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I. Research Background and Significance

The safe service of major engineering structures under long-term and hazard
loads is becoming increasingly critical.

Civil engineering |Early service Staﬁe Essentially |Mid-service Stagle Minor |Late service stage
structures intact damage

Civil structures under long-term loading are essentially time-varying and
nonlinear structural systems.
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Wuhu Yangtze River Second Highway
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The 1,622 m main bridge is a five-span,

separated-steel-box-girder cable-stayed

bridge with split-column towers and four
cable planes It adopts a fully floating

the tow
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Ma'anshan Yangtze River Highway Bridge - Left-
ceeenenanRel Suspension Bridge |
The left-channel main bridge adopts a three-
tower, two-span suspension scheme with a span
arrangement of 360+2*1080+360) m. The
middle tower uses a non-floating structural
system and a steel-concrete composite tower.
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Wangdong Yangtze River Highway Bridge
The most convenient Yangtze River crossing
on National Expressway G35. The 1,250 m
main bridge is a two-tower, double-cable-
plane, semi-floating cable-stayed bridge with
a 638 m main span and a span arrangement
of (78+228+638+228+78) m.

emen?a?fé‘%ﬁa ﬂ)grnBuilding Structural Health Monitoring Systems for Long-Span Highway Bridges states

clearly that the construction of structural health monitoring systems for long-span bridges is an important measure for
promoting the high-quality development of bridges, an essential component of new infrastructure development, a key
means of ensuring the safety and durability of long-span bridges, and an important approach to improving scientific

bridge maintenance and management.
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Design value: stiffening girder = o NN .._M Design value: main cable = 10.1

Key challenges remain in both theory and practice, including reliable structural sensing, accurate and credible

measured data, the gap between data mining and engineering applications, and the unclear evolution of




—— o o e O o e e e e e e e e e e e e e e e e e = =
Sl?ﬂiﬁ@am ter estimation for
probabilistic models of nonlinear bridge

_____ structures_ _ _ _ _ _

i1 Data-driven structural |

; dynamic response !

g !

| & 0 :

;;g I

: ! 1

B :

I 0 5 10 15 20 25 30 1

.1 -
______________ A
: GPRsurrogate | : GAN 1
| |
: (b)0.1 mO(.lel 1 : @ ' !
= 1 L0 |- -~ Valitetion Loss, : 1 1
: & g I : . % Bes point ] I
: "3: 0.01 ) T : : 05 L .JuM:':'-u 1
1 E it _ : 1 I""!a--*-w»;w.._ el Ilig"‘—"[\-"'j"'\- :

I —0 L I 00 | - o o e T

: b1 Rea1 90 pels 01 : : ] 100 poch 200 300 :
I ot ps L
: Probabilistic model parameter estimation
1120 ; 120 ; ; 120 : : — |
| 80 |
|
: 40 1
|
: ’ !

I. Research Background and

=

Effects of multi-source

Computational
unce ll'taintv

Sampling
method

! uncertainty on probabilistic
imodel parameter estimation

el
/7 sip Conet

A Dewse Camection

Sample
size

Model
uncertainty

thn

Dense Block

i

via r S L
Transition | Dense Block J'l ransition Dense Block

|

N 5
Transition | | | || |3
5 |8

£
@

3
:

S

-4

Compression Path

Measurement
uncertainty

Reconstruction Path

,Shaking-table validation using a!
steel-concrete composite bridge!

tower
[ e " iR EEE £ Steel 01 Steel 02
T . Sl
=i f
I
_x _______ ;
: E £l
£l & 7
- <
:: . ,
: Strain Steain
..x....
! - Conerete 02
-
¢
sl
| :
| gl
e )
£
£l :
rj: g
- ! t’,[-'.\t:ilxltim'l
7 i 3
g ~g-
il &
s | L §o JWWMW
A E 3
| vy U
nz@l { | ; {.ﬁ I ]
v e k) 0
oL Time(s)



II. Data-Driven Parameter Estimation

for Probabilistic Models of Nonlinear
Bridge Structures




II. Data-Driven Parameter Estimation for Probabilistic Models of Nonlinear
Structures

Existin

| Accurate structural parameter estimation under SHM, reliability analysis, and r1sk:
|
|

o yassessment, and directly affects response prediction and safety evaluation. Traditional :
| |
Issues Iapproaches rely on high-fidelity physical models and extensive measured data, leading to high |

I
.computatlonal cost and limited performance for high-dimensional, nonlinear, and complex !

GPR-GAN probabilistic model parameter-
, Replaces costly finite-element

1 . . .
 analysis with an efficient parameter-
|

YO IONIO 1_to-response surrogate. |

estimation method
GPR-GAN integrates a GPR-based

forward surrogate into an improved GAN

Generative Adversarial Network (GAN)

|
|
|
Enables rapid response-to- :
I
|
|

d
Solution

representation with efficient response

prediction to achieve accurate parameter

parameter inversion by learning

|

|

|

|

|

|

|

|

| . . .
 framework, combining generative
|

|

|

|

|

: estimation for complex nonlinear
|

structural parameter distributions.
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GPR-GAN Model Architecture

