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Abstract: In this paper we present the application of regressive models to simulation of a full-scale vehicle-to-
pole impact as well as virtual vehicle-to-barrier collision. The capability of an ARMAX model to reproduce
vehicle kinematics was examined. Regressive model parameters were established by minimizing a weighted sul
of squares of prediction errors. The prediction horizon was assigned to evaluate model’s robustness and verif
its time series data forecasting performance. It was found that the ARMAX model does not only reproduce the
signal which was used for its establishment (i.e. real vehicle’s acceleration) but it predicts another signal as well
(i.e. virtual vehicle’s acceleration). Moreover, such estimation technique preserves all characteristic information
relevant for a given collision, since integration of the estimated acceleration pulse yields plots of velocity and
displacement which closely follow the reference ones.
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1 Introduction that the most important ratings are: occupant protec-
tion, pedestrian protection and safety assist technolo-
gies. Crash tests are not only performed when the car
design is completed and a prototype is ready but also
throughout the whole vehicle development and vali-

Transport plays a crucial role in an economy, transfer-
ring goods between the place of production and con-
sumption, as well as transporting passengers for work

or pleasure. However, transport problems such as con- yasion 1t is a well known fact that those experiments
gestion, quality of services (such as punctuality and e complex ones. Vehicle crash test standards and
connectivity), affordability and environmental impact e qures designate detailed test procedures and re-
put general economic developments at risk [1]. When o ;irements. Considerable resources are required to
it comes to Europe, road traffic related accidents are g, cessfuylly conduct vehicle crash tests. These in-

considjrgd to Ibeztggom‘la(t%o;érl]reat tol Iife in thk‘?”Ech"P' volve skilled and trained personnel along with a large
peadn n!gn. n o é)eope were Kille 'rr: variety and quantity of sophisticated monitoring and
road accidents in the 15_“."9”‘ er EU countries. The mneasurement equipment and post-crash data analysis
amount of people PE)emg injured is 1'b7. million. IIEuro— software. Apart from that, information about the mea-
pean Commision has set up an ambitious goal to re- ¢ - - o : i

g equipment, visual inspection, data acquisition
duce the number of deaths on roads by 50% by 2010. ,,cess or cameras layout are included in those doc-
What is significant is the fact that 52% of all road fa- || \ants \What is more e.g. a runaway itself needs a

talities were passenger car occupants. This Statistics | ot snace therefore the appropriate facilities are re-
unequivocally shows that there is still a lot to be done quired (huge hall or open-air yard). In the case of an
when it comes to protection not only of the vulnerable g, yqjqe testing site, one needs to be sure that the ex-
road users (like cyclists or pedestrians) but also of the perimental procedure is conducted in the appropriate

drivers and their PasSEngers as well ([2]). weather conditions. Of course we cannot forget about

One of the tO.OIS Wh'Ch. is the most frequer_ltly the qualified staff responsible for the whole crash test
used and helpful in evaluation of vehicle safety is a \o5)i7ation. They need to be well trained and have the
crash test. Th_ere are different vehicle safety Programs ,qequate knowiedge concerning the number of stan-
and organizations (€.g. NHTSA or EuroNCAP) which 4545 t5 execute such an experiment in a correct way
specify how such tests should be performed, what fac- and, what is of the same importance, to collect the

tors should be investigated and how the car vehicle representative data and measurements which can be
safety should be assessed. However, they do agree
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further analyzed. Those issues make a crash test ex-

tremelycomplex and complicated project.
Virtual crash experiments, using mathematical
modeling, can help reduce the number of full-scale
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it and structural parameters are assigned. With a com-
plete model and knowledge of the initial conditions
one can proceed to its validation and responses ob-
servation. On the other hand, LPM is an analytical

vehicle tests. Results from these experiments can be method of formulating a model which can be further

used to predict real vehicle behavior, interactions be-
tween a vehicle and its occupants, or deformation dur-
ing a collision - all of that in the virtual environment,
without a need of full-scale tests - and providing high
degree of models fidelity. In the same time the re-

