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a b s t r a c t

This article presents an application of data mining method on finite element data and crashworthiness
result data of an occupant restraint system. According to the characteristics of the CAE (Computer-Aided
Engineering) data, a framework for data preparation is developed based on object-oriented programming
concepts. Training sets are built from data recorded in 98 crash simulations that adhere to FMVSS208, the
America occupant crash protection testing standard. Relationship between design parameters and system
effectiveness is implied in these data sets. Decision tree using C4.5 algorithm and attribute selection
method based on attribute’s estimated importance are introduced to perform data mining on the building
of training sets. The result yielded by data mining endows us with a deeper insight into the interrelations
between the key design parameters and the performance of the occupant restraint system in crash sim-
ulations. Finally, the learned rules are tested on the real crash simulation data sets. The result of the test-
ing shows that these rules are proper, and can been used as a guidance for the design of the occupant
restraint system.

� 2010 Elsevier Ltd. All rights reserved.

1. Introduction

With the arrival of computer age and the rapid development in
high performance computing area, the finite-element-based CAE
simulation has been gradually overtaking the traditional mechan-
ical experiments as the main means for research and development
(R&D) in automobile industry. The general utilization of CAE tools
has remarkable advantages in cutting the R&D expenditure and
shortening product cycles, yet it also brings the challenge to the
management of massive data. Huge data sets are generated in
R&D process, since a large number of crash simulation experiments
are carried out to verify the design. The intrinsic relationship be-
tween design parameters and car performance is usually implied
in the massive data, and can hardly be identified by hand. To un-
cover the underlying relationship and reuse the data as the guid-
ance for the design, the data mining technology is brought into
usage.

Data mining is defined to be the exploration and analysis, by
automatic or semiautomatic means, of large quantities of data
stored either in databases, data warehouses, or other information
repositories to discover interesting knowledge including meaning-
ful patterns and rules (Berry & Linoff, 1997; Han & Kamber, 2001).
It has been widely used in fields like finance, market analysis, bio-

logical and medical research, telecommunication, traffic accident
assessment, etc. (Alonso, Caraça-Valente, González, & Montes,
2002; Bayam, Liebowitz, & Agresti, 2005; Chen & Du, 2009; Huang,
Chang, & Wu, 2009; Jeng, Chen, & Liang, 2006; Turhan, Kocak, &
Bener, 2009). The CAE analysis is a complicated process that con-
sists of a series of steps, including pre-processing of the FE model,
the solving stage for the simulation, and post-processing of the re-
sult files. CAE data have different formats in different stages. In
pre-processing phase, data is usually contained in FE (Finite Ele-
ment) model files in ASCII format. In the result files, there are gen-
erally two kinds of files, the ASCII files which specify motions and
force of nodes and elements, and the binary files which illustrate
the kinematic and dynamic features of the results by animation.
In the present paper, attention is given to the data mining on FE
model files and result files in ASCII formats, with the goal of obtain-
ing the relationship between design parameters and the occupant
safety level in crash simulations.

The application of data mining is mainly achieved by three
steps. The first step is data preparation, when necessary data is
extracted from the original data pool and pre-processed to get
target data. The second step is data mining, which includes per-
forming knowledge discovery for target data, and ultimately
forming the knowledge. The last is knowledge verification, when
knowledge is applied in practical cases to verify its correctness.
The details of these three steps are discussed in this paper. Be-
sides, most of the data mining algorithms adopted in this paper
are based on WEKA (Waikato Environment for Knowledge Analy-
sis) package (Witten & Frank, 2005). WEKA includes several stan-
dard machine learning methods which can help users derive
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useful knowledge from data sets that are otherwise too large to
be analyzed by hand.

2. Data preparation

Typically, data preparation takes up 80–90% of the total work-
load for data mining process (Klosgen, Zytkow, & Zyt, 2002). Origi-
nal data must be pre-processed, otherwise, useful knowledge can
rarely be obtained from data mining. The pre-processing of data in-
cludes extracting and generating parameters from FE models and
simulation results, and converting them to standard formats so
that they conform to the data mining algorithm. Data that has been
processed by data preparation procedure exists in the form of in-
stance sets, each of which is composed of several attributes. For
the data mining on the occupant restraint system, each crash sim-
ulation result is considered as an instance. Class attribute is ob-
tained from simulation results, while other features are got from
the vehicle FE models. In the following paragraphs, the generating
process of these two kinds of features will be discussed.

