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摘要

對地震工程而言，鋼筋混凝土 (Reinforcement Concrete, RC)橋柱的遲滯行為、

損壞機制及結構性能指標如損害指數（Damage Index, DI）可以提供工程師了解

橋柱在反覆載重下的反應行為，因此如何在設計階段時獲取橋柱的遲滯行為及

損壞機制是當今重要的研究課題。本研究提出了一個基於閘門循環單元（Gated

Recurrent Unit, GRU）的遲滯迴圈預測網路 (HysGRU)，旨在彌平有限元模擬和真

實實驗之間的差異。經由實驗，在模擬所提供的物理限制下，HysGRU達到了

31.51 kN的均方根誤差，相較於純粹數據驅動的方法和模擬所獲得之誤差，分別

降低了 24％和 62％。此外，HysGRU於預測遲滯迴圈時，也會一併提取每個層間

位移角 (Drift Ratio)下所對應之潛在特徵，於此研究中，此潛在特徵作為所提出

的損傷模式生成模型 HysGAN之條件，藉由輸入不同時間點之潛在特徵以控制

HysGAN生成每個層間位移角下相對應的損傷影像。為了評估 HysGAN的模型

表現，此研究亦額外提出了一個損傷指標預測網路，透過預測生成之損傷影像

對應之損傷指標，計算預測與真實值之間的 R2 分數，藉此評估模型生成表現。

HysGAN在驗證和測試數據集上皆可達到 0.92的 R2 分數，相對於基準模型，分

別增加了 0.05和 0.55，顯示出經由潛在特徵的控制可以有效提升模型的通用性

及生成影像之品質。此研究中所提出之橋柱損害預測框架可以提供工程師根據設

計預定之柱設計參數，預測設計橋柱之遲滯行為，並可以透過選定特定層間位移

角，觀察橋柱破壞形式，使工程師可以更有效評估設計橋柱在反覆載重下之結構
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行為。

關鍵字：結構性能設計、生成式人工智慧、損壞模式預測、閘門循環單元、遲滯
行為預測、條件圖像生成
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Abstract

Seismic attributes of reinforced concrete (RC) bridge columns, including hysteretic

response, damage mechanism, and structural performance measures such as the Damage

Index (DI), are pivotal to the domain of seismic engineering. In this study, a sequence-to-

sequence hysteresis prediction network based on Gated Recurrent Units (GRU), HysGRU,

is proposed to bridge the discrepancy between finite element simulation and experiment.

Guided by the physics constraints extrapolated from simulation, HysGRU achieves a root

mean square error (RMSE) of 31.51 kN, representing a reduction of 24% and 62% com-

pared to the purely data-driven methodology and simulation, respectively. Moreover, dur-

ing the prediction of HysGRU, the physics features of hysteretic behavior are extracted as

a condition of the proposed damage pattern generative model, HysGAN, which is based

on a conditional generative adversarial network (CGAN). To evaluate the performance of

HysGAN, a DI prediction network is proposed to assess R2 scores by the DI prediction

of the synthetic damage patterns. Comprehensive experimental evaluations have demon-

vi
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strated that the integration of latent feature conditioning substantially enhances the qual-

ity, stability, and generalization performance. HysGAN attains R2 scores of 0.92 for both

the validation and test datasets, representing significant improvements over the baseline

model, with increases of 0.05 and 0.55, respectively. The proposed prognostic framework

enables engineers to delineate the hysteresis loop and damage patterns based on predefined

column design parameters and chosen drift ratios, facilitating an efficient assessment of

seismic design and structural capacity.

Keywords: Performance-based design, GenerativeAI, Damage Patterns Forecasting, Gated

Recurrent Unit, Hysteresis Behavior Prediction, Conditional Image Generation
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Chapter 1 Introduction

Bridge systems are essential components of infrastructure that enable safe and effi-

cient transportation across obstacles such as rivers, valleys, and roadways. The structural

integrity and stability of these bridges become particularly critical in regions prone to seis-

mic activity, with the design and robustness of bridge columns are crucial in sustaining

such stability. In seismic events, bridge columns are designed to absorb and dissipate

energy through controlled flexure and deformation, thereby avoiding catastrophic fail-

ure. Consequently, it becomes imperative to assess the performance of bridge columns

following extreme events, underscoring the importance of performance-based design [1].

This methodology delineates desirable structural design criteria based on achieving spe-

cific performance objectives under various hazards, contrasting with the conventional

strength-based design approach that focuses solely on ultimate strength capacity. The

performance-based design approach considers various performance levels, thereby offer-

ing a more exhaustive evaluation of structural behavior under different conditions. By

embedding performance objectives into the design process, engineers can estimate the

residual service life of a structure after natural hazards or extreme events. This design

approach not only increases the resilience and safety of bridge systems, but also ensures

the enduring functionality and reliability of RC bridge columns.

Cyclic loading tests on RC bridge columns are essential, particularly in terms of struc-

1
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tural performance and safety under conditions that mimic real-world scenarios such as

seismic events and traffic-induced loads. The applied loading changes the direction cycli-

cally during cyclic loading tests, allowing engineers to assess the seismic performance

of RC bridge columns. These evaluations are essential for understanding the behavior of

columns under repeated load reversals, which is critical to determine the resilience and

ductility of bridge columns. In addition, understanding the degradation of columns under

cyclic loading helps in forecasting the lifespan and maintenance requirements. These tests

also clarify the failure mechanisms of RC columns under cyclic loading. Identifying how

and where columns are likely to fail informs improved design and reinforcement strate-

gies to enhance durability and safety. For existing bridges, cyclic loading tests can assess

the efficacy of various retrofit strategies, which is crucial to upgrade older structures to

contemporary safety standards without the need for complete reconstruction. Under cyclic

loads, RC columns exhibit nonlinear behaviors such as cracking, yielding, and strain hard-

ening. Testing under these conditions aids engineers in developing more precise analytical

models to predict column performance in actual service conditions.

During cyclic loading tests, hysteresis loops can be obtained to describe the relation-

ship between applied force and resulting displacement. By examining hysteresis loops,

engineers can assess the energy dissipation capacity of RC bridge columns, an essential

factor in evaluating ductility and the ability to withstand repeated seismic forces without

significant strength loss. Various approaches, including numerical analysis[2][3], lab-

oratory experiments[4][5], and in-situ tests[6][7], are commonly adopted to observe or

simulate hysteretic behavior in RC columns. Numerical analysis provides a cost-effective

and efficient way to predict RC bridge column responses, which aids in detailed paramet-

ric studies and simulations under various loading conditions. Nevertheless, simulations

2
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often exhibit significant discrepancies compared to experimental observations. In addi-

tion, numerical approaches lack the capacity to accurately correlate model predictions

with physical damage patterns encountered in real-world scenarios. In contrast, labora-

tory and in-situ experiments yield empirical data through the physical testing of scaled or

full-scale specimens. These experiments monitor the structural response and document

the damage behavior. However, such experimental procedures are labor intensive and

time-consuming, precluding the feasibility of testing across a broad spectrum of design

parameters. Given the limitations of each method, it is imperative to develop novel and

effective methodologies to predict hysteretic behavior.

Beyond hysteretic behavior, the damage pattern in RC columns is another crucial

factor in evaluating structural performance, especially in terms of seismic resilience. By

precisely predicting how RC columns will visually deteriorate under stress, engineers

can pinpoint potential failure locations and evaluate the overall integrity of the structure.

Numerical simulation techniques are often employed to perform damage analysis of RC

columns subjected to cyclic loading or seismic responses. However, the simulated out-

comes are confined within the model itself and cannot be directly correlated to the actual

damaged scenario. Therefore, there is an urgent need to develop a comprehensive frame-

work for predicting the hysteretic behavior and damage patterns of RC bridge columns

independently of experimental data. Such a framework would be an efficient tool for as-

sessing the structural performance of design proposals, thereby determining the feasibility

of the design.

3
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1.1 Literature Review

The precise prediction of the hysteresis loop for RC columns is crucial to evaluating

the inelastic seismic behavior of structures. Traditionally, techniques such as finite ele-

ment modeling and numerical analysis are commonly used to assess hysteresis behavior

[8][9][10]. Hao et al. [11] complemented the finite element analysis to clarify the impact

of the analyzed parameters. The ABAQUS finite element software was employed to con-

struct the finite element model and to further evaluate the influence of the investigated

parameters. Nevertheless, these methodologies require the adjustment of parameters and

assumptions based on experimental data, whichmay be specifically customized to specific

scenarios. On the other hand, numerical analysis can also be utilized to describe the hys-

teretic behavior. The Bouc-Wen-Baber-Noori (BWBN) model [12][13][14] constitutes a

significant enhancement to the original Bouc-Wen framework, which is a hysteretic model

typically utilized to characterize non-linear hysteretic systems. The governing equation of

the BWBN model is formulated based on the correlation between the inelastic restoring

force and the lateral displacement. Consequently, to model the hysteretic behavior, nu-

merous studies have been dedicated to the identification of the parameters of the BWBN

model. Ma et al. [15] proposed an advanced parameter identification methodology within

the framework of the BWBNmodel relevant to RC columns. The resultant parameterized

BWBN model exhibits a remarkable degree of precision in modeling the hysteresis loops

characteristic of RC columns. These methodologies construct the model of bridge column

that enables the application of advanced seismic analyses. Nonetheless, there remains a

critical necessity to formulate a methodology capable of accurately predicting hysteretic

behavior in the absence of experimental data.

4
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With the emergence of deep learning [16], there has been a surge in research ex-

ploring the use of deep learning to approximate the structural response of structural com-

ponents[17][18][19][18]. DL algorithms have the ability to learn from observed cases

and approximate the structural response of unobserved cases. Ning et al. [20] proposed

an Artificial Neural Network (ANN) to evaluate the parameters of the BWBN model.

Incorporating column design parameters, the ANN forecasts the corresponding BWBN

parameters, thereby enabling the modeling of the hysteresis loop using the forecasted pa-

rameters. However, identifying the BWBN parameters before training is time-consuming;

therefore, it is essential to develop a methodology for predicting the sequential behavior of

RC columns throughout the entire non-linear hysteresis period. However, there is a lack

of research to predict the entire hysteresis response sequentially. To address this issue,

Recurrent Neural Network (RNN) based models are designed to deal with the sequential

data by iterative computation.

RNNs are a class of artificial neural networks designed to effectively process sequen-

tial data by maintaining a hidden state that captures information about previous inputs.

This capability makes RNNs particularly powerful for tasks such as speech recognition

[21][22][23], language modeling [24][25][26], and time series prediction [27][28][29]. In

recent years, many researchers in civil engineering have adopted RNNs to predict struc-

tural response [30][31][32][33]. Ni et al. [34] introduced a Recurrent Neural Network

model using Long Short-termMemory (LSTM) and Gated Recurrent Units (GRU) to pre-

dict the strength related to the temporal sequence, taking into account multiple variables.

Nevertheless, the database of the study was based on only six specimens, which could

limit the generalization capability of the model. Furthermore, parts of the experimental

hysteresis responses of each sample were utilized as training samples, while the model

5



doi:10.6342/NTU202402878

validation was performed on the rest of the data. However, in the RC column design

process, it is not able to access any information about experimental hysteretic behavior.

