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Abstract. The presented case study investigates the proposed fatigue damage on an existing 108
year old riveted railway bridge, located in Austria. The bridge was instrumented with numerous
sensors (strain gauges, inclinometers, temperature sensors) in the summer of 2022 and a Weigh
in Motion (WIM) system was installed on the track. Since then continuous monitoring is carried
out and the axle loads as well as the structural response of the structure during train passage
is recorded. The study shows the process of numerical model calibration of a finite element
(FE) model based on recorded sensor data and known defects of the bridge structure. The
influence of the calibrated FE-model is shown by a comparison of calculated fatigue damage
using measured loads from the WIM system as well as a train mix from codified design, both for
the initial and the calibrated numerical model.
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1 INTRODUCTION

Life time assessment with respect to fatigue failure of existing railway bridges is usually

done to ensure safe operation for the remaining intended lifetime of the structure. Evaluation of

fatigue damage usually includes large uncertainties. On one hand the resistance side, which, in

civil engineering, is usually covered by S-N curves based on experiments including large scatter

in the results. On the other hand, as fatigue is a cumulative damage, the load history of a struc-

ture is very important and information here is usually sparse. Also current load models from

codified design are usually only intended for the design of new structures and very conservative

for the assessment of existing structures. While actual loading on structures can be monitored

by use of Weigh-In-Motion (WIM) systems, estimation of a structures load history is usually

a challenging task. Uncertainty propagation of the uncertainties on the resistance, as well as

on the loading and modelling side lead in general to overly conservative results from fatigue

assessment. While the uncertainty on the resistance side is difficult to improve without destruc-

tive testing, a reduction of the uncertainties on the load and model side is usually possible with

some effort and can help to improve the results of the assessment.

The presented case study focuses on an existing 108 year old riveted railway bridge, located

in Austria. The bridge, which has some known defects, was instrumented with numerous sen-

sors (strain gauges, inclinometers, temperature sensors) in the summer of 2022 and a WIM

system was installed on the track. Since then continuous monitoring is carried out and the axle

loads as well as the structural response of the structure during train passage is recorded.

The study shows the influence of numerical model calibration of a finite element model of

the investigated bridge, based on recorded sensor data, as well as load models based on different

levels of information on the proposed lifetime of the structure. Basic assessment is done with the

load model from codified design while advanced assessment shows the influence of considering

measured loads from the WIM system for actual loads.

2 Description of bridge used for case study

(a) View on the railway bridge (b) Abutment wall press-

ing on the structure

Figure 1: Railway bridge used for case study

The bridge under consideration is part of the Austrian rail network and shown in Figure 1a.

The cross-sections of the steel truss bridge consist of riveted steel plates and industrial sections.
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As the investigated bridge is already more than 108 years old there are several signs of its age

and defects: Cracks as well as applied constraints. As on one side the hillside is moving towards

the bridge, the abutment wall behind the structure on the side of the fixed support has slowly

deformed over the service life of the bridge. Now it presses against the last vertical upright of

the left main truss and exerts a constraint on the bridge, see Figure 1b.

However, there are also signs of age in the rigidly constructed supports of the longitudinal gird-

ers, that extend over the main girders, see Figure 2a. Near these supports, material damage

is observed in the form of cracks probably from bending of the main girder with its oblique

supports, see Figure 2b.

(a) Excerpt of plan overview (b) Picture of crack at longitudinal girder sup-

port

Figure 2: Longitudinal girder extending over the main structure

The bridge is monitored using an extensive set of installed sensor. That includes a total of 69

strain gauges on the bridge, inclinometers, temperature sensors, laser distance measurements

and a commercial Weigh-in-Motion (WIM) system installed on the structure that measures the

axle loads, axle distances and train speeds of the traffic on the bridge.

3 Numerical Model and calibration process

A numerical FE-model is constructed. Figure 3 shows an sketch of the FE-model with the

initial boundary conditions. The FE-model is constructed using beam elements for the main

trusses and the longitudinal girder as well as shell elements for the cross girders.

