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Abstract
Prestressed concrete catenary poles are widely used in train systems. To trace the dynamic behavior of these
poles, we installed a structural monitoring system on three of them along one of the high-speed train tracks
in Germany. The efficient analysis of the recorded measurements by this system requires a well-known
data covering the entire properties of the given structure. In this paper, we inversely identify the material
properties of the poles using the deterministic and probabilistic approaches. In the deterministic approach,
the uncertainty of the identified parameters is quantified using a Markov Estimator. Bayesian inference is
utilized in the probabilistic approach for better estimation of the probability distribution of the parameters.
Both approaches successfully estimated the parameters’ mean values. The Bayesian method, even though
computationally more demanding, is more suitable for estimating the variances of the identified parameters
and the correlations between each pair of them.

1 Introduction

The catenary systems of the electric trains are suspended by structural members, called poles, installed at
equal-spaced distances along the train-track. They play a vital role in the entire train system as any damage
to one of these members leads to troubles in the functionality of the whole system.
These poles are mainly affected by a combination of several actions. Besides, the static actions, seasonal
ambient temperature and the wind effects; the train passing near the poles causes a transient excitation. Due
to this transient excitation, the poles vibrate frequently in a complex form. There are mainly three sources of
such transient vibrations: The vibrations transmitted from the waving of the catenary cables due to the inter-
action between them and the pantograph of the train; the vibration caused by the air pressure wave generated
by the train; and the vibrations that traveling through the foundation by cause of the interaction between the
train wheels and the sub-base of the track.
Each of the aforementioned sources of the transient excitation is separately well-studied by many researchers.
In the case of the train-induced ground vibrations, some research focus on the nature of the wave that trans-
mitted through the soil and how to use them to detect the train speed [12, 7]. Other research study the effect
of the train-induced vibrations on the adjacent building but not the poles that carry the catenary system. Ad-
ditionally, due to the collapse of some of the noise protection walls, Ampunant et. al investigates the effect
of the aerodynamic pressure loads on them when high-speed trains are passing by [1]. The interaction of the
train’s pantograph and the catenary cables are investigated for various types of the pantographs and different
train types and speeds. Some of these research replace the pole by fixed connection in the numerical model,
where others assume some stiffness by using elastic springs to simulate the connection [10, 17]. This is valid
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to study the behavior of the catenary as an isolated system without taking the actual interaction between it
and the poles. Pombo et. al provides a detailed model of the catenary system including the poles themselves.
However, they study the changes in the behavior of the catenary cables without addressing the effects on the
poles [15].
Right now, the poles have not received the adequate attention compared to their importance to the entire train
system. This means that further research and investigations are needed to detect the actual behavior of the
poles and their interaction with the catenary system and surrounding soil.
The high-strength prestressed concrete poles have been recently used in the catenary systems. They replace
the classical poles, i.e. the timber and steel ones, because they are more feasible and supposed to have a
longer service-life. Thousands of this type of the poles carry the catenary system of the new high-speed
train tracks and the electric transmission lines in Germany. Working with the prestressed concrete poles in-
creases the complexity of tracing the behavior of the poles along the high-speed train tracks. The properties
of the pole change visibly over time due to different effects i.e. the degradation of concrete because of the
shrinkage, creep, and low-cycle fatigue; and the increase in the prestressing losses. This, besides the high
importance of the poles to the whole catenary system, increases the necessity to trace the behavior of the
poles under various actions i.e. the static, environmental and dynamic actions; considering the long-term
changes in the material of the pole. In this aim, we installed a Structural Health Monitoring (SHM) system
on three poles along the high-speed train track.
Having the actual values of the material properties is necessary for the analysis and the validation processes
of the output of the monitoring system. In this case study, the only available information is the characteristic
properties that derived from the datasheet of the structure. Moreover, testing small specimens of the poles
is not available in our case, but we had the opportunity to test a full-scale structure. In this paper, we de-
scribe the parameter identification process as a first and essential step for detecting the behavior of the given
structures. We inversely identify the parameters of the poles using the available experimental measurements
and a numerical model considering the different sources of the uncertainty. The parameters are identified
using two different approaches: The deterministic approach by means of minimizing the least square errors
using nonlinear optimization algorithm; and the probabilistic approach using Bayesian inference. To assure
the quality of the identified parameters, we compared the convenience of the applied approaches. In the
deterministic approach, the covariance matrix is derived by applying the Markov estimator, but in the case
of the probabilistic approach, it is implicitly included in the Bayesian updating process.

