidates 

 

The nonlinear analysis result of an example is shown in Figure 2.11. The ground motion 

input comes from the Northridge earthquake. The maximum displacement shown as the star in the 

plot is recorded for each pair of bridge model and ground motion. The representation learning for 

highway bridge and ground motion will be studied and the corresponding response prediction 

model will be developed based on the analysis result later. 

  

 Figure 2.11. Nonlinear analysis of a bridge candidate model 
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3. Seismic Response Prediction of Instrumented Highway Bridges using 

Machine Learning Approach 

3.1 Introduction  

Machine learning (ML) has been receiving so much attention over the past years in both 

academia and industry due to its successful application in a wide range of engineering domains. It 

has significantly outperformed the traditional methods in many challenging projects, like image 

recognition and synthesis, social network, disease diagnosis, fraud detection, recommender system, 

machine language translation, etc. Nowadays, the explosive amount of available data and booming 

computation power make it possible to deliver faster and more accurate results by using machine 

learning techniques.  

ML is defined as a set of methods that can automatically realize the pattern recognition 

from training data and use the uncovered hidden information to predict future data or to perform 

other kinds of decision making under uncertainty. There are two main types of machine learning 

methods: supervised learning and unsupervised learning. Supervised learning is the process of 

inferring a function from labeled data and predicting the outcomes for unseen data. In supervised 

learning, we have a target (dependent) variable 𝑌 and features (independent variables) 𝑋, and the 

goal is to learn a function 𝑌 = 𝑓(𝑋). Unsupervised learning is the process of finding hidden 

structures in data. It deals with the unlabeled data and allows the model the work on its own to 

discover information. According to the different types of the target variable in supervised learning,  

regression deals with the problems using a real-number quantity, while classification deals with 

the problems using a discrete class label. Machine learning applications have been developed in 

structural engineering since the early 1990s. In the beginning, ML applications merely served as 

an alternative to physics-based models in mapping nonlinear patterns (Sun 2019). Due to the 
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limited data and poor interpretability, the ML approach didn’t exhibit its attraction to people. Reich 

(1997) provided preliminary guidelines for using ML techniques, including the stages of problem 

definition, data collection, feature selection, parameters tuning, and result evaluation. Starting 

from the late 2000s, ML approaches have been reused in structural engineering for the topics like 

structural health monitoring(SHM), seismic design, structural reliability, system identification, 

and performance evaluation (Salehi and Burgueno 2018). When the big data era arrives in recent 

years, the massive and diverse collected data through monitoring systems along with the super 

computation enable maximizing the strength of modern ML methods.  Guided by our background 

knowledge,  ML approaches can satisfy the requirements of both accuracy and interpretability.  

The objective of this chapter is to present general regression models and their mathematical 

formulations. Feature engineering, data splitting, evaluation metrics, and validation techniques are 

also introduced during the application of regression models. The instrumented highway bridge has 

channels installed with accelerometers to record the motion input. And different representation 

learnings and prediction models are used for far-field broad-band motions and near-fault pulse-

like motions.  

 

3.2 Overview of Regression Analysis 

3.2.1 Linear Regression 

One of the most widely used regression models is known as linear regression. This asserts 

that the target variable is a linear function of the dependent variables. As shown in Table 3.1, the 

dataset of linear regression consists of an 𝑛 × 𝑝 matrix 𝑋 = (𝑥𝑖𝑗), and a 𝑛 × 1 vector 𝑌 = (𝑦𝑖). 
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Table 3.1. Illustration of the data frame 

 Input Output 

1 x11, x12, x13, … . x1p y1 

2 x21, x22, x23, … . x2p y2 

…..   

n xn1, xn2, xn3, … . xnp yn 

 

The model can be written as equation (3.1), where 𝑖 = 1,……𝑛  and 𝜀𝑖~𝑁(0, 𝜎
2) 

independently. 

 𝑦𝑖 = ∑ 𝑥𝑖𝑗𝛽𝑗 + 𝜀𝑖
𝑝
𝑗=1  (3.1) 

The matrix form of the model is shown in equation (3.2): 

 𝑌 = 𝑋𝛽 + 𝜀 (3.2) 

Where 𝛽 = (𝛽1, 𝛽2, … . , 𝛽𝑝) 
𝑇 and 𝜀 = (𝜀1, 𝜀2, … . , 𝜀𝑝) 

𝑇, and 𝜀~𝑁(0, 𝜎2𝐼𝑛). 

The method of least squares is used to estimate the regression coefficients 𝛽𝑖. The objective 

of least squares is to minimize the sum of the squared difference between the observed target 

variable and the predicted target variable, and the difference is also called residual.  

Let the residual 𝑒 = 𝑌 − 𝑋𝛽  , then the residual sum of squares is derived:  𝑅(𝛽) =

(𝑌 − 𝑋𝛽)𝑇(𝑌 − 𝑋𝛽) = |𝑌 − 𝑋𝛽|2 . Applying the chain rule, 
𝜕𝑅

𝜕𝛽𝑇
=

𝜕𝑅

𝜕𝑒𝑇
𝜕𝑒

𝜕𝛽𝑇
= −2𝑒𝑇𝑋 , hence 

𝑅′(𝛽) =
𝜕𝑅

𝜕𝛽
= −2𝑋𝑇(𝑌 − 𝑋𝛽). To minimize the residual errors 𝑅 by setting 𝑅′(𝛽) = 0, and the 

least-squares estimator is given in equation (3.3): 

 �̂� = (𝑋𝑇𝑋)−1𝑋𝑇 (3.3) 

The estimated coefficient �̂� can be calculated using the training data, and then it can be 

applied to predict the seismic response of a new data pair using equation (3.4). 
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 𝑓(𝑥) = 𝑥𝑇�̂� (3.4) 

The performance of prediction in the testing data will determine whether the model can be 

adopted in our framework. Generally, there are some assumptions of linear regression: 1. There 

must be a linear relationship between independent and dependent variables 2. There should not be 

any outliers 3. No heteroscedasticity 4. Sample observations should be independent 5. Error terms 

should be normally distributed within mean 0 and constant variance 6. Absence of 

multicollinearity and auto-correlation. Linear regression may not be appropriate to use if any 

assumption doesn’t apply. 

   

3.2.2 Polynomial Regression 

Polynomial regression is the extension of basic linear regression by replacing the 

independent variables with a higher degree than one. And a non-linear relationship will be captured. 

   
                                     (a)                                                                    (b) 

 

 Figure 3.1. Illustration of Linear Regression (a) and Polynomial Regression(b) on the same data  

 

The function of residual sum squares is the same as linear regression, only replacing 𝑋 by 

the polynomial basis 𝜙(𝑥)  where 𝜙(𝑥) = [1, 𝑥, 𝑥2, 𝑥3, … , 𝑥𝑑]. It shows that if a polynomial term 

of a given order is retained, then all related lower-order terms are also retained. The least-squares 
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estimation is shown in the following equation: 

 �̂� = (𝜙(𝑥)𝑇𝜙(𝑥))−1𝜙(𝑥)𝑇𝑌 (3.5) 

The concern of overfitting needs to be emphasized when applying a nonlinear model. That 

means flexible models with high complexity may over-interpret the noises and coincidences, and 

thus fail to generalize and behave poorly in the testing or unseen data. An example is shown in 

Figure 3.2. The left side is the result of a linear model and the fitted line can’t cover many points, 

which is unable to capture the relationship between the input variable (X) and the target 

variable(Y). It’s obvious that the model is too simple and the features are not expressive enough 

to describe the target variable. Performance can be improved by increasing model flexibility. The 

graph in the middle shows that a quadratic line is fitted and it can cover the majority of the points. 

The right side shows that a nonlinear line with higher-order terms almost covers all the points. But 

such a model has also explained the noise and outlier which are not the nature of the data and the 

error will increase a lot when applying the trained model in the new data. 

  

Figure 3.2. Example of polynomial regression using a different order  

 

3.2.3 Kernel Ridge Regression 

Unlike linear regression which produces unbiased estimates, ridge regression (Hoerl and 

Kennard 1970)can avoid the overfitting problem by using a type of shrinkage estimator (ridge 

estimator). It improves the least-squares estimate when the multicollinearity exists in the data 

(Belsley, Kuh et al. 2005). As shown in equation (3.6), the loss function consists of the original 
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residual sum of squares and an added L2 penalty, which equals the square of the magnitude of the 

predictor coefficients.  

 ℒ(𝛽) = |𝑌 − 𝑋𝛽|2 + 𝜆|𝛽|2 (3.6) 

 By setting ℒ′(𝛽) = 0, the estimated coefficients can be derived as follows: 

 �̂� = (𝑋𝑇𝑋 + 𝜆𝐼𝑝)
−1𝑋𝑇𝑌 (3.7) 

To select the hyper-parameter λ, a validation technique called cross-validation (CV) is 

conducted. It is primarily used in applied machine learning to estimate the skill of a machine 

learning model on unseen data. That is, to use a limited sample to estimate how the model is 

expected to perform in general when used to make predictions on data not used during the training 

of the model. The general procedure has multiple steps:  

1. Shuffle the dataset randomly  

2. Choose a number k and split the dataset into k equal groups  

3. Take one group as test data and the remaining groups as training data 

4. Fit the model on the training data and evaluate it on the test data 

5. Repeat step 3 and step 4 for the next group 

Kernel ridge regression (KRR) is an extension of ridge regression by incorporating the 

kernel trick (Shawe-Taylor and Cristianini 2004). The kernel is a mapping function that transforms 

the original space into some other (usually very high dimensional) space. In the above equation 

(3.4), we can replace 𝑥 by ℎ(𝑥), where  ℎ(𝑥) is the projection of the original features 𝑥 in the high 

dimensional space. Then the model becomes: 

 𝑓(𝑥) = ∑ 𝛽𝑘ℎ𝑘(𝑥) = ℎ(𝑥)𝑇𝛽𝑑
𝑘=1  (3.8) 

If the non-linear kernel is defined as 𝐾(𝑥, 𝑥′) = 〈ℎ(𝑥), ℎ(𝑥′)〉, then all the calculations in 

the previous subsection go through. Specifically, the matrix becomes 𝐾 = (𝐾𝑖𝑗 = 𝐾(𝑥𝑖, 𝑥𝑗), and 
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the model of ridge regression will be given as follows: 

 {
𝑐 = (𝐾 + 𝜆𝐼𝑛)

−1𝑌

𝑓(𝑥) = ∑ 𝑐𝑖𝐾(𝑥𝑖, 𝑥𝑗)
𝑛
𝑖=1

 (3.9) 

Here in order to compute 𝑓 , we only need to know the kernel 𝐾 instead of the feature 

function ℎ(𝑥). This is the kernel trick: we can avoid expensive operations in high dimensions by 

finding an appropriate kernel function 𝐾(𝑥𝑖, 𝑥𝑗) that is equivalent to the inner product in higher-

dimensional space.  The most common kernel functions are listed in Table 3.2: 