As the goal of the calibration is the fatigue assessment of the structure the measured strains

of the monitoringsystem are used for the calibration process instead of e.g. eigenfrequencies.

Figure 4 shows the distribution of the strain gauges on the object of interest used for the cali-

bration process. Blue and red marks strain gauges, whereas green marks points of interest for

further calculations. Train data from the WIM system (axle loads, distances and train speeds)

was used as loading for the calibration process.

Because the FE-model is updated in an iterative process, the numerical cost of the calcula-

tions are a relevant point to consider. To keep calculations simple, only influence lines (IFL)

for a single passing normalized load are calculated with the FE-model and then the complete

train response is calculated using superposition. The process of superposition using IFL is also

described in Chapter 5.1.

1323



S. Lachinger, S. Pissermayr, M. Ralbovsky and A. Vorwagner

fixed support
movable support

A 1-6  
A 7-8 

A1

A5 A6

A7 A8

A2

A3
A4

Figure 3: Sketch of numerical model with initial conditions

Figure 4: Position of strain gauges to measure data for modelupdating

3.1 Definition of Update Parameters

In the process of modelupdating, various parameters are defined in order to minimize the

difference between measurement and calculation. The modelupdating method is often applied

to concrete bridges because the elastic modulus of the concrete is a parameter that is subject to

uncertainty. This is different for steel structures, where the stiffness represents a well known

parameter (unless there is damage). The parameters of the optimization on the FE-model of a

steel bridge are thus quite different from those on concrete structures. A parameter set is defined

for the considered bridge, which mainly deals with boundary conditions. All parameters P1–

P20, used for the calibration are displayed in Figure 5.

The definitions of the parameters P7-P16 are a special characteristic of the anaylized bridge.

P7-P10 defines the pressure from the abutment wall, wheres P15-P16 consider damages of the

cracked longitudinal girder, which are taken into account in the model in order to be able to

evaluate the changes in the stress curves for train passes. P11-P14 are very specific parame-

ters introduced due to the support design of the bridge. In order to obtain better results, also

in the members close to the supports, this parameters are introduced according to figure 6. In

particular, it is taken into account that a relative rotation of the two support elements can induce

a displacement of the point of attachment of the support force. The effect can also be inter-

preted as stress resultant for variing stress distributions along the support edge. For different

distributions of stress, the resulting force is not bound to act at the center of the support.
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Figure 5: Identified Parameters of interest for the calibration process
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Figure 6: Introduction of Offset for horizontal support according to geometry

3.2 Update Process

When calibrating the model, calculated and measured data is compared. Basically, 3 sources

of error are considered according to [1]:

Model structure errors occur when there is uncertainty concerning the governing physical

equations.

Model parameter errors typically include the application of inappropriate boundary condi-

tions and inaccurate assumptions.

model order errors arise in discretization of complex systems and can be considered to be a

part of the model structure.

Under consideration of possible errors, the objective function f(θ) is introduced as single-

objective function with a scalar output s given in eq. (1). Goal of the calibration process it

to minimize f(θ). A simple approach using the squared error sum between measurement and

calculation is chosen. Here, the error squares for all sensors and trains are not given extra

weights. It should be noted that the number of calculated coordinates is directly proportional to

the number of axes. Thus not trains but axes are equally weighted in the objective function.

f(θ) =

√∑
t

∑
s

∑
j

(m(xj, s, t)−M(θi, xj, s, t))
2

(1)

M(θi, xj, s, t) is defined as Modell output for the vector of parameters θi, coordinates and

sensor s and train t. m(xj, s, t) is defined as the measured data according to the bridge coor-

dinate for a sensor s and train t. θi is a vector of the length p parameters for the values of the
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parameters. xj defines the jth coordinate from the coordinates of interest. i defines a iteration

of the considered Parameters. j defines the index for the items of a list for all coordinates of

the evaluated influence lines of a train. s defines the sensor of interest. t defines the train of

interest. p defines the number of parameters parameters.

