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System of Coupled Partial Models

Partial model :

Load 
+

Material 
+

Environmental 
conditions

+
...

Coupling 

Coupling 

Partial model 
Soil 

Partial model 
Construction 

Partial model 
Substructure 

Model complexity 
Model robustness 
Model sensitivity 

Model uncertainty 
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Why Evaluating Quality of Models?

Phenomenon creep: several models exist

Purely empirical models: GL2000

Semi-empirical: MC10, ACI209

Mostly physically based: B3

Rheological models: Bockhold, Heidolf

.....

Which model to choose?

,,As simple as possible, but not simpler?”
Albert Einstein
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Example of Poor Quality [Bažant 2010]

Collapse of Koror-Babeldaob Bridge in Palau

Strong underestimation of creep influence - inappropriate model

Failure due to creep deformation and resulting loss of
pretensioning

Concrete international / june 2010     45

length limitations, the details of the creep and shrinkage 
analyses cannot be presented here, but they can be found 
in a recent report,12 available at www.civil.northwestern.
edu/people/bazant/PDFs/Papers.

Main Characteristics of the Bridge
The KB Bridge comprised three spans. The main span 

consisted of two symmetric simultaneously erected 
cantilevers connected at midspan by a horizontally 
sliding hinge (Fig. 1(d)).1,5 Each cantilever contained 25 
cast-in-place segments of depths varying from 14.17 to 
3.66 m (46.5 to 12 ft) (Fig. 2). The segmental erection took 

Fig. 1: (a) KB Bridge, connecting Koror and Babeldaob Islands in 
the Republic of Palau; (b) collapse of KB Bridge; (c) excessive 
deflection of KB Bridge; and (d) erection of the cantilever box 
girders of KB Bridge

(a)

(b)

(c)

(d)

sag

about 6 to 7 months. The two end spans were partially 
filled with rock ballast to balance the moments from the 
cantilevers. 

The web thickness was 356 mm (14 in.)—unusually 
small compared to the girder depth. The thickness of the 
bottom slab varied from 1153 mm (45.4 in.) at the main 
piers to 178 mm (7 in.) at the midspan. The thickness of 
the top slab ranged from 432 mm (17 in.) at the main 
piers to 280 mm (11 in.) at the midspan. The top slab was 
covered by concrete overlay with an average thickness of 
76 mm (3 in.).

The prestress was generated by 32 mm (1.25 in.) 
diameter threaded alloy bars with 1030 MPa (150 ksi) 
nominal tensile strength. The bars were extended by 
couplers, anchored by nuts, and grouted in 47.6 mm (1.9 in.) 
diameter ducts. The jacking force for each tendon was 
about 0.60 MN (135 kips). The horizontal, longitudinal 
force above the pier, provided by 316 densely packed 
tendons in four layers within the top slab, was about 
190 MN (42,606 kips). Similar threaded bars were used to 
provide vertical prestress in the webs and horizontal 
transverse prestress in the top slab. The nonprestressed 
steel reinforcement was also taken into account in 
calculations. Despite the tropical marine environment, the 
post-collapse examination revealed no signs of significant 
corrosion of steel, prestressed or nonprestressed.

Creep and Shrinkage Models and 
Method of Analysis

For this study, creep and shrinkage were evaluated 
using the ACI,11 CEB (CEB-FIP or fib),14 JSCE,15 GL,16,17 and 
B318-20 models. The B3 model is the third and latest 
version of the theoretically based models developed at 
Northwestern University since 1978.21,22 The bridge was 
analyzed using the commercial finite element code 
ABAQUS, 23 a three-dimensional finite element system, 

Fig. 2: Main span cross sections (1 m = 3.28 ft) 

Bridge failure

Concrete international / june 2010     47

In Set 1, the compressive strength 
at 28 days is estimated as  fc′ = 35.9 MPa 
(5200 psi),3,5,7 according to the 
design. Based on the ACI empirical 
formula, Ec = 28.3 GPa (4110 ksi) at 
28 days. According to the concrete 
density discovered in core sample 
tests, the concrete mixture was 
assumed to have a cement content of 
700 lb/yd3 (415 kg/m3), an aggregate-
cement ratio of 4, and water-cement 
ratio (w/c) of 0.62. According to the 
B3 model, the corresponding Set 1 
input parameters are q1 = 0.146, 
q2 = 1.04, q3 = 0.045, q4 = 0.053, q5 =1.97 
(all × 10–6/psi); εk∞ = 0.0013; and kt = 19.2.

Set 2 parameters cannot be 
generated for the ACI, CEB, and GL 
models because their only free input 
parameter is the design strength  fc′, 
which is fixed. The aforementioned 
Set 1 parameters for B3 were adjusted 
for Set 2 as follows: q1 changed from 
0.146 to 0.188; q3 changed from 
0.045 to 0.262; and q4 changed from 
0.053 to 0.140 (all × 10–6/psi). Here q1 
is adjusted according to an Ec 
deduced from the truck load test, 
and parameters q3 and q4, which 
affect mainly the long-time creep, are 
obtained by optimizing the fit of the 
measured deflections. 