Table 3.2. Kernel functions 

Kernel Function Expression Parameter 

Linear Function 𝐾(𝑥𝑖 , 𝑥𝑗) = 𝑥𝑖 ∙ 𝑥𝑗 𝑁/𝐴 

Polynomial Function 𝐾(𝑥𝑖 , 𝑥𝑗) = (𝑥𝑖 ∙ 𝑥𝑗 + 1)
𝑑

 𝑑 

Radial Basis Function(RBF) 𝐾(𝑥𝑖 , 𝑥𝑗) = 𝑒𝑥𝑝 (−𝛾‖𝑥𝑖 − 𝑥𝑗‖
2
) 𝛾 > 0 

Sigmoid Function 𝐾(𝑥𝑖 , 𝑥𝑗) = 𝑡𝑎𝑛ℎ(𝑏(𝑥𝑖 , 𝑥𝑗) + 𝑐) 𝑏, 𝑐 

 

3.2.4 Support Vector Regression 

Support Vector Machine(SVM) is a popular machine learning tool for classification 

(Cortes and Vapnik 1995). Support Vector Regression (SVR) refers to the application of SVM in 

regression, using the same principles. The derivation of SVR starts with a linear formulation 

𝑓(𝑥) = 𝛽𝑋 + 𝑏where 𝛽 and 𝑏are both 𝑝 × 1 model parameters. Unlike OLS, which treats 𝑏as 

error or residual term and formulates the cost function to minimize 𝑏𝑇𝑏 (RSS), SVR minimizes 

the norm value 
1

2
𝛽𝑇𝛽 with a constraint that the absolute prediction residual of each data point in 

the training set is within the bound of 𝜀as shown in Equation (3.10) to ensure the maximum 

distance between decision boundaries.  
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 𝑚𝑖𝑛
1

2
𝛽𝑇𝛽 (3.10) 

 subject to: 

 ∀𝑖: |𝑦𝑖 − (𝑥𝑖′𝛽 − 𝑏)| ≤ 𝜀 

The above minimization is a convex optimization problem that may not yield a solution 

that satisfies the constraints. Thus, two slack variables, 𝜉𝑛 and 𝜉𝑛
∗
, are introduced to soften the 

constraints. Equation (3.10) becomes Equation (3.11), which is also called the primal form of SVR. 

 𝑚𝑖𝑛
1

2
𝛽𝑇𝛽 + 𝐶 ∑ (𝜉𝑛 + 𝜉𝑛

∗)𝑛
𝑖=1  (3.11) 

subject to: 

∀𝑖: 𝑦𝑖 − (𝑥𝑖′𝛽 − 𝑏) ≤ 𝜀 + 𝜉𝑛 

∀𝑖: (𝑥𝑖′𝛽 − 𝑏) − 𝑦𝑖 ≤ 𝜀 + 𝜉𝑛
∗ 

∀𝑖: 𝜉𝑛 ≥ 0 

∀𝑖: 𝜉𝑛
∗ ≥ 0 

The constant 𝐶 is the box constraint, a positive numeric value that controls the penalty 

imposed on observations that lie outside the epsilon margin (𝜀) and helps to prevent overfitting. 

This value determines the trade-off between the flatness of 𝑓(𝑥)and the amount up to which 

deviations larger than 𝜀 are tolerated. Like ridge regression, kernel trick can also be used in support 

vector regression, which can increase its power to the next level. 

 

3.2.5 Gradient Boosting Regression 

Gradient Boosting (Friedman 2001) is a machine learning technique for regression and 

classification problems. It inherits the philosophy of boosting that combines multiple weak learners 

to form a strong learner. Gradient Boosting trains many models in a gradual, additive, and 

sequential manner. Figure 3.3 shows the iterative process of gradient boosting using a regression 
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tree.  

 

Figure 3.3. Tree-based gradient boosting regression (Wu) 

 

The model is updated as follows, where hk(x) is the base function: 

 𝑓(𝑥) = ∑ ℎ𝑘(𝑥)
𝑑
𝑘=1  (3.12) 

Let 𝐹𝑚−1(𝑥) = ∑ hk(x)
𝑚−1
𝑘=1  be the current function. The next function should be improved 

by adding another base function h𝑚(x) to learn the residual error 𝑟𝑖 from the current function. The 

least-squares loss is given in equation (3.13): 

 ℒ = ∑ [𝑦𝑖 − (𝐹𝑚−1(𝑥𝑖) + ℎ𝑚(𝑥𝑖))]
2 = ∑ [𝑟𝑖 − ℎ𝑚(𝑥𝑖)]

2𝑛
𝑖=1

𝑛
𝑖=1  (3.13) 

where ri = yi − Fm−1(xi) is the residual error for observation 𝑖 and it is equivalent to the negative 

gradient shown in equation (3.14) 

 𝑟𝑖 = 𝑦𝑖 − 𝐹(𝑥𝑖) = −
1

2

𝜕ℒ

𝜕𝐹(𝑥𝑖)
 (3.14)      

3.2.6 Random Forest Regression 

Random Forest (RF) is a machine learning algorithm that is based on the decision tree or 

Classification and Regression Tree (Liaw and Wiener 2002) and combining the strategies of 

bagging and randomly selecting features. A key drawback of CART is that it tends to learn highly 

irregular patterns or even noises when growing very deep. In such cases, the model would have 

low bias but high variance, which ends up with overfitting of the training set and poor performance 
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in the testing set. To address this issue, RF employs the bootstrap aggregating technique, which is 

also referred to as bagging (Breiman 1996). For a training dataset with 𝑛observations, bagging 

randomly selects a sample from them with equal probability and replacement of 𝐵 times (𝐵 does 

not necessarily equal 𝑛), meaning some samples could be selected multiple times while others 

might not be selected at all. A series of bagging datasets are generated and a considerable amount 

of deep CART models are independently constructed. For a given input 𝑥, the final regression 

prediction from bagging is given by averaging all the individual CART prediction 𝑦�̂�(𝑥),as shown 

in equation (3.15). As for the classification problems, the rule of majority vote could be used 

instead. 

 �̂� =
1

𝐵
∑ 𝑦�̂�(𝑥)
𝐵
𝑏=1  (3.15)  

The variance of the above bagging prediction is reduced without increasing the bias and 

leads to better performance. However, this is not guaranteed when the individual CART models 

are highly correlated, which is very common because the features used for splits could be very 

similar among different CART models because they are originally from the same training dataset 

and each split chooses the best split among all variables. To avoid this, the RF algorithm limits the 

choice of variables at each split to only a random subset of predictors. A measurement of the 

importance of variables in a RF model was described by Breiman by the following steps: 1) 

computing the average out-of-bag error for each data point among all the CARTs in the RF; 2) for 

a given variable of interest, permuting it from the training data and computing the updated out-of-

bag error again, and recording the difference with the original one; 3) ranking the variable by its 

associated difference, where larger difference indicates higher importance. 

3.2.7 Neural Network 

Neural Network is definitely the most popular machine learning algorithm at present. The 
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history of the neural network can be traced back to many years ago. Inspired by the working 

mechanism of the human brain from neuroscience, Walter Pitts and Warren McCulloch in 1943 

designed a simple neural network using electrical circuits. Then perceptron was implemented by 

Rosenblatt, which could model the basic logical function and was thought to be the future of 

artificial intelligence (Rosenblatt 1958). However, the lack of a mechanism for learning and unable 

to work on non-linearly separable data declared perceptron to be a dead end. One way to solve the 

problem is to generalize the perceptron into a multi-layer perceptron. The structure is similar to 

the modern neural network shown in Figure 3.4. Instead of just having one output layer,  an input 

layer will be sent to arbitrarily many neurons which are called a hidden layer as their output acts 

as input to the next layer. 

 

Figure 3.4. A 3-layer feedforward neural network  

 

A neural network without activation is essentially a linear regression model. So activation 

functions (Figure 3.5) are applied in each layer to transform non-linearity making the model 

capable to learn and perform more tasks. Backpropagation can propagate the error from the output 

back to the input and the model parameters will be updated by optimizing the loss function using 

gradient descent. The recent huge increase in computing power and access to big datasets has 

unleashed the capability of a large-scale neural network, which is also called deep learning. Deep 
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learning is still a fast-growing field, different types of algorithms have been developed and played 

a key role in many areas, including Convolution Neural Network(CNN), Recurrent Neural 

Network (RNN), Long Short Term Memory Network(LSTM), Generative Adversarial 

Network(GAN), Graph Neural Network (GNN), Deep Q Network(DQN), et al. 

 

Figure 3.5. Common activation functions 

 

 

3.3 Prediction Model for Bridges with Near-Fault Ground Motions 

3.3.1 Introduction 

Some records from the previous earthquakes have indicated that seismic demand within 

15km of fault rupture can significantly exceed the level of ground shaking assumed by both the 

current California Department of Transportation (Caltrans) and the American Association of State 

Highway and Transportation Officials (AASHTO) codes. A large long-period pulse is very likely 

to be observed near the fault, especially in the direction normal to the fault (Mayes and Shaw 1997). 

Seismic damage assessment of the highway bridges subject to those motions is indispensable and 

needs to be incorporated in the future design. 
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3.3.2 Mathematical Pulse Representation 

Mavroeidis and Papageorgiou (2003) proposed a simple, yet effective, mathematical model 

for the representation of near-field strong ground motions. Wavelets have been used by 

seismologists to describe the entire set of velocity pulses. The most common wavelets are 

summarized in Table 3.3.  

Table 3.3. Commonly used wavelets 

 

Due to the simple parameterization and efficient derivation of spectral characteristics, 

Gabor wavelet is selected and it can simulate the most near-fault records from the database among 

the common wavelets. From Table 3.3, Gabor wavelet is defined by four parameters identified as 

the key features that determine the waveform characteristics: 𝐴 , 𝑓𝑝 , 𝜐, 𝛾. However, no closed-form 

solution can be derived for the response of an SDOF system when excited by synthetic ground 
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motions generated by Gabor signal. To solve the problem, an analytical model (M&P) for the near-

fault ground velocity pulses that retains the advantages of the Gabor wavelet is proposed 

(Mavroeidis and Papageorgiou 2003). The formula is as follows: 

𝑣(𝑡) = {
𝐴
1

2
[1 + 𝑐𝑜𝑠 (

2𝜋𝑓𝑝

𝛾
(𝑡 − 𝑡0))] cos[2𝜋𝑓𝑝(𝑡 − 𝑡0) + 𝜐] , 𝑡0 −

𝛾

2𝑓𝑝
≤ 𝑡 ≤ 𝑡0 −

𝛾

2𝑓𝑝

0,                       𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
         (3.16)   

 

Parameter 𝐴 controls the amplitude of the signal, 𝑓𝑝  is the prevailing frequency of the 

signal, 𝜐 is the phase and 𝛾 defines the oscillatory character. Figure 3.6 shows that the M&P model 

and Gabor wavelet are used to generate a synthetic signal that simulates a velocity pulse recorded 

at station E06 during the 1979 Imperial Valley earthquake. 