2 Problem and Formulation

The parameter identification requires solving the inverse problem using the experimental measurements,
called observation, and the output of the numerical model considering the noise errors. We assume the
forward model [2, 3]

d = G(m) + ε , (1)

where d is the set of observations, d = {d1, d2, . . . , dn}T ; n is the number of observations; m is the vector
of model parameters, m = {m1,m2, . . . ,mk}T ; k is the number of parameters of the model m; ε is the
noise of measurements, ε = (ε1, · · · , εn). Different methods are available for solving the inverse problem.
In this paper, we choose two different approaches: The deterministic approach based on minimizing the least
square errors, and the probabilistic approach based on Bayesian inference.

When comparing the results of the selected approaches, we shall keep in mind that the probability has a
different interpretation in each approach. Markov estimator, as a frequentist approach, uses the confidence
intervals (CIs). For a selected confidence interval, let us say 95 %, this means that when repeating the
event many times, 95 % of the cases of the computed confidence interval will contain the true value of the
parameter. On the other hand, the Bayesian approach uses the credible region (CIs). It means that for the
observed data of the events, there is a 95 % probability that the true value of the parameter lies within the
credible region [18].
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2.1 Deterministic Approach

In this approach, we solve the inverse problems using the least squares concept by minimizing the resid-
uals between the model predictions and the observations to get the most probable solution. The residuals
are weighted by the variance of the observations σ2i for considering the effect of the uncertainties in the
measurements [11]

min
m

∥∥∥∥
G(m)− d

σi

∥∥∥∥
2

2

. (2)

The mean values of the parameters are identified by solving the Eq. 2 using the simplex algorithm according
to Nelder-Mead [16]. However, the covariance matrix of the parameters can be evaluated by the estimation
of the confidence intervals by linearization Ĝ

′
(m) of the nonlinear relation between the parameters and the

observation at the optimal point, or the so-called Markov Estimator [13]. The confidence of the parameters is
proportional to the entries on the main diagonal of the so-called information matrix M or sensitivity matrix,
then the higher the value of M , higher is the confidence.

M :=

n∑

i=1

Ĝ
′
(m)T W−1 Ĝ

′
(m) , (3)

where W is the covariance matrix of the observations. It can also be estimated by the inverse of the infor-
mation matrix M−1, and applying Cramér-Rao-Inequality the so-called variance-covariance matrix

C �
(

n∑

i=1

Ĝ
′
(m)T W−1 Ĝ

′
(m)

)−1
, (4)

then, the confidence intervals of the parameters are proportional to the diagonal entities Cii of the covariance
matrix C. Then, the probability that

| mexact
i −mcomputed

i | ≤
√
Ciiχ2

k(1− α), i = 1, · · · , k (5)

is larger than (1− α), where χ2
k(1− α) denotes the (1− α) of the χ2

k probability distribution. The smaller
the right-hand side of the Eq. 5 the more reliable the identified parameter can be assumed.

2.2 Bayesian Approach

The Bayesian approach considers all quantities as random variables and describes them as probability dis-
tributions. One of the advantages of using this approach is to identify the parameters in form of probability
distributions that reflect the uncertainty of the estimated parameters and concurrently, incorporates any avail-
able prior information of the considered problem [5, 11].
The Bayesian approach is based on Bayes’ rule which is the conditional probability of the model parameters
given the observations [8]

q(m|d) = f(d|m) · p(m)

p(d)
= c−1 · f(d|m) · p(m) , (6)

where p(m), f(d|m) and p(d) are the so-called Prior, Likelihood and Evidence, respectively. Supposing the
parameters in Eq. 6 are continuous

c = p(d) =
∫
f(d|m) · p(m)dm , (7)