Subsequently, the corresponding 
compliance function J(t, t ′) for Set 2 
is generated (t  = current age, t ′ = age 
at loading). Checking the database,30 
this J(t , t ′) matches well the 10-year 

creep test data of Brooks31 (Fig. 4) 
(later extended to 30 years32) and is 
also close to the 18-year data of 
Russell and Burg and the 23-year 
data of Troxell et al.33 This agreement 
proves that Set 2 is realistic and that 
the excessive deflections are explicable.

Simulation Results and 
Model Comparisons

To ensure comparability, the 
computations for all five models were 
made with the same finite element 
model and the same step-by-step 
time integration algorithm. Figures 5 
and 6 show, both in linear and 
logarithmic scales, the deflection 
curves computed for the five models. 
The measured deflections, reported 

Fig. 4: B3 model using adjusted q3 and q4 
compared with the creep tests by Brooks 
(1 MPa = 145 psi)

Fig. 5: Calculated mean deflections by B3, ACI, CEB, JSCE, and GL models, plotted using 
normal and logarithmic time scales (1 m = 3.28 ft)

Fig. 6: Calculated mean deflections by B3, ACI, CEB, JSCE, and GL models, plotted using 
normal and logarithmic time scales and with time extended up to 150 years, assuming 
that no retrofit and no collapse have taken place (1 m = 3.28 ft)

by two independent investigating 
agencies, are plotted as the diamond 
points. As many bridges are now 
expected to last more than 100 years, 
Fig. 6 shows the same curves extended 
up to 150 years under the assumption 
that there has been no retrofit, in 
which case the bridge would not 
have collapsed.

Aside from deflection magnitudes, 
note the erroneous shapes of the 
deflection curves—particularly the 
errors in the final slope (the logarithmic 
scale is necessary to make these 
errors conspicuous, whereas linear 
scale plots, often favored by engineers, 
obfuscate these errors). These 
discrepancies indicate that something 
is fundamentally inadequate and 

Prognosis of displacements
for different creep models
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System of Coupled Partial Models

Partial model :

Load 
+

Material 
+

Environmental 
conditions

+
...

Coupling 

Coupling 

Partial model 
Soil 

Partial model 
Construction 

Partial model 
Substructure 

Model complexity 
Model robustness 
Model sensitivity 

Model uncertainty 

Coupling necessary? (Different Softwares, models, scales, ...)

Hem Bahadur Motra Evaluation Methods for Quality Prediction of Coupled Partial Models 5 / 75



Introduction Partial Model and Coupling Modeling Techniques Model Properties Stochastic Modeling Global Model Conclusions

Contents

1 Introduction

2 Partial Model and Coupling

3 Modeling Techniques

4 Model Properties

5 Stochastic Modeling

6 Global Model

7 Conclusions

Hem Bahadur Motra Evaluation Methods for Quality Prediction of Coupled Partial Models 6 / 75



Introduction Partial Model and Coupling Modeling Techniques Model Properties Stochastic Modeling Global Model Conclusions

Definition of Models

Models...

... should describe events in the physical world, deflection of a
structure, social developments

... are an abstraction from reality; never describe everything

... are designed for specific purposes

... often include simplifications

... are related to specific phenomena → partial models
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From Reality to Global and Partial Models

Partial model
Substructure

Partial model
Construction

Partial model
Soil

Global modelProject

The global model GM is the representation of the conceptual model
(observed system, event). The underlying behavior of a phenomenon
can be investigated more detailed, comprehensible, and comparable
for a specific question. As a consequence, a global model of a
structure consists in general of several partial models PMi .
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Ways for decomposition of a global model

regarding multidisciplinary
e.g. for example multi-physics concerning electricity and
magnetism

a functional differentiation
e.g. substructure, superstructure, foundation, soil . . .

the spatial alignment of the models
e.g. columns, beams, frames, . . .

the physical meaning of the components
e.g. material law, kinematic equations, . . .
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Coupling - Unidirectional

Definition of partial models coupling

Coupling is the process of transferring the information from
one partial model PMi to another.

Unidirectional coupling: exchange of data is allowed only one
way; output of PMi depends independent from PMi+1

Unidirectional: cannot describe iterative and interactive events

The Coupling is the process of transferring the information from one 

model to the others, or from one partial model (PM) to another. One 

could to introduce the hierarchy of coupling: one to one, one to many, 

many to many. 

The coupling process could be realized in different ways: 

 Data Transfer: output from PM1 is send to PM2, computation 

of PM2 is exclusive depended of the magnitude of the output of PM1, 

and output of PM1 is independent of the results of PM2. 