used for simulation of a real event. It allows us to
establish dynamic equations of the system - differen-
tial equations - which give the complete description of
the models behavior - see [16]-[26]. In the most up-
to-date scope of research concerning crashworthiness,

sults from such analysis can be used by the specialists parameters that change according to the changeable

who can e.g. redesign particular car components so

input (e.g. initial impact velocity) are to be defined

that their safety ratings can be raised. Therefore, even in a dynamic vehicle crash model. One of such trials

if almost all the research is done on a computer, this
approach has a huge influence on vehicle safety.
Autoregressive models like NAR (nonlinear au-
toregressive), NARX (nonlinear autoregressive with
exogenous input) or NARMAX (nonlinear autoregres-
sive moving average with exogenous input) are com-
monly used to predict the time-series data. Particular

parameters of those models can be successfully esti-

mated by neural networks - see [3]-[5]. The proper
selection of a network’s activation function has a sig-
nificant effect on the accuracy of the network’s out-
put. Machine diagnostics and failure detection is a
frequent field of application of this approach. Vibra-
tion data was processed in [6] to predict machine state
in the future. [7] describes time series data analysis
by using ARMA model. On the other hand, in [8] a
black box model created as a NARX model was ca-
pable of representing a gas turbine operating in iso-
lated and nonisolated mode. [9] presents examination
of recurrent NARX model’s output according to the
various configurations of a network’s structure. Re-
gressive models are used not only in the engineering
applications. Topics such as financial and economic

processes forecasting, e.g. stock market data, medi-

is presented in [27] - a nonlinear occupant model is
established and scheduling variable is defined to for-
mulate LPV (linear parametrically varying) model.

Up-to-date technologies are currently being uti-
lized in the area of vehicle crash modeling: wavelets,
neural networks, and fuzzy logic - see [28]-[31]. In
[32] and [33] Radial Basis Function (RBF) neural
network was used to obtain the parameters of vehi-
cle crash viscoelastic models. Prediction of the av-
erage speed on highways or injury severity of an oc-
cupant using statistical data and artificial neural net-
works (ANNS) is shown in [34] and [35]. Intelligent
approach for deformation energy assessment, consist-
ing of vision systems joined together with fuzzy logic
is presented in [36].

This paper contains detailed description of two
experiments which results are used to evaluate AR-
MAX model performance. The major modeling prin-
ciples and formulas needed to establish such a regres-
sive model are provided. Subsequently, models are
simulated for the prediction horizon being equal to
K = 0 and K = 50, respectively. Finally, the ob-
tained estimated acceleration plots are integrated and
compared to the original vehicles’ kinematics in order

cal care, e.g. cardiovascular diseases prevention, or to evaluate ARMAX model's performance. The ma-

natural sciences, e.g. phytoplankton dynamics, can
also be modeled by this method, see [10]-[14]. In [15]

jor contribution of this paper is the verification of the
simulation results with the full-scale crash test data.

lumped parameters (stiffness, damping, and mass) of Furthermore, it is proved that ARMAX model created
physical systems were estimated by autoregressive for one set of time series data can be successfully ap-

moving average (ARMA) model. The advantage of

this approach is that those parameters were nonlin-
ear, therefore the accuracy of models’ simulation was
high.

Recently we can distinguish two main ap-
proaches of vehicle crash modeling: FEM (Finite El-
ement Method) simulations and mathematical LPM
(Lumped Parameter Modeling). Creating a three di-
mensional car or obstacle model and its further simu-
lation in an appropriate software is a common way of
describing the car collision without performing a real
test. After an item model is created in a CAD (Com-
puter Aided Design) program, the mesh is applied to
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plied to simulate and predict another data set.

2 Full-scale experiment description

The experimental data which we deal with come from
the typical vehicle-to-pole collision ([37]) - see Fig. 1.
A test vehicle was subjected to impact with a vertical,
rigid cylinder. The acceleration field was 100 meter
long and had two anchored parallel pipelines. The
vehicle was steered using those pipelines that were
bolted to the concrete runaway.

The initial velocity of the car wa85 km/h, and
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Figure 1: Experiment’'s scheme.