 

Figure 3.6. Comparison of generated signals by the M&P model and  the Gabor Wavelet 

 

The analytical expression for the synthetic ground acceleration time history of the velocity 

pulse is demonstrated in equation (3.17). 
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 𝑣(𝑡) =

{
 
 

 
 −

𝐴𝜋𝑓𝑝

𝛾
[𝑠𝑖𝑛 (

2𝜋𝑓𝑝

𝛾
(𝑡 − 𝑡0))] 𝑐𝑜𝑠[2𝜋𝑓𝑝(𝑡 − 𝑡0) + 𝜐] + 𝛾 𝑠𝑖𝑛[2𝜋𝑓𝑝(𝑡 − 𝑡0) + 𝜐] [1 + 𝑐𝑜𝑠 (

2𝜋𝑓𝑝

𝛾
(𝑡 − 𝑡0))]

, 𝑡0 −
𝛾

2𝑓𝑝
≤ 𝑡 ≤ 𝑡0 −

𝛾

2𝑓𝑝

0,                       𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (3.17) 

 

The selected pulse-like motions have been introduced in chapter 2 and their respective 

pulse representations are obtained based on the study of Tang and Zhang (2011).  The M&P pulse 

waveforms with integer 𝛾 up to 6 and 𝜐 = 0 are adopted in the pulse identification as they have 

been demonstrated to resemble a variety of pulse motions. So the representation of pulse-like 

motions in the study will be learned by the three key parameters: 𝐴, 𝑓𝑝 and 𝛾. 

3.3.3 Feature Selection for Highway Bridge 

Features of a highway bridge need to be selected as the input variables in the seismic 

prediction model. Candidate features of the bridge model consist of 𝑊, 𝐻,  𝐾1, 𝑄, 𝐾2, 𝑇, 𝑄 𝑊⁄ , 

where 𝑊 is the weight, 𝐻 is the height,  𝐾1 is the initial stiffness, 𝑄 is the strength, 𝐾2 is the post-

yield stiffness, 𝑇 is the period corresponding to the natural frequency and, 𝑄 𝑊⁄  is the inelastic 

characteristic (Zhang, Xu et al. 2011). We want to use the most representative features of a 

highway bridge and the three key parameters of pulse-like motion to predict the maximum seismic 

response (drift).  

The correlation coefficient is used to assess the strength of linear dependency. The formula 

is given in equation (3.18). Values nearing +1 indicate the presence of a strong positive relation 

between X and Y, values nearing −1 indicate a strong negative relation, and values near zero mean 

there is an absence of any relationship. 

 𝜌(𝑋, 𝑌) =
𝐶𝑂𝑉(𝑋,𝑌)

𝜎𝑋𝜎𝑌
=

𝐸(𝑋−𝜇𝑋)(𝑌−𝜇𝑌)

𝜎𝑋𝜎𝑌
 (3.18) 

A correlation heat map is constructed to visualize the correlation coefficient between the 

two variables corresponding to the row and column of the cell. By comparing the correlation 
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coefficient between the optional bridge features and the target variable drift from Figure 3.7, the 

natural period  𝑇 and the ratio of strength and weight 𝑄 𝑊⁄  are the most linear dependent variables.  

 

Figure 3.7. Correlation heatmap 

 

But the correlation coefficient can’t capture the nonlinear dependency, mutual information 

is further used to compute the importance of features. Figure 3.8 shows the difference between 

these two methods for different types of variable dependencies. Mutual information comes from 

information theory and it is used often for feature importance ranking and is related to import 

aspects of Decision Tree algorithms.  
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Figure 3.8. Correlation heatmap 

Mutual information between two variables measures the dependence of one variable on 

another. If X and Y are two variables, the formula of their mutual information is in the following 

equation: 

 𝐼(𝑋; 𝑌) = 𝐻(𝑋, 𝑌) − 𝐻(𝑌/𝑋) − 𝐻(𝑋/𝑌) (3.19) 

where 𝐻 means the entropy. If X and Y are independent, then no information about Y can be 

obtained by knowing X or vice versa. If Y is a deterministic function of X, then we can determine 

Y from X with mutual information equal to 1. Figure 3.9 lists the mutual information between the 

features and target variable in the seismic prediction model. For the bridge part, the natural period  

𝑇, the ratio of strength and weight 𝑄 𝑊⁄  are still proven to be the most important features.  
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 Figure 3.9. Feature selection using mutual information 

3.3.4 Evaluation of Machine Learning Applications 

Multiple regression models have been introduced and they are applied to predict the 

seismic response of highway bridges excited by pulse-like ground motions. The model is as 

follows: 

 �̂� = 𝑓(𝑥𝑝𝑢𝑙𝑠𝑒 , 𝑥𝑏𝑟𝑖𝑑𝑔𝑒) (3.20) 

where �̂�  is the predicted drift, 𝑥𝑝𝑢𝑙𝑠𝑒  represents the features of pulse-like motions, 

including the three key parameters: 𝐴 , 𝑓𝑝  and 𝛾 . And 𝑥𝑏𝑟𝑖𝑑𝑔𝑒  represents the features of the 

highway bridges, including 𝑇 and 𝑄 𝑊⁄ .  

The whole dataset is composed by the pairs of 100 generated bridge models and 75 pulse-

like motions, which means that a total of 7500 records are used. The dataset will be divided into 

training data and testing data. 80% of the original data are randomly chosen for the training stage. 
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Cross-validation is used to tune the parameters and grid search is used to optimize the 

hyperparameters. The violin plot is used to visualize the distribution of drift for velocity pulse and 

acceleration pulse in Figure 3.10. Similar to the box plot, the violin plot also shows the range and 

the probability density of the data. 

 

Figure 3.10. Distribution of  drift (meter) for velocity pulse(left) and acceleration pulses(right) 

Evaluation metrics are a measure of how good a model performs and how well it 

approximates the relationship. Table 3.4 lists the common evaluation metrics in regression analysis. 

Table 3.4. Evaluation metrics for regression analysis 

Mean Squared Error  

𝑀𝑆𝐸 =
1

𝑁
∑(𝑦𝑖 − �̂�𝑖)

2

𝑁

𝑖=1

 

Root Mean Squared Error  
RMSE=√

1

𝑁
∑ (𝑦𝑖 − �̂�𝑖)

2𝑁
𝑖=1  

Mean Absolute Error (MAE) 

𝑀𝐴𝐸 =
1

𝑁
∑|𝑦𝑖 − �̂�𝑖|

𝑁

𝑖=1

 

R-Squared (R2) 
𝑅2 = 1 −

∑ (𝑦𝑖 − �̂�𝑖)
2𝑁

𝑖=1

∑ (𝑦𝑖 − �̅�𝑖)
2𝑁

𝑖=1
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From the violin plot, we know that most of the drift values are limited in a small range, and 

using squared error will amplify the effect of the minority points which are much larger than the 

average. MAE seems to be the evaluation metric that is suitable for our data. Here an error measure 

similar to MAE, called the median absolute relative deviation (MARD), is adopted in equation 

(3.21). 

 𝑀𝐴𝑅𝐷 = 𝑀𝑒𝑑𝑖𝑎𝑛(|
�̂�𝑖−𝑦𝑖

𝑦𝑖
|) (3.21) 

where 𝑦𝑖 is the true response, �̂�𝑖 is the predicted response, 𝑖 = 1,2,3, … , 𝑁 and 𝑁 is the number of 

data points in the test dataset. MARD can show the change of percentage which is more intuitive. 

Using median instead of mean can give a more appropriate result if the error distribution is skewed, 

which is very likely to happen as only a small number of bridges will have extreme large drift even 

under the strong ground motion. 

The previously introduced regression models are applied and the regression results in test 

data are shown in Figure 3.10 and the performance measures are summarized in Table 3.5.
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Figure 3.11. Regression analysis results for pulse-like motions: 1. predicted value VS true value 2. residual scatter plot
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Table 3.5. The performance measure for pulse-like motions  

 

 

Linear 

Regression 

Polynomial 

Regression 

Kernel Ridge 

Regression 

Support 

Vector 

Regression 

Gradient 

Boosting 

Regression 

Random 

Forest 

Regression 

RMSE 0.0718 0.0522 0.0121 0.013 0.0087 0.0096 

R2 52.11% 76.32% 98.73% 98.54% 99.34% 99.20% 

MARD 52.67% 32.71% 4.21% 4.85% 4.45% 4.26% 

 

It can be clearly seen that linear regression and polynomial regression fail to predict the 

seismic response. This might because the dynamic analysis is a highly-nonlinear and complicated 

process. It’s like solving the equation of dynamic equilibrium for a bilinear SDOF system:  

 �̈�(𝑡) + 2𝜉𝑠𝑤𝑠�̇�(𝑡) + 𝑤𝑠
2𝑢𝑦𝑓𝑠(𝑢, �̇�) = −𝑎𝑝𝑔(𝑤𝑝𝑡) (3.22) 

where 𝑎𝑝 is the characteristic amplitude and 𝑤𝑝  is the characteristic frequency of a general 

acceleration time history. 𝑢𝑦 is the yield displacement, 𝑤𝑠 = √𝑘𝑠 𝑚𝑠⁄  is the circular frequency 

computed using the initial stiffness 𝑘𝑠 and structural mass 𝑚𝑠, and the function 𝑓𝑠(𝑢, �̇�) denotes 

the nonlinear resisting force-displacement relationship that depends on the yield displacement 𝑢𝑦 

and post-yield stiffness hardening ratio 𝜉𝑠. 

Solving the second-order differential equation is beyond the limit of these two models. The 

power of the regression model can be improved greatly by using the kernel trick, like kernel ridge 

regression and support vector regression, or using the ensemble technique (boosting or bagging), 

like gradient boosting regression and random forest regression. The performance of these four 

models is superior and all of them can limit MARD to 5%. Comparing to the traditional prediction 

methods with more than 30% error, machine learning models have taken a big step forward. 
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3.4 Prediction Model for Bridges with Far-Field Ground Motions 

3.4.1 Introduction 

Although the pulse-like ground motions may cause more severe damage, most of the 

highway bridges are located far away from the fault and the motions recorded by their channels 

are broad-band. Inspired by the pulse identification, a similar representation is exploited for broad-

band motions first. 𝐴, 𝑓𝑝 and 𝛾 are the three key parameters used for the pulse-like motions. And 

the corresponding parameters can be obtained for broad-band motions by Fourier transform.  