Example: CAD to FEM 

 

 Interaction: output of PM1 and/or PM2 affect each other, 

iteration steps are necessary to reach equilibrium condition in the 

coupling. 

Example: soil-structure interaction. 

 

positioning  

geom. representation 

PM1 
Geometry in IFC 

PM2 
Geometry in FEM 

Motivation Modellkopplung Qualitätsbewertung Fallstudie Zusammenfassung

Qualitätsbewertung

IFC-Viewer ANSYS

die Qualität für 65 primäre und 58 sekundäre Elemente ist:

Qualität = [0.9934,0.9975]

für 30xIPE200, 5xIPB200 und 30xIPB240 beträgt die Qualität:

Qualität = 0.9948

Toni Fröbel Modellkopplung: Modellierung und Qualitätsbewertung 15 / 16
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Bidirectional Coupling

Exchange of data is allowed both-way

Output of PMi and/or PMi+1 affect each other

Can be used to compute iterative and interactive facts,
iteration steps are necessary to reach equilibrium condition in
the coupling
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General Coupling Representation

1 unidirectional

2 bidirectional

3 via an additional partial model

4 via boundary conditions
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Example: Coupling Column-Foundation

 

ux 

 

uz 

ux
c,1= 0 

uz
c,1= 0 

c,1 = 0 

 

uc,A= 

 

1 1 

Nc,1
 

Vc,1 Mc,1 

1 1 
Nf,1 =Nc,1

 

 

Vf,1 =Vc,1 

 

Mf,1= Mc,1 

 

unidirectional 

coupling 

ux
f,1≠ 0 

uz
f,1≠ 0 

f,1 ≠ 0 

 

uc,A= 

 

simple  

soil model 

fixed support 

initial condition final condition 
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Example: Coupling Column-Foundation
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Challenges for Evaluation of Coupling

Important Questions

Do we already have adequate models for certain or all parts of
the physical event under consideration?

Does is make sense to decompose the event into several
conceptual models?

Is a coupling physically justified?

Do we have a certain overlap of the model domains?

What are the input and output parameters that have to be
coupled and how can we do so?
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Techniques
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Inverse Modeling

What is Inverse modeling?

Parameters are determined from measurements of model components
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Inverse Modeling - Example
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Model

What are the model parameters E , fy , and H for an optimal fit?
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Inverse Modeling - Example
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Inverse Modeling

Problems

Existence

Uniqueness

Data dependency of parameters

Measurements are sparse, incomplete, with errors

Inverse modeling techniques

Calibration

System identification

Regularization techniques

Bayesian Updating
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Stochastic Modeling

Stochastic modeling techniques

Statistical description of input parameters

Stochastic Finite Elements

Application in civil engineering

Reliability analysis

Tool to quantify model quality

Examples of techniques to improve computational performance

Response Surface Methods

Latin Hypercube Sampling
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Multiscale Modeling

Simulates structures’ behavior over different spatial-temporal scales

[Wudtke
2012]
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Concurrent Multiscale Modeling

Techniques to do it

Important subdomains are modeled extensively

The rest of the domain is just coarsely approximated

Techniques Inverse Stochastic Multiscale Adaptive

CONCURRENT MULTISCALE MODELING Bauhaus-Universität Weimar

How does it works?
Important subdomains are modeled extensively
The rest of the domain is just coarsely approximated

De Aguinaga & Shahram 8 / 12
[Ghorashi2012]
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Hierarchical Multiscale Modeling

Idea: Different scales are modeled and the finer scaled parameter
results are translated to the upper scale

Reference Volume Element to gain a representative model

Homogenization methods to relate different scales

Application: integrated computational materials engineering;
knowledge at finer scale is used at coarser scale

[Wudtke2012]
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Adaptive Modeling

For what it is used for?

To reduce and control numerical or model errors

How does it works?

By modifying...

Model

Mesh

Order of approximation

Time steps

Other numerical algorithm features

... depending on a specified error limit using error estimators

Hem Bahadur Motra Evaluation Methods for Quality Prediction of Coupled Partial Models 23 / 75



Introduction Partial Model and Coupling Modeling Techniques Model Properties Stochastic Modeling Global Model Conclusions

Adaptive Modeling - Example

Adaptivity for geometric non-linear kinematics [Nikulla2012]

Error estimation of geometric linear models

Results of first load steps were used to estimate error for larger load
steps

In case of large error switch to non-linear model

1.4 INTRODUCTORY STUDIES 9

This procedure can be applied either to a non-linear Lagrange or Co-rotational formulation as a
complex model.