Camera land 2

the mass of the vehicle (together with the measuring Camera 3 ﬂ
equipment and dummy) wag3 kg. During the test,
the acceleration at the center of gravity in three di-
mensions (X - longitudinal, y - lateral and z - vertical) Figure 4: Cameras layout.
was recorded. The yaw rate was also measured with
a gyro meter. The obstruction and car themselves are
shown in Fig. 2 and Fig. 3, respectively. The obstruc-
tion was constructed with two steel components - a
pipe filled with concrete and a baseplate mounted with
bolts on a foundation. Using normal-speed and high-
speed video cameras (the layout of the visual data ac-
quisition system is illustrated in Fig. 4), the behavior
of the test vehicle during the collision was recorded -
see Fig. 5.

Camera 3

Figure 5: Subsequent steps of the crash test.

phasethen increases negatively up to the final separa-
tion (or rebound) velocity, at which time a vehicle re-
bounds from an obstacle. The contact duration of the
two masses includes both contact times in deforma-
tion and restitution phases. When the relative accel-
eration becomes zero and relative separation velocity
reaches its maximum recoverable value we have the
separation of the two masses. From the crash pulse
analysis we obtain the data listed in Table 1.

2

Figure 3: Car’s deformation.

Acceleration [g]; velocity [km/h]; crush [cm]
\ | \

60 80
Time [ms]

2.1 Real vehicle'scrash pulse analysis

Having at our disposal the acceleration measurements
from the collision, we are able to describe in details
motion of the car. Since it is a central impact, we
analyze only the pulse recorded in the longitudinal 3 \/jrtual experiment description

direction (x-axis). By integrating car's deceleration

we obtain plots of velocity and displacement, respec- Because of the fact that the data from only one full-
tively - see Fig. 6. At the time when the relative ap- scale crash test was available, it was necessary to per-
proach velocity is zero £), the maximum dynamic form a virtual experiment in order to acquire measure-
crush (¢) occurs. The relative velocity in the rebound ments needed to better assess model’s suitability. That

Figure 6: Real car’s kinematics.
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Table 1: Relevant parameters characterizing the real
collision

Parameter Value
Initial impact velocityV' [km/h] 35
Rebound velocity’ [km /h] 3
Maximum dynamic crusid, [cm] | 52
Time when it occurs,,, [ms] 76
Permanent deformatiat), [cm)] 50

is the reason to perform it - not to simulate the ana-
lyzed full-scale crash test, but to obtain a new set of
measurements for model’s validation.

3.1 Experiment’soverview

From the number of experiments analyzed in [38] on
purpose we have chosen to reproduce a low-speed col-
lision (22 km/h compared t&5 km/h from the real
crash test presented in Section 2) and similar car’s
type as well as its dimensions to check if it is possible
to establish a model applicable to two different colli-
sion types and two different initial impact velocities
(however, to the similar car’s type). Virtual experi-
mental setup is presented in Fig. 7.

Y

Figure 7: Virtual experimental setup.

3.2 Methodology and assumptions

A multi-body car model has been built (its dimensions
were selected to fulfill general requirements concern-
ing mid-size vehicles - see Fig. 8 for front, side, and
top views of the vehicle). We have divided the front

part of the vehicle into 6 undeformable components
as we can assume that in such a type of collision only
this car’s section undergoes the deformation. To simu-
late elasto-plastic properties of the car’s body, its par-
ticular components were connected with springs and
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dampers - see Fig. 9. To make the vehicle follow the
reference car’s behavior from [38], their values were
assigned in the trial and error method - see Table 2.
The most relevant dimensions of the car are shown
in Fig. 10. They were assigned to fulfill the over-

all mid-size vehicle geometric requirements. Mass of
the whole vehicle is equal to 1000 kg. Mass distribu-
tion was also taken into account (e.g. the front part
of the hood is not heavy, on the other hand, the axle
together with wheels and engine weigh more). Fur-
thermore, since we investigate a central collision, the
whole model is constrained in such a way that its mo-
tion is possible only in one direction - longitudinal.

By doing this we analyze only its longitudinal accel-

eration component - the same as we did in Section 2.