Consequently, it is imperative to develop a methodology that enables the direct prediction

of the entire hysteresis loop.

However, directly predicting the hysteresis behavior of bridge columns may be chal-

lenged with the constraint of limited data availability. Physics-guided training leverages

advanced deep learning models to statistically infer established physics principles through

the extraction of features and attributes from data obtained via rigorously controlled ex-

perimental procedures and computational analysis [35]. As a result, accurately predicting

the entire hysteresis behavior with incorporation of physics information is crucial, even

without any prior knowledge of experimental hysteresis information.

Beyond hysteretic behavior, the damage patterns in RC columns serve as crucial indi-

cators for assessing structural performance, particularly with regard to seismic resilience.

By accurately forecasting how RC columns will visually degrade under stress, engineers

can identify potential failure points and assess the overall health of the structure. Numer-

ical simulation methods are often adopted to perform damage analysis of RC columns

under cyclic loading or seismic responses [36][37][38][39][40]. Gao et al. [41] employed

a fiber beam–column element model to simulate and analyze quasi-static tests of RC

columns. This advanced fiber element model reliably predicts the non-linear mechan-

ical behavior and damage distribution of RC columns with high accuracy. Saritas and

Filippou [2] presents a methodology for incorporating a suite of plastic-damage material

models within the finite element framework to determine the strain and stress distributions

in columns, subsequently clarifying both tensile and compressive damage. Nevertheless,

the outcomes derived from finite element model (FEM) remain confined to the simula-
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tion environment and lack direct correlation with real damage scenarios. In this study, we

attempt to address this challenge by utilizing deep learning algorithms.

Generative Adversarial Network (GAN) [42] represents a class of deep learning al-

gorithms initially developed to generate synthetic images. A GAN comprises a generator

tasked with synthesizing data that closely resemble authentic data, and a discriminator

designed to differentiate between authentic and synthetic data. By exploiting the adver-

sarial training paradigm, the generator and the discriminator attain a state of equilibrium.

Consequently, the generator, upon completion of training, acquires the capability to gen-

erate synthetic data. To facilitate the detection of internal defects such as delamination,

debonding, cracks, voids, and honeycombing, Ali and Cha [43] generate thermographic

data to enhance the efficacy of internal damage segmentation through the deployment

of an attention-based GAN. Furthermore, Shim et al. [44] employ a GAN to reconstruct

low-resolution images, thereby augmenting the efficacy of pavement damage detection.

It is noteworthy that a conventional GAN model solely employs random noise as in-

put to synthesize images, leading to a lack of correlation between the generated images

and any specific parameters. To mitigate this limitation, the Conditional Generative Ad-

versarial Network (CGAN) [45] is designed to generate images conditioned on particular

parameters. In contrast to a standard GAN, the CGAN integrates supplementary condi-

tional variables, specifically the label information, into both the generator and the dis-

criminator during the training phase. This label information may encompass a categorical

classification or a parameter associated with the authentic dataset. Upon the completion

of training, the CGAN is capable of generating synthetic data control by a specified con-

dition in conjunction with random noise. This capability is especially advantageous for

generating synthetic datasets from particular classes or with specific physics parameters.

7
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Zhang et al. [46] introduceDefect-GAN, an innovative approach that transforms stan-

dard surface images into synthesized defect images. By employing spatial and categorical

maps as conditional inputs, Defect-GAN can generate specific types of damage at desig-

nated locations, resulting in high-fidelity surface defect images. However, the main focus

of the existing research is largely on increasing the quantity of the dataset. As a result,

our previous work [47] developed a CGAN for high-fidelity prediction of RC column

failure, which can predict the damage patterns according to design parameters and perfor-

mance indicators. However, the performance indicators are calculated by the hysteresis

loop assessed by laboratory cyclic loading experiments, which means that the results of

experiments are still required. Moreover, the predictive process lacks data pertaining to

the hysteretic behavior of bridge columns, which is critical for understanding the degrada-

tion mechanisms of these structural elements. Hence, it is urgent to develop a comprehen-

sive framework damage patterns forecast approach leveraging information from hysteresis

loop.

Within the operational lifespan of a bridge, it is imperative to conduct a thorough eval-

uation of the seismic damage sustained by RC structures to ensure their safety. Employing

damage models for the quantitative assessment of seismic damage is vital for clarifying

the failure mechanisms inherent in RC structures. Park and Ang [48] pioneered the devel-

opment of a model for seismic damage assessment in RC structures, incorporating both

maximum deformation and the effects of repeated cyclic loading through a linear func-

tional approach. Ideally, the quantification of these damage models should be predicated

upon the analysis of the hysteresis loop; however, accurately evaluating the hysteretic

behavior of extant structures often presents substantial challenges. As a result, exten-

sive research is dedicated to vision-based seismic damage recognition, which presents a

8
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promising alternative for assessing structural integrity by utilizing visual data and sophis-

ticated image processing methodologies. Xu et al. [49] proposed an advanced framework

for the detection of seismic damage, involving phenomena such as cracks, spalling, and

rebar exposure. By integrating the detected damage with column design specifications,

a regression network was formulated to derive the corresponding damage indices. These

vision-based networks facilitate the direct evaluation of seismic damage post-earthquake

through the utilization of damage imagery, eliminating the need for detailed knowledge

of structural hysteretic behavior.

1.2 Research Objective and Contribution

To address the aforementioned challenges, this study proposes an advanced frame-

work that integrates computer vision and deep learning techniques to prognosticate dam-

age patterns and hysteresis loops to evaluate the seismic characteristics and failure mech-

anisms of the RC bridge columns. First, we propose a finite element simulation process

to obtain the simulated hysteresis loops, which is developed to derive the physics con-

straints for guiding deep learning networks. To bridge the discrepancy between simula-

tion and experiment, we propose a Gated Recurrent Unit (GRU)-based network, HysGRU,

to predict hysteresis loops by leveraging simulation results to forecast actual hysteresis

behavior within the constraints of numerical simulations. Guided by the prior physics

knowledge derived from the simulation outcomes, the proposed HysGRU model inte-

grates these physics by incorporating the simulation data during the predictive process of

the corresponding hysteresis loops. Furthermore, to generate the corresponding damage

patterns throughout the entirety of the hysteresis loop, HysGRU extracts informative la-

tent features from the respective drift ratio steps, which subsequently serve as conditional
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inputs for the proposed generative model, HysGAN. In assessing the damage patterns, it is

crucial to evaluate the consistency of column degradation. Nevertheless, traditional sim-

ilarity metrics like peak signal-to-noise ratio (PSNR), structural similarity index (SSIM),

and Fréchet Inception Distance (FID) are proved inadequate to fully quantify the consis-

tency of synthetic damage patterns, given the complex mechanism of damage of bridge

columns. Consequently, we introduce a vision-based network for predicting the Damage

Index (DI), which is trained using authentic data. Subsequently, this network is employed

to compute the coefficient of determination (R2) for the corresponding synthetic data to

determine the efficacy of HysGAN. The proposed framework provides engineers with the

capability to evaluate hysteresis behavior and visualize damage patterns in accordance

with the design specifications. This facilitates the assessment of structural performance,

enabling the attainment of defined performance objectives. In the seismic events that re-

sult in noticeable damage to bridge columns, the developed DI prediction network remains

proficient at evaluating residual structural performance, thereby providing engineers with

a reliable decision-making instrument. The contribution of this work is concisely pre-

sented as follows:

• We establish the hysteresis database utilizing the open-access PEER structural per-

formance database and extract comprehensive sectional data from the original doc-

umentation associated with each specimen.

• An automatically simulation process is proposed to simulate the hysteretic behavior

of RC columns and provide physics constraints for guiding the proposed HysGRU.

• The proposed HysGRU model demonstrates the capability to accurately forecast

the hysteretic response of RC bridge columns. Leveraging the physics constraints

10
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embeddedwithin the simulation results can substantially enhance the predictive per-

formance of the HysGRU model.

• To assess the effectiveness of the generated outcomes, we devise a vision-based

Damage Index (DI) prediction network that estimates the DI utilizing the identified

damage patterns alongside column design parameters.

• Latent features encapsulating physics-based information are extracted by the Hys-

GRU, subsequently serving as condition inputs for the HysGAN to synthesize cor-

responding damage patterns for all time steps in the hysteresis loop. Through com-

prehensive experiments, latent features conditioning enhances the quality and gen-

eralizability of HysGAN.

1.3 Scope of Thesis

This study proposes a prognostic framework that integrates an automated simulation

process, HysGRU, HysGAN, and the DI prediction network. This thesis will thoroughly

introduce these components, with the structure organized as follows: Chapter 2 introduces

the database, including the hysteresis database and the damage pattern database. The de-

tails of the data acquisition process are elaborated. In Chapter 3, the proposed automatic

simulation methodologies, HysGRU, HysGAN, and the DI prediction network are thor-

oughly explained. Chapter 4 delineates the results of all analyzes. Finally, Chapter 5

summarizes the findings and observations of this study.

11



doi:10.6342/NTU202402878

Chapter 2 Dataset

In this study, we collected the experimental results from the PEER structural perfor-

mance database [50], as well as previous researchs undertaken at the National Center for

Research on Earthquake Engineering (NCREE) [4][5][51]. Figure 2.1 presents the imple-

mentation years for all the experiments in the PEER and NCREE database. These exper-

iments were conducted in accordance with the prevailing bridge design specifications of

their respective periods. Over time, these specifications undergo revisions and advance-

ments. For instance, American Association of State Highway and Transportation Officials

(AASHTO) published the Standard Specifications for Highway Bridges. Between 1931

and 1970, the design approach incorporated within these standard specifications was the

Allowable Stress Design (ASD) methodology. Since 1970, to more accurately account for

the variability in load considerations, the Load Factor Design (LFD) methodology was in-

troduced. In 1994, the first edition of Load and Resistance Factor Design (LRFD) Bridge

Construction Specifications [52] were published. However, from 1970 to 2007, the ASD

and LFD specifications have coexisted. After 2007, all new bridges should be designed

to follow the LRFD criteria. As of now, these specifications continue to be updated and

revised to refine design methodologies aimed at enhancing the seismic performance of

bridge columns. The assembled dataset encompasses a range of temporal editions and

variants of bridge design specifications. This diversity enables our model to adapt and
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proficiently address a wide range of design types.
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Figure 2.1: Distribution of implementation years from the PEER and NCREE databases.
It is evident that the experiments documented within the PEER database span the years
from 1973 to 2003. In contrast, the specimens cataloged in the NCREE database comply
to contemporary design specifications after 2014.

Following the results collected from the experiments, two databases are investigated,

the hysteresis database and the damage pattern database. The hysteresis database com-

prises the column design configurations and the hysteretic response data obtained through

quasi-static experiments sourced from the PEER structural performance database, as well

as NCREE database. On the other hand, due to the unavailability of damage pattern data

within the PEER database, the damage pattern database is exclusively derived from the

experimental results obtained at NCREE. The details of the hysteresis database and the

damage pattern database are introduced in Sections 2.1 and 2.2, respectively.
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2.1 Hysteresis Database

The hysteresis database contains 160 hysteresis loops, including 153 from the PEER

structural performance database and 7 from cyclic loading experiments carried out at

NCREE. All specimens in the database are rectangular reinforced columns. The database

includes the hysteretic responses observed during cyclic loading tests on reinforced con-

crete columns, along with details of the column design, such as geometry, material prop-

erties, loading, and reinforcement details.