c is a constant that normalizes the posterior distribution to have an integral of one in the model space. As a
result, the Eq. 6 can be written as a statement of proportionality [2]

q(m|d) ∝ f(d|m) · p(m) . (8)
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The prior distribution p(m) includes all the available information or the current knowledge about the pa-
rameters before incorporating the observations. Assuming the errors of the observation di are independent
and normally distributed with zero expected value and standard deviation σi, i.e. εi ∼ N(0, σi). Con-
sequently, the likelihood function f(d|m) for the complete data set follows the normal distribution i.e.
L(m|d) ∼ N(G(m), σ). For more efficiency of the Bayesian updating method, the process can be applied
consequently in j steps. The likelihood of each step of model updating becomes

Lj(mj |dj) =
1

∏nj

i=1 σ
j
i (
√
2π)nj

e
−∑nj

i=1

(G(m
j
i
)−dj

i
)2

2(σ
j
i
)2 , (9)

where dj = {dj1, dj2, · · · , djnj}T is the observations’ vector; mj = {mj
1,m

j
2, · · · ,mj

kj
}T is the vector of the

parameters; σj = {σj1, · · · , σjnj} is the standard deviation of the observations dj ; nj is the number of the
observations dj ; kj is the number of the parameters of the model mj ; j = 1, · · · ,K.

The posterior distribution q(m|d) can be estimated based on the sampling technique in terms of Markov
Chain Monte Carlo (MCMC) method [9, 14]. In this study, the Transitional Markov Chain Monte Carlo
(TMCMC) algorithm is implemented as it is a recommended tool in the case of complex conditions. It is
usually considered for solving the problems with high-dimensional PDFs, multi-modal PDFs, very peaked
PDFs, etc. Besides, it is suitable for parameters which are highly correlated [6].

3 Description of the Pole and Tests

3.1 Dimensions and Materials

The poles are made from high-strength prestressed concrete. They are made of 10 m height with tapered
hollow circular sections. The spinning method is used in the production resulting in a variation of the wall
thickness. The nominal material properties and geometry of the structure are extracted from the data sheet
provided by the manufacturer and summarized in Table 1.

Dimensions and Materials Nominal value
Dimensions
Length, L [m] 10
Outer diameter at bottom, dbot [mm] 400
Outer diameter at top, dtop [mm] 250
Wall thickness at bottom, tbot [mm] 62
Wall thickness at top, ttop [mm] 52

Materials
Concrete grade C80/95
Prestressing strands 7/16” St 1680/1880
Number of strands, n 10
Area of strand , APT [mm2] 70
Prestressing initial stress, σPT [MPa] 975

Table 1: The nominal properties of the poles.

3.2 Experimental Programme

A set of experimental tests was conducted at the Bauhaus-Universität Weimar within the DFG research
training group 1462. In the frame of this work, two types of experiments were selected. The first test is
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a vibration test from which the system identification is achieved. The second test is a 3-point bending test
which represents the linear and non-linear behavior of the structure.

3.2.1 Vibration Test

A pole was tested through a vibration test in free-free setup by hanging it in a horizontal position using
two ropes as shown in Figure 1. A set of twelve sensors were attached to the pole in order to measure the
acceleration in the horizontal and vertical directions. Two of the sensors were fixed to the top end of the pole
and considered as reference sensors where the rest were configured in two measurement setups to increase
the quantity and quality of the identified mode shapes and natural frequencies. Moreover, an appropriate
impact hammer was used for exciting the structure in three positions, horizontally and vertically for each,
and repeated for each sensor-setup. In the first sensor-setup, the sensors were attached with an in-between
distance of 2 m, then these sensors were moved 1 m to form the second measuring setup as shown in Figure 1.
The natural frequencies of the first fifth mode shape in the horizontal and vertical direction were calculated
using the Stochastic Subspace Identification method. The results of the vibration test are summarized in
Table 2.

 
 

2.125 m 

Reference sensors. 