 

Figure 3.12. Equivalent pulse identification of far-field ground motion 

𝐴 controls the amplitude of the signal for a pulse-like wave, and 𝑃𝐺𝐴 will be used for a 

broad-band wave. 𝑓𝑝 is the prevailing frequency for a pulse-like wave. No single long-period can 

be observed in the far-field motions, so the dominant frequency 𝑊𝑝 after Fourier transform will be 

used for a broad-band wave. 𝛾 defines the oscillatory character for a pulse-like wave and the 

seismic response is not sensitive to this parameter from the mutual information given in Figure 3.9. 

So only 𝑃𝐺𝐴 and  𝑊𝑝 will be used as the features for the broad-band motions. The same regression 

models are applied and the results are shown in Table 3.6. It seems to have a similar result as the 

pulse-like motions. The performance of kernel ridge regression, support vector regression, gradient 

boosting regression, and random forest regression are still remarkable.  
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Table 3.6. The performance measure for broad-band motions  

 

 

Linear 

Regression 

Polynomial 

Regression 

Kernel Ridge 

Regression 

Support 

Vector 

Regression 

Gradient 

Boosting 

Regression 

Random 

Forest 

Regression 

RMSE 0.0348 0.0279 0.0055 0.0056 0.0056 0.0061 

R2 53.29% 70.08% 98.85% 98.77% 98.80% 98.55% 

MARD 42.20% 32.71% 8.35% 7.75% 7.70% 6.04% 

 

The absolute relative deviation (ARD) distribution using these four models for both near-

fault motion and far-field motion are compared in Figure 3.13. The two-sided t-test is used to check 

whether each prediction model works the same for two different types of ground motion from the 

statistical perspective. The null hypothesis is 𝐻0: 𝜇1 = 𝜇2, where 𝜇1, 𝜇2 are the mean of ARD of 

drift for near-fault motion and far-field motion respectively. 

  

Figure 3.13. Comparison of ARD distribution of drift for near-fault and far-field ground motion  

 

The two-sided t-test results are shown in Table 3.7. The p-value for each model is much 

lower than 5% and it indicates significant evidence to reject the null hypothesis. It means the 

performance of the same prediction model for far-field ground motion is not as good as that for 

near-fault ground motion. An alternative prediction model needs to be developed for far-field 
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ground motion using a different representation. 

Table 3.7. P-value for the two-sided t-test  

Regression Model Kernel Ridge Support Vector Gradient Boosting Random Forest 

p_value 8.6e-8 5.4e-5 2.8e-27 4.3e-6 

 

3.4.2 Spectrogram Based Representation Learning 

The magnitude of the acceleration in the time domain and the dominant frequency in the 

frequency domain have been implied to be the most important features for ground motions from 

the process of pulse identification. A spectrogram is a visual representation of the spectrum of 

frequencies of a signal as it varies with time. Figure 3.14 shows the spectrogram of one selected 

ground motion, which is a two-dimensional graph with a third variable represented by color. To 

generate a spectrogram, a time-domain signal is divided into shorter segments of equal length. 

Then, the Fast Fourier Transform (FFT) is applied to each segment. The spectrogram is a plot of 

the spectrum on each segment.  

 

Figure 3.14. Spectrogram of a broad-band ground motion from Northridge earthquake 

https://vru.vibrationresearch.com/lesson/the-fft-and-digital-sampling/
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Compared with the original history data of each ground motion, the strong signals can be 

located into a frequency range besides the time range by using spectrogram as the representation. 

The image of the spectrogram is generated by a matrix, and the row defines the time, the column 

defines the frequency and the value in each cell is the measure of the signal strength. The 

spectrogram of each ground motion is generated and then the corresponding matrix will be used 

as the feature of far-field ground motion in the seismic prediction model.  

 

3.4.3 A Two-Layer LSTM Network Application  

Feedforward neural networks introduced before are fully connected between each layer. It 

has no dynamics due to the lack of recurrent connectivity. Recurrent Neural Network (RNN) is a 

class of neural networks that, in addition to feedforward connections, have feedback connections. 

As you can see in Figure 3.15,  RNN has a recurrent connection to the hidden state. This looping 

constraint ensures that sequential information is captured in the input data. That’s why RNN can 

process a sequence of inputs and retain its state while processing the next sequence of inputs. 

 

Figure 3.15. Unfolding graph of a recurrent neural network  

To retain the past information, a variable called state is introduced. Here, ℎ denotes the 

state, and critically, ℎ𝑡−1 contains all the information we need to know about 𝑥1, 𝑥2, … , 𝑥𝑡−1. 𝑜 

denotes the output and 𝑥 denotes the input for each time step. Then the derivation of state and 
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output is given in equation  (3.23): 

             ℎ𝑡 = 𝑓(ℎ𝑡−1, 𝑥𝑡) (3.23) 

𝑜𝑡+1 = 𝑔(ℎ𝑡, 𝑥𝑡+1) 

Long-short Term Memory (LSTM) is a special type of recurrent neural network that is 

designed to handle the long-term dependency problem (Hochreiter and Schmidhuber 1997). The 

structure of a memory cell is shown in Figure 3.16, which consists of an input gate (𝑖), forget gate 

(𝑓) and output gate (𝑜). The current state 𝑠𝑡 will be determined by these three gates. The input for 

the three gates consists of the featured feed at 𝑥𝑡 at time 𝑡, and the output of the memory cell ℎ𝑡−1 

from 𝑡 − 1. The input gate determines the information that needed to be added to the cell, the 

forget gate decides which information should be removed, and the output gate provides the final 

output for the cell.  

 

Figure 3.16. Illustration of the LSTM memory cell  

 

The mapping of LSTM from input vector 𝑥 = (𝑥1, 𝑥2, 𝑥3, … . 𝑥𝑇 )  to the output 𝑦 =

(𝑦1, 𝑦2, … 𝑦𝑇) by calculating the unit activation functions iteratively from 𝑡 = 1 to 𝑇 as follows: 

 

 

 𝑖𝑡 = 𝜎(𝑊𝑖𝑥𝑥𝑡 +𝑊𝑖𝑚𝑚𝑡−1 +𝑊𝑖𝑐𝑐𝑡−1 + 𝑏𝑖)  
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  𝑓𝑡 = 𝜎(𝑊𝑓𝑥𝑥𝑡 +𝑊𝑓𝑚𝑚𝑡−1 +𝑊𝑓𝑐𝑐𝑡−1 + 𝑏𝑓) 

  𝑐𝑡 = 𝑓𝑡�̇�𝑡−1 + 𝑖̇𝑡�̇�(𝑊𝑐𝑡𝑥𝑡 +𝑊𝑐𝑚𝑚𝑡−1 + 𝑏𝑐) (3.24) 

  𝑜𝑡 = 𝜎(𝑊𝑜𝑥𝑥𝑡 +𝑊𝑜𝑚𝑚𝑡−1 +𝑊𝑜𝑐𝑐𝑡−1 + 𝑏𝑜) 

  𝑚𝑡 = 𝑜𝑡ℎ̇(𝑐𝑡) 

  𝑦𝑡 = 𝜙(𝑊𝑦𝑚𝑚𝑡 + 𝑏𝑦) 

where 𝑐 is a cell activation vector of size m, 𝑊 is the weight matrix, 𝑏 is the bias vector, 𝜎 is the 

sigmoid function, 𝑔 and ℎ are updated at each time step. The training goal will be adjusting the 

weights and the bias to minimize the error loss.  

In the context of the seismic response prediction model, let us denote the input ground 

motion spectrogram as 𝑋 = {𝑥1, 𝑥2, … , 𝑥𝑡, … 𝑥𝑛}
𝑇, where 𝑥𝑖 is a vector with p elements. Here 𝑛 is 

the number of time segments and 𝑝 is the number of frequency segments used in the ground 

motion’s spectrogram. A two-layer LSTM network is developed to deal with the sequence input 

data. Figure3.17 illustrates the concept of applying the customized network to predict the drift 

given the highway bridge and far-field ground motion. 
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Figure 3.17. Illustration of a two-Layer LSTM network architecture  

 

The matrix of the spectrogram is input into the network and sent to the first LSTM layer. 

The LSTM layer here is used to filter out the broad-band noises in the far-field ground motion. 

The noises here are the decomposed signals from the ground motion with a frequency beyond a 

specific range. In other words, the first LSTM layer can extract the features from the spectrogram 

input which plays the leading role in the seismic response of highway bridge. Then the extracted 

features of the spectrogram and the bridge input are concatenated in each time step. The 

concatenated vector is connected to another LSTM layer. As the concatenated include both the 

features of ground motion and highway bridge, the second LSTM layer works as an ODE solver 

which can solve the equation of motion as given in equation 3.22 and the output is a sequence data 

tightly related to the displacement time history. After two fully connected layers, the maximum 
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displacement – the drift of the highway bridge will be given in the end. In the network, the dropout 

technique is added after each layer to improve the training speed and reduce overfitting by 

preventing complex co-adaptations on training data. The key idea of dropout is to randomly 

disconnect the connections and drop nodes from the connected layer with a certain dropout rate 

during training. 

 

3.4.4 Model Evaluation  

MAE is adopted to define the loss function for training the model and MARD is adopted 

as the evaluation metric. From the learning curve shown in Figure 3.18, the loss is decreasing fast 

and the training of the network is smooth. Even it utilizes deep learning techniques and has 

hundreds of thousands of parameters, the completion of model training takes a couple of minutes. 

And once the model has been pre-trained, it only takes seconds to apply the Two-layer LSTM 

network to predict the seismic response of highway bridge when the earthquake happens, which is 

almost as fast as the regression model used for near-fault ground motion. 

 

Figure 3.18. Training and validation loss curve at each epoch  
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Figure 3.19. Testing: actual vs predicted values 

 

The scatter plot of actual vs predicted values using testing data is shown in Figure 3.19. 

The deviation between predicted and actual values is small and the MARD is 3.89%, which is even 

better than the regression model used for near-fault ground motion. 

 

3.5 Concluding Remarks 

Some reliable drift demand models are successfully implemented to predict the maximum 

structural displacement in the performance-based design and evaluation methodology. However, 

these models are based on the averaged response of bridge systems subject to ensembles of the 

ground motions and these approaches produce significant errors when applied to individual ground 

motions, especially at large displacement levels where inelastic behavior is prominent (Zhang, Xu 

et al. 2011). From the validation, the mean error of the prediction by the proposed models varies 

from 26% to 51%.  

The seismic response prediction model implemented in this study has solved the problem. 
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The result shows that two models can predict the drift demand of instrumented highway bridges 

accurately regardless of the type of the input ground motion. Both of them can limit the MARD to 

5%. Besides, the model parameters are pre-trained and the time cost of their application is low, 

which can produce the results for thousands of regional highway bridges at the same time when 

an earthquake happens. 
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4. Seismic Response Prediction for Non-instrumented Highway Bridges 

4.1 Introduction 

Generally, instrumented highway bridges, which has an installation of accelerometer, only 

take a small portion of the inventory, especially for the pre-1971 highway bridge portfolio. It’s 

challenging to predict the seismic response of the non-instrumented highway bridges due to the 

lack of ground motion input. However, the regional highway bridges have a strong structural and 

geological correlation. It seems to be feasible to obtain the drift of the non-instrumented bridges 

based on the accelerometer recording or the drift prediction of the instrumented bridges.  