Several examples are investigated to test the proposed procedure. The structural systems that
are chosen for this purpose are comparably small. So for comparison, a full geometrical non-linear
calculation can be realised with reasonable effort. Figure 1.3 shows an example composed of truss
elements. It can be seen that the approximated non-linear energy is a good estimate of the real
value. In this case the proposed method seems to be reliable.
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Figure 1.3.: Prediction of internal energy for a cantilever composed of truss elements

In a second step, two beam structures, fig. 1.4, are investigated. The first one is a simple
supported beam loaded in the mid-span, a deformation-insensitive structure. The second one is
comparable with the 2nd Euler case. A slight imperfection is introduced so that instead of a sta-
bility problem, a geometrically non-linear stress problem can be studied. More details concerning
geometry and material data for the truss and beam structures can be found in section 4.2. Both
structural systems composed of beams reveal the weaknesses of the proposed method. For the
bending beam, the approximation leads to an overestimation of the non-linear energy. Using this
information for an adaptive process would lead to the shift in the kinematical model, which is obvi-
ously not necessary. The opposite can be observed for the Euler beam. Here the approximation of

Geometry and loading of truss
element
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In a second step, two beam structures, fig. 1.4, are investigated. The first one is a simple
supported beam loaded in the mid-span, a deformation-insensitive structure. The second one is
comparable with the 2nd Euler case. A slight imperfection is introduced so that instead of a sta-
bility problem, a geometrically non-linear stress problem can be studied. More details concerning
geometry and material data for the truss and beam structures can be found in section 4.2. Both
structural systems composed of beams reveal the weaknesses of the proposed method. For the
bending beam, the approximation leads to an overestimation of the non-linear energy. Using this
information for an adaptive process would lead to the shift in the kinematical model, which is obvi-
ously not necessary. The opposite can be observed for the Euler beam. Here the approximation of

Internal energy of system depending
on load step
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Model Properties

Main model properties

Complexity

Uncertainty

Reliability

Sensitivity

Robustness

Risk
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What is Complexity?

Complexus

= Twisted together, Embraced, Entwined, ...

The definition implies that for a complex...

At least two parts are required.

The parts should be connected together in a way that it is
difficult to separate them.

There comes the difficulty!

A composite structure of distinct but connected parts where the
response of one part affects the response of the other parts
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How to measure complexity?

Not a general measure yet...

Although many measures of complexity are available for different
scientific contexts, no measure is yet proposed that could be
applied to a wide range of systems.

There are still some hopes!

We consider a system as more complex than the other if...

more components can be distinguished
or

more connections exist between the components
or

the components/connections are more complex
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Example: Rheological Creep Models
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Rheological creep model according to Heidolf - high complexity
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What is Uncertainty?

Definition:

Lack of complete certainty, when more than one possibility
exists
i.e. the true outcome/state is not known

We use the term to describe our incomplete knowledge

Where does it stem from?

Wherever our knowledge is incomplete!

Science underlying a model

Model parameters

Input data

Measured data (Observation error)

Code uncertainty
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Sources of Uncertainty: A Categorization

Model Framework Uncertainty

Uncertainty in the underlying science and algorithms

Lack of knowledge about the behavior

Simplifications

Model Niche Uncertainty

Misapplication of the model

Application of the model outside the expected system

Combining models with different spatial/temporal scales
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Sources of Uncertainty: A Categorization

Model Input Uncertainty

Resulting from:

Data measurement errors

Inconsistencies between measured and input data

Parameter value uncertainty

They have different sources, i.e. either they arise from:

Measurement errors

Analytical imprecision

Limited sample size

or

Stochasticity / inherent randomness
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Uncertainty of model response

Parameter- and model uncertainty

Uncertainty depending on model complexity
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Uncertainty: Final Remarks

How to deal with uncertainty?

For a model response Y

Coefficient of variation CVY

Standard deviation σY

are used to quantify the uncertainty of the prediction

Model uncertainty allows for a deterministic interpretation as
model error. But...
Parameter uncertainty can only be defined in the framework of
stochastic analysis.
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Reliability

Definition

Reliability denotes the probability that a response of structure
does not exceed a certain failure limit within its ”life-time”
taking into account all uncertainties that influence the
structural behavior

Reliability ...

...is a probability - failure is regarded as a random
phenomenon

...is predicated on ”intended purpose”, e.g. operation without
failure

...applies to a specified period of time

...is restricted to operation under stated conditions
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Reliability Z = P(S < R)

[Bucher 2009]

[Schneider 1994]
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Sensitivity - Definitions [Saltelli et al. 2008]

Goal

Investigate influence of input parameters on model output

Stochastic sense: Study of how the variation in the output can
be apportioned to different sources of variation in the input

Outcome and Benefit

Parameter fixing (PF): parameters with low sensitivity can
be considered as deterministic - reduction of complexity

Parameter prioritization (PP): key model parameters are
identified - become target of further investigations

Parameter mapping (PM): it is found out which parameter
variation leads to an excess of a certain limit

Help for the understanding of the model
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Robustness in Structural Engineering

Structural Robustness

A structure shall be designed and
executed in such a way that it
will not be damaged by events
such as explosion, impact and the
consequences of human errors, to
an extent disproportionate to the
original cause.