50,00
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M
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~ ®
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(b) Top wiew. (c) Front view.

Figure 8: The most relevant dimensions of the virtual
vehicle[mm].

Figure 9: Virtual experiment’s overview.

3.3 Virtual crash pulse analysis

Sampling rate for the virtual experiment is exactly the
same as the one for the real collision elaborated in
Section 2 - i.e. 10 kHz (according to [39]). Simi-
larly, the acceleration was measured in the car’s cen-
ter of gravity - COG of a virtual vehicle is illustrated

in Fig. 11. Sequence of the virtual crash is shown
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Table 2: Values of stiffness and damping for each

spring

Spring numbern Stiffness | Damping
k[kN/m] | ¢ [kNs/m]

1 90 70

2 500 80

3 100 10

4 800 6

5 600 10

6 30 70

Figure 10: 3D model of a virtual vehicle - dimensions

in [mm)].
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in Fig. 12. In Fig. 13 there is shown virtual experi-
ment's outcome. Keep in mind that the response ob-
tained from the virtual crash test should be treated as
an approximated crash pulse since it is not possible to
get such rapidly changing acceleration plot (as itis in
the real experiment) in this kind of simulation. How-
ever, the results are satisfactory because the obtained
virtual car’s deformation closely follows the reference
one from [38] as well as the overall shapes of veloc-
ity and acceleration do. As we see, the crush curve in
Fig. 13 does not achieve a steady value. However, the
behavior of this model in the crush time interval (up
to the moment when the acceleration plot reaches the
zero value) is satisfactory. See Table 3 for the most
relevant crash pulse characteristic parameters. The
value of permanent deformatiak for the virtual ex-
periment should be treated as an approximated one,
since the whole model is represented as a multi-body.

Figure 11: Center of gravity (COG) of a virtual vehi-
cle.

1|
(a) t=0ms (b) t=20 ms (c) t=40 ms (d) t=60 ms

P |
(e) t=80 ms (£) t=100 ms (g) t=120 ms (h) t=140 ms

Figure 12: Sequence of the virtual crash.

4 ARMAX model analysis

Two types of mathematical modeling of real world
systems are commonly used [40]:
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Acceleration [g]; velocity [km/h]; crush [cm]
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Figure 13: Virtual car’s kinematics.

Table 3: Relevant parameters characterizing the vir-
tual collision

Parameter Value
Initial impact velocityV [km/h] 22
Rebound velocity” [km /h] 3.2
Maximum dynamic crusd, [em] | 29
Time when it occurs,,, [ms] 88
Permanent deformatiat), [cm] 25

1. Mathematical approach - dynamics of a phe-
nomenonor system is derived from the funda-
mental law of physics (e.g. Newton’s Laws or
conservation principle).

2. System identification - experimental approach.
After examination of the system by performing

on it experiments, model parameters are selected

in such a way, that model's behavior fits to the
experimental data.

In this paper, the second approach is followed.

4.1 Mode’sdescription

Analysis of the autoregressive model with moving av-
erage and exogenous input (ARMAX) was done ac-
cording to [41]. ARMAX model is defined as:

+
1)

y(t) +ary(t — 1) + ... + anay(t — na)
blu(t — nk) + ...+ bnbu(t — N — Ny + 1)
cre(t— 1)+ ...+ cpee(t — ne) + e(t)

where:
o t-time
e y(t) - system’s output

® ai,...,0apa; b1,...,bup; C1,...,Cne - Model's

parameters
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e n, - number of model’s poles

e 1y - number of model’s zeros 1

e n. - number of model’'s parameters in C vector
e n; - order of delay

o y(t—1),...,y(t — ng) - System’s output in the
previous moment

o u(t—ng),...,u(t—nip—mnp+1) - system’s input
in the previous moment

e e(t—1),...,e(t — n.) - white noise.