3.3 Calibration

The Nelder-Mead algorithm [3] is extremely well suited to the problem at hand, since firstly

the calculation is only carried out with theory of 1st order and secondly reasonable because

bounds can be defined for the various parameters. E.g. the offset defined in figure 6 can be

limited by the real size of the support.

The objective function for the optimization does not include all sensors. This is because

strain gauges which measure very local effects and are especially located at the cross girder

in the middle of the bridge, are considered to not be influenced by the change of boundaries.

Hence the blue sensors in the middle of the bridge in figure 4 are neglected, because the level

of detail in the FE-model shows much bigger importance on this sensors than the variation of

boundary conditions.

In general, it is important to know what impact sensors have on the result and therefore the

objective function. To quantify this, a simple approach defines the sensitivity sp for a parameter

of interest pi and was introduced as follows in eq. (2).

sp =
|f(θ(pi = pi,max))− f(θ(pi = pi,min))|

f(θ)
(2)

f(θ(pi = pi,max)) is defined as objective function for the vector of parameters θ, where the

parameter of interest pi is as high as its upper boundary. The sensitivity describes the size of

impact that the variation of the parameter has on the objective function. Here it is important

to note that even parameters with a sensitivity sp < 1% may have a significant impact on

individual sensors, since in the objective function is formed by the sum over all points of the

influence line, all sensors and all trains. The results of the sensitivity study are displayed in

Figure 7. The parameters are listed on the x-axis, whereas measurements of different trains and

also the sum for the trains are listed on the y-axis. In Figure 7a the objective function is related

to the initial model, while in Figure 7b the objective function refers to the updated model. It

can be seen that the parameters P1-P4 and P13, P14 have almost no influence on the model.

While other parameters are not independent from each other and can also be quite relevant with

a rather low sensitivity.

In the calibration process with the Nelder-Mead algorithm, an optimum is found after about

500–1000 iterations (depending on the respective start parameters). One iteration and thus the

calculation of the IFL at 42 significant points, needs about 90 seconds. Thus an optimum for

the defined 20 parameters in the calibration process takes about one day of computation.

In the results, and thus by comparing the initial (non-calibrated) model with the calibrated

model, various effects can be detected. For this purpose, some sensors are shown in figure 8

for a passage of a single locomotive on the bridge. Sensor d-26 shows how by updating and

defining the offset according to figure 6 can reproduce bending effects in the calibrated model.

The good fit of strain gauge d-39 can be done mainly by the variation of the crack parameter

P16 (see figure 5). The sensors d-48, d-52, and d-68 show rather global responses and a small

amount of stress peaks. In this case, the improvement by optimization is only possible in a
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(b) Sensitivity on updated model

Figure 7: Sensitifity of update parameters on objective function

relatively small range, since the sensors are already well-matched anyway.
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Figure 8: Comparison of results for initial and calibrated model at specific sensor position with measured data

from a single locomotive passage

IFL for fatigue assessment are finally extracted at twelve positions at three different cross-

sections shown in Figure 9. The positions are chosen to show big influence from the calibration

process due to the deficits of the bridge structure from cracks in the longitudinal girder (cross-

sections 1 and 2, see Figures 9a and 9b) and from the pressing abutment wall on one of the main

trusses (crosssection 3, see Figure 9c). The global positions of the crosssections and the IFL

positions are shown in Figure 9d
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Figure 9: Positions used to extrac tIFL for fatigue assessment

4 Considered traffic

For the fatigue evaluation basically two different train load configurations are compared both

for the initial and the calibrated model.

First load configuration is the fatigue load model for the standard traffic mix from EN 1991-2

[4] (EN-mix), as given in Table 1. For detailed axle load configurations please refer to [4].