2.1.1 Column Features

Figure 2.2 presents the complex considerations in column design. The design pa-

rameters gathered are categorically divided into four principal domains: material, geom-

etry, loading, and reinforcement configuration. Within the category of material proper-

ties, the collected parameters include the maximum strength of unconfined concrete, the

yield stress, and themaximum strength of longitudinal and transverse reinforcement steels.

These material properties are determined through material testing methods, such as con-

crete cylinder compression test and rebar tensile test. However, the behavior of confined

concrete introduces additional complexity that cannot be fully captured through standard

material experiments. To address this, we adopt theoretical models such as the Mander

confined concrete model [53], which offers a robust framework to understand the stress-

strain relationship in confined concrete scenarios. A detailed description of the Mander

confined concrete model will be provided in Section 2.1.2. Proceeding to the geometric

parameters, we define the critical dimensions, including section width, section depth, and

column height. These dimensions govern not only the spatial configuration of the col-

14



doi:10.6342/NTU202402878

umn, but also significantly affect its load-carrying capacity. By thoroughly configuring

the reinforcement setup, the longitudinal rebars can be precisely positioned at the des-

ignated locations. In the evaluation of transverse reinforcement, stirrups or ties provide

confinement to the core concrete. The confinement effects are integrated using theMander

model.
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Column
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Geometry
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Concrete
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Confined
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Figure 2.2: The collected column features from original document for all column speci-
mens in hysteresis database.

2.1.2 Mander Confined Concrete Model

The Mander confined concrete model, as proposed by [53], is formulated to predict

the stress-strain response of confined concrete, characterized by concrete encased with

transverse reinforcements such as steel hoops or ties. Mander et al. suggested the arching

mechanism that occurs between discrete levels of rectangular hoop reinforcement. At the

midpoint between transverse reinforcement levels, the extent of insufficiently confined

concrete reaches its maximum, while the core area of effectively confined concrete area

is the smallest. For rectangular columns, the arching mechanism is modeled as taking
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the form of second-degree parabolas, initiating with a tangent slope of 45 °. This arching

mechanism emerges vertically between layers of transverse hoop bars and horizontally

between longitudinal reinforcement bars, which can be observed in Figure 2.3.

Effective
Confined

Core
Effective

Confined Core

Parabola

 

Side View Top View

Figure 2.3: Arching mechanism assumed by the Mander confined concrete model.

The stress-strain relationship described by the Mander confined concrete model is

presented in Figure 2.4 and can be calculated by the following formulas:

fc =
f ′
ccxr

r − 1 + xr
(2.1)

with

x =
ϵc
ϵcc

(2.2)

ϵcc = ϵco[1 + 5(
f ′
cc

f ′
co

− 1)] (2.3)

r =
Ec

Ec − Esec

(2.4)

Ec = 5000
√

fco (2.5)

Esec =
f ′
cc

ϵcc
(2.6)

16



doi:10.6342/NTU202402878

where fc is the longitudinal stress in concrete; ϵc is the longitudinal strain in concrete;

f ′
cc is the maximum stress of confined concrete; ϵcc is the strain at f ′

cc; Ec and Esec is the

modulus of elasticity of the unconfined concrete and confined concrete.

Unconfined

Concrete

Confined

Concrete

Hoop
Fracture

Figure 2.4: The sress-strain relationship defined by the Mander confined concrete model.

From the equations above, the values of f ′
cc is needed to construct all the strain-stress

relationship. However, determining f ′
cc is complex and requires an iterative procedure.

In this study, we followed the proposed approximate equation from Chang and Mander

[54], that can be utilized to determine the value of f ′
cc. The f ′

cc can be calculated with the

following equations:

f ′
cc = f ′

co[1 + Ax̄(0.1 +
0.9

1 + Bx̄
)] (2.7)

with

x̄ =
f ′
lx + f ′

ly

2f ′
co

(2.8)

R =
f ′
lx

f ′
ly

f ′
lx ≥ f ′

ly (2.9)
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A = 6.88886− (0.6069 + 17.275R)e−4.989R (2.10)

B =
4.5

5
A
(0.9849− 0.6306e−3.8939R)− 0.1

− 5 (2.11)

where f ′
lx and f ′

ly are the effective confining lateral stress from the transverse reinforce-

ment with x and y direction. The effective confining lateral stress can be defined by the

following equation:

f ′
lx =

1

2
keρsxfyh (2.12)

f ′
ly =

1

2
keρsyfyh (2.13)

where ρsx and ρsy are the ratios of the volume of transverse confining steel to the volume

of confined concrete core along x and y direction, respectively; fyh is the yield strength

of the transverse reinforcement; ke is the confinement effectiveness coefficient defined as

the ratio between volumns from effective core and confined concrete ( Ae

Acc
).

Following the Equation 2.7, the value of f ′
cc can be determined. After that, the ulti-

mate condition should be defined. As suggested by Lehman [55], the ultimate strain ϵcu

when the first hoop fractures can be calculated using the following equation:

ϵcu = 0.004 +
ρsfyhϵsu

f ′
co

(2.14)

where ρs and fyh are the volumetric ratio of the transverse reinforcement and the yield

strength, respectively. ϵsu, assumed to be 0.14 in this study, is the fracture strain of trans-

verse steel. Subsequent to determining ϵcu, the value of f ′
cu can be derived using Equation

2.1. The nominal shear capacity of the columns is also calculated based on the Caltrans

Seismic Design Criteria (SDC) [56] during the collection of column information.
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2.1.3 Failure Types and Hysteresis Loop

Typically, bridge failures can be categorized into three distinct types, namely, flex-

ural, flexural-shear, and shear failures. Among the various failure modes, the shape and

deterioration of hysteresis loops exhibit notable differences. Figure 2.5 presents the hys-

teresis loops sampled from the hysteresis database with three different failure types. In

bridge columns, flexural failure is typically characterized by yielding of the reinforcement

followed by crushing of the compression concrete. It is considered a ductile failure mode

because it allows for large deformations before collapse, providing sufficient warning be-

fore failure. The hysteresis loops in this case display wide loops with significant energy

dissipation. Shear failure is a fragile failure mode that happens when the transverse forces

exceed the shear strength of the column. It results in a sudden loss of strength and stiff-

ness, often without significant prior deformation, making it a dangerous failure mode as

it provides little warning before collapse. The hysteresis loops for shear failure are typi-

cally narrowwith a steep drop-off after the peak load, indicating limited energy dissipation

and ductility. The flexural-shear failure mode combines the characteristics of flexural and

shear failures. Figure 2.5 dipicts the hysteresis loops for different failure types from the

data in the hystersis database. The PEER database comprises 153 RC column specimens,

of which 116 indicate flexural failure, 22 indicate flexural-shear failure, and 15 indicate

shear failure. On the other hand, all seven specimens in the NCREE database indicate

flexural failure.
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ShearFlexural-shearFlexural

Figure 2.5: Hysteresis loops for different failure types.

2.2 Damage Pattern Database

The damage pattern database contains data pairs with a damage pattern, time step in

the hysteresis loop, and the corresponding performance level, i.e., Damage Index (DI). As

the damage patterns are not accessible in the PEER performance database, the available

damage patterns are exclusively derived from the column specimens R307, R315, R330,

R615, R1015, and CTR1 conducted at NCREE.

2.2.1 Damage Indicator

This study adopts the damage model proposed by Park and Ang [48] to assess seis-

mic structural damage. Park and Ang quantified the DI based on the principle that seismic

damage to structural elements is induced by the interactive effect of the peak structural

deformation and cumulative energy dissipation incurred through successive seismic exci-

tation. The formula for calculating the DI is given below:

DI =
δm
δu

+ λ

∫
dE

Fyδu
(2.15)
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where δm denotes the peak displacement experienced by a column under cyclic or seismic

excitation; δu signifies the ultimate displacement of a column subjected to monotonic

loading;
∫
dE represents the cumulative hysteretic energy dissipation; Fy denotes the yield

force, and λ is a parameter utilized to correlate hysteretic energy dissipation.

Table 2.1 presents the strength deterioration parameters, specifically δu, λ, and Fy,

for six specimens documented within the NCREE database. Based on the analysis con-

ducted by Wang et al. [4], the parameter δu was derived utilizing empirical methods for

determining the plastic hinge length and the ultimate compressive deformation of con-

fined concrete, as formulated by Priestley et al. [57]. Subsequently, the value of λ was

determined based on the experimental hysteresis loop at a state of 20% strength degrada-

tion in order to obtain δm and
∫
dE in Equation 2.15, with DI set to one. The DI can be

evaluated based on the calibrated strength deterioration parameters presented in Table 2.1.

The corresponding DI can be calculated using equation 2.15, using δm and
∫
dE obtained

from the respective time step.

Table 2.1: Calibrated strength deterioration parameters for each column specimen in the
damage pattern database.

Experiments Damage Model Parameters
δu (mm) Fy (KN) λ

R307 161 368 0.140
R315 136 508 0.057
R330 107 808 0.025
R615 356 256 0.066
R1015 822 160 0.140
CTR1 234 921 0.101

2.2.2 Damage Patterns and Image Preprocessing

During the cyclic loading tests, the photos were automatically taken from two dif-

ferent angles when the drift ratio reached the reversal points. Reversal points indicate the
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moments at which the direction of the applied force is inverted, denoting that the drift

ratio has reached its peak value within the respective cycle. Afterward, following the data

preprocessing techniques from our previous work [47], a homography transformation is

applied to achieve orthographic projection on the two weak surfaces of the RC columns.

Homography constitutes a transformation that describes the correspondence of points be-

tween two planes. These planes are generally correlatedwith distinct perspectives or views

of an identical scene. The planar homography describes the transformation between two

planes, which can be mathematically represented by the following equation:

s


x′

y′

1

 = H


x

y

1

 =


h11 h12 h13

h21 h22 h23

h31 h32 h33




x

y

1

 (2.16)

The homography matrix, denoted asH, constitutes a matrix 3×3 having 8 degrees of

freedom, attributed to its estimation only up to a scalar multiple. To accurately compute

H, at least four pairs of corresponding points between the two planes are required. This re-

quirement results from the need to solve a system of linear equations that arises from point

correspondences, which ultimately yields the elements of the homography matrix. This

process converts the surface of the columns from an isometric view to an orthographic

view and removes the complex background, allowing a detailed examination of the dam-

age patterns on the surface. During the cyclic loading experiments, 100mm×100mmgrids

weremarked on the column surfaces to facilitate the evaluation of the spalling area. Conse-

quently, a standardized area measuring 750mm × 800mm is designated for all specimens

to regulate the region of interest. This standardization facilitates the precise quantification

of the spalling height and area. The homography between two planes and the transformed
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damage pattern are presented in Figure 2.6.
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Figure 2.6: Homography relationship between two planes and the transformed damage
patterns.