 

4.2 Spatial Prediction of Seismic Response 

The previous prediction model can be applied for the non-instrumented highway bridges 

in the different locations where there is an instrumented highway bridge or a seismograph station. 

Then the seismic response of the non-instrumented highway bridge in its real location can be 

estimated by the kriging method. Kriging is a spatial interpolation algorithm that performs 

prediction at locations where a spatial variable is unknown by using a pre-calibrated semi-

variogram function (Sun 2019). It originated in mining geology (Matheron 1963), and is now an 

important part of the geostatistics toolbox. It also has applications in computer engineering, remote 

sensing, and environmental science.  

 

4.2.1 Kriging Model 

Kriging is similar to the IDW (inverse distance weighted) interpolation in that it weights 

the surrounding measured values to derive a prediction for an unmeasured location. The general 

formula is  shown in equation (4.1): 
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 �̂�(𝑠0) = ∑ 𝑤𝑖𝑍(𝑠𝑖)
𝑛
𝑖=1  (4.1) 

where 𝑍(𝑠𝑖)  is the measured values at the 𝑖th location, 𝑤𝑖 is the unknown weight applied to the 

measured values at the 𝑖th location. 𝑠0 is the prediction location and  𝑛 is the number of measured 

values. Similar to IDW, it also assumes that nearby samples are more important and the measured 

values closer to the prediction location have a higher weight. In addition, kriging takes the spatial 

variation into consideration. Based on the intrinsic stationary assumption, the correlation between 

two random variables solely depends on the spatial distance between them and is independent of 

their location. Semi-variogram is used to define this type of spatial correlation and denoted as 𝛾 in 

the following function: 

 𝛾(ℎ) =
1

2
𝑉𝑎𝑟(𝑍(𝑠 + ℎ) − 𝑍(𝑠)) =

1

2
𝐸(𝑍(𝑠 + ℎ) − 𝑍(𝑠))

2
 (4.2) 

where ℎ is the distance between two data points. If we bin ℎ and calculate the corresponding 𝛾ℎ, 

we would be able to get many experimental estimates of 𝛾ℎ versus ℎ. By fitting smooth continuous 

functions, we then can easily make a forward application based on the fitting function. Figure 4.1 

shows an example of fitting the semi-variogram graph with a function. The common semi-

variogram models include linear model, spherical model, exponential model.  

 

Figure 4.1. Spherical fitting curve  
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Linear model is the simplest model for the semi-variogram graph shown in Figure 4.2. It 

depends on one parameter, the slope b: 

 𝛾(ℎ; 𝜃) = {
0,                ℎ = 0
𝑐0 + 𝑏ℎ,     ℎ ≠ 0

 (4.3) 

 

Figure 4.2. Linear Semi-variogram 

Spherical model is the model proposed by Matheron shown in Figure 4.3. It has two 

parameters: the range of influence and the sill which the graph reaches at distances ℎ larger than 

the range. Generally, the range of influence is the distance beyond which pairs are unrelated. 

 𝛾(ℎ; 𝜃) = {

0,                                          ℎ = 0

𝑐0 + 𝑐1 (
3

2
(
ℎ

𝛼
) −

1

2
(
ℎ

𝛼
)
3
) ,      0 ≤ ℎ ≤ 𝛼

𝑐0 + 𝑐1,                                  ℎ ≥ 𝛼

 (4.4) 

 

Figure 4.3. Spherical Semi-variogram 
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Exponential model is shown in Figure 4.4.  It represents an exponential decay of influence 

between two samples (larger distance between two samples means larger decay). And it depends 

on two parameters, the range, and the sill. 

 𝛾(ℎ; 𝜃) = {
0,                                             ℎ = 0

𝑐0 + 𝑐1(1 − 𝑒𝑥𝑝 (−
ℎ

𝛼
)),     ℎ ≠ 0

 (4.5) 

 
   

Figure 4.4. Exponential Semi-variogram 

The unknown weights can be solved by minimizing the mean square error of the prediction 

from equation (4.1),  and the stationary indicates that the summation of weights equal to 1: 

 𝑚𝑖𝑛 𝜎𝑒
2 = 𝐸(𝑍(𝑠0) − ∑ 𝑤𝑖

𝑛
𝑖=1 𝑍(𝑠𝑖))

2 (4.6) 

Equation (4-7) can be obtained by substituting the semi-variogram in Equation (4-2) into 

the minimization objective function shown in Equation (4-6), assuming the expectation of 

predictor is constant (Cressie 1988), that is 𝐸(𝑍(𝑠0)) = 𝐸(𝑍(𝑠𝑖)) = 𝜇 :  

 𝑚𝑖𝑛 𝜎𝑒
2 = 2∑ 𝑤𝑖

𝑛
𝑖=1 𝛾(𝑠0 − 𝑠𝑖) − ∑ ∑ 𝑤𝑖𝑤𝑗𝛾(𝑠𝑖 − 𝑠𝑗)

𝑛
𝑗=1

𝑛
𝑖=1  (4.7) 

The Lagrange multiplier, , is introduced to add the constraint ∑ 𝑤𝑖
𝑛
𝑖=1 = 1 in the object 

function: 

        𝑚𝑖𝑛𝑄 = 2∑ 𝑤𝑖
𝑛
𝑖=1 𝛾(𝑠0 − 𝑠𝑖) − ∑ ∑ 𝑤𝑖𝑤𝑗𝛾(𝑠𝑖 − 𝑠𝑗)

𝑛
𝑗=1

𝑛
𝑖=1 − 𝜆(∑ 𝑤𝑖

𝑛
𝑖=1 − 1) (4.8) 

By differentiating equation (4.8) with respect to the unknown parameters 𝑤𝑖 and 𝜆 and set 



  

62 

 

the derivatives equal to zero, the optimal weights can be obtained as follows: 

[�̂�
𝜆
] = [

𝑉𝑎𝑟𝑍(𝑠𝑖) 1

1𝑇 0
]
−1

(
𝐶𝑜𝑣𝑍(𝑠𝑖),𝑍(𝑠0)

1
) 

                                                                                          =

[
 
 
 
 
𝛾(𝑠1 − 𝑠1) 𝛾(𝑠2 − 𝑠1) ⋯ 𝛾(𝑠𝑛 − 𝑠1) 1

𝛾(𝑠1 − 𝑠2) 𝛾(𝑠2 − 𝑠2) … 𝛾(𝑠𝑛 − 𝑠1) 1
⋮ ⋮ ⋱ ⋮ ⋮

𝛾(𝑠1 − 𝑠𝑛) 𝛾(𝑠2 − 𝑠𝑛) … 𝛾(𝑠𝑛 − 𝑠𝑛) 1
1 1 ⋯ 1 0]

 
 
 
 
−1

(

 
 

𝛾(𝑠0 − 𝑠1)
𝛾(𝑠0 − 𝑠2)

⋮
𝛾(𝑠0 − 𝑠𝑛)

1 )

 
 

 (4.9) 

where �̂� is the vector of weights 𝑤𝑖, Where 𝑉𝑎𝑟𝑍(𝑠𝑖) is an 𝑛 × 𝑛 matrix of the variances between 

the observed peak response demands and 𝐶𝑜𝑣𝑍(𝑠𝑖),𝑍(𝑠0) is an 𝑛 × 1 vector of covariances between 

measured and unmeasured locations. And both of them can be obtained from the semi-variogram 

model. Then the prediction for the unmeasured location can be estimated using equation (4.10). 

 �̂�(𝑠0) = ∑ �̂�𝑖𝑍(𝑠𝑖)
𝑛
𝑖=1  (4.10) 

The above derivation works for ordinary kriging (OK), which has the assumption that the 

expectation of the predictor is constant. If there is a nonstationary trend or the expectation of 

predictor can be approximated by linear regression or polynomial regression of the spatial location, 

it would be more appropriate to adopt universal kriging (UK) (Stein and Corsten 1991).   

 

4.2.2 Spatial Correlation of EDP from Structural Response Simulation 

Tp-031 column specimen (Sakai and Kawashima 2006) is used to represent a highway 

bridge column. Table 4.1 lists the geometry and material properties and Figure 4.5 shows the 

specification. 

Table 4.1. Geometry, reinforcement, material properties, and applied load of TP-031  

Column 

Size(mm) 

Column 

Height 

Number 

of steel 

Bar 

Longitudinal 

Steel 

Diameter 

Transverse 

Steel 

Diameter 

Longitudinal 

Steel Ratio 

Transverse 

Steel 

Ratio 

𝑓𝑦(𝑀𝑃𝑎) 𝑓𝑐
′(𝑀𝑃𝑎) 

Axial 

Load(KN) 

400

× 400 
1350 20 13 6 1.58% 0.79% 374 22.9 470 
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Figure 4.5. Specimen details of column TP-031 

The 1994 Northridge Earthquake is used as the scenario earthquake to implement the 

kriging interpolation model. The seismograph stations in different locations recorded the ground 

motion when the earthquake happened. As shown In Figure 4.6. the red dot is the epicenter and 

the black dot represents the seismograph station.  
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Figure 4.6. Distribution of seismograph station during the 1994 Northridge earthquake 

 

The numerical modeling of the TP-031 column is built in OpenSees and Nonlinear 

Response History Analyses (NRHA) is conducted using all the ground motion. Story drift ratio 

(SDR) is used as the EDP to perform the kriging regression. The distribution of SDR in each 

location is shown in Figure 4.7, and the size of the black dot represents its relative magnitude. It 

can be seen that the locations with large SDR are close to the epicenter which is consistent with 

the PGA distribution. The histogram of SDR is given in Figure 4.8. To eliminate the skewness, the 

logarithm of SDR is used which better fits a normal distribution. The normality is not necessary 

for kriging, but it can improve the conditions for the stationary assumption. 
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Figure 4.7. Scatter plot of PGA and SDR distribution at the station site 

 

 

 

 

Figure 4.8. Histogram of the SDR and the logarithm of SDR 

The semi-variogram is fitted by spherical model in Figure 4.9.  The nugget (𝑐0) is 0.11, 

the partial sill (𝑐1) is 0.4911 and the range (𝛼) is 0.70. Then the correlation of SDR for any two 

locations can be calculated using the spatial distance.  
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Figure 4.9. Spherical semi-variogram of SDR 

 

4.2.3 Evaluation of  kriging Regression 

For the given scenario earthquake, the model performance is evaluated using non-

replacement bootstrap, which randomly separates the entire dataset into a training and a testing 

subset. The model is generated using the training dataset and applied to predict the peak structural 

responses at the locations of the testing subset. The error measure between true and predicted 

response demand is described by MARD. 