The second load configuration consists of measured axle loads acquired with the installed

Weigh In Motion system (WIM-data) on the bridge. Here measurement data for three months

from September to November 2022 is used for the calculations. In Average 33.9 trains per day

passed the bridge with a total yearly extrapolated volume of 3.673 million tons. This shows that

the bridge is located on a track with little traffic compared to the EN-mix with a total yearly

volume of 24.95 million tons. Figure 10 shows basic statistics of the measured trains. The

majority of trains passed the bridge with a speed of 60 km/h with only a few outliers above

the official speed limit on the bridge of 70 km/h. The majority of the relative train mass (Train

Mass / Train Length) is rather low (around 2 tons/m) which indicates passenger trains. But

1328



S. Lachinger, S. Pissermayr, M. Ralbovsky and A. Vorwagner

Train type Speed Train length Trains/day Mass of train Volume
[km/h] [m] [−] [to] [106to/year]

1 200 262.10 12 663 2.90

2 160 281.10 12 530 2.32

3 250 385.52 5 940 1.72

4 250 237.60 5 510 0.93

5 80 270.30 7 2160 5.52

6 100 333.10 12 1431 6.27

7 120 196.50 8 1035 3.02

8 100 212.50 6 1035 2.27

Sum 67 24.95

Table 1: Standard traffic mix with axles ≤ 22.5t from EN1991-2 Annex D.3 [4]

also freight trains passed the bridge during the monitoring period, which can also be seen at the

histogram for train length which shows trains up to a total length of around 700m.

Figure 10: Histograms for train length, relative train mass and train speed for WIM data. Measured data extrapo-

lated to a period of one year.

4.1 Analysis of traffic data

The trains measured with the WIM system are divided into passenger and freight trains.

This is done using density based clustering (DBSCAN algorithm from [5]) with a chosen set of

parameters with individual scaling. Also some additional constraints are used to further improve

the results of the clustering algorithm. Trains that do not belong directly to the category of

passenger or freight trains, as for example single or double locomotives, construction vehicles,

etc. are assigned to the freight train category. Details of the clustering algorith are not disussed

in this paper.

The results of the clustering algorithm are randomly checked for plausibility and show satisfying

results, even if some outliers may exist. The clustering show that around 55 % of the yearly

trains on the bridge are passenger trains and the remaining 45 % are freight trains. Figure 11

shows the results of the clustering algorithm for the WIM-data for train length against relative

train mass. It can be seen, that the passenger trains are in very tight clusters compared to the

freight trains which show a large scatter in the plotted parameter space. Figure 11 also shows

the eight trains from the EN-mix as given in Table 1. Here train types one to four are passenger
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trains and train types five to eight freight trains according to [4]. The comparison with the

WIM-data shows that the EN-mix does not cover the whole parameter space of the real train

traffic.

Figure 11: Results of clustering train traffic into passenger and freight train and comparison to standard traffic mix

from [4]. Measured data extrapolated to a period of one year.

Table 2 compares the number of passenger and freight trains as well as the total yearly

volume of the traffic (in million tons). The table shows that the WIM data gives a slightly

higher ratio of passenger trains (55 %) than proposed the EN-mix (51 %) of the total number

of trains. But the ratio of the total yearly traffic volume is compareable for EN-mix (31.5 %

passenger trains) and WIM data (31.9 % passenger trains). The last two columns in Table 2

show the ratio of the respective values of EN-mix / WIM data. Here it can be seen that while

the EN-mix proposes twice as much trains in total (24455 trains/year) than the WIM data (12328
trains/year) the total yearly traffic volume in tons is higher by the factor of 6.79 showing that

the average train acc. to the EN-mix is heavier by the factor of 3.4 (3.69 for passenger and 3.13
for freight trains) compared to the WIM data.

The effect of the two different traffic mixes on the proposed fatigue life of the bridge is shown

in Chapter 5.

EN-mix WIM-data EN-mix/WIM-data
Nr. Trains Volume Nr. Trains Volume Nr. Trains Volume

[-] [106 to] [-] [106 to] [-] [-]
Pass. Train 12410 7.87 6804 1,17 1.82 6.72
Freight Train 12045 17.08 5524 2.50 2.18 6.82
Sum 24455 24.95 12328 3.67 1.98 6.79
Pass./Freight 1.03 0.46 1.23 0.47 - -

Table 2: Comparison of basic metrics of EN 1991-2 Standard Traffic Mix and measured traffic with WIM system

for a time period of one year.
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5 Fatigue evaluation and comparison

This chapter brings together the results of the numerical model calibration as shown in Chap-

ter 3 and the train load models of EN-mix and WIM-data as shown in Chapter 4. Comparison

is done both for initial and calibrated model.