To facilitate training and validation of both the HysGAN and the DI prediction net-

work, the data are random selected in an 85:15 ratio from the five specimens, namely,

R307, R315, R330, R615, and R1015. The damage patterns from the CTR1 specimen are

used as a test dataset to evaluate the generalizability. Table 2.2 presents the numbers of

the collected damage patterns in different datasets. In Figure 2.7, two pairs of samples

from the damage pattern database are shown.

Table 2.2: Numbers of collected damage patterns with training, validation, and test data.

Type R307 R315 R330 R615 R1015 CTR1
Train 108 112 103 118 116 -

Validation 20 20 20 22 22 -
Test - - - - - 124
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Drift Ratio: +6%

Cycle: 1

DI: 0.92

Drift Ratio: -8%

Cycle: 2

DI: 1.31

Figure 2.7: Data pairs of R315 sourced from the damage pattern database exhibiting drift
ratio +6% (first cycle) and -8% (second cycle).
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Chapter 3 Methodology

In this section, the prognostic framework for forecasting bridge damage patterns and

predicting hysteretic behavior is introduced. The comprehensive procedure and experi-

ment for the entire framework is shown in Figure 3.1.

First, we propose an automatics simulation method using OpenSeesPy library [58]

based on OpenSees framework [59] to construct the finite element model. By considering

the column design and the loading protocol, the simulated response can be obtained. The

simulation process is introduced in Section 3.1. Subsequently, to predict the hysteretic

response of the bridge column, we develop a sequence-to-sequence hysteresis prediction

network, referred to as HysGRU. Conceptually, we endeavor to predict the hysteresis

loop directly from column design parameters and loading protocols. Nevertheless, the

complexity of hysteretic behavior implies that a purely data-driven approach may yield

inferior performance. Therefore, we integrate simulation results to guide HysGRU, facil-

itating improved predictive accuracy. The details are described in Section 3.2.

In Section 3.3, the proposed damage patterns generative model, HysGAN, is pre-

sented. HysGAN is developed on the basis of CGAN, allowing to synthesize high-fidelity

damage patterns according to the given condition. Regarding the conditional input type,

HysGAN is first controlled based on column characteristics and Damage Index (DI). Nev-
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ertheless, the computation of DI necessitates a thorough analytical process, with experi-

mental validation required to determine its feasibility. As a result, we endeavor to incor-

porate the latent features extracted from hysteresis loop by the HysGRU, allowing us to

generate the corresponding damage patterns for each drift ratio. To effectly evaluate the

generative performance of HysGAN, a DI prediction network and a spalling segmentation

method are proposed to quantify the damage, since the damage mechanisms affecting RC

bridge columns are extremely complex. Trained from the authentic data, we can evaluate

the performance of HysGAN by assessing the accuracy from the prediction of synthetic

data. Furthermore, we proposed a computer vision-based segmentation methodology to

estimate the height and area of concrete spalling, thereby facilitating the evaluation of the

generalizability of HysGAN. The comprehensive introduction is described in Section 3.4.
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Figure 3.1: The proposed prognostic framework for bridge failure forecasting, hysteretic
behavior prediction, and damage quantification.
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3.1 Finite Element Simulation

OpenSeesPy, an open source Python module designed for OpenSees, a finite element

framework, is used to construct the numerical model. We proposed a simulation process

that can estimate the simulated hysteretic behavior of the RC bridge columns. First, Con-

crete02 and Steel02 models are utilized to depict the uni-axial behavior of concrete and

steel, respectively. The stress-strain relationships for both models are presented in Figure

3.2. The input parameters of the constitutive models of unconfined concrete, confined

concrete, and longitudinal rebars can be determined by the information collected from

the hysteresis database. Table 3.1 presents the setting for the consecutive model of the

materials.

Concrete02

Strain

St
re
ss

Steel02

Strain

St
re
ss

Figure 3.2: The constitutive material model described by Concrete02 and Steel02.

After the setup of material properties, the finite element model is constructed using

four displacement-based beam-column element objects, and the deformations are solved

with Gaussian-Lobatto integration points. Each integration point has the same fiber sec-

tion. Based on the actual section configuration derived from the hysteresis database, the

uni-axial material constitutive models are allocated to the corresponding location to define

the axial and flexural behavior of the fiber section through discretization. In addition, the
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shear force-deformation relationship is defined for each section with the nominal shear

capacity (Vn) and the shear stiffness (Vst).

Table 3.1: The prescribed parameters for the uni-axial sequential material models appli-
cable to (a) concrete, and (b) steel. (f ′

co: Maximum strength of unconfined concrete; f ′
cc:

Maximum strength of confined concrete; ϵcc: Corresponding strain at f ′
cc; f ′

cu: Ultimate
strength of confined concrete at the point of transverse steel fracture; Ec: The modulus of
elasticity derived from the expression 12000

√
f ′
cc).

(a) Concrete.

Concrete f ′
pc(kN) ϵc0 fpcu(kN) ϵu λ ft(kN) Ets(MPa)

Unconfined f ′
co 0.002 0.0 0.005 0.1 -0.04f ′

co 0.02Ec

Confined f ′
cc ϵcc f ′

cu ϵcu 0.1 -0.04f ′
cc 0.02Ec

(b) Steel.

Steel Fy(kN) E0(MPa) b cR0 cR1 cR2
Corner fys 210000 0.025 18.0 0.925 0.15

Intermediate fyi 210000 0.025 18.0 0.925 0.15

H
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t

Node
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D
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(Parallel to force)

# of intermediate bars
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Figure 3.3: Schematic view and fiber section setting of the nonlinear model constructed
using OpenSeespy.

3.2 Hysteresis Prediction Network

In prior investigations, there exists a notable deficiency in directly addressing the

sequential prediction of hysteretic behavior in bridge columns within the domain of deep

learning research. As a result, we address this issue with the network based on Recurrent
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Neural Networks (RNNs). However, traditional RNNs often struggle with long-term de-

pendencies due to issues such as vanishing gradients. Gated Recurrent Units (GRUs) [60]

effectively address these challenges through the implementation of gating mechanisms

that control the transmission of information within the network. The calculation process

of one GRU cell is dipicted in Figure 3.4a. By iteratively computing along the time series,

the hidden state for each time step can be extracted. In order to capture context and depen-

dencies in the data from different direction, a bidirectional architecture has been employed

to process input sequences in both forward and backward directions simultaneously. The

structure of the bidirectional GRU (biGRU) is shown in Figure 3.4b.

... ...

(a)

GRU

Cell

GRU

Cell

GRU

Cell

GRU

Cell

GRU

Cell

GRU

Cell

(b)

Figure 3.4: Structure of (a) GRU cell and (b) Bidirectional GRU (BiGRU).

Renowned for the superior efficiency and capability to model dependencies over ex-

tended sequences, GRUs have emerged as a preferred methodology in numerous applica-

tions necessitating the processing of sequential data. As a result, we propose a GRU-based

network for hysteresis loop predictions, namely HysGRU. The detailed architecture of the

HysGRU is illustrated in Figure 3.5. Following the evolution of the GRU, we develop

an RNN extractor based on GRU to extract latent features within hysteresis loops, which

is denoted by h. Subsequently, a multilayer perceptron (MLP) predictor is employed to

estimate the corresponding force for each drift ratio based on the input data, denoted by

F̂. The input for this task encompasses 17 distinct column features, a singular drift ratio,
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and an associated force, derived from simulation at each incremental stage of the discrete

drift ratio. For model convergence facilitation, the column features were preprocessed

via standardization using their respective means and standard deviations. The length of

each hysteresis loop is symbolized by L; hence, the input dimensions can be expressed as

L × 19. Furthermore, to assess performance within a purely data-driven framework, the

associated simulated force is excluded, thereby yielding input dimensions of L× 18. Due

to the iterative computation inherent in the GRU network, it is capable of handling hys-

teresis loops of varying lengths. Regarding the hyperparameters, the hidden dimension,

represented asHiddenDim., and the number of layers, delineated as n, are set as 512 and

4, respectively. Furthermore, a bidirectional architecture has been employed to process

input sequences in both forward and backward directions simultaneously, enhancing its

ability to capture context and dependencies in the data. The extracted hidden states from

the forward and backward directions will be concatenated. Consequently, the dimension

of the output from the RNN extractor is given by L× (HiddenDim.×2). Ultimately, the

MLP predictor performs a linear transformation on the terminal dimension of the latent

features, enabling the prediction of the corresponding force with a dimension of L × 1

without modifications to the model weights in relation to the length of the hysteresis loop.

GRU
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GRU
Cell

GRU
Cell

GRU
Cell

GRU
Cell

GRU
Cell

GRU
Cell

GRU
Cell

GRU
Cell

GRU
Cell

GRU
Cell
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Cell

RNN Extractor  MLP Predictor

NRMSE

Figure 3.5: Detailed structure of HysGRU.

In this task, the normalized root mean squared error (NRMSE) is utilized as the loss

function to iteratively refine the network parameters. The NRMSE standardizes the error
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by the range of values, defined by the difference between the maximum and minimum

values. It provides a scale-independent measure of prediction accuracy, allowing com-

parisons across different hysteresis loops without being affected by the scale of the data.

The NRMSE is expressed as follows:

Root mean squared error (RMSE) =

√√√√ 1

L

L∑
i=1

(F̂i − Fi)2 (3.1a)

Normalized root mean squared error (NRMSE) =
RMSE

Fmax − Fmin

(3.1b)

For the configuration of this training task, the Adam optimization algorithm [61] is

utilized. The parameters β1 and β2 are fixed at 0.9 and 0.999, respectively, to optimize the

network parameters. The initial learning rate is set to 5e-6, incorporating a warmup phase

of 500 epochs, and gradually increasing to a peak value of 1e-4, subsequently employing

a cosine annealing schedule. The total number of training epochs is 5000.

3.3 Damage Pattern Generation Network

To prognosticate the damage pattern, a CGAN-based generative model is introduced,

namely HysGAN. The conventional GAN [42] architecture consists of two neural net-

works, i.e. the generator and the discriminator. The objective of the generator is to deceive

the discriminator by generating high-quality images. On the other hand, the discriminator

acts as a critic that evaluates the authenticity of the generated images. Through adversarial

training, these networks engage in a competitive process, ultimately yielding high-fidelity

generated images. However, since the generator only utilizes stochastic noise as input, it

limits our ability to control the generation of the desired synthetic images. A CGAN ex-
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tends the GAN framework by introducing additional conditions to both the generator and

the discriminator, allowing CGAN to generate the output conditioned on specific input

variables.

In this task, we endeavor to leverage the information from the hysteresis loop. In-

tuitively, we can analyze the hysteresis loop predicted from the previous task to assess

the Damage Index (DI) under different drift ratio. However, the determination of δu from

Equation 2.15 requires the execution of a monotonic push-over analysis, which requires

experimental data to evaluate the accuracy of the simulated results. Consequently, Hys-

GAN aims to produce the corresponding damage patterns by modulating latent features

as a conditional input to the generator. Figure 3.6 illustrates the architecture of the pro-

posed HysGAN. To acquire the informative latent features from the hysteresis loop, we

employ the pre-trained HysGRU to extract the latent features corresponding to each drift

ratio under different conditions. The HysGRU was initially trained utilizing the hystere-

sis database, and its weight parameters are subsequently fixed for this task. These latent

features are subsequently utilized as conditional inputs to modulate the synthetic images

produced by the generator. For instance, to generate the damage pattern associated with

the drift ratio at time step L− 1, one can utilize hnL−1 as the conditional input to generate

the corresponding damage pattern. Consequently, the input condition for the generator

comprises random noise, latent features, and the orientation of the weak surface.