ARMAX model can be also formulated as:

A(q)y(t) = B(g)u(t —ny) + Clgle(t)  (2)
where A, B, andC are expressed as functions of
q:
Alg) =14+ a1q ' + ...+ anag ™ (3)
B(g) =bi +bog ™ + ...+ bug " (4)
Clg)=1+ g 4+ eneg T 5)

4.2 Modd'’sestablishment

ARMAX model was created for the acceleration pulse
recorded during a full-scale crash test. Since this type
of data is a regular time series, the order of ARMAX
model is specified by the parametersandn,.. We
assumed that, = n. = 3. The obtained ARMAX
model is as follows:

A(q) =1-2.907-¢" 1 +2.865-¢72—0.9582-¢3

C(q) = 1+1.08-¢714+0.9191-¢24+0.4136-¢ 3.

This is a particular case of an ARMAX model
in which ny 0. The model's output is predicted
acceleration. To obtain the complete vehicle’s kine-
matics (apart from acceleration also its velocity and
displacement) during a collision, model’s response is
integrated. Results of simultaneous model’s simula-
tion (no ahead prediction) for both: full-scale crash
test and virtual one are shown in Fig. 14 and Fig. 15,
respectively. Please note that ARMAX model estab-
lished for the real crash data set (mid-speed collision)
is also suitable to simulate the virtual crash test (low-
speed collision).
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Figure 15: ARMAX model’s simultaneous prediction
of the virtual crash pulse.
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5 ARMAX model ahead prediction

Ahead prediction of time series data is based on the
prediction horizon concept. This method takes the old
model’s output up to timeé — K and uses it to pre-
dict the output at time. Thanks to that it is possible

to forecast the behavior of a system according to its
past output. In Section 4.2 it was presented a par-
ticular case of prediction in whicl = 0. Estima-
tion process was performed simultaneously therefore
the model’s orders were low. Let us verify the perfor-
mance of an ARMAX model if the prediction horizon

is equal toK = 50. Because of the fact that the data
sampling frequency used in the experimentlis H z,

this corresponds to the situation in which the cur-
rent model’s output is created based on the reference
system’s behavior frond ms in the past. Since the
ahead prediction methodology demands more com-
plex model’s structure, its order has been increased
in the trial and error process tg, = 25 andn,. = 20.
Similarly to Section 4.2, ARMAX model was created
from the acceleration pulse recorded during the full-
scale crash test. Obtained system has the following
form:

A(q) =1—8.181-¢ 1 4+33.37- ¢ 2 —92.03
¢ 3+195.8-¢7*—345.3-¢ 5 +526.7-¢7 6 —-713.5-
¢ 7T+872.1-¢8—-970.5-477+987.6- ¢ 10 —920-
¢ 14783.9-¢712-609.6-¢ 13 +431-¢ 4 —275.1-

g P 4+157-¢716-79.85-¢717+37.63-¢718—19.31-
g ¥+13.07-¢0-1023- ¢ +7- g2 -352-
¢ +112. ¢ -0.167-¢%

C(q) =1-0.285-¢"1—0.41-¢240.7149-¢ 3 —
0.7731-¢~*+0.7477 - ¢® — 0.3222 - ¢~ — 0.2005 -
¢ 7T4+0.1955-¢% —0.7391 - ¢ 9 +1.139 - ¢~ 10 —
0.5949 ¢~ —0.1957- ¢~ 2 +0.2036¢~ 13 — 0.4528 -
¢ 4 0.1967 - ¢~ — 0.07959 - ¢~ 16 — 0.05506 -
¢ 17T —0.3742- ¢ +0.01382- ¢ ¥ 4 0.275 - ¢~ 2.

Parameters of this regressive model are estimated
by minimizing a weighted sum of squares of predic-
tion errors. The criterion applied is interpreted as es-
timation of the covariance matrix of the noise source
and use of the inverse of that matrix as the weighting
[42]. Simulation results for this system are illustrated
in Fig. 16 and Fig. 17.

The accuracy of the proposed method is satisfac-
tory. It is important that the kinematics of both vehi-
cles: the real and virtual one, derived from the esti-
mated acceleration pulse closely reproduces the refer-
ence plots of velocity and displacement. Hence it is
proved, that ARMAX model allows us to obtain ve-
hicles’ acceleration plots which preserve the overall
characteristics and information concerning the colli-
sion circumstances and its nature. Therefore integra-
tion of the estimated signals yields the kinematic plots
which closely resemble the original ones.