5.1 Train response by superposition of influence lines

Influence lines (IFL) are extracted for twelve positions in three cross sections as shown in

Figure 9 both for the initial and the calibrated model. Figure 12 shows the resulting IFL for

the three cross sections both for initial and calibrated model. It can be seen that the calibration

process has quite a big influence on the chosen cross sections, especially for cross sections

two and three. Here the calibrated model gives much higher amplitudes of the influence lines,

indicating higher stresses during train passage and most likely higher proposed fatigue damage

for the calibrated model.

Figure 12: Extracted influence lines at the three considered cross sections both for initial and calibrated model

Dynamic amplification ϕ(v, LΦ) is considered according to EN 1991-2 [4] Chapter D.1 with

determinant length LΦ for cross sections one to three as specified in Chapter 6.4.5.3 of [4] and

the given (EN-mix) respective measured (WIM-data) train speed v. For cross sections one and

two the determinant length is three times the cross girder spacing LΦ,CS1 = LΦ,CS2 = 3 · 3m =
9m and for cross section three the determinant length is the span width of the main girder

LΦ,CS3 = 60m.

For fatigue evaluation the train response σtrain(x) for a train with n axles, axle positions xi

and axles loads Fi for an IFL is numerically calculated by superposition as given in Equation

3. Figure 13 shows exemplary calculated train responses, for one train acc. to EN-mix and one

train taken randomly from WIM-data.

σtrain(x) =
n∑

i=1

Fi · ϕ(v, LΦ) · IFL(xi − x) (3)
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Figure 13: Examples of calculated train responses for initial and calibrated model by superposition of influence

lines for position s-12. (Left) EN-mix Train Type 1; (Right) random train from WIM data

5.2 Calculating fatigue damage

A rainflow counting algorithm [7] is used to extract the kj cyclic stress levels Δσi,j (with

i = 1 . . . kj) out of the calculated response for each train j that passes the bridge in a time

period of one year. For the riveted structure a detail category of Δσc = 71 N/mm2 (reference

stress for 2 · 106 cycles) is used as given in the Austrian Code ÖNORM B4008-2 [6] Annex

A.2.4. To consider the influence of the mean stress on the fatigue resistance of the riveted

structure the permanent deadload stress σg of the bridge is calculated for each considered cross

section position both for initial and calibrated model and the detail category is adjusted by the

factor f(κj) according to ÖNORM B4008-2 [6] Annex A.2.4.6. It has to be noted that the

permanent deadload stress for the calibrated model has some uncertainties as the constrained

stress due to the pressing abutment wall is unknown and can not be estimated in the calibration.

κj is calculated according to Equation 4 with σmin,Train,j as the minimal absolute value and

σmax,Trainj as the maximal absolute value from the train response including deadload stress.

For calculation of κj the ratio is then calculated using the values with their real signs (not

absolute).

κj =
σmin,j

σmax,j

= (σg + σmin,Train,j)/(σg + σmax,Train,j) (4)

The adjustment factor f(κj) is calculated as given in Equations 5 and the adjusted detail

category Δσc,adj,j is calculated as given in Equation 6.

if κj < 0 : f(κj) =
1− κj

1− 0.40 · κj

(5)

if κj ≥ 0 : f(κj) =
1− κj

1− 0.60 · κj

Δσc,adj,j = f(κj) ·Δσc (6)

Linear damage accumulation according to Palmgren-Miner [8] hypothesis is used for fatigue

evaluation. ÖNORM B4008-2 [6] proposes an S-N curve with a constant slope factor of m = 5