For the loss functions, we discuss the impacts of three adversarial generative loss

functions to experiment the efficacy of the proposed generative models, that is, the loss of

Standard GAN (SGAN), Relative Standard GAN (RSGAN), and Relative average Stan-

dard GAN (RaSGAN) loss [62]. In SGAN, the discriminator is trained to differentiate

between authentic and synthetic images by estimating the probability that a given input is

32



doi:10.6342/NTU202402878

GRU
Cell

GRU
Cell

GRU
Cell

GRU
Cell

GRU
Cell

GRU
Cell

GRU
Cell

GRU
Cell

GRU
Cell

GRU
Cell

GRU
Cell

GRU
Cell

RNN Extractor  MLP Predictor

NRMSE

DCGAN Generator

DeConv

BN


ReLU


DeConv

BN


ReLU


DeConv

BN


ReLU


DeConv

BN


ReLU


Generated
Image

Real Image

DCGAN Discriminator

Conv

BN


LeakyReLU


Conv

BN


LeakyReLU


Conv

BN


LeakyReLU


Figure 3.6: The network architecture for proposed HysGAN.

real. The generator endeavors to create synthetic images that the discriminator will rec-

ognize as authentic. The corresponding loss functions are formulated by the following

equations:


LSGAN
D = −Exr∼P

[
log

(
σ
(
D(xr|c)

))]
− Exf∼Q

[
log

(
1− σ

(
D(xf |c)

))]
LSGAN
G = −Exf∼Q

[
log

(
σ
(
D(xf |c)

))] (3.2)

where xf is the synthetic image; xr is the authentic image; c is the condition input of the

generator; D(x) is the discriminator evaluated at x; σ(x) is the sigmoid function; P and

Q are the distributions of the real and fake images, respectively.

However, SGAN loss often faces stability issues and may produce poor-quality out-

puts, particularly in scenarios where the discriminator is able to precisely differentiate

between authentic and synthetic data. Consequently, RSGAN loss modifies the standard

approach by introducing a relativistic discriminator. Instead of assessing the absolute

33



doi:10.6342/NTU202402878

probability that a given image is real, the relativistic discriminator estimates the likelihood

that a real image is more realistic than a randomly sampled fake image. The formulation

of the loss functions is provided in Equation 3.3. This relative comparison encourages

the generator to create fake data that not only looks real but also outperforms real data in

terms of realism, leading to more stable training and higher quality output.


LRSGAN
D = −E(xr,xf )∼(P,Q)

[
log

(
σ
(
D(xr|c)−D(xf |c)

))]
LRSGAN
G = −E(xr,xf )∼(P,Q)

[
log

(
σ
(
D(xf |c)−D(xr|c)

))] (3.3)

Furthermore, RaSGAN loss extends the relativistic approach by considering the av-

erage realism of real and fake data. The discriminator estimates the probability that a real

data point is more realistic than the average of fake data, and vice versa. The derivation

of the loss functions is defined in Equation 3.4.


LRaSGAN
D = −Exr∼P

[
log

(
D̃(xr|c)

)]
− Exf∼Q

[
log

(
1− D̃(xf |c)

)]
LRaSGAN
G = −Exf∼Q

[
log

(
D̃(xf |c)

)]
− Exr∼P

[
log

(
1− D̃(xr|c)

)] (3.4)

where D̃(xr|c) = σ
(
D(xr|c)−Exr∼PD(xr|c)

)
; D̃(xf |c) = σ

(
D(xf |c)−Exf∼QD(xf |c)

)
.

In configuring this training task, the Adam optimization algorithm is employed, with

the hyperparameters β1 and β2 set to 0.9 and 0.999, respectively. During each epoch, the

update procedure involves sequentially updating the discriminator and then the generator

once. The learning rate is fixed at 1e-4, and the total number of training epochs is set to

3000.
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3.4 Damage Quantification

In order to quantify structural damage, one can assess the performance metrics of the

structure or conduct an evaluation based on the visual damage observed on the structures.

However, the evaluation of performance metrics typically demands extensive time invest-

ment and substantial background expertise. As a consequence, this study advocates for

the implementation of a regression network to prognosticate performance metrics derived

from visual damage assessments. Additionally, a computer vision-based methodology is

introduced to approximately determine the height and area of concrete spalling. These

methods are utilized to evaluate the consistency of synthetic damage patterns generated

from HysGAN.

3.4.1 Damage Index Prediction

The Vision Transformer (ViT) [63] is a deep learning model architecture designed for

image recognition tasks. ViT extends the utilization of the transformer architecture, ini-

tially conceived for natural language processing, to visual datasets. This model processes

imagery by segmenting it into a sequence of fixed-size patches, each subject to linear

embedding, augmented with positional encodings, and subsequently processed through

a conventional transformer encoder. This approach allows ViT to capture long-range de-

pendencies and complex patterns within images more effectively than traditional convolu-

tional neural networks (CNNs). ViT has demonstrated competitive performance on image

classification benchmarks, often outperforming CNNs. As a result, the proposed DI pre-

diction network is constructed based on ViT to predict the DI by the visual damage pattern

and the corresponding column features. Figure 3.7 depicts the comprehensive architecture
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of the proposed DI prediction network. The ViT extracts features from the image patches

by utilizing the self-attention mechanism, subsequently concatenated with the features

derived from the column design. Thereafter, the MLP predicts the value of DI.

In this task, we adhered to the partitioning schema of the damage pattern database,

comprising 557 training images and 104 validation images. Furthermore, images sourced

from CTR1 were employed as test data. For the training configuration, we utilized the

pretrained ViT-Base Encoder with 16 × 16 patches trained from ImageNet [64] to fine-

tune for our specific application. The MSE was adopted as the optimization criterion for

the loss function. The Adam optimizer was employed with a fixed learning rate of 1e-6,

and the model was subjected to 500 training epochs.

Linear Projection of  Flatten Patches

0 * 9

Transformer Encoder

87654321

MLPColumn Design Damage
Index

Patch Embedding
Position Embedding

*: Class Embedding (learnable)

Figure 3.7: Proposed network for predicting the Damage Index (DI) from visual damage
patterns and column design features.

3.4.2 Spalling Height and Area

In addition to the DI, the visual assessment of damage serves as a pivotal metric for

evaluating structural integrity. We propose a method to segment the area and height of the
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concrete spalling region. The outlined procedure is illustrated in Figure 3.8. Initially, the

K-nearest Neighbor (KNN) algorithm [65], is employed to cluster the pixel values. Fol-

lowing the application of homography transformation to project the damage pattern into

an orthographic view, KNN effectively segments the concrete spalling area. Furthermore,

morphological operations are utilized to mitigate noise, thereby improving the accuracy of

the prediction. This allows for the determination of the spalling percentage and the height

of the concrete spalling.

K-nearest
Neighbor

Morphological
Transformation

Spalling Height
Spalling Area

Damage Pattern

Figure 3.8: Proposed computer-vision based segmentation method for assessing spalling
height and area.

3.5 Network Training

In this investigation, the proposed network architecture is realized utilizing Python 3

in conjunction with PyTorch [66] version 2.2.2, supported by CUDA 12.4, and operated on

Rocky Linux 8.9. The computational experiments are conducted using an NVIDIA RTX

A6000 GPU, equipped with 10,752 CUDA cores functioning at a base clock frequency of

1.455 GHz and endowed with 48 GB of GDDR6 memory.
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Chapter 4 Result and Discussion

In this chapter, we present both quantitative and qualitative evaluations for finite el-

ement simulation, hysteresis behavior prediction, damage index prediction, and damage

pattern generation. First, in Section 4.1, we presents the simulated results of our proposed

finite element modeling process by OpenSeesPy. The simulated results will serve as the

input of HysGRU in the next section. In Section 4.2, the efficacy of the proposed Hys-

GRU model is thoroughly evaluated by computing the RMSE and NRMSE of the entire

hysteresis loops and reversal points. Furthermore, the potential advantages of integrating

the simulation outcomes are explored to enhance the assessment.

In Section 4.3, we trained the DI prediction network to predict the corresponding

damage index using authentic images and subsequently evaluated the performance of the

model using the R2 score. Finally, in Section 4.4, we present the findings of the damage

patterns forecasting. To quantitatively assess generation performance, we employ the Peak

Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM) and Fréchet Inception

Distance (FID) [67] as similarity metrics to assess the fidelity of the damage patterns

produced by the generator to evaluate the training stability and convergence. In addition,

we calculate R2 scores using synthetic data from the predictions of the corresponding DI

values. As the pre-trained model uses authentic data, a higher similarity of the generated

images to the real ones is expected to ensure similar downstream performance [68].
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4.1 Finite Element Simulation

For the finite element simulation, we assess the performance by computing the nor-

malized root mean square error (NRMSE), thereby reducing the impact of scale variations

among distinct hysteresis loops. As mentioned, bridge columns are susceptible to three

primary modes of failure, i.e., flexural, flexural-shear, and shear. Within the domain of

bridge engineering design, protocols typically emphasize mitigating shear failure while

permitting the occurrence of flexural failure to balance budget constraints and safety con-

siderations. In the modeling of hysteretic behavior, it is imperative to accurately predict

the response at each reversal point of the drift ratio. Consequently, the NRMSE was cal-

culated for the entirety of the hysteresis loop as well as for each individual reversal point.

Table 4.1 presents the NRMSE of the simulated hysteresis responses compared to the ex-

perimental hysteresis loops in various types of failure. As evidenced in Table 4.1, accurate

modeling of hysteretic behaviors in flexural-shear and shear failure modes presents a sub-

stantial challenge.

Table 4.1: Normalized root mean square error of the simulated outcomes in comparison
to the experimental hysteresis loops across various failure types.

Failure
Type

# of
Loops

NRMSE (%)↓
Entire Loop Reversal Points

Flexural 123 10.48 10.85
Flexural-Shear 22 15.01 12.81

Shear 15 23.86 27.89
Total 160 12.12 12.44

Figure 4.1 demonstrates the simulation results for the bridge specimens exhibiting

flexural failure. The hysteresis loops depicted in the figure reveal wide loops indicative

of substantial energy dissipation. The simulation is capable of approximating both the

geometry and the strength of the hysteretic loops. Although the initial stiffness and yield
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points are well captured, the post-yield behavior, which includes the gradual softening

and potential strength degradation, is less accurately modeled. This discrepancy can be

attributed to the simplified assumptions made regarding the stress-strain relationship of

materials and the inability to fully account for complex interactions such as bond-slip

effects between concrete and reinforcing steel, and the influence of cyclic loading history.

As a result, the predicted residual strength and the rate of stiffness degradation might differ

from experimental observations.