Figure 4.10 shows a scatter plot for ordinary kriging, comparing the observed and predicted 

SDRs, with the points that lie on the diagonal line representing a perfect prediction. And Figure 

4.11 shows the result of universal kriging. From the plot, it suggests that the kriging interpolation 

models perform well for the locations with a relatively weak ground motion, while they will 

overestimate the SDR for the locations with a strong ground motion.  
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Figure 4.10. Prediction result using ordinary kriging  

 

Figure 4.11. Prediction result using universal kriging 
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And Table 4.2 lists the MSE and MARD for each kriging model. The performance of 

universal kriging is better but with a MARD over 20%, which is not as good as the prediction 

model for instrumented highway bridges.  

 

Table 4.2. Evaluation metrics of kriging regression 

 Ordinary Kriging Universal Kriging 

MSE (Mean Squared 

Error 
0.1599 0.1557 

MARD (Median 

Absolute relative 

deviation) 

22.45% 20.82% 
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4.3 Graph Based Inter-site Prediction 

Kriging has been proven to be effective in the spatial prediction of seismic response of 

highway bridges. However, only the spatial correlation without the site effect is considered. And 

this may produce significant error if the soil condition of the neighboring instrumented bridges 

differ a lot. To address this problem, a neural network prediction model is developed based on the 

graph network. 

 

4.3.1 Introduction 

Graph is a mathematical representation of a collection of objects called network where 

some pairs of objects are connected by links. A graph is composed of nodes (vertices) and edges, 

which can be used to represent a lot of systems in the real world. Like social media, shopping mall, 

molecular structures, nodes can be thought as users, products, and atoms while the edges represent 

the connections. Apart from these cases which have a natural structure to them, non-structured 

data such as images and text can also be modelled in the form of graphs.  

In this study, an active seismic region can be represented by a graph. Each site in the region 

is a node. Two different sites can be connected based on some rules. To be specific, we only care 

about the sites with a built highway bridge. As shown in Figure 4.12, we can build a graph and all 

the sites with a highway bridge in Los Angeles are the nodes. The seismic response of non-

instrumented bridge at the target site can be predicted by its response using the ground motion 

from the instrumented bridge whose site is connected with the target site. Firstly, the connection 

rule between the nodes needs to be figured out, which can capture the seismic similarity. Then the 

representations of the nodes can be learned by the intrinsic connection using the state-of-the-art 

technique and they are used to predict the seismic response of a non-instrumented highway bridge 

where the ground motion is not available. 
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Figure 4.12. Illustration of highway bridge portfolio in Los Angeles 

 

4.3.2 Node2vec model  

Prediction tasks over nodes and edges in graphs required careful effort in engineering 

features used by learning algorithms. To capture the diversity of connectivity patterns observed in 

graphs, node2vec, an algorithmic framework for leaning continuous feature representations for 

nodes, was proposed by Grover and Leskovec in 2016. A low-dimensional space of features can 

be used to represent the nodes in that the graph structure is well preserved. The good 

representations can be obtained by defining a flexible notion of a node’s network neighborhood 

and designing a biased random walk procedure (Grover and Leskovec 2016). 

The goal of graph representation learning is to encode nodes so that similarity in the 

embedding space approximates similarity in the original network. As shown in Figure 4.13, node 
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u is node v’s neighborhood and they are close to each other in the d-dimensional embedding space. 

 

 

 

Figure 4.13. Illustration of node embedding  

Encoder is a map function to convert the node to a low-dimensional vector as following:   

 𝐸𝑁𝐶(𝑢) = 𝑧𝑢 (4.11) 

And a similarity function is defined to measure how relationships in the input network map to 

relationships in the embedding space in equation (4.12): 

 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑢, 𝑣) ≈  𝑧𝑢
𝑇𝑧𝑣 (4.12) 

 Random walk approaches are used to learn the embedding. The learning procedures include 

three steps. First, run short fixed-length random walks starting from each node on the graph using 

some strategy 𝑅. Then for each node 𝑢 collect 𝑁𝑅(𝑢), the multiset of nodes visited on random 

walks staring from u. The problem can be solved by optimizing the probability of  predicting the 

neighborhood of each node co-occur on random walks. The objective function is written in 

equation (4.13): 

 𝐿 = ∑ ∑ −log (
exp (𝑧𝑢

𝑇𝑧𝑣)

∑ exp (𝑧𝑢𝑇𝑧𝑛)𝑛∈𝑉
)𝑣∈𝑁𝑅(𝑢)𝑢∈𝑉  (4.13) 

So optimizing random walk embeddings is equivalent to finding embeddings 𝑧𝑢 that minimize 𝐿.  
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A biased  2nd
  random walk strategy 𝑅 is developed to explore diverse neighborhoods which 

can learn richer representations. This biased random walk can trade off between local and global 

views of the network. It is inspired by the two classic searching algorithms. As shown in Figure 

4.14, Breadth First Search (BFS) and Depth First Search (DFS) are generating two different types 

of paths. It can be seen that BFS tends to give a local microscopic view of the neighborhood, while 

DFS is more likely to present a global macroscopic view. 

 

Figure 4.14. Random Walks by BFS and DFS 

 In node2vec, two parameters are used to model the transition probabilities from current 

node to the next node. Parameter 𝑝 decides whether the walker returns back to the previous node. 

And parameter 𝑞  decides whether to move outwards (DFS) or inwards(BFS). Figure 4.15 

illustrates the walk process. Assume the walker has come to node 𝑤 from node 𝑆1, the probability 

of the next step is given in the edge. It can be concluded that the next walk will be more BFS-like 

if the value of 𝑝 is low, and the next walk will be more DFS-like if the value of  𝑞 is low. The 

flexible neighborhood can be explored by control the values of 𝑝 and 𝑞. Figure 4.16 shows the 

neighborhood view using two different parameter configuration. 
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Figure 4.15. Example of the random walk process 

 

 

Figure 4.16. Exploration of network neighborhood 

4.3.3 Application of Neural Network using Node Embedding 

Now let’s recall back the application of kriging interpolation. In kriging, only spatial 

correlation is considered. The nearby samples are more important and the measured values closer 

to the prediction location have a higher weight. This means a pure microscopic view of the 

neighborhood for the prediction location is observed. However, the similarity between two sites 

are not decided by just the spatial distance for seismic response prediction. From the ground-

motion prediction equations (GMPE), the intensity measure of ground motion is also determined 

by the distance from source to site and local average shear-wave velocity except the earthquake 

magnitude (Boore and Atkinson 2008). The equation is listed as follows: 

 ln 𝑌 = 𝐹𝑀(𝑀) + 𝐹𝐷(𝑅𝐽𝐵, 𝑀) + 𝐹𝑠(𝑉𝑆30, 𝑅𝐽𝐵, 𝑀) + 𝜀𝜎𝑟 (4.14) 
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Inspired by GMPE, 𝑅𝐽𝐵, the closest distance to the surface projection of the fault, and 𝑉𝑆30, 

the inverse of the average shear-wave slowness from the surface to a depth of 30 m, are considered 

in the graph generation. The rules used to generate an undirected graph are listed: 

1. Connect each node with the closest 5 neighbors 

2. Divide the nodes to three groups based on 𝑅𝐽𝐵, and connect two nodes in the same group if the 

values of  their 𝑉𝑆30 are close 

The generated graph network based on the aforementioned rules and for the 1994 

Northridge earthquake scenario is shown in Figure 4.17. Each point in the map represents the site 

of a highway bridge. They are divided into 3 groups with different range of 𝑅𝐽𝐵. First, connect 

each node with the closest 5 nodes. Then connect every two nodes in the same group if their  𝑉𝑆30 

are both larger than 360 (m/s)or smaller than 360 (m/s).  

 

Figure 4.17. Illustration of nodes in the Graph Network 

Then Node2vec model is conducted to extract the node embeddings. And these node 
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embeddings are input in a simple neural network, which is composed of a couple of RNN layers 

and fully connected layers, and the output is the response prediction of a non-instrumented 

highway bridge. The prediction result is shown in Figure 4.18. Compared with the kriging model, 

this method does not have a severe over-estimation problem due to the exclusion of the unqualified 

neighbors. And surprisingly, the MARD is 10.08% for training data and 14.33% for testing data.  

It achieves a big improvement in respect to the MARD of kriging model which is over 20%. 

 

Figure 4.18. Prediction result of graph representation based neural network  

4.4 Concluding Remarks 

The efficacy of prediction models for non-instrumented bridges has been demonstrated. 

Actually, kriging model can be seen as a simple graph network. Every two sites are connected by 

a weighted edge and the weight is decided by the relative spatial distance. The predicted target 

response will be affected by some nearby nodes with vastly ground motion due to the propagation 

of seismic wave or the change of site condition. Graph representation based model is inspired by 

the theory of GMPE and can address this problem. However, both models need to apply the 

previous prediction model for the target non-instrumented bridge using the ground motion from 

instrumented bridge. An end-to-end cross-bridge response prediction model has the demand to be 

developed which can avoid the unnecessary time cost. 
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5. Rapid Assessment of Regional Seismic Damage 

5.1 Introduction 

The seismic response prediction models have been developed for both instrumented and 

non-instrumented highway bridges. And it would be best if the potential sub-regions can be located 

as early as possible. Then the prediction models can be applied for the highway bridges in the 

severely damaged sub-regions first, which can help optimize the emergency management and 

recovery planning. Generally, the severely damaged sub-regions are close to the fault, but it may 

also depend on other circumstances. 

Available data in the current world is increasing due to the state-of-the-art data-gathering 

instruments, and some of them can help us evaluate the overall regional damage state distribution. 

One of them is text data, which can be collected from social networks every second. People would 

like to make a post to describe what they have observed, and that usually contains very important 

information. The on-site investigation needs to be conducted by professional staff after an 

earthquake happens and a description of each damaged structure is recorded. And a corresponding 

damage level will be assigned to the structure. Structures are assigned a green tag if they are clearly 

safe to reoccupy and a red tag is assigned to collapsed or unsafe structures. When the extent to 

which the potential danger of re-occupancy is less obvious, a yellow tag is assigned (Mangalathu 

and Burton 2019). 

In the study, the deep learning method is applied to predict the damage level of buildings 

based on textual descriptions. The training dataset is collected from the Earthquake Engineering 

Research Institute (EERI)'s database. Figure 5.1 shows the word cloud that is generated based on 

the dataset. Then the pre-trained text classification model can be used to evaluate the relative 
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damage state of different sub-regions using the collected text data of different locations. 

 

 

 

Figure 5.1. Word cloud from the structural damage description dataset (Mangalathu and Burton 

2019) 

As we discussed in the previous section, the text data are provided by the experts of EERI 

after an event happens. This text data gathering is in a way that the experts will investigate the 

earthquake driven area and get a textual observation from the buildings in the area besides their 

longitude and latitude and will assign a label tag (Red, Yellow, or Green) based on their judgment. 