2 1 2 1 2 1 2 1 2 1 R 

1.0 m 

R Sensors – setup 01. 1 Sensors – setup 02. 2 

2.366 m 

1.0 m 1.0 m 1.0 m 1.0 m 1.0 m 1.0 m 1.0 m 1.0 m 1.0 m 

Figure 1: Experimental setup (vibration test).

Mode shape 1 - h 1 - v 2 - h 2 - v 3 - h 3 - v 4 - h 4 - v 5 - h 5 - v
Natural frequency [Hz] 15.28 15.39 41.64 42.63 80.45 81.51 130.64 131.48 191.14 192.58

Table 2: The results of the vibration test in vertical (v) and horizontal (h) directions.

3.2.2 3-Point Bending Test

A displacement-based 3-point bending test was conducted to the same pole in a simply supported setup in
the horizontal position. The supports were located at 1.5 m from both ends, see Figure 2. The displacements
were applied in steps at the mid-span till the pole was crushed.

During the test, the deflection and load were recorded continuously at middle and quarters of the 7m span i.e.
at points P1, P2 and P3 shown in Figure 2. The load-displacement curve at point P1 is displayed in Figure 3.
The non-linear behavior of the pole can be clearly seen. The spun-cast concrete pole behaves linearly up to a
force of 25 kN, corresponding to a mid-displacement of 8 mm. Along with the cracking in the center region
of the concrete pole, the stiffness of the pole decreases, leading to higher deformations for load levels above
the linear range. The maximum load was 81 kN corresponding to deflection of 110 mm at the mid-span (i.e.
at point P1). This corresponds to the failure point of the pole, where the concrete at the most upper fiber at
mid-span failed under compression.
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1.5 m 1.5 m 7.0 m 

Piston displacement 

1.5 m 1.5 m 1.75 m 1.75 m 1.75 m 1.75 m 

* Displacements’ measuring devices. 

*  *  *  

P2 P1 P3 

Figure 2: Experimental setup (bending test).

Figure 3: Load-displacement curve at point P1.

4 Parameter Identification

The deterministic and Bayesian approaches are implemented to identify the parameters of the given structure.
The vector of parameters are build from five parameters m = {εPT , fcm, εc, Ec, fctm, ρc}T , where εPT is
the prestressing initial strain; fcm is the compression strength of the concrete; εc is the concrete strain at
maximum compressive stress; Ec is the concrete modulus of elasticity; fctm is the concrete tensile strength;
and ρc is the concrete density. The parameters are bounded during the identification process depending on the
available datasheet and the engineering prejudgment based on the values recommended by FIB Model Code
2010 [4] as shown in Table 3. For the selected case study, the measurements are considered as observations
di. Where, the observations d1 of the vibration test are formed from the first ten natural frequencies of the
structure. On the other hand, the load-deflection curves at mid-span and quarters of the span are considered
as the observations d2 of the bending test. Conversely, FEM models, corresponding to each experimental
test, are playing the role of models G(m).

For using the deterministic approach we assume the probability distribution of the identified parameters as a
normal distribution. The parameters are estimated to 95 % confidence level (α = 0.05). The results of this
approach are summarized in Table 4.

The histograms in Figure 4 shows the distributions of the identified parameters using Bayesian approach.
Additionally, the correlations between each pair of the parameters are shown in the scatter plots on the

3918 PROCEEDINGS OF ISMA2018 AND USD2018



Parameter Range
Prestressing initial strain, εPT [‰] 2.7 - 3.7
Concrete compressive strength, fcm [MPa] 80 - 120
Concrete strain at maximum compressive stress, εc [‰] 2.5 - 3.0
Concrete Modulus of Elasticity, Ec [GPa] 43 - 53
Concrete tensile strength, fctm [MPa] 4.0 - 6.0
Concrete density, ρc [g cm−3] 2.1 - 2.5

Table 3: The intervals of selected parameters.