Figure 4.2 and Figure 4.3 describes the simulation outcomes for the bridge speci-

mens that show flexural shear and shear failure, respectively. In the case of flexural-shear

failure, the simulation inadequately captures the interaction between flexural and shear

mechanisms, resulting in a less accurate depiction of the hysteretic loops. The inherent

complexity of combining bending and shear responses within a single model leads to dif-

ficulties in predicting the progressive degradation observed in the experiments. For shear

failure, the limitations of simulation are even more evident. The fragile nature of shear

failure, characterized by sudden strength degradation and minimal post-peak deformation,

poses significant challenges for the proposed modeling approaches. For these two types of

failure, the proposed method fails to accurately represent the overall hysteretic behavior.

Consequently, to address these challenges, we investigate deep learning methodologies

with the incorporation of simulation framework. Our objective is to leverage deep learn-

ing algorithms to correct the discrepancies observed between the simulation predictions

and the experimental results.
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Figure 4.1: Simulation results from the specimens in hysteresis database with flexural
failure.

Figure 4.2: Simulation results from the specimens in hysteresis database with flexural-
shear failure.
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Figure 4.3: Simulation results from the specimens in hysteresis databasewith shear failure.

4.2 Hysteresis Behavior Prediction

Table 4.2 compares four training setups for HysGRU to predict the hysteresis loops,

each with unique training configurations. The ablation study is conducted to evaluate the

influence for involvement of simulation, force normalization, and force unit. In Exp1,

simulation is not involved, force normalization is not applied, and the force unit is kilo-

newton (kN). This configuration is set as the baseline to compare the performance of the

other setting. Exp2 employs a force unit of meganewton (MN) to rigorously assess the

effects of the selected force unit. For Exp3, the integration of simulation results serves to

inform the model with physics constraints derived from finite element analysis. Further-

more, leveraging the simulation results, we endeavor to normalize the force in Exp4 using

the maximum response derived from the simulation to facilitate more effective model con-

vergence. Consistent with finite element simulations, the root mean square error (RMSE)
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metric is adopted for evaluation. Furthermore, we evaluate the error for each failure type

within the validation dataset, thereby computing the Normalized Root Mean Square Er-

ror (NRMSE) to reduce scaling effects derived from the hysteresis loops across distinct

failure types. A thorough assessment is conducted to determine the impact across various

failure modes.

Table 4.2: The setup of ablation study to assess the influence of integrating simulation,
force normalization, and force unit on the performance of the proposed HysGRU.

ID Simulation
Involved

Force
Normalization

Force
Unit

Exp1 7 7 kN
Exp2 7 7 MN
Exp3 3 7 MN
Exp4 3 3 None

4.2.1 Quantitative Evaluation

As delineated in Table 4.3, the ablation study can be conducted to evaluate the con-

sequences of integrating simulation, normalization, and force unit. Initially, for all ex-

perimental scenarios, the proposed HysGRU demonstrably mitigates the error relative to

the outcomes derived solely from simulation, resulting in over 40% reduction in RMSE.

A detailed examination of the results from Exp1 and Exp2 reveals that the incorporation

of the force unit MN produces a notable decrease in error throughout the entire loop and

at the reversal points by approximately 16% and 23% compared to Exp1, respectively.

Furthermore, a comparative analysis of Exp2 and Exp3 reveals that the incorporation of

simulation results can markedly enhance performance, as evidenced by the reduction of

the error throughout the loop from 41.46 kN to 32.33 kN, corresponding to an approxi-

mate 22% reduction. Moreover, the results obtained from Exp3 and Exp4 suggest that the

normalization of force using the maximum simulated force can further enhance the model
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performance. This improvement is evidenced by the reduction in the RMSE associated

with the response for the entire loop, which decreased from 32.33 to 31.51 kN. The abla-

tion study indicates that the model, which integrates simulation outcomes and normalizes

force using the maximum simulated force, demonstrates superior performance across all

training configurations. In comparison to results derived solely from simulation, the pro-

posed approach achieves a reduction in RMSE for the entire loop from 82.88 kN to 31.51

kN, amounting to an approximate decrease of 62.0%. At the reversal points, the RMSE is

reduced from 101.25 kN to 40.79 kN, which corresponds to a reduction of approximately

59. 7%.

Table 4.3: Validation RMSE for validation data computed from theHysGRUunder diverse
training configurations. Noted that the HysGRU trained with Exp4 have the optimal per-
formance compared with the other experiments.

ID RMSE (kN)↓
Entire Loop Reversal Points

Purely Simulation 82.88 101.25
Exp1 49.09 73.28
Exp2 41.46 56.17
Exp3 32.33 42.95
Exp4 31.51 40.79

For a comprehensive analysis of the impact of different failure types, Table 4.4 de-

lineates the NRMSE computed using the validation dataset encompassing varied failure

types. The table demonstrates that the HysGRU with Exp4 configuration exhibits op-

timal performance under flexural and flexural-shear failure conditions. Conversely, the

HysGRU is insufficient in accurately capturing the hysteretic behavior under shear failure

conditions. Under conditions of shear failure, the HysGRU with the Exp2 configuration

demonstrates superior performance, indicating its enhanced predictive capability in the

absence of simulation data. The phenomenon may result in substantial discrepancies be-

tween the simulation and experimental outcomes. Additionally, the shear data comprises
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only five specimens within the validation dataset, potentially introducing significant bias

in the evaluation.

Table 4.4: Validation NRMSE for various failure types computed from the HysGRU under
diverse training configurations.

ID
NRMSE(%)

Flexural Flexural-Shear Shear
Entire Reversal Entire Reversal Entire Reversal

Sim. 11.22 11.73 14.97 14.05 30.88 32.43
Exp1 5.16 7.41 4.83 6.52 7.57 10.64
Exp2 5.02 6.27 5.12 7.00 6.83 8.31
Exp3 3.86 4.66 5.34 6.52 7.59 12.28
Exp4 3.39 3.95 5.09 6.37 10.85 16.91

Figure 4.4, Figure 4.5, and Figure 4.6 present the NRMSE of individual specimens

exhibiting flexural, flexural-shear, and shear failure, evaluated at reversal points within the

validation dataset. It is evident that in forecasting the hysteresis loops of bridge columns

undergoing flexural failure, the integration of simulation and normalizationmethodologies

markedly reduces the prediction error in comparison to alternative training configurations.

With regard to flexural-shear failure modes, the data reveal that the forecasted errors ex-

hibit uniformity across the various training configurations, thereby indicating the absence

of any discernible benefit from the integration of simulation results. In instances of shear

failure, the aforementioned phenomenon is observed with heightened prominence. The

model excluding simulation may exhibit superior performance, indicating that the model

becomes confused when the simulation introduces significant mispredictions.

4.2.2 Qualitative Evaluation

Figure 4.7 illustrates the predictive analysis encompassing four configurations of the

hysteretic response exhibited by bridge columns under conditions of flexural failure. As

illustrated in Figure 4.7b, the HysGRU model utilizing the Exp1 configuration exhibits
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Figure 4.4: NRMSE of individual specimens exhibiting flexural failure, evaluated at re-
versal points within the validation dataset.
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Figure 4.5: NRMSE of individual specimens exhibiting flexural-shear failure, evaluated
at reversal points within the validation dataset.
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Figure 4.6: NRMSE of individual specimens exhibiting shear failure, evaluated at reversal
points within the validation dataset.
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convergence challenges, resulting in the occurrence of upper and lower boundaries within

the prediction. Owing to the force unit is quantified in kilonewton (kN) and the dataset

encompassing a force magnitude spanning approximately from 0 to 1000 kN, the model

may encounter obstacles to achieve convergence. Furthermore, as evidenced by Figure

4.7a and Figure 4.7b, the integration of simulation results can substantially improve the

precision in predicting both the morphological features and the peak magnitudes. Addi-

tionally, normalizing the force by the maximum response observed in the simulations can

enhance the precision of the predicted response at each reversal point.

Figures 4.8 and 4.9 present the forecasted outcomes for bridge columns under flexural-

shear and shear conditions. In comparison with the predictive results for flexural columns,

the predictions under these two failure modes exhibit inferior performance. Despite the

observed limitations, the HysGRU algorithm shows promise in capturing key aspects of

the complex hysteretic response in flexural-shear and shear failures. For flexural-shear

columns, the algorithm reasonably approximates the initial stiffness and peak strength,

though it struggles with the accurate portrayal of post-peak behavior and the transition

from flexural to shear dominance. In the case of shear failure, the HysGRU algorithm

demonstrates the ability to replicate initial pinching and stiffness degradation. However,

rapid loss of strength poses significant challenges, leading to discrepancies between pre-

dicted and actual responses. Despite these limitations, the generation of damage patterns is

primarily concentrated on flexural bridge columns. Consequently, the proposed HysGRU

algorithm demonstrates adequate performance.
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Figure 4.7: The predicted hysteresis loops for (a) PEER specimen 010 [69] and (b) NCREE
specimen R315 [4] demonstrating flexural failure.
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Figure 4.8: The predicted hysteresis loops for (a) PEER specimen 029 [70] and (b) PEER
specimen 034 [71] demonstrating flexural-shear failure.
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Figure 4.9: The predicted hysteresis loops for (a) PEER specimen 039 [72] and (b) PEER
specimen 142 [73] demonstrating shear failure.

4.3 Damage Index Prediction

The damage mechanisms of reinforced concrete bridges are intricate; for instance,

while the damage patterns may appear similar, the structural performance and strength

exhibit significant variations. As a result, in this section, we present the proposed DI

prediction network to quantify the extent of damage to bridge columns. By taking damage

patterns and column design parameters into consideration, the proposed network is able

to predict the corresponding DI, allowing to assess the structural performance based on

visual imagery. Upon the establishment of the damage pattern database, the prediction

network is subsequently trained utilizing authentic damage patterns obtained from cyclic

loading experiments. In this task, we adopt the coefficient of determination regression

score (R2) to evaluate the performance of the model. The R2 score can be calculated
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using the following equation.

R2 = 1−
∑

i(yi − ŷi)
2∑

i(yi − ȳi)2
(4.1)

where yi is the ground truth; ŷi is the predicted value; ȳi is the mean of the ground truth.

Figure 4.10 presents the verification for regression accuracy of the damage index.

The proposed DI prediction network can achieveR2 score 0.9970 and 0.9887 for the train-

ing and validation dataset, respectively. TheR2 score for the validation set was marginally

lower than that of the training set, indicating that the model demonstrated no evidence of

overfitting. This observation implies that the model sustained robust stability across di-

verse samples within both the training and validation datasets.

Figure 4.10: Verification for regression accuracy of the damage index.

The Multi-Head Attention mechanism in VIT facilitates focused attention on rele-

vant segments of the image. Adhering to the model architecture illustrated in Figure 3.7,

the attention score for the class token is calculated with respect to all other patches. The

model selectively attends to image regions that are semantically significant for DI predic-

tion. The architecture of ViT-base contains 12 transformer encoders. Figure 4.11 presents
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the visualization of the attention maps for each layer. The predicted DI value is 1.0816,

whereas the ground truth is 1.0715, resulting in an error of approximately 0.9%. From

the visualization of attention maps, it is evident that the DI prediction network concen-

trates on the region of concrete spalling, which serves as a critical indicator of structural

damage to the bridge column. Thus, the evaluation demonstrates that the proposed DI pre-

diction network capably quantifies structural damage with precision utilizing vision-based

imagery.