In this research we have used the by expert reconnaissance data gathered from 5 Earthquakes listed 

below: 

1- Taiwan 2018, Magnitude = 6.4 

2- Central Italy, 2016, Magnitude = 5.4 

3- South Napa, CA, 2014, Magnitude = 6.0 
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4- Oklahoma, 2016, Magnitude=5.8 

5-New Zealand, 2016, Magnitude=5.8 

 

The total number of data points, text data, gathered through these 5 earthquakes is 7042 

text data points as provided by EERI Learning from Earthquakes Reconnaissance Archive 

(https://www.eeri.org/projects/learning-from-earthquakes-lfe/lfe-reconnaissance-archive/). The 

issue with these data points is that some of them have junk or useless information, some of them 

are repetitive of previous data descriptions and do not provide any new information, etc. Thus, we 

had to remove punctuation, junk data points, useless information of them and clean the dataset.  

 

5.2 Representation Learning for Words 

It’s difficult for the machine to understand languages as individual letters are symbols 

instead of numbers. But the relationship between words based on their similarity is possible to be 

captured by using a dense representation (Goldberg 2017). Word embeddings are in fact a class of 

techniques where individual words are represented as real-valued vectors in a predefined vector 

space. And two similar words are represented by similar vectors that are very closely placed in a 

vector space. 

The distributed representation is learned based on the usage of words. This allows words 

that are used in similar ways to result in having similar representations, naturally capturing their 

meaning. There can be different numerical representations of the same text. And some of the 

popular models are introduced here. 

 

https://www.eeri.org/projects/learning-from-earthquakes-lfe/lfe-reconnaissance-archive/
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5.2.1 Frequency-based Word Embedding 

A naive approach based on the frequency of each word in the text is developed by 

constructing the co-occurrence matrix.  For a given corpus, the co-occurrence of a pair of words is 

the number of times they appeared together in a context window. This means that each word will 

be defined by its neighboring word to the left as well as to the right within the window size. Let’s 

look at the following example corpus containing three sentences: 

1. Dylan loves puzzle 

2. Dylan loves dinosaur 

3. Dylan loves dinosaur puzzle 

Let window size=1. This means that context words for each word are 1 word to the left and 

one to the right. Context words for: 

• Dylan: loves (3 times) 

• loves:  Dylan (3 times), puzzle (1 time), dinosaur (2 times) 

• puzzle: loves (1 time), dinosaur (1 time) 

• dinosaur: loves (2 times), puzzle (1 time) 

Therefore, the resultant co-occurrence matrix with fixed window size 1 is given in Table 5.1: 

Table 5.1. Co-occurrence matrix of example corpus 

 Dylan loves puzzle dinosaur 

Dylan 0 3 0 0 

loves 3 0 1 2 

puzzle 0 1 0 1 

dinosaur 0 2 1 0 

 

Singular Value Decomposition (SVD) is used to decompose the co-occurrence matrix and 
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obtain the representation vector for each word. It can factorize a matrix as a product of three 

matrices:   

 𝐴𝑚×𝑛 = 𝑈𝑚×𝑚∑𝑚×𝑛(𝑉𝑛×𝑛)
𝑇 (5.1) 

where 𝐴 is the input matrix, 𝑈 has the left singular vectors, ∑ has the singular values and 𝑉 has 

the right singular vectors. SVD assumes that a dense vector with a low dimension can keep the 

most important information. By selecting the first 𝑟 singular features, the dimensionality of the 

factorized matrices is reduced from 𝑛 to 𝑟. The new decomposition of the input matrix is shown 

as follows: 

 𝐴𝑚×𝑛 = 𝑈𝑚×𝑟∑𝑟×𝑟(𝑉𝑛×𝑟)
𝑇 (5.2) 

The left singular vectors in matrix 𝑈 will provide an embedding vector for each word after 

applying SVD in the co-occurrence matrix. And the length of the embedding vector is 𝑟, which 

can be selected based on its capability to capture the similarity of different words. But this method 

has some disadvantages. It requires huge memory to store the co-occurrence matrix if a large 

corpus is given and the computational cost of this approach scales quadratically (𝑂(𝑚𝑛2)). Words 

co-occurrence matrix describes how words occur together that in turn captures the relationships 

between words, the word order and the structure of sentences can’t be taken into consideration. 

 

5.2.2 Word2Vec Model 

Word2Vec is a statistical method for efficiently learning a standalone word embedding 

from a text corpus. It was developed as a response to make the neural-network-based training of 

the embedding more efficient (Mikolov, Chen et al. 2013). It has been the most popular word 

embedding model in the world. 

The main idea of Word2Vec is considering a local window of a target word shown in Figure 
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5.2. Its context is the set of words that appear nearby. Two architectures are proposed that can be 

used as part of the word2vec approach to learn the word embedding: Continuous bag-of-words 

(CBOW) and Skip-gram. As an optimized single-machine implementation, it can train on more 

than 100 billion words in one day. 

 
 

Figure 5.2. Illustration of a context window 

CBOW method takes the context of each word as the input and tries to predict the word 

corresponding to the context. As shown in Figure 5.3, we use the one-hot encoding of the input 

word and measure the output error compared to the one-hot encoding of the target word. In the 

process of predicting the target word, we learn the vector representation of the target word. 

 

Figure 5.3. Illustration of CBOW model 
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To obtain the embedding from the current context, the conditional probability to see 𝑤𝑡 in 

the neighboring words has to be maximized in equation (5.3). Intuitively, 𝑤𝑡’s embedding should 

be closer to 𝑤𝑡+𝑗’s 

 𝐽𝜃 =
1

𝑇
∑ 𝑙𝑜𝑔 𝑝(𝑤𝑡|𝑤𝑡, … , 𝑤𝑡−1, 𝑤𝑡+1, … , 𝑤𝑡+𝑛)
𝑇
𝑡=1  (5.3) 

As shown in Figure 5.4, the Skip-gram model architecture usually tries to achieve the 

reverse of what the CBOW model does. It tries to predict the source context words (surrounding 

words) given a target word.  And the maximum likelihood function is given in equation (5.4): 

 𝐽𝜃 =
1

𝑇
∑ 𝑙𝑜𝑔 𝑝(𝑤𝑡|𝑤𝑡, … , 𝑤𝑡−1, 𝑤𝑡+1, … , 𝑤𝑡+𝑛)
𝑇
𝑡=1  (5.4) 

The key benefit of the approach is that high-quality word embeddings can be learned 

efficiently (low space and time complexity), allowing larger embeddings to be learned (more 

dimensions) from a much larger corpora of text (billions of words). Both have their own 

advantages and disadvantages. According to Mikolov, Skip Gram works well with a small amount 

of data and is found to represent rare words well. On the other hand, CBOW is faster and has better 

representations for more frequent words. 

 

 

Figure 5.4. Illustration of Skip-gram model 
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5.2.3 GloVe Model 

Combining the advantages of global matrix factorization and local context window 

methods, GloVe (Global Vectors for Word Representation) is an alternate method that efficiently 

leverages statistical information by training only on the non-zero elements in a word-word co-

occurrence matrix, rather than on the entire sparse matrix or on individual context windows in a 

large corpus (Pennington, Socher et al. 2014). 

Firstly, some terms need to be defined.  Let 𝑋 represents the matrix of word-word co-

occurrence counts, where 𝑋𝑖𝑗 is the number of times word 𝑗 occurs in the context of word 𝑖. Let 

𝑋𝑖 = ∑ 𝑋𝑖𝑘𝑘   be the number of times any word appears in the context of word 𝑖. Finally, let 𝑃𝑖𝑗 =

𝑃(𝑗|𝑖) = 𝑋𝑖𝑗/𝑋𝑖 be the probability that word 𝑗 appears in the context of word 𝑖. 

Instead of using the co-occurrence probabilities directly, the ratio of the co-occurrence 

probabilities for words 𝑖  and 𝑗 is adopted to exam their relationship by using various probe words, 

𝑘.  For words 𝑘 related to 𝑖 but not 𝑗, we expect the ratio 𝑃𝑖𝑘 𝑃𝑗𝑘⁄  will be large. Similarly, for words 

𝑘 related to 𝑗 but not 𝑖, the ratio should be small. For words 𝑘, that are either related to both 𝑖 and 

𝑗, or to neither, the ratio should be close to one. This ratio gives us hints on the relations between 

three different words. Noting that the ratio 𝑃𝑖𝑘 𝑃𝑗𝑘⁄  depends on three words 𝑖, 𝑗, and 𝑘, the most 

general model takes the form: 

 𝐹(𝑤𝑖, 𝑤𝑗 , �̃�𝑘) =  
𝑃𝑖𝑘

𝑃𝑗𝑘
 (5.4) 

where 𝑤 ∈  𝑅𝑑 are word vectors. The ratio on the right side can be obtained from the corpus, and 

𝐹 is an unspecified function that can encode the information present the ratio 𝑃𝑖𝑘 𝑃𝑗𝑘⁄  in the word 

vector space. Now, we want to develop a model for 𝐹 given some desirable behavior we want for 

the embedding vector 𝑤. Since vector spaces are inherently linear structures, the most natural way 
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to do this is with vector differences. So if a system is trained on this principle, we should expect 

that 𝐹 can be reformulated as: 

 𝐹((𝑤𝑖 − 𝑤𝑗) 
𝑇�̃�𝑘) =  

𝑃𝑖𝑘

𝑃𝑗𝑘
 (5.5) 

where we just need to compute the difference and the similarity of word embedding for the 

parameters in 𝐹. In addition, their relationship needs to be symmetrical. The distinction between a 

word and a context word is arbitrary and that they are free to be exchanged. To solve the issue, 𝐹 

is required to be a homomorphism. The followings equation is enforced to be valid: 

 𝐹((𝑤𝑖 − 𝑤𝑗) 
𝑇�̃�𝑘) =  

𝐹(𝑤𝑖
𝑇�̃�𝑘)

𝐹(𝑤𝑗
𝑇�̃�𝑘)

 (5.6)    

  𝐹(𝑤𝑖
𝑇�̃�𝑘) = 𝑃𝑖𝑘 =

𝑋𝑖𝑘

𝑋𝑖
  

The solution to the above equations is 𝐹 = 𝑒𝑥𝑝, then equation (5.7) can be given: 

 𝑤𝑖
𝑇�̃�𝑘 = 𝑙𝑜𝑔(𝑃𝑖𝑘) = 𝑙𝑜𝑔(𝑋𝑖𝑘) − 𝑙𝑜𝑔 (𝑋𝑖) (5.7) 

Noting that equation (5.7) would exhibit the exchange symmetry if not for the 𝑙𝑜𝑔(𝑋𝑖) on 

the right-hand side. However, this term is independent of 𝑘 so it can be absorbed into a bias 𝑏𝑖 for 

𝑤𝑖. Finally, adding an additional bias �̃�𝑘for �̃�𝑘 restores the symmetry. Then equation (5.4) can be 

simplified as equation (5.8) now. 