Parameter εPT [‰] fcm [MPa] εc [‰] Ec [MPa] fctm [GPa] ρc [g cm
−3]

Mean value 3.16 105.08 2.70 48.19 5.07 2.27
Std. [ %] 2.82 1.19 0.60 3.05 0.25 2.04

Table 4: Summary of the identified parameters (deterministic approach).

same figure. The parameters Ec and ρc are well-correlated as shown in the sub-plots because of the natural
frequencies are proportional to the square root of the ratio between the stiffness and the mass. Moreover, a
negative correlation between fctm and εPT can be seen. This is also understandable from the engineering
point of view as increasing the prestressing stresses raises the load corresponding to the first crack and hence
decreases the inferred tensile strength of the concrete as a solution of the inverse problem. Supplementary,
to get an overview of the whole applied process, the mean values and the standard deviations are listed in
Table 5.

Figure 5 shows a comparison between the results of the applied approaches. A perfect match can be

Parameter εPT [‰] fcm [MPa] εc [‰] Ec [MPa] fctm [GPa] ρc [g cm
−3]

Mean value 3.16 105.12 2.70 48.38 5.00 2.33
Std. [ %] 2.82 2.03 3.83 1.63 3.25 2.17

Table 5: Summary of the identified parameters (Bayesian approach).

recognized in the mean values of the identified parameters except for the mean values of the concrete density
ρc and the concrete tensile strength fctm where a small bias of 3% and 2% respectively appeared. However,
the variance of the identified parameters differ considerably and has no specific trend, but in most the cases
the variances in Bayesian approach have higher values. Considering the complexity and the computation
efforts, we conclude that Markov estimator can be simply implemented to have, to a good accuracy compared
to Bayesian approach, the mean values and to some limits an indicator of the parameters’ uncertainty. The
Bayesian approach, in comparison, needs heavier efforts but it can precisely draw the probability distributions
of the identified parameters. Besides, Bayesian approach gives a good overview of the correlation between
the parameters, which leads to better understanding of the studied problem.
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Figure 4: Identified parameters (Bayesian approach).
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Figure 5: Identified parameters (Markov estimator vs. Bayesian).
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To validate the above-mentioned values, the mean values of the identified parameters by the Bayesian ap-
proach are used as input for the FEM models. However, the results of the FEM are compared with the
corresponding observations. In the case of the bending test, the results of the finite element are plotted
against the hysteresis loops of the force-deflection derived from the measurements. Figures 6 and 7 show
the agreement between the experimental measurements of the bending test, which were measured at the
mid-span and quarters, and the FEM using the identified parameters. Furthermore, the first five natural fre-
quencies in horizontal and vertical direction, according to the test setup, are derived from the FEM model
using the inferred parameters and listed in Table 6. These results show that the FEM model using the inferred
parameters conforms with the experimental observations of the vibration test to a high accuracy.
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Figure 6: Validation of the results - bending test at P1.
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Figure 7: Validation of the results - bending test at P2.

Mode shape 1 - h 1 - v 2 - h 2 - v 3 - h 3 - v 4 - h 4 - v 5 - h 5 - v
Natural frequency [Hz] 15.37 15.54 41.65 42.09 80.35 81.16 130.48 131.76 191.04 192.83
Tolerance [%] 0.60 1.00 0.00 1.30 0.10 0.40 0.10 0.20 0.10 0.10

Table 6: Validation of the results - vibration test.
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5 Conclusion

In this paper, we achieved the preliminary step for analyzing the measurements of the structural monitoring
system. This system is attached to the prestressed concrete catenary poles located along the high-speed
train track in Germany. Through this step, we identified the material properties of the poles to be utilized
later as priors in the assessment and validation steps of the SHM system. The identification process is
attained using deterministic and probabilistic approaches. In the first one, Markov Estimator is involved
to quantify the uncertainty of the identified parameters. Bayesian inference is implemented to identify the
parameters in the case of the probabilistic approach. In this approach, the uncertainty of the parameters can
be easily identified by calculating the statistical moments of the parameter’s distributions. Both approaches
identically estimated the mean values of the parameters. The Bayesian approach estimates the variances
of the identified parameters in a more effective and accurate manner. Moreover, it describes the correlation
between the different parameters, and then, we recommend to implement it when the parameters’ uncertainty
is the main subject of interest. In the future step, we are going to trace the changes in the mechanical behavior
of catenary poles on site using Signal Processing, Operational Modal Analysis method, and Model Updating.
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