It is imperative to acknowledge that the training and validation datasets were exclu-

sively comprised of images derived from the five specified specimens, specifically R307,

R315, R330, R615, and R1015. Conversely, the test dataset was exclusively constituted

of images from specimen CTR1, thereby ensuring that the network had no prior expo-

sure to the damage patterns exhibited by CTR1. With respect to each cyclic loading test,

there exist distinct environmental variables, including illumination conditions and anchor

point positioning. These variables may introduce considerable bias. This limitation cul-

minates in a diminished R2 score, approximating 0.5744, as observed in the performance

metrics of the testing dataset. For future implementations, it is imperative to augment

the dataset to enhance the generalization proficiency of the DI prediction network. For

the evaluation of HysGAN, given that HysGAN is also trained utilizing identical training

and validation datasets, the resultant synthetic damage patterns are anticipated to manifest

similar environmental factors in the empirical damage patterns. This uniformity facilitates

the proposed DI prediction network in rigorously assessing the performance of HysGAN

in the subsequent section.
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Figure 4.11: The attention maps derived from the 12 layers of the transformer encoders in
the proposed DI prediction network, demonstrate that model focus on the damaged regions
of bridge columns.

4.4 Damage Pattern Generation

In this section, we present the results of the generation from the proposed HysGAN.

We first introduce the evaluation metrics for assessing the similarity of the damage pat-

terns. However, intuitive similarity metrics might not accurately capture the consistency

of bridge damage conditions, we therefore assess the generation performance by predict-

ing the Damage Index (DI) using a pre-trained DI prediction network from the previous

section, which has been trained on authentic images. Subsequently, both quantitative and

qualitative evaluations have been systematically presented.

4.4.1 Evaluation Metrics

The Peak Signal-to-Noise Ratio (PSNR) serves as a pivotal metric for evaluating

the quality of reconstructed or compressed images. This metric quantifies the relation-

52



doi:10.6342/NTU202402878

ship between the maximum possible intensity of the original image and the intensity of

the discrepancies found between the original and the compressed or reconstructed image.

Measured in decibels (dB), a higher PSNR value indicates superior image quality, charac-

terized by minimal noise and distortion. PSNR is especially beneficial within the domains

of image processing, compression, and transmission, offering a straightforward quantita-

tive assessment of image fidelity. The Peak Signal-to-Noise Ratio (PSNR) metric can be

mathematically formulated as follows:

PSNR(x,y) = 20 log10(
MAXI√
MSE(x,y)

) (4.2)

wherex and y denote the image pairs employed for the computation of the PSNR;MAXI

signifies the maximum possible pixel intensity value (commonly set to 255);MSE(x,y)

represents the mean squared error computed from the pixel values of the two images.

The Structural Similarity Index (SSIM) [74] represents a perceptual metric employed

to evaluate the quality of images through the assessment of similarity between paired im-

ages. Contrasting traditional approaches based on pixel-wise deviations, SSIM investi-

gates alterations in structural information by incorporating considerations of luminance,

contrast, and structural composition. It generates a score ranging from -1 to 1, with a value

of 1 that means optimal structural similarity. SSIM is extensively utilized within the image

processing and computer vision domains to measure image quality and substantiate image

generation models, given its strong concordance with human visual perception. The SSIM

can be calculated by the following equation:

SSIM(x,y) = l(x,y)c(x,y)s(x,y) (4.3)
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with

l(x,y) =
2µxµy + C1

µ2
x + µ2

y + C1

(4.4)

c(x,y) =
2σxσy + C2

σ2
x + σ2

y + C2

(4.5)

s(x,y) =
σxy + C3

σxσy + C3

(4.6)

where x and y represent the image pairs utilized to compute the SSIM; µx and µy denote

the mean intensity values of the two images; σx and σy correspond to the variances of the

image intensities; and C1, C2, and C3 are constants designed to prevent division by zero.

l(x,y), c(x,y), and s(x,y) evaluate the similarity in terms of luminance, contrast, and

structural composition, respectively.

Unlike PSNR and SSIM which are calculated by comparing the similarity from each

image, the Fréchet Inception Distance (FID) assess the generation performance by cal-

culating the distance between two data distributions. The FID score [67] is extensively

utilized in the domain of image generation to quantify the divergence between the fea-

ture vectors of authentic and synthetic images. The Inception V3 network [75] serves

as the feature extractor, producing activations for both real and synthetic images, which

are subsequently modeled as multivariate Gaussian distributions. By inputting synthetic

images and authentic damage patterns into the Inception V3 network, we derive feature

vectors that constitute two distinct multivariate Gaussian distributions, encapsulating the

synthetic and real damage patterns, respectively. The FID score is computed to determine

the separation between these two distributions. The equation governing the FID score is

delineated as follows:

FID = ||µ1 − µ2||22 + Trace
(
σ1 + σ2 − 2

√
σ1σ2

)
(4.7)
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where µ1 and σ1 represent the mean and covariance matrix of the feature vectors derived

from the training dataset, respectively, while µ2 and σ2 denote the mean and covariance

matrix associated with the feature vectors of the synthetic dataset. Consequently, lower

FID scores signify that the synthetic images generated exhibit increased similarity, higher

quality, and greater diversity in comparison to the authentic damage patterns.

PSNR, SSIM, and FID scores are employed to assess the similarity and quality of

generated images. Nevertheless, these similarity metrics may not adequately evaluate the

consistency of the damage states in bridge columns. Therefore, as previously mentioned,

we also incorporated the DI prediction network to evaluate the generative performance

by calculating the R2 score for the synthetic damage patterns. It is important to note that

the pretrained DI prediction network was trained using authentic images. Consequently,

if the generated damage patterns exhibit high fidelity and realism, a higher R2 score is

anticipated. For training and validation datasets, the proposed HysGAN has the capabil-

ity to predict almost identical patterns compared to the ground truth, since the column

designs are observed during the training phase. However, for column designs that are

excluded from the training dataset, accurately predicting the corresponding damage pat-

terns poses significant challenges. Although PSNR and FID metrics provide insight into

the training stability of the generative model, they are inadequate to assess the rationality

of synthetic damage patterns due to substantial influences from variations in color and

brightness. Therefore, the assessment focus shifts to evaluating the DI prediction, along

with the quantification of the height and area of concrete spalling.
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4.4.2 Quantitative Evaluation

In order to rigorously assess the influence of condition type, loss function, and im-

age resolution, various training configurations are established. To explain the impact of

condition type, the initial control of the generator is attempted through the modulation of

column design parameters along with the DI. This configuration is designated as the base-

line for comparative analysis. Conversely, the latent feature derived from the HysGRU,

trained with the Exp4 configuration in Section specified in 4.2.1, is used to establish the

improvement of latent feature conditioning. Also, in this study, we also endeavor to eva-

lute the influence of end-to-end training and adversarial training. In adopting end-to-end

training, the discriminator is eliminated, enabling a direct end-to-end training approach.

In this configuration, the conditioning parameters are fed directly into the generator to

synthesize the corresponding images. The MSE between the generated images and the

ground truth is then computed to optimize the model weights. For adversarial training, we

compared the optimization results for different loss functions, including SGAN, RSGAN,

and RaSGAN. Detailed loss functions for adversarial training are delineated in Section

3.3.

Table 4.5: Experiments for HysGAN with different training configurations with various
condition types, loss functions, and image resolution.

ID Condition
Type

Training
Approach

Image
Resolution

Exp1 Column Design Parameters+DI End-to-End 128
Exp2 Latent Feature End-to-End 128
Exp3 Latent Feature SGAN 128
Exp4 Latent Feature RSGAN 128
Exp5 Latent Feature RaSGAN 128
Exp6 Latent Feature SGAN 512
Exp7 Latent Feature RaSGAN 512

Table 4.6 presents the calculated PSNR, SSIM, FID andR2 for HysGAN trained with
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various training configurations. In alignment with the database configuration described in

Section 2.2, the training, validation, and test datasets correspond to different experimental

scenarios. Specifically, the training, validation, and test datasets comprise data exhibit-

ing observed column designs and conditions, observed column designs with unobserved

conditions, and unobserved column designs with unobserved conditions, respectively. A

comparative analysis between Exp1 and Exp2 reveals that the incorporation of latent fea-

tures as conditional input significantly enhances training stability and generalizability. For

the evaluationmetrics, the PSNR and SSIM exhibit significant improvements, and the FID

demonstrates a marked reduction. The phenomenon indicates an enhanced similarity and

diminished noise levels in the synthetic training data compared to the authentic training

data. Furthermore, the marked improvement in theR2 score suggests that conditioning on

latent features substantially enhances the generalizability of HysGAN.

In Exp3, we employed the SGAN loss function to implement the adversarial training

protocol. In comparison to the results obtained in Exp2 and Exp3, a direct end-to-end train-

ing approach demonstrates superior performance in both training and validation datasets.

This can be attributed to the fact that the damage patterns within these datasets are derived

from identical cyclic loading tests. However, with regard to the testing dataset, the damage

patterns originate from previously unobserved cyclic loading tests, which results in subop-

timal performance when employing end-to-end training methods. The implementation of

adversarial training enables HysGAN to accurately predict the decent damage patterns for

previously unexamined column designs. Through the experiments Exp3, Exp4, and Exp5,

various adversarial losses were evaluated. It is evident that the utilization of the relativis-

tic discriminator enhances stability and quality during the training, validation, and testing

phases, as indicated by the improvements in all metrics. In comparison to the RSGAN and
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RaSGAN loss functions, it is noticeable that the performance metrics on the training and

validation datasets exhibit similarity. However, the integration of RaSGAN manifests a

marked enhancement in the R2 value when evaluated in the test dataset.

Moreover, it is apparent that damage patterns captured at higher image resolutions

can provide a more detailed depiction of bridge column damage. Nevertheless, adversarial

training at higher resolutions frequently encounters the issue of mode collapse. Mode

collapse refers to a phenomenon wherein the generator produces a singular pattern that

consistently deceives the discriminator. Compared with the outcomes obtained from Exp6

and Exp7, it is evident that both SSIM and FID metrics exhibit substantial improvement

when employing a relativistic discriminator. This observation suggests that the application

of the relativistic loss function significantly enhances the stability of the training process at

elevated image resolutions. Ultimately, it can been observed that, under identical training

parameters, an increase in image resolution enhances the precision of DI estimation. This

enhancement can be attributed to the higher level of detail provided by higher resolution

images, which more accurately depict damage phenomena such as rebar buckling, rebar

fractures, and other damage scenarios.

Table 4.6: Performance metrics for multiple loss functions and image sizes across train-
ing, validation, and test datasets. Metrics include PSNR, SSIM, FID, and R2. Noted
that the HysGAN demonstrates variations in the generation of damage patterns within the
test dataset under diverse environmental conditions when compared to the ground truth,
thereby necessitating the exclusive presentation of the R2 metric.