Model Robustness

Ability of a model to give
plausible answers in a wide
range of input parameters

Small variations in the
model response by
stochastic input parameters
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Model Robustness

For example: Taguchi Robustness

T = 10 · log10

(
σ−2
Y

)

with: σY - standard deviation of model response
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Risk in Structural Engineering

Most of the structural engineers think...

... that a structure is free of risk, if the design of all the structural
members is done. But that is not right.

Risk...

... is the effect of uncertainty on objectives.

risk = consequences × probability

R(x) = C (x)× P(x)

Consequences are often described by costs

Decreasing risk leads to increasing construction costs
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Example for Risk

Risk ...

... is the effect of uncertainty on objectives.

risk = consequences × probability

Risk is not ...

... that an earthquake occurs.

This is only a probability.

Risk is ...

... that an earthquake occurs and you stay in a building which
cannot resist the load and fails.

Then you have the probability of the earthquake and the
consequences of the failure.
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Stochastic Modeling

Modeling technique: stochastic modeling
Criterion: model uncertainty
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Stochastic Modeling: Why?

The world is random, not deterministic

Material parameters, loading, environmental parameters, and
geometrical properties are uncertain input

My model is not reality → it’s uncertain
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Stochastic Modeling: Why?

How does the randomness of input effect my output?

Uncertain input leads to an uncertain output

The degree of uncertainty of the prediction steers directly the
belief in the model and the results

What to do?

Quantify the uncertainty of the model prediction

Consider uncertainty in the evaluation of the design of
structures
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Stochastic Modeling: How?

Analytical solution

Exist for well defined models or equations

Are not applicable to numerical models, complex models etc.

Monte Carlo simulation

Numerical approximation of probability space

MC simulations are possible for all deterministic models
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Monte Carlo

Main idea

Approximate continuous probability density function (PDF)
with discrete samples from the PDF

Continuous: E [f (x)] =
∫∞
−∞ f (x) p (f (x))

MC: Ê [f (x)] = 1
N

∑N
i=1 f (x)

MC: σ̂2 [f (x)] = 1
N

∑N
i=1

(
f (x)− Ê [f (x)]

)2

N is the number of total samples

f (x) is a function depending on input x
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Monte Carlo

Generate N random numbers (samples) between 0 and 1

Numbers are equivalent to values of cumulative distribution
function (CDF)

Calculate parameter sample x i using the inverse CDF
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Monte Carlo

Sample fy from distribution N (240, 24)

sample CDFi fy i

1 0.41 234.4
2 0.63 247.8
3 0.19 219.3
· · · · · · · · ·
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Parameter Results

sample CDFi fy i Ê [fy ] σ̂ [fy ] σ̂2 [fy ]

1 0.41 234.4

240.2 24.8 161.6
2 0.63 247.8
3 0.19 219.3
· · · · · · · · ·
100 0.94 278.2
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Next Steps

Generate N samples for all stochastic input parameters

If necessary, consider correlation

Run model N-times for all parameter combinations

Evaluate samples of model output

Sufficient number of samples required to calculate reliable
stochastic properties - might be computational expensive
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Model Results

Model Y is calculated for 10 samples
(usually too low!!!)

Response values for ε = 0.0013:

sample fy i E i Y i

1 220 207600 220
2 222 252070 222
3 240 228160 239
4 287 201210 241
5 194 211400 194
6 231 193520 231
7 253 187360 225
8 258 177400 213
9 266 217430 266

10 242 223010 242

Results: Ê [Y ] = 235, σ̂Y ,par = 21,
and σ̂2

Y ,par = 439
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Model Results

Evaluate scatter of response

Measures: standard deviation σY or coefficient of variation
CV =

σy
E [Y ]
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Model Results

Evaluate scatter of response

Measures: standard deviation σY or coefficient of variation
CV =

σy
E [Y ]
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Adding Model Uncertainty

Model Uncertainty

Represents general error/misprediction of model

Expressed by standard deviation σmod or CVmod

Increases total uncertainty of prediction

Parameter and model uncertainty are combined by summation
of the variances or CV’s
σ2
Y ,tot = σ2

Y ,par + σ2
Y ,mod and CV 2

Y ,tot = CV 2
Y ,par + CV 2

Y ,mod

Total uncertainty can be used to evaluate models
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Model Quality

Model Quality

Model quality of model j can be directly related to the CV of
the prediction
MQj = min CVY

CVY ,j

Low uncertainty → good quality

High uncertainty → poor quality

In general...