1332



S. Lachinger, S. Pissermayr, M. Ralbovsky and A. Vorwagner

and a cut off limit at N = 3 · 107 load cycles (Miner-original). The cumulated damage of

each single train Dtrain,j is then calculated using the individual loadcycles Δσi,j from rainflow

counting and the linear damage accumulation rule [8] as given in Equation 7. Here ni,j is the

calculated number of loadcycles for each Δσi,j from rainflow counting and Ni,j is the maximum

bearable number of loadcycles for each Δσi,j . The yearly damage Dyear is the sum of all single

trains j passing the bridge in a period of one year. For better comparison of the results the

damage sum is extrapolated to a 100 year period, as given in Equation 8. Fatigue failure is

supposed to happen at a critical damage sum of Dcrit = 1.

Dtrain,j =

kj∑
i

ni,j

Ni,j

(7)

D100 = 100 ·Dyear = 100 ·
∑
j

Dtrain,j (8)

5.3 Comparison of proposed fatigue damage

Using the extracted IFL for the initial and the calibrated numerical model the proposed fa-

tigue damage for a time period of 100 years is calculated as described in Chapter 5.2 for traffic

taken from the EN-mix as well as from WIM-data. Calculation is done for all twelve detail

positions s-1 to s-12 in the three considered cross sections, see Figure 9. As detail positions s-1

to s-6 result in zero damage (all load cycles below the cut off limit) they are not shown in the

results. The calculations are summarized in Table 3 which shows the resulting values for the

calculated 100 year damage sum D100,pos as well as some ratios for better comparison.

As seen in Table 2 the total yearly traffic volume of the EN-mix is higher by the factor of

6.79 compared to the measured WIM-data. To account for this and to compare the WIM-data

with the EN-mix for the same total yearly traffic volume also results for a reduced EN-mix

(D100,red = D100/6.79 is shown in Table 3. This represents the damage from the same com-

bination of trains as in EN-mix, but with a reduced number of trains to match the total yearly

volume in tons of the WIM-data.

Following the main observations from the calculations:

EN-mix Looking at the results for D100 it can be seen that already for the initial model very

high damage sums of D100,s−8 = 0.50, D100,s−9 = 0.78 and D100,s−10 = 0.62 are cal-

culated. For the calibrated model the positions s-8, s-9 and s-12 give damage sums ex-

ceeding our failure criterium of Dcrit = 1 with D100,s−8 = 2.06, D100,s−9 = 8.98 and

D100,s−12 = 1.66. For the positions s-10 and s-11 the damage sums were reduced for the

calibrated model.

Looking at the ratio of the damage sums between calibrated and initial model it shows

that the calibrated model gives about 71 times higher damage sum for s-12 then the initial

model.

EN-mix (reduced) The results give respectively smaller damage sums compared to the stan-

dard EN-mix. Only for position s-9 the damage sum still exceeds Dcrit with D100,1−9 =
1.32.

WIM-data With the measured load data the calculated damage sums are below Dcrit both for

the initial and the calibrated model. The maximum calculated value is for position s-9 of
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Cross Section 2 Cross Section 3
Traffic Model s-7 s-8 s-9 s-10 s-11 s-12
EN-mix Init. 1.4E-01 5.0E-01 7.8E-01 6.2E-01 1.9E-02 2.3E-02

Cal. 6.0E-01 2.1E+00 9.0E+00 0.0E+00 1.7E-02 1.7E+00

EN-mix (red.) Init. 2.1E-02 7.4E-02 1.1E-01 9.1E-02 2.8E-03 3.5E-03

Cal. 8.9E-02 3.0E-01 1.3E+00 0.0E+00 2.5E-03 2.4E-01

WIM-data Init. 5.7E-04 1.2E-02 2.1E-02 1.6E-02 5.6E-05 9.8E-05

Cal. 1.4E-02 6.4E-02 3.3E-01 0.0E+00 5.0E-05 4.9E-02

EN-mix Cal./Init. 4.18 4.10 11.56 0.00 0.90 70.90
WIM-data Cal./init. 24.16 5.43 16.00 0.00 0.89 502.12
EN/WIM Init. 253.04 42.84 37.62 38.49 336.46 240.50