 𝑤𝑖
𝑇�̃�𝑘 + 𝑏𝑖 + �̃�𝑘 = 𝑙𝑜𝑔 (𝑋𝑖𝑘) (5.8) 

This w and b  form the embedding matrix. Therefore, the dot product of two embedding 

matrices predicts the log co-occurrence count. Finally, the cost function is proposed in equation 

(5.9): 

 𝐽 = ∑ 𝑓(𝑋𝑖𝑗)(𝑤𝑖
𝑇�̃�𝑘 + 𝑏𝑖 + �̃�𝑘 − 𝑙𝑜𝑔 𝑋𝑖𝑘)

2𝑉
𝑖,𝑗=1  (5.9) 

Mean square error is used to calculate the error in the ground truth and the predicted co-

occurrence counts. But since word pairs have different occurrence frequency in the corpus, a 
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weight to readjust the cost for each word pair is required.  

 

5.3 Application of CNN in Text Classification 

5.3.1 Data Preprocessing 

As we discussed in the previous section, the text data are provided by the experts of EERI 

after an event happens. This text data gathering is in a way that the experts will investigate the 

earthquake driven area and get a textual observation from the buildings in the area besides their 

longitude and latitude and will assign a label tag (Red, Yellow, or Green) based on their judgment. 

In this research we have used the data gathered for 5 Earthquakes: 

1- Taiwan 2018, Magnitude = 6.4 

2- Central Italy, 2016, Magnitude = 5.4 

3- South Napa, CA, 2014, Magnitude = 6.0 

4- Oklahoma, 2016, Magnitude=5.8 

5- New Zealand, 2016, Magnitude=7.5 

 

The total number of data points, text data, that gathered through these 4 earthquakes is 

7042. Each text data point has a specific label, Red, Yellow, or Green which shows the condition 

of the described structure after the earthquake. The issue with these data points is that some of 

them have junk or useless information, some of them are repetitive of previous data descriptions 

and do not provide any new information, etc. Thus, we had to remove punctuation, junk data points, 

useless information of them and clean them. After cleaning the data points, the number of cleaned, 

unique, and useful data points turned from 7042 data points to 2308 unique data points from these 

4 earthquakes. Figure 5.6 shows some cleaned text data. 
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Figure 5.5. Cleaned and Preprocessed text data 

Basic steps of text preprocessing are conducted, like converting letters to lower case, 

removing punctuations, removing white spaces, expanding abbreviations, removing stop words, 

etc. We used 85% for training purposes (about 1960 data points) and the rest 15% as validation 

or test data set. The number of distribution of tags for the train data set is shown in Table 5.2. To 

deal with the imbalance dataset, some useful techniques can help. Oversampling methods duplicate 

examples in the minority class or synthesize new examples from the examples in the minority class. 

Weight balancing can allocate more weight to the minority class by using a weighted loss in the 

training stage. Bagging with random under-sampling can also be used for imbalanced classification.  

Table 5.2. Distribution of Dataset 

Tag Number of Data 

Green 698 

Yellow 1057 

Red 205 
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5.3.2 Model Implementation 

RNN works well for the sequence data as the recurrent cell can retain the past information. 

Due to the short duration of our data, there is really not much "long term" temporal relations to 

learn. Generally, Convolution Neural Network (CNN) is quite good at classification and can 

extract good representation from structured data. Here CNN model is adopted to solve the text 

classification task. As shown in Figure 5.6, the word vector of a sequence is input as a 𝑛 × 𝑘 matrix, 

where 𝑛 is the sentence length and 𝑘  is the size of the word vector. A convolution operation 

involves a filter, which is applied to a fixed window to produce a new feature. Multiple filters with 

varying window sizes can be used to obtain to obtain multiple features. These features are 

concatenated together and passed to the fully connected layer and the output is the probability 

distribution over different labels. The label that has the maximum probability will be the predicted 

label for that sentence. In our model, 1D convolution and pooling are applied in the layer. To avoid 

overfitting, L2 kernel regularization and dropout are utilized. Different weights for each class are 

assigned in the loss function to leverage the dataset imbalance.  
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Figure 5.6. Illustration of a CNN architecture for sentence classification 

Pre-trained GloVe embedding is used to initialize the word vectors. Different dimensions 

including 20, 100 and 300 are used and compared. Words not present in the set of pre-trained 

words are initialized randomly. Several variants of the model are experimented (Kim 2014) and 

they are listed as follows ： 

• CNN-rand: Our baseline model where all words are randomly initialized and then 

modified during training 

• CNN-static: A model with pre-trained vectors from word2vec. All words,  

including the unknown ones that are randomly initialized, are kept static and only 

the other parameters of the model are learned. 

• CNN-non-static: Same as above but the pretrained vectors are fine-tuned for each 

task. 

• CNN-multichannel: As shown in Figure 5.7, a model with two sets of word vectors. 
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Each set of vectors is treated as a ‘channel’ and each filter is applied to both 

channels, but gradients are back-propagated only through one of the channels. 

Hence the model is able to fine-tune one set of vectors while keeping the other static. 

 

 

Figure 5.7. Model architecture with two channels for an example sentence by Kim (2014) 

 

All the variants of the model are exploited in the study. GloVe embedding is used here 

while word2vec model is used in Kim’s work. In addition, different dimensions of word vectors 

are used and the performance will be compared.  

 

5.3.3 Results Analysis 

Results of different models using 3 types of embedding dimensions are shown in Figure 

5.8, Figure 5.9, and Figure 5.10. The performance of non-static and multichannel are expected to 

have better accuracy than the other two models, due to higher complexity with more parameters. 

But the non-static and multichannel models only win when the dimension of word embedding we 

use is 50. The static model gets a better result when the word embedding dimensions are 100 and 

300. The main reason may be that very limited data is available for training, and it can't take the 

advantages of more powerful models. The multichannel architecture should work better than the 

single-channel model as it would prevent overfitting by ensuring that the learning vectors do not 
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deviate too far from the original values (Kim 2014). However, the overall results show that the 

difference is not obvious, as other regularization techniques have been used in the model. 
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Figure 5.8. Learning curve and confusion matrix of the CNN model suing Glove 50d 
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Figure 5.9. Learning curve and confusion matrix of the CNN model suing Glove 100d 
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Figure 5.10.  Learning curve and confusion matrix of the CNN model suing Glove 300d  
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6. Conclusion and Future Work 

6.1 Conclusion 

As one of the critical lifeline systems, the highway bridge plays an important role in the 

transportation network. Due to its seismic vulnerability, it acts as a bottleneck adversely affecting 

the overall network performance. Therefore, rapid and accurate assessment for the seismic damage 

of highway bridges would be of great value. Some reliable drift demand models have been 

implemented in the performance-based design based on the averaged response subject to 

ensembles of ground motions. They fail to achieve stable and efficacious result for an individual 

ground motion due to its  high degree of uncertainty. This research developed a hierarchical 

seismic damage assessment framework with high generalization capability, which can handle 

different types of scenarios, supported by the big data technology. 

 An iterative process of generating highway bridge models was introduced based on the 

statistics of the component-level parameter information from bridge inventory database. The 

mechanical properties of the realistic bridges are well represented by the proposed bridge models. 

A simplified SDOF bilinear model is adopted for the numerical modeling and nonlinear response 

history analysis. This SDOF bilinear modeling technique has been validated to be effective to 

represent the transverse responses of bridges using the simulated seismic response of Painter Street 

Overcrossing and its recorded data. Near-fault and far-field ground motions are both selected. The 

nonlinear analysis result by each pair of bridge model and ground motion will be used to develop 

the seismic response prediction model. Due to the characteristic difference between the pulse-like 

(near-fault) and broad-band (far-field) motions, different representation learning procedures has 

been utilized. Pulse identification indicates that an analytical model can synthesize the pulse-like 

motion and the model parameters are selected as the motion features. The machine learning 
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regression models are applied and the performance of them are evaluated. Four regression models 

with strong nonlinear relationship parsing capability can limit the median absolute relative 

deviation within 5%. Spectrogram was selected as the representation of far-field ground motion 

due to its mixed characters in both time domain and frequency domain. The study developed a 

two-layer LSTM network to predict the seismic response with the spectrogram matrix as input. 

The results indicated that similar good prediction performance can be achieved as the ML 

regression model for near-fault motions. 

Additionally, the study presented the kriging interpolation algorithm. Semi-variogram was 

used to modal the spatial correlation and derive the predicted response for non-instrumented high 

bridges. The study suggested that overestimation of the response was likely to occur for the strong 

motion zone.  To address this problem, a graph network was constructed by taking the site effect 

and wave propagation variation into consideration. The node embedding, that could capture the 

diversity of connectivity patterns, was learned by node2vec model. A recurrent neural network 

was developed to predict the seismic response with the node embedding vectors as input. It was 

shown that the graph based inter-site prediction model performed better due to the exclusion of 

the unqualified neighbors. It demonstrated that the machine learning can again produce fast and 

accurate predictions of the seismic responses for bridges in a region even without the recorded 

motion at those bridge sites. 

Lastly, the study explored the possibility of using other data sources that could help detect 

the potential severely damaged sub-regions. The damage assessment would be conducted for the 

highway bridges located within the high-risk sub-region in priority. The study used the text 

description data with a damage level label from the EERI database to pretrain a CNN sentence 

classification model. Variants of the model were experimented and different dimensions of word 
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embedding were compared. The overall accuracy would reach 80% and it could be used to estimate 

the damage state of different sub-regions by collecting the text data from the social network 

platform when the earthquake occurs. 

6.2 Future Work 

This research mainly developed a framework that could work for comprehensive numerical 

models in the same manner. In this study, all the response obtained from the NRHA was based on 

the simplified SDOF bilinear model, which could capture the overall transverse response of bridge 

but also missed some structural or geometric factors that would have an effect. Recommendations 

for future research and directions are as follows: 

(1) Different statistical distributions of input parameters should be used based on the types 

of the abutment, foundation, and girder, that can make the generated bridge candidates more 

consistent with the bridge inventory. 

(2)  A simple but more accurate numerical model for highway bridges is required. The 

bearing and pile strength can be selected as input parameters and incorporated into the modeling 

approach as their statistical distributions are provided. 

(3) Shear-flexure-interaction needs to be considered as the shear deformation takes a large 

portion in the nonlinear analysis of bridge columns. NRHA of highway bridges using SFI model 

are conducted and the data can be used to train a regression model to predict the ratio of shear 

deformation to flexure deformation given the ground motion.  

(4) In chapter 5, high-resolution remote sensing images could be used to detect the 

damaged sub-regions based on the learned semantic scene change. Computer vision technology 

like image segmentation and detection are developed in aim of the similar task.  
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