Issue 2, Volume 6, April 2011



WSEAS TRANSACTIONS on APPLIED and THEORETICAL MECHANICS

a
=3

=)

|
a
=}

Acceleration [g]
|

N
o
S)

I I I I I T
20 40 60 80 100 120 140
Time [ms]

IS
S

Real
= = = Estimated

N
=]
T

N

Velocity [km/h]
=]
T

|
N
5]

I I I I I I
20 40 60 80 100 120 140
Time [ms]

@
S

IS
S
T

)
1
1

N
S
T

Real
= = = Estimated

Displacement [cm]
W
b

o

I I I I I
20 40 60 80 100 120 140
Time [ms]

5}

Figure 16: ARMAX model’'s 50 samples ahead pre-
diction of the real crash pulse.
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Figure 17: ARMAX model’'s 50 samples ahead pre-
diction of the virtual crash pulse.

ISSN: 1991-8747 87

Witold Pawlus, Hamid Reza
Karimi, Kjell G. Robbersmyr

6 Conclusions

Two ARMAX models have been established. One for
the simultaneous estimation of the vehicle’s accelera-
tion signal, whereas another one for the signal ahead
prediction, where prediction horizon was equabto
samples. As expected, the higher the prediction hori-
zon is demanded, the higher the orders of the model
should be applied. However, at some point the in-
crease of model's orders does not improve the results
obtained - this is associated with the loss of model's
stability. Moreover, creating complex, large models
greatly extends the computational time needed to es-
timate their parameters and obtain their output.

Advantage of the approach presented in this pa-
per is that a model created for one set of data can
be successfully used to reproduce another data set.
This reduces the time needed for model’s creation and
enhances the simulation stage as well. Future work
in this area may cover performance investigation of
models established for another time series data and
analysis of the estimated signals in the frequency do-
main. It is also advisable to conduct simulations of
the regressive models for the higher prediction hori-
zon to evaluate in details robustness of this modeling
approach.

References:

[1] European Commission. Europe in figures - Euro-
stat yearbook 201Q.uxembourg: Publications
Office of the European Union, 2010.

M. Edwards. Final report for the work on
Car Accidents(SP1) - APROSYS - Integrated
Project on Advanced Protection Systems, Euro-
pean Funded Project, 2009.

[3] J.T. Connor, R.D. Martin, L.E. Atlas. Recurrent
neural networks and robust time series predic-
tion. IEEE Transactions on Neural Networks,
vol.5, no.2, pp.240-254, 1994.

M. Crucianu, Z. Uhry, R. Boé , J.-P. Asselin
de Beauville. NAR time-series prediction: a
Bayesian framework and an experimeRto-
ceedings of the European Symposium on Atrtifi-
cial Neural Networks (ESANN’98), Bruges, Bel-
gium, April 1998.

D. Wang, K.-Y. Lum, G. Yang. Parameter esti-
mation of ARX/NARX model: a neural network
based methodProceedings of the 9th Interna-
tional Conference on Neural Information Pro-
cessing (ICONIPOZ), Singapore, 2002.

H.T. Pham, V.T. Tran, and B.-S. Yang. A hybrid
of nonlinear autoregressive model with exoge-
nous input and autoregressive moving average

[2]

[4]

[5]

[6]

Issue 2, Volume 6, April 2011



[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

WSEAS TRANSACTIONS on APPLIED and THEORETICAL MECHANICS

model for long-term machine state forecasting.
ExpertSystems with Applicationsol.37, no.4,
pp.3310-3317, 2010.

G. Zvejnieks, V.N. Kuzovkov, O. Dumbrajs,
A.W. Degeling, W. Suttrop, H. Urano, and H.
Zohm. Autoregressive moving average model
for analyzing edge localized mode time series on
Axially Symmetric Divertor Experiment (AS-
DEX) Upgrade tokamakPhysics of Plasmas,
vol.11, no.12, pp. 5658-5667, 2004.