2.1. FE model of the occupant restraint system and its parameter
extraction process

The CAE data used in this article are based on the FE models of
the vehicle which includes an occupant restraint system as illus-
trated in Fig. 1. The FE model consists of about 600 parts,
160,000 nodes, and 160,000 elements. The occupant restraint sys-
tem contains a Hybrid III dummy, a three-point seat belt, and a
foldable airbag. The FE model for seat belt also includes seat belt
elements, sliding ring elements, seat belt pretensioner, seat belt
retractor, and the sensing elements that trigger the seatbelt pre-
tensioner and retractor. The airbag model (http://www.ncac.g-
wu.edu/vml/archive/ncac/interior/DRVR-Airbag-V2.key.gz) is built
according to the norm of National Crash Analysis Center of Amer-
ica, with the pressure of the airbag being uniform.

The occupant restraint system consists of many components
and involves a large number of design parameters. As suggested
in references (Sinha, 2007; Thiele, 2006), nine variables coming
from the seat belt and the airbag are chosen as parameters. Table
1 lists the meanings and units of these parameters.

For confidentiality of their key techniques, car companies do not
usually share a large amount of data for research. In this paper, a
total of 98 cases of experimental data for crash simulation are ob-
tained by way of orthogonal experiment design (Chen, Zhang,
Yang, & Niu, 2007), which includes nine influencing factors and se-
ven levels as illustrated in Table 2.

FE models are usually in the form of ASCII files with the influ-
encing factors being interrelated, which makes it possible that
the parameters as shown in Table 1 be generated automatically
by programming. In this paper, we rebuilt the class objects of seat

belt and airbag using JAVA language based on the object-oriented
concept. Fig. 2 shows the class structure in the developing environ-
ment Eclipse. In the class structure, member variables include
material ID, structure ID, units and other base information of seat
belt and airbag; member functions stand for the algorithms
adopted in the generation of parameters as shown in Table 1. For
example, to obtain the parameter sb_loader as shown in Fig. 3,
we can firstly obtain the loading curve ID according to the retractor
type, and then find the discrete number group that define the load-
ing curve, and finally calculate the area confined by this curve and
the time axis.

2.2. Assessment of occupant safety in frontal impact and generation of
class attribute

The result data was obtained from a 100% rigid wall frontal im-
pact simulation test with the collision speed being 50 km/h as
illustrated in Fig. 4. The test was in accordance to FMVSS208, the
America occupant crash protection testing standard. The simula-
tion lasted 120 ms, and the solver being used was LS-DYNA
(SMP, Symmetrical Multi-Processing, version).

The impact of parameters of occupant restraint system to the
occupant protection in crash simulation is analyzed in this article.
To evaluate the occupant injury under frontal impact, we adopt the
Weighted Injury Criterion (WIC). The value of WIC coming from
the crash result reflects the degree of the occupant injury. A larger
value of WIC indicates more severe injuries. In the American stan-
dard FMVSS208, WIC is defined as:

WIC ¼ 0:6
HIC
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Here, HIC (Head Injury Criterion) stands for head injury criterion
whose value is as following

HIC ¼ Max
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Here, aHead is the resultant acceleration of head center; t1, t2 stands
for the starting time and termination time during the process of
maximizing HIC. Generally, when the time interval is 36 ms,
HIC 6 1000. C3ms is the value of chest 3 ms norm; the maximum lin-
ear acceleration sustained for 3 ms or longer in the center of the
chest should not exceed 60 g (TNO, 2004). Ccomp is the chest contrac-
tion (unit: m); should be less than 75 mm. Ffemur

left is the maximum
axial force on left thighbone; should be less than 10 kN. Ffemur

right is
the maximum axial force on right thighbone; should be less than
10 kN.

Using object-oriented programming language as described in
Section 2.1, HIC can be obtained from the simulation result of head

Fig. 1. Occupant restraint system and vehicle FE model.
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