More complex models have more uncertain (hard to identify)
parameters → higher parameter uncertainty

More complex models capture real behavior better → less
model uncertainty

Evaluation find the best compromise
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Application to Concrete Creep Models

Concrete creep models describe time-dependent increase in
compliance/deformation suspected to sustained loading

Many different approaches available

Creep phenomenon not totally understood → high uncertainty
in prediction

Characteristic time-dependent strains of concrete
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Parameter Uncertainty

Assignment of stochastic distribution of inputs considering
correlation, e.g. Young’s modulus and concrete strength

Monte Carlo analysis using Latin Hypercube Sampling

Resulting parameter uncertainty can be time-dependent
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Creep Model Uncertainty

Estimation of uncertainty CVZ ,cr from comparison of model
prediction to many different measurements

Decomposition of uncertainty [Madsen & Bažant 1983]

CV 2
Z ,cr = CV 2

mod,cr + CV 2
ε + CV 2

α

with: uncertainty of creep model CVmod,cr

measurement uncertainty CVε ≈ 0, 05

uncertainty of creep phanomenon CVα ≈ 0, 08

Creep model uncertainty

CVmod,cr =
√
CV 2

Z ,cr − CV 2
ε − CV 2

α
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Model Uncertainty in MC Simulations

Definition of model uncertainty factor Ψmod ,cr

Normal distribution of Ψmod,cr , mean value Ψmod,cr = 1

CVZ ,cr of models based on RILEM databank [Bažant & Li 2008]

model CVZ ,cr CVmod,cr

MC10 0,31 0,29
ACI209 0,39 0,37
B3 0,28 0,27
GL2000 0,28 0,27

Model uncertainty constant in time [Gardner 2004]

Multiplication with calculated creep compliance

Cmod,cr (t) = Ψmod,crCc (t)
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Model Quality

Total uncertainty

CVtot,cr (t) =
√
CV 2

par ,cr (t) + CV 2
mod,cr

Time-dependent quality of model j

MQcr ,j (t) =
min (CVtot,cr (t))

CVtot,cr ,j (t)

Total model quality

MQcr = c
N∑

i=1

MQcr (ti , t0)+MQcr (ti+1, t0)

2
[log (ti+1−t0)−log (ti−t0)]

with: c normalization constant
t0, ti and ti+1 time at loading, begin/end of time increment
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Example: Concrete C30/37

C30/37, t0 =28 d, td =7 d, V /S =0,05 m
stochastic input parameters

parameter E CV distribution

RH 65 % 0.04 normal
fc,28 38 MN/m2 0.06 log-normal
Ec0,28 31900 MN/m2 0.10 log-normal
Ecm,28 27150 MN/m2 0.15 log-normal
c 362 kg/m3 0.10 normal
w-c 0.47 0.10 normal
a-c 5.16 0.10 normal
f-a 0.5 0.10 normal
sl 38 cm 0.10 normal
a 0.015 0.20 normal
ks 1.15 0.05 normal
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Example: Concrete C30/37

Results of stochastic analysis

Different mean creep compliance Cc(t)

Large differences of the uncertainty of the prediction

Low time-dependency of uncertainty
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Example: Concrete C30/37

Model quality

Models B3 and GL2000 have highest quality

ACI209 has quality of 0.7 → high loss of quality

10
0

10
1

10
2

10
3

10
4

0.0

0.2

0.4

0.6

0.8

1.0

Load duration (t−t
0
) [d]

M
od

el
 q

ua
lit

y 
M

Q
cr

(t
) 

[−
]

 

 

MC10
ACI209
B3
GL2000

Model quality of creep prediction

Hem Bahadur Motra Evaluation Methods for Quality Prediction of Coupled Partial Models 60 / 75



Introduction Partial Model and Coupling Modeling Techniques Model Properties Stochastic Modeling Global Model Conclusions

Evaluation of Coupled Partial Models

Evaluation of individual partial models is done - what’s next?

Partial model :

Load 
+

Material 
+

Environmental 
conditions

+
...

Coupling 

Coupling 

Partial model 
Soil 

Partial model 
Construction 

Partial model 
Substructure 

Model complexity 
Model robustness 
Model sensitivity 

Model uncertainty 
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Evaluation of Coupled Partial Models

Evaluation of individual partial models is done - what’s next?

How to combine the individual qualities?

When combining PMs, are there interaction effects present?

What is the influence of coupling types on the prediction of
the global model?
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Evaluation Method for Coupled PM’s

Evaluation based on graph theory

Consideration of individual qualities of PMs

Consideration of influence of PM on global model response

2-step procedure
1 Identify influence of class of PM
2 Identify influence of quality (model choice) on output

Based on sensitivity studies

Assumption so far: perfect coupling
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Variance-Based Global Sensitivity Analysis

Sensitivity indices to quantify influence

First order index Si : exclusive influence of parameter Xi

[Sobol 1993]

Si =
V (E (Y |Xi ))

V (Y )
= 1− E (V (Y |Xi ))

V (Y )

Total effects index STi : influence of parameter Xi including
interactions with all other parameter X∼i [Homma et al. 1996]

STi = 1− V (E (Y |X∼i ))