M. Basso, L. Giare, S. Groppi, and G. Zappa.
NARX models of an industrial power plant gas
turbine.lEEE Transactions on Control Systems
Technology, vol.13, no.4, pp.599-604, 2005.

R. Zemouri, R. Gouriveau, and N. Zerhouni.
Defining and applying prediction performance
metrics on a recurrent NARX time series model.
Neurocomputing, vol.73, no.13-15, pp.2506-
2521, 2010.

S.F. Crone and N. Kourentzes. Feature selec-
tion for time series prediction - a combined filter
and wrapper approach for neural networisu-
rocomputing, vol.73, no.10-12, pp.1923-1936,
2010.

A.F. Sheta and K.D. Jong. Time-series forecast-
ing using GA-tuned radial basis functiotsfor-
mation Sciences, vol.133, no.3-4, pp.221-228,
2001.

L. Faes, G. Nollo, K.H. Chon. Linear and non-
linear parametric model identification to assess
granger causality in short-term cardiovascular
interactions.Computers in Cardiology, vol.35,
pp.793-796, 2008.

K.H. Chon and R.J. Cohen. Linear and nonlin-
ear ARMA model parameter estimation using an
artificial neural network. IEEE Transactions on
Biomedical Engineering, vol.44, no.3, 1997.
K.-S. Jeong, D.-K. Kim, J.-M. Jung, M.-C. Kim,
and G.-J. Joo. Non-linear autoregressive mod-
elling by Temporal Recurrent Neural Networks
for the prediction of freshwater phytoplankton
dynamics.Ecological Modelling, vol.211, no.3-
4, pp.292-300, 2008.

U.N. Gandhi and S.J. Hu. Data-based approach
in modeling automobile crashinternational
Journal of Impact Engineering, vol.16, no.1,
pp.95-118, 1995.

T. Belytschko. On computational methods
for crashworthinessComputers and Structure,
1992.

M. Borovinsek, M. Vesenjak, M. Ulbin, and Z.
Ren. Simulation of crash tests for high contain-
ment levels of road safety barrieSngineering
Failure Analysis, vol.14, no.8, pp.1711-1718,
2007.

ISSN: 1991-8747 88

Witold Pawlus, Hamid Reza
Karimi, Kjell G. Robbersmyr

[18] A. Deb and K.C. Srinivas. Development of a

new lumped - parameter model for vehicle side-
impact safety simulatiorin Proceedings of the
Institution of Mechanical Engineers, Part D:
Journal of Automobile Engineering, vol.222,
pp.1793-1811, 2008.

P. Jongén, E. Isaksson, K.G. Sundin, and M. Old-
enburg. ldentification of lumped parameter auto-
motive crash models for bumper system devel-
opment.International Journal of Crashworthi-
ness, vol.14, no.6, pp.533-541, 2009.

W. Pawlus, J.E. Nielsen, H.R. Karimi, and K.G.
Robbersmyr. Mathematical modeling and analy-
sis of a vehicle crashilThe 4th European Com-
puting Conference, Bucharest, Romania, April
2010.

W. Pawlus, J.E. Nielsen, H.R. Karimi, and
K.G. Robbersmyr. Development of mathemat-
ical models for analysis of a vehicle crash.
WSEAS Transactions on Applied and Theoreti-
cal Mechanics, vol.5, no.2, pp.156-165, 2010.
W. Pawlus, J.E. Nielsen, H.R. Karimi, and
K.G. Robbersmyr,.Further results on mathemat-
ical models of vehicle localized impadthe 3rd
International Symposium on Systems and Con-
trol in Aeronautics and Astronautics, Harbin,
China, June 2010.

W. Pawlus, H.R. Karimi, and K.G. Robbersmyr.
Application of viscoelastic hybrid models to ve-
hicle crash simulationinternational Journal of
Crashworthiness, (In Press).

W. Pawlus and J.E. Nielsen. Development of
mathematical models for vehicle to pole colli-
sion. Shaker Publishing, Maastricht, 2010.

W. Pawlus, H.R. Karimi, and K.G. Robbersmyr.
Effects of different spring-mass model elasto-
plastic unloading scenarios on the vehicle crash
model fidelity.ICIC Express Letters, Part B: Ap-
plications, (In Press).