The Generator G

~ . Paramcters
L

& o |
5 - 4 |
Structural >/ ‘ | L
Responscs // i
T \ /

TR/ T

/

|___________________________________________'I
I e e eI =, —i |
T
T~
=3 I
| ~
I - = - T~ - . ]Eesllap;\ ~ I:‘eshaple Las;—Reshape |
: P ayer ~ ayer ayer
I oot Low-dimensional /f Dense\ / Dense // ~ y i |‘_
P Features //,/ Block 1 Block 3 ¢ Disruption ‘/ Disruplion IDbisruption / L
| : N 4 /\_ ., Estimated
| Convolution N\ (Com‘olution Convolution Convolution  Convolution Convolution Convolution  Fully Connected
+ + + + + + " Lav
| Leaky RuLU Leaky RuLU Leaky RuLU Lesky RuLU  Leaky RuLU  Leaky RuLU o
S e e W = e e S T e e e e e S e e e e e ]
A
X :
X Estimated
\ Paramcters
\

Dense Block

I
’_—I/ ];espunses I
I

\
|
|
\
‘ Input
\
\
\
\

L

Output e e e e e e e e e e e e e i
Features Features
Convolutional onvolutional (.'nnvu!uﬁ;mal ' C“';‘;":l:i:“"'l Validation
Layer 1 Layer 2 Layer 3 -y Responses
e
/ \ Skip Connection
- " """ """ """ ""”"-""”""""”"""”"/~—"7”"¥—/ /W /07— = Mixed
Responses
The Discriminator D v

Input Cutput

1 I 4.> Diserimination
7 e L Results

Muti-Channel Loss of the Generator

Structural Response

Convolution  Convolution  Convolution  Convolution Convolution
+

+ + + +
Leaky RuLU Leaky RuLU Leaky RuLU Leaky RuLU Sigmoid

—
—

Loss of the Discriminator




II. Data-Driven Parameter Estimation for Probabilistic Models of Nonlinear

raavaple:robabilistic Model Parameter Estimation for a ’lhree-Tower Cable Stayed Brldge

350 e 550

€695 180

18— 605> 550 m main span, and a totallength of 1,599 m. It 1S
supported by main towers 3-5, auxiliary piers 2 and

Cable1-22 Cable23~44 Cahle67~88 Cable89-110 : Cablel11~-132

Acceleration response at the top of the middle
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III. Effects of Multi-Source Uncertainty on Parameter Estimation

Existing Issues Proposed Solution
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IIL. Effects of Multi-Source Uncertainty on Parameter

Influence of Sample Size on Parameter Estimation

Number of sampling Number of sample

To study the effect Bpjﬂl§§pling—point number on GPR-GAN is trained u@AQUBS (Case 1), 300 (Case
estimation accuracy and computational time, 64 (Case 2), and 500 (Case 3) sample groups, with each
1), 256 (Case 2), and 1024 (Case 3) acceleration- acceleration-response sample containing 256 sampling
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The results show that GPR-GAN can still capture the
nonlinear information and distributional features
embedded in structural parameters and responses with

Increasing sample size improves prediction accuracy and
stability, but also increases computational burden. A
reasonable sample-group size improves training stability

fewer sampling points. However, increasing the number and model generalization while reducing cost under the

of sampling points is necessary and effective for
improving estimation accuracy and  reducing

required estimation accuracy.



Effect of sampling strategy on probabilistic model parameter estimation

Three hundred samples are generated in the parameter space using PRS (Case 1), LHS (Case 2), and Sobol sequence
sampling (Case 3), respectively. To isolate the influence of each method and ensure independent analysis, GPR-GAN and its
embedded GPRmodel are trained with samples generated by the same sampling strategy.
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III. Effects of Multi-Source Uncertainty on Probabilistic Model Parameter

Estimation . , :
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III. Effects of Multi-Source Uncertainty on Parameter Estimation

Influence of Measurement Uncertainty on Parameter

|
|
'measurements. Beyond sensor thermal noise and analog-circuit electronic noise, it may include
|

:environmental disturbances, data-acquisition baseline shifts, temperature-humidity effects,
|

I . . . .

, synchronization errors, and drift errors. These errors propagate through structural responses into
|
|

 parameter estimation, potentially causing systematic bias, increased uncertainty, convergence

Noise type Engineering background

. . . Thermaland electronic noise in accelerometers, velocity sensors, strain
Gaussian white noise

gauges, and other electrical measurement devices

Pink noise Widely present in changing environmental backgrounds, wind loading,

and long-term foundation settlement

Red noise Can simulate low-frequency nonstationary processes such as sensor

zero drift and data-acquisition baseline variation

: Usually caused by rapid transients from electromagnetic interference,
Impulse noise

sensor jumps, or sampling-synchronization failures
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IV. Shaking-Table Validation Using a Steel-
Concrete Composite Bridge Tower




> IV. Shaking-Table Test of a Steel-Concrete Composite Bridge -

model consists of an upper steel tower column and a lower reinforced-concrete tower column. The 0.6 m
upper column uses Q420D high-strength steel to simulate the steel anchor-box region for cable
i_anchorage_in the grototy_pe the 14 m _lower column 1s relnforced concrete _with_ C6(0 _concrete,

.. i | sm-m. RAWSERENEL ﬁH"

Test Structure of the Steel-Concrete Composite Bridge

Material Parameters of trj;?ew§treel—C0ncrete Composite

Material Elastic modulus (Pa) Poisson's Ratio Density (kg/m3)

C60 3.67X10" 0.167 2500
Q420gD 2.1 X10" 0.3 7820




> IV. Shaking -Table Test of a Steel-Concrete Composite Bridge -

The nonlinear finite-element model of the steel-
concrete composite bridge tower 1s developed
in OpenSees using the geometry and material
parameters of the scaled shaking-table model.

|
installed on the test structure. Three |
displacement transducers (VI-V3) are placed at :
the tower top, the steel-concrete transition

|

Steel 02
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The response error decreases from 14.10% in the baseline case tc



Thank you for your attention.

A\ 4



	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26