V (Y )
=

E (V (Y |X∼i ))

V (Y )

Difference STi − Si is measure for interactions of input
parameters
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Influence of Partial Model

Method Step ¬

Each PM i is represented by an discrete random variable
Xi , i = 1, 2, 3

Xi =

{
0 PM non activated

1 PM activated

Sampling uncorrelated, uniformly distributed parameters Xi

Sensitivity analysis by Saltelli

Determine the influence of PM by sensitivity indices Si and
STi

Difference between Si (First Order Effects) and STi (Total
Effects) indicates the effect of coupled partial model
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Influence of Partial Model Quality

Method Step ­

Random variable control the model selection in each PM

XgeomNL =

{
1 P-∆

2 Geom. nonlinear

Sensitivity index STi ,Ms represent the influence of the model
selection ⇒High Index = quality of the PM is important

Model quality: MQGM =
ST
Ti ,Ms ×MQPM

Σ STi ,Ms
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Global Quality of Bridge Model

Hem Bahadur Motra Evaluation Methods for Quality Prediction of Coupled Partial Models 67 / 75



Introduction Partial Model and Coupling Modeling Techniques Model Properties Stochastic Modeling Global Model Conclusions

Structure - Target Values

36,95 m

8,8 m

5 m

41 m 32,35 m

¬ acceleration

­ DAF - deformation

® deformation

¯ bending moment
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Target Value: ¬ Acceleration

¬

Sensitivity of class of
partial model:

Si STi

geom. NL 0,00 0,00
creep 0,02 0,03
shrinkage 0,00 0,00
soil 0,00 0,00
dyn. load 0,97 0,98

Quality structural model:

INPUT

A 0,72

B 0,72

C 1,00

ACI209 0,68

MC10 0,76

B3 1,00

GL2000 0,92

0,96 0,07
Sensitivity
model selec-
tion STi,Ms

loadmodel
creep
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Target Value: ¬ Acceleration

¬

Sensitivity of class of
partial model:

Si STi

geom. NL 0,00 0,00
creep 0,02 0,03
shrinkage 0,00 0,00
soil 0,00 0,00
dyn. load 0,97 0,98

Quality structural model:

INPUT

A 0,72

B 0,72

C 1,00

ACI209 0,68

MC10 0,76

B3 1,00

GL2000 0,92

0,96 0,07
Sensitivity
model selec-
tion STi,Ms

loadmodel
creep

MQGM=0,72
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Target Value: ­ DAF - Deformation

­ DAF

Sensitivity of class of
partial model:

Si STi

geom. NL 0,00 0,00
creep 0,03 0,06
shrinkage 0,00 0,00
soil 0,00 0,00
dyn. load 0,94 0,97

Quality structural model:

INPUT

A 0,91

B 1,00

C 0,84

ACI209 0,68

MC10 0,76

B3 1,00

GL2000 0,92

0,91 0,14
Sensitivity
model selec-
tion STi,Ms

loadmodel
creep
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Target Value: ­ DAF - Deformation

­ DAF

Sensitivity of class of
partial model:

Si STi

geom. NL 0,00 0,00
creep 0,03 0,06
shrinkage 0,00 0,00
soil 0,00 0,00
dyn. load 0,94 0,97

Quality structural model:

INPUT

A 0,91

B 1,00

C 0,84

ACI209 0,68

MC10 0,76

B3 1,00

GL2000 0,92

0,91 0,14
Sensitivity
model selec-
tion STi,Ms

loadmodel
creep

MQGM=0,96
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Target value: ® Field Deformation

® u

Sensitivity of class of
partial model:

Si STi

geom. NL 0,00 0,00
creep 0,98 0,98
shrinkage 0,01 0,01
soil 0,01 0,01
dyn. load 0,00 0,00

Quality structural model:

INPUT

A 0,91

B 1,00

C 0,84

ACI209 0,68

MC10 0,76

B3 1,00

GL2000 0,92

0,00 1,00
Sensitivity
model selec-
tion STi,Ms

loadmodel
creep
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Target value: ® Field Deformation

® u

Sensitivity of class of
partial model:

Si STi

geom. NL 0,00 0,00
creep 0,98 0,98
shrinkage 0,01 0,01
soil 0,01 0,01
dyn. load 0,00 0,00

Quality structural model:

INPUT

A 0,91

B 1,00

C 0,84

ACI209 0,68

MC10 0,76

B3 1,00

GL2000 0,92

0,00 1,00
Sensitivity
model selec-
tion STi,Ms

loadmodel
creep

MQGM=0,68
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Target Value: ¯ Bending Moment

Sensitivity of class of
partial model:

Si STi

geom. NL 0,89 0,94
creep 0,04 0,08
shrinkage 0,00 0,00
soil 0,00 0,01
dyn. load 0,02 0,02

¯ bending moment
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Target Value: ¯ Bending Moment

Quality structural model:

INPUT

P-∆ 0,95

geom.
NL 1,00

ACI209 0,69

MC10 0,78

B3 1,00

GL2000 0,93

linear 0,4

non-
linear
1,00

geometrical
nonlinear

creep soil MQGM

0,07 0,93 0,00 0,71

Sensitivity STi,Ms

for yield strength
600 kN/m2

0,02 0,05 0,95 0,43

Sensitivity STi,Ms

for yield strength
500 kN/m2
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Summary of the method

Model quality of global model is determined

Coupling effects are detected and quantified

Best model combination gets quality MQGM=1.0; Difference
to 1 is loss of quality

Evaluation is performed for single response quantities, no
generalization possible

Results depend on load level
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Conclusions

Many different possibilities are available to quantify prediction
quality of PM

Which method to use depends on characteristics of PM

Stochastic evaluation is promising and flexible

Challenging task is to determine model error/uncertainty
without using specific measurements

Ofter time-consuming evaluation process

Quantifying influence of PM on global model helps to
understand behavior and save evaluation time

Generalization of results ofter difficult
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Reality - Model

EVALUATION OF COUPLED PARTIAL MODELS FOR
THE ASSESSMENT OF RESTRAINT EFFECTS

IN CONCRETE STRUCTURES
BASTIAN JUNG

RESEARCH TRAINING GROUP 1462, BAUHAUS-UNIVERSITÄT WeiMAR

MOTIVATION

•Numerical modeling is a useful approach
to analyzing restraint-sensitive structures like
integral or semi-integral bridges.

•Restraint effects can dominate the structural
design.

FIGURE 1: Semi-Integral Scherkondetal Viaduct

•Restraint effects depend on the load level and stiff-
ness conditions [3].

•The quality of partial models (PM) for the descrip-
tion of the stiffness conditions and their coupled
effects should be quantified.

•A large number of partial models influences the
stiffness conditions for the assessment of restraint
effects [1, 2, 4, 6].

• Physical consideration including 
constitutive properties

• Area affected by reinforcement

Short-Term 
Material 

Behaviour

• Shrinkage
• Creep

Long-Term 
Material 

Behaviour

• Temperature
• Support settlements and rotations

Loading

• Effective subgrade modulus
• Earth pressure distribution

Soil

FIGURE 2: Relevant Partial Models

PHYSICAL CONSIDERATION

•Uncertainty analysis based on [5]

•Rectangular cross section under successively in-
creasing pure bending moment

•Target value is the curvature κ (EI = M/− κ)

Area affected by
reinforcement (RCT)

Plain Concrete
Compression (CC)
Tensile (CT)

d 1
=5

cm

h c
,e

ff
=2

.5
d 1

=1
2.

5c
m

h=
60

cm

b=25cm

4ø20

My y

z

FIGURE 3: Sample Rectangular Cross Section

Partial Concrete Rein-
Model CC CT RCT forcement
lin el linear elastic linear

elastic
linear elastic linear elastic

beta · fctm parabola-
rectangle

linear
up to fct

average effective
tensile strength

bi-linear

e-func parabola-
rectangle

linear
up to fct

exponential
function

bi-linear

multi lin parabola-
rectangle

linear
up to fct

multi
linear model

bi-linear

mod steel parabola-
rectangle

- - modified
steel strains

TABLE 1: Partial Models for Material Consideration,
Including Tension Stiffening
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FIGURE 4: Deterministic Solution of Bending Stiffness

•Most complex model of the considered is the
model with modified steel strains

Model Uncertainty

{
σmodel ,κi ,j = |κmodsteel ,j−κi ,j |

1.645

CVmodel ,κi ,j =
σmodel ,κi ,j

κmodsteel ,j

(i...partial model, j...load level)
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FIGURE 5: Model Uncertainty of Bending Stiffness

CVparameter ,κi ,j =
σκi ,j

µκi ,j
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FIGURE 6: Parameter Uncertainty of Bending Stiffness

•Total uncertainty of the constitutive models ex-
pressed by the curvature κ is defined as follows:

CVtotal ,κi ,j =
√

CVmodel ,κi ,j
2 + CVparameter ,κi ,j

2
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FIGURE 7: Total Uncertainty of Bending Stiffness

•Total uncertainty is directly related to the model
quality by the following relationship:

MQκi ,j = 1− CVtotal ,κi ,j
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FIGURE 8: Model Quality of Bending Stiffness

CONCLUSIONS

•Model quality (MQ) is strongly dependent on the
load level and varies from first crack initiation to
plastic deformation stage.

•MQ tends to drop with beginning of crack initiation
and plastic deformation.

•With beginning of the first crack initiation the MQ
of the linear elastic model reduces significantly.

•The highest qualities of the nonlinear models are
found in the stage of completed crack formation.

•The quality of the complex model with modified
steel strains and simplifying model with effective
average tensile strength are comparable.
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