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Abstract

This paper presents the design and implementation of a dempision based application of particle filtering (PF), tinelement
method (FEM) and digital image correlation (DIC) to identifie magnitude and the position of a quasi-static concentidaad for a
laboratory aluminum framé& This is done by solving the inverse problem. The essenceeofdsearch is to combine three powerful
computational methods - DIC for full-field displacement s@@ments with high accuracy, FEM for structural analysid BF for
sequential parametric estimation. The effectivenesseptbposed method was tested on the task of estimating logditade and
position applied to the aluminum frame model. The resul@moéxemplary analysis are presented.
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1. Introduction 3. Load identification

The problem of load identification is a very important and  The main part of the system is the algorithm responsible for
difficult class of inverse problem in structural mechaniesduse load parameters estimation. The aluminum frame was loaged b
direct measurements of the forces are not always feasile, e application of a quasi-static vertical or horizontal foragplied
excitations of wind and seismic. As a result, an indirecinest  to the upper bolt. The first set of tests was carried out te esti
tion for the excitation forces is frequently employed basach  mate the load magnitude with known load position. In thisscas
set of measurements of static and/or dynamic responses [3].  each particle represents the load magnitude initially dréam

In the proposed approach, data are collected using computé+200N; 200N] interval using uniform distribution. Weight as-
vision system with high resolution industrial camera. Tdffers  signed to each particle is higher, if the displacementsiodth
the potential to acquire structure performance data witheed  from FE model are more similar to the displacements in each of
of installation of conventional sensors, lasers or otheicgs.  marked points obtained using vision system. At this stage, t
For the full-field displacement measurements digital imegre  density function for a Gaussian distribution is used, givgifiol-
relation (DIC) is used. It is an optical method that is wideged  lowing formula:
in many areas of science and engineering to measure deformat L
of an object surface [2]. A particle filter, also known as satial (z) = ! e(—%) 1)
Monte Carlo (SMC), is a sequential estimation techniqueéor-

o227
linear models and non-Gaussian observations and it ovegsom . .
some limitations of nonlinear Kalman filters [1]. where the parametets, u are displacements obtained from FE

model and from vision system, respectively. The parametsr

) . the standard deviation of the normal distribution.
2. Full-field displacement measurements

17 *A 0B
The application of digital image correlation for displacarh 25
measurements in a whole structure or a complex model isrrathe 2T cross-section
rare. This is due to difficulties in specifying areas of theap gt (T
mens, because each video frame contains mostly background i
stead of construction elements. 50 B S
The proposed method solves this problem by using special discretization of the -
. 480x400mm aluminum frame maodel
markers, very easy to prepare and cheap to manufactureiomte with nodes. numbering el
of the marker is composed of two kinds of pixels - whites and P h-!
in the color of markers border. They are set randomly andvallo
Subsequent use Of DIC tO traCk the |0Cat|0n Of the marker and ; Vertical displacement at the 25th node under the action of concentrated force A

to determine its movements. Markers localization is oladihy
pointing the mouse cursor. It is also possible to automidtida-
tect markers using particle filtering which is widely pretsehin
[4]. Markers are placed in the characteristic points of tinecs
ture - at nodes or inside elements, see Fig. 1 and the remolofti " »
the vision measurements was se@tb5mm.
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Figure 1: Frame FE model, test stand and plot of measured and
computed displacements under the action of the vertica&for

1The authors would like to thank The Faculty of Civil and Eovimental Engineering of the Rzeszow University of Techgplior sharing the aluminum frame model.
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After the weights normalization, a new population of the-par
ticles is created using a modified roulette wheel methoddti-a
tion, to increase the efficiency of the algorithm, the valokthe
particles are slightly modified with the noise value frpayf-; f-]
interval, wheref,. is the parameter callegsampling factor At
every iteration, a new set of particles is created which aiost
mostly particles with higher weights. Iterations are perfed
until the values assigned to some of the particles are otteof t
interval calledpopulation size

The second set of tests was carried out to estimate thegrositi
of the load with known magnitude. This process is similati® t
estimation of the load magnitude. However in this case, pach
ticle is assigned to a particular degree of freedom (DOFigilhy
drawn from[1; 3n] interval containing integer values, whetds
the number of FE used in the FE model.
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Next important extension of the algorithm is the applicatio
of least squares method to select only one DOF from the range
estimated earlier. The load with the magnitude equal to #ie h
of the estimated value is applied at every DOF from the esétha
range. DOF at which the applied load generates the displatem
most similar to the displacement obtained from the visistay
is chosen. This results in further decrease of the relatigarm
error for the load magnitude estimation to ab6tt. Selection
of the best fitted DOF allows to solve ambiguous problems when
the horizontal load is applied to the frame model.

It is also possible to further reduce the error value by sgjvi
the problem of the estimation of the load magnitude with kmow
load position which is determined at previous steps. Theevaf
the relative mean error in this case is betweéhand3%. The
results for the model with 64 FEs can be seen in Fig. 2. Theforc

The most complex set of tests consisted of estimating ttte loawas applied in the middle of the upper bolt and the 74th DOF cor

magnitude and its position simultaneously. At this stagd gar-
ticle contains two parameters — the magnitude and the pogifi
the load. Initially, values of these parameters are drawre&sre
without any prior knowledge for each particle. Unfortutathis
type of problem cannot be solved without some modifications a
improvements of the main algorithm described before.

responds to the element of the nodal forces vector in thécaért
direction. The set of 2000 particles was used in the firstestdg
the algorithm and finally, the number of particles was reduoe

400 for the last step to correct the load magnitude.

4. Final remarks

One of the improvements applied at the load position estima-

tion process is to change the way of resampling particles- Pa

ticle parameter associated with load position cannot beifredd
arbitrarily at each iteration. It is very important to chaniis

parameter only with multiples of 3 when we use frame element:
in the FEM model. It is related to the number of DOFs assigne

to every node. Modifying this parameter by other values eaus
loss of convergence and increase of incorrect results.

Another significant modification of the algorithm is multi-
stage estimation of the load parameters. Due to complekityeo

problem it is hard to obtain a good convergence of the salutio
using a large number of particles. Reducing the number of th

particles, in turn, may lead to a significant increase ofitiens
number due to insufficient covering of the solution spacednip
cles. Multi-stage estimation consists of gradual narrgvahthe
solution space. At each stage, the number of particles iscezt
and the particles parameters are drawn from a narrowed/ahter
This leads to decreasing of the relative mean error for loag-m
nitude estimation from abo@0% to 10%. The load position is
determined with accuracy of twice size of the finite elemesstdl
in the model. This means that in the last iteration when tbp st
condition of the algorithm is satisfied, all of the partickes as-
signed to the corresponding degrees of freedom of threeetja
nodes.

Results for the load position estimation
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Figure 2: Results for simultaneous estimation of the loagitjom
and magnitude using particle filter.

The discussed identification problem was also solved with
two other methods. The Kalman filter (KF) was used to esti-
mate the load magnitude in the continuous solution spacéhend

(%imple genetic algorithm (SGA) was applied to solve thelinaa

ion problem in the discrete solution space. The obtainedlt®
are shown in Fig. 3. However, it is important to note that this
combined approach cannot be used to estimate efficienthethe
two parameters simultaneously. Moreover, it is also muchemo
difficult to implement SGA based solution of the discussezhid

éification problem in comparison with particle filters.
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Figure 3: Results of estimation of load magnitude using Kp)t
and estimation of load position using SGA (bottom).
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