ID Training Validation Test
PSNR↑ SSIM ↑ FID ↓ R2 ↑ PSNR↑ SSIM ↑ FID ↓ R2 ↑ R2 ↑

Exp1 23.80 0.88 45.69 0.85 21.31 0.80 61.98 0.87 0.37
Exp2 45.30 0.99 4.86 0.97 20.87 0.79 58.93 0.78 0.63
Exp3 18.82 0.81 68.52 0.82 19.35 0.73 97.40 0.68 0.66
Exp4 20.58 0.85 25.19 0.93 18.24 0.72 65.09 0.74 0.72
Exp5 18.17 0.80 36.32 0.92 16.14 0.67 77.40 0.71 0.84
Exp6 22.21 0.68 71.21 0.94 18.47 0.56 113.42 0.87 0.83
Exp7 20.93 0.79 37.31 0.98 17.82 0.64 82.53 0.92 0.92
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4.4.3 Qualitative Evaluation

Figure 4.12 presents the generation results with image resolution 128×128 under dif-

ferent conditions and the configurations of the loss function. The initial row shows the six

distinct damage patterns from the training, validation, and testing datasets. Subsequently,

from the second row to the final row, the table delineates the generated outcomes from

HysGAN utilizing training configurations Exp1 through Exp5.

Initially, an examination of the second and third rows reveals that the integration

of latent features can substantially enhance the image quality of the forecasted damage

patterns. The damage patterns predicted in the second row utilize the column feature and

DI as conditioning variables, leading to images of diminished clarity. Additionally, in the

context of testing data featuring unobserved column designs, it is evident that end-to-end

training methodologies fail to produce damage patterns consistent with the ground truth.

Specifically, discrepancies are notable in the concrete spalling area and height.

By comparing the results from Ex1 to Exp2 and from Exp3 to Exp5, it can be ob-

served that implementing the adversarial training process significantly enhances the gen-

eralizability of HysGAN, enabling it to predict the approximate damage patterns from the

unobserved condition vector and column design, which correspond to validation data and

testing data. By examining the comparison of three forms of adversarial loss, as illus-

trated in the final three rows, it is evident that the image quality, along with the predicted

concrete area and height from Exp5, exhibits the closest similarity to the damage patterns

derived from ground truth in training, validation and testing datasets.

Figure 4.13 illustrates the damage patterns synthesized by HysGAN using the Exp5

through Exp7 configurations. As demonstrated in the figure, the synthesized damage pat-
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terns exhibit an elevated level of detail in representing the damage conditions, including

features such as fractured rebar and cracks. When contrasted with the generated outcomes

from Exp6 and Exp7, no discernible differences are observed. This similarity suggests

that the improvements made in the Exp7 configuration did not significantly enhance the

visual quality of the damage patterns compared to Exp6. Nevertheless, based on the quan-

titative results described in the previous section, we advocate the utilization of HysGAN

configured with latent feature conditioning, RaSGAN loss, and an image resolution of

512 × 512. This configuration was found to provide the best balance between computa-

tional efficiency and the accuracy of the synthesized damage patterns. The use of RaS-

GAN loss contributes to stabilizing the training process and improving the overall realism

of the generated images by minimizing the discrepancy between real and synthetic sam-

ples. Furthermore, the high-resolution output ensures that even the smallest damage fea-

tures are accurately captured, which is critical for applications requiring precise damage

assessment.

Figure 4.14 illustrates the advanced damage assessment on the generative outcomes

derived from the proposed HysGAN, which incorporates RaSGAN loss with latent fea-

ture conditioning. The spalling regions within the synthetic damage patterns were seg-

mented utilizing the conventional computer vision methodologies described in Section

3.4. According to the grid size on the column surface, we can transfer the spalling height

to centimeters. It can be observed that regardless of the resolution of the image, HysGAN

is capable of predicting plausible damage patterns that correlate with real-world damage

scenarios. Higher resolution damage patterns provide a more comprehensive description,

such as the fracture and buckle of the longitudinal rebars. This demonstrates the ability of

the proposed generative model to effectively process images at a resolution of 512× 512.
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Furthermore, the generation of high-resolution damage patterns improves the accuracy of

the DI prediction network by providing enhanced detail, allowing a more precise assess-

ment of the DI through visual images and column structural design. This phenomenon can

be observed in all the six examples presented in the figure. Under scenarios featuring the

observed column design, the proposed HysGAN demonstrates the capability to generate

damage patterns nearly indistinguishable from the ground truth. Consequently, the pre-

dicted spalling area and height align closely with the ground truth observations. However,

it is evident that the synthetic results with a resolution of 128× 128 exhibit limitations in

accurately predicting the corresponding DI.

For the validation dataset, the proposed HysGAN has considered the column design

but has not accounted for the latent features extracted from the corresponding drift ratio

step during training. The proposed HysGAN demonstrates the capability to predict the

unseen drift ratio step by integrating information derived from hysteresis loops. From the

prediction in the fourth row of Figure 4.14, it is evident that, although the damage patterns

differ, the predicted spalling area and height closely approximate the ground truth. On

the other hand, for test datasets comprising unobserved column designs, the proposed

methodology remains proficient in generating plausible damage patterns, although not

entirely consistent with the ground truth. The findings underscore the method capacity

to precisely synthesize damage profiles, particularly with regard to the height and area of

concrete spalling, as well as in the accurate prognostication of the DI.
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Figure 4.12: Generated damage patterns at an image resolution 128× 128 under varying
conditions and diverse loss function configurations. From top to bottom rows correspond-
ing to the ground truth and Exp1 through Exp5, respectively.
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Figure 4.13: Generated damage patterns for HysGAN with Exp5 to Exp7 configurations.
Noted that the HysGAN incorporating latent feature conditioning, RaSGAN loss, and a
512× 512 image resolution exhibits superior performance.
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Figure 4.14: Rigorous assessment of the generative outcomes produced by HysGAN,
which integrates RaSGAN and conditional latent features, at image resolutions of 128 ×
128 and 512 × 512, focusing on the prediction of Damage Index (DI), concrete spalling
height, and spalling area.
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Chapter 5 Conclusion

5.1 Summary

This study presents an innovative prognostic framework leveraging deep learning

methodologies to evaluate the hysteretic response, damage distributions, and overall struc-

tural performance of RC bridge columns. The proposed hysteresis loop prediction net-

work, HysGRU, is capable of accurately predicting hysteresis behaviors for all types of

bridge failure, especially flexural failure. In addition to modeling the hysteretic behavior,

the proposed damage patterns generative model, HysGAN, demonstrates the capability to

predict corresponding damage patterns across all drift ratio stages within the hysteresis

loops, thereby facilitating a comprehensive understanding of the damage mechanisms of

bridge columns. Furthermore, we introduce a damage index (DI) prediction network de-

signed to evaluate structural performance by utilizing visual imagery alongside column de-

sign parameters. Leveraging the proposed HysGRU and HysGAN models, engineers can

predict seismic hysteretic behaviors and corresponding damage patterns based on spec-

ified column design parameters and selected drift ratios, allowing for a more efficient

assessment of seismic design and structural capacity.

The significant conclusions derived from the study are enumerated as follows.
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1. The proposedHysGRUcan successfully predict the hysteretic behavior of RC bridge

column for all the training configurations, resulting in more than 40% reduction in

RMSE.

2. By integrating simulation results and applying normalization techniques during the

prediction of hysteresis loops, HysGRU attains an RMSE of 31.51 kN, representing

an approximately 35% reduction relative to the baseline model.

3. The proposed damage index (DI) prediction network presents the ability to quantify

the structural damage by the damage patterns and column design parameters.

4. The proposed HysGAN demonstrates the capability to predict damage patterns by

effectively utilizing the latent features extracted from the pre-trained HysGRU,

thereby facilitating a comprehensive understanding of the damage mechanisms in

bridge columns.

5. The HysGAN trained with latent feature condition, RaSGAN loss, and a image

resolution 512 × 512 has the optimal performance, achieving R2 score 0.98, 0.92,

and 0.92 for the generation of training, valdiation, and test data in the damage pattern

database.

6. Extensive experimental results have demonstrated that the integration of latent fea-

tures within HysGAN significantly enhances the image quality and generalizability

in predicting damage patterns for unobserved column designs.

In future applications, engineers can access the simulated hysteresis loops by being

provided the 17 column features, which encompass material properties, section configura-

tions, and analysis outcomes utilizing theMander confined concrete model. Subsequently,

66



doi:10.6342/NTU202402878

by integrating the simulation outcomes, the proposed HysGRU effectively bridges the

discrepancy between simulated and experimental results, thereby accurately predicting

the hysteresis loops. During the predictive phase, engineers may specify the drift ratio

and employ the latent features as conditioning variables for HysGAN. The proposed Hys-

GAN proficiently anticipates the associated damage patterns corresponding to the spec-

ified drift ratio and column configuration. By employing the proposed framework, en-

gineers are able to rigorously evaluate the hysteretic response and thoroughly assess the

damage mechanisms inherent in the designed bridge columns, leading to more efficient

evaluation of seismic design and capacity.

5.2 Limitation and Future Work

As an innovative investigation into the development of a failure prognostic frame-

work for RC bridge columns, the subsequent discussions delineate the potential limita-

tions that require consideration in future research endeavors. We illustrate the limitations

through the analysis of two principal tasks, namely the prediction of hysteresis loops and

the generation of damage patterns.

• Hysteresis Loop Prediction

1. The databasemainly comprises bridge columns exhibiting flexural failuremech-

anisms, while data related to columns experiencing flexural-shear and shear

failures remain insufficient. Expanding the hysteresis database is imperative

to enhance the generalizability of HysGRU.

2. The current simulation framework primarily takes into account material prop-

erties and column geometry. Incorporating a more comprehensive integrated
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simulation approach that encompasses a broader range of parameters has the

potential to markedly improve the efficacy and predictive accuracy of Hys-

GRU.

3. The proposed HysGRU model demonstrates a robust capability in accurately

predicting the hysteretic behavior of bridge columns. Nevertheless, it is im-

perative to undertake a more detailed examination of hysteresis loops to thor-

oughly assess the seismic characteristics of these columns. In future inves-

tigations, the identification of these characteristics during the hysteresis loop

prediction may substantially enhance the efficiency of subsequent structural

analyses.

• Damage Pattern Generation

1. The currently compiled damage patterns, derived solely from the six column

specimens, necessitate the expansion of the damage pattern database to encom-

pass a broader spectrum of column designs, failure modes, and configurations.

2. The proposed HysGAN is able to to forecast the fialure patterns of RC brdige

columns. However, the capability only validate on the bridges with flexural

failure. In future study, it is imperative to incorporate bridge columns exhibit-

ing flexural-shear and shear failure mechanisms to more comprehensively as-

sess the model performance.

3. In this study, the analysis is confined to the assessment of damage on surfaces

oriented parallel to the direction of the applied force, given that the bridge

specimens exhibit flexural failure mechanisms. Nonetheless, due to the com-

plexity of the failure mechanisms, it is necessary to extend the data representa-

tion into three-dimensional space to model more intricate and realistic damage
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scenarios.

4. In practical scenarios, the fracture of longitudinal reinforcements and the dis-

placement of hoop and tie rebars are of greater significance compared to con-

crete spalling. These critical aspects can bemore effectively addressed through

the utilization of three-dimensional data that encompasses a more comprehen-

sive depiction of damage scenarios.
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