Cal. 43.77 32.39 27.16 - 338.39 33.96
EN(red)/WIM Init. 37.27 6.31 5.54 5.67 49.55 35.42

Cal. 6.45 4.77 4.00 - 49.84 5.00

Table 3: Comparison of 100 year damage sums for EN-mix and WIM-data both for initial (Init.) and calibrated

(Cal.) numerical models. EN-mix (red) is the EN-mix calculated with the same yearly volume as WIM-data

the calibrated model with D100,s−9 = 0.33.

Looking at the reatio of the damage sums between calibrated and initial model it shows

that for position s-12 the calibrated model gives a over 500 times higher damage sum then

the initial model.

Ratio EN-mix/WIM-data Comparing the ratio of the damage sums for the EN-mix and the

WIM-data shows that the EN-mix gives up to about 340 times larger damage sums com-

pared to the WIM-data.

Ratio EN-mix (reduced)/WIM-data Comparing the ratio of the damage sums for the reduced

EN-mix and the WIM-data, which represent the same yearly total traffic volume in tons

still show up to 50 times higher damage sums for the reduced EN-mix copared to mea-

sured WIM-data.

These results show, that the EN-mix is much more aggressive with respect to fatigue damage

than the real measured traffic on the bridge structure, even when reduced to represent the same

yearly volume in tons. Also the partly very high ratios between calibrated and initial models

show that due to the logarithmic definition of the S-N curve, changes in static system can lead

to very high differences in proposed fatigue live of the structural details. The very large ratio

for position s-12 (over 500) indicates that a high amount of individual load cycles were below

the cut-off limit of the S-N curve for the initial model and exceeded this limit for the calibrated

model. The comparison of the reduced EN-mix with the WIM-data also show that the EN-mix

leads to much higher fatigue loads, even when reduced to represent the same yearly volume in

tons.

6 Conclusions

An 108 year old existing railway bridge in Austria is extensively monitored. Both the struc-

tural response as well as the load impact by trains is measured. A detailled numerical finite

element model is calibrated to the measured structural response and known damages of the
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bridge structure are taken into account in the calibration. The numerical calibration process is

described in detail in this work. The calibrated model shows, that the known damages have

a significant, non neglectable, impact on the behaviour of the structure. For three considered

cross sections that are highly affected by the calibration the influence lines are extracted from

both the initial as well as the calibrated model and are used for fatigue assessment.

For the fatigue assessment different train configurations are considered. The standard traffic

mix from codified design in the EN-1991-2 [4] as well as measured load data from monitoring.

Fatigue assessment is carried out according to the Austrian guideline ÖNORM B4008-2 [6]

that covers the assessment of existing bridge structures. Rainflow counting and calculation of

the cumulated damage sum acc. to Palmgren-Miner is done and the resulting damage sums,

extrapolated to a period of 100 years, are compared to each other.

It shows, that using the EN-mix safety with respect to fatigue failure can not be verified

for the calibrated model, which is carefully calibrated with respect to existing damages of the

structure. Also a reduced EN-mix, with adjusted total yearly volume in tons to match the

measured volume does not proof fatigue safety for all considered positions of the structure.

Using the real (extrapolated from three months of measurements) WIM-data allows the proof

for fatigue safety for all the considered crosssections. The high difference of assessment using

the reduced EN-mix and the WIM-data shows that the EN-mix is more aggressive with respect

to fatigue compared to the real trains that pass the bridge. These shows that route specific

fatigue load models, based on measurement data, are a very good tool for the fatigue assessment

of exisiting and already damaged structures.

It has to be noted, that these comparisons are based only on actual measured loads and do

not take historical data or prognosis on the evolution of traffic on the structure into account.

Therefore the results are only of theoretical nature and have no evidence on the real fatigue life

of the structure. For the specific bridge historical load data is obtained in an extensive research

and results of fatigue evaluation taken this historical data into account will be published in the

future.
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