W. Pawlus, H.R. Karimi, and K.G. Robbersmyr.
Development of lumped-parameter mathemati-
cal models for a vehicle localized impadh-
ternational Journal of Advanced Manufacturing
Technology, DOI 10.1007/s00170-010-3056-X.
E. van der Laan, F. Veldpaus, B. de Jager, and
M. Steinbuch. LPV modeling of vehicle occu-
pants AVEC 08 9th International Symposium on
Advanced Vehicle Control, Kobe, Japan, October
2008.

H.R. Karimi and K.G. Robbersmyr. Signal anal-
ysis and performance evaluation of a vehicle
crash test with a fixed safety barrier based
on Haar wavelets.International Journal of
Wavelets, Multiresolution and Image Process-
ing, vol. 9, no. 1, pp. 131-149, 2011.

Issue 2, Volume 6, April 2011



[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]
[39]

[40]

[41]

V. Giavotto, L. Puccinelli, M. Borri, A. Edel-
man,and T. Heijer. Vehicle dynamics and crash
dynamics with minicomputerComputers and
Structures, vol.16, no.1, pp.381-393, 1983.

[.LA. Harmati, A. Rbvid, L. Szeidl, and P.
Varlaki. Energy distribution modeling of car
body deformation using LPV representations
and fuzzy reasoning?SEAS Transactions on
Systems, vol.7, no.1, pp.1228-1237, 2008.

T. Omar, A. Eskandarian, and N. Bedewi. Vehi-
cle crash modelling using recurrent neural net-
works. Mathematical and Computer Modelling,
vol.28, no.9, pp.31-42, 1998.

W. Pawlus, J.E. Nielsen, H.R. Karimi, and K.G.
Robbersmyr. Comparative analysis of vehicle to
pole collision models established using analyt-
ical methods and neural networkehe 5th IET
International System Safety Conference, Manch-
ester, UK, October 2010.

W. Pawlus, H.R. Karimi, and K.G. Robbersmyr.
Analysis of vehicle to pole collision models: an-
alytical methods and neural networkaterna-
tional Journal of Control Theory and Applica-
tions, vol.3, no.2, pp.57-77, 2010.

J. McFadden, W.T. Yang, and R.S. Durrans. Ap-
plication of artificial neural networks to predict
speeds on two-lane rural highway$ansporta-
tion Research Record, vol.1751, pp.9-17, 2001.
H. Abedelwahab and M.A. Abdel-Aty. Devel-
opment of artificial neural networks models to
predict driver injury severity in traffic accidents
at signalized intersectionSransportation Re-
search Board 80th annual meeting, Washington
D.C., USA, 2001.

A.R. Varkonyi-Kéczy, A. Rivid, and P. \arlaki.
Intelligent methods for car deformation mod-
eling and crash speed estimatiohe 1st
Romanian-Hungarian Joint Symposium on Ap-
plied Computational Intelligence, Timisoara,
Romania, May 2004.

K.G. Robbersmyr. Calibration test of a standard
Ford Fiesta 1.1l, model year 1987, according to
NS-EN 12767Technical Report 43/2004, Agder
Research, Grimstad, 2004.

M. Huang. Vehicle Crash Mechanics. CRC
Press, Boca Raton, 2002.

ISO 6487:2000. Road vehicles - measurement
techniques in impact tests - instrumentation.

T. Soderstbm and P. Stoica. System ldentifi-
cation. Prentice Hall, Upper Saddle River, N.J.
1989.

K. Mendrok. Signal analysis and identification -
lectures. AGH University of Science and Tech-
nology, Kralow, Poland 2010.

ISSN: 1991-8747 89

Witold Pawlus, Hamid Reza

WSEAS TRANSACTIONS on APPLIED and THEORETICAL MECHANICS Karimi, Kjell G. Robbersmyr

[42] L. Ljung. MATLAB Sytem Identification
ToolboxX™ 7 - User's Guide. The MathWorks
Inc., 2010.

Issue 2, Volume 6, April 2011





