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ABSTRACT
A body frame composed of thin sheet metal is a crucial structure that determines the safety performance of a
vehicle. Designing a correct weight and high-performance automotive body is an emerging engineering problem.
To improve the performance of the automotive frame, we attempt to reconstruct its design criteria based on
statistical and mechanical approaches. At first, a fundamental study on the frame strength is conducted and a
cross-sectional shape optimization problem is developed for designing the cross-sectional shape of an automobile
frame having a very high mass efficiency for strength. Shape optimization is carried out using the nonlinear
finite element method and a meta-modeling-based genetic algorithm. Data analysis of the obtained set of optimal
results is performed to identify the dominant design variables by employing the smoothing spline analysis of
variance, the principal component analysis, and the self-organizing map technique. The relationship between the
cross-sectional shape and the objective function is also analyzed by hierarchical clustering. A design guideline is
obtained from these statistical approach results. A comparison between the statistically obtained design guideline
and the conventional one based on the designers’ experience is performed based on mechanical interpretation
of the optimal cross-sectional frame. Finally, a mechanically reasonable new general-purpose design guideline is
proposed for the cross-sectional shape of the automotive frame.
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1 Introduction
A body frame formed of thin sheet metal is a crucial structure that determines the critical
performance of an automobile, such as the supporting mechanical components and the body
itself having stiffness against loads from inside and outside and protecting the passengers. As the
passenger safety criteria are becoming increasingly stricter, the bodies of new automobiles tend to
be heavy to achieve the appropriate rigidity without any sophisticated design technique. However,
a heavy body weight is a major factor that determines the fuel effectiveness of a vehicle and this
is another important criterion for automobiles. Furthermore, low environmental load products,
i.e., the products that produce a low amount of CO2 , are in high demand. Thus, designing
an automotive body that has the appropriate weight as well as high-performance is one of the
emerging engineering problems.
For improving the body frame design of an automobile, several cross-sectional shape optimization methods, employing numerical optimization algorithms, have been proposed [1–8]. However, although new complicated shapes, which improve the objective function, were obtained in
these studies, the mechanical aspect of the design that is useful for the engineering design could
not be interpreted. Without this information, a general guideline for improving the overall design
performance is difficult to construct.
A few studies focused on understanding the mechanical aspect of the optimal structure by
using simple discrete elements such as a plate and beam elements [9–11]. However, since these
studies are limited to linear elastic analysis, they are unsuitable for optimizing the nonlinear
performance of the automotive body frame, such as its crashworthiness.
On the other hand, in recent years, research on applying data-mining-based strategies for
improving the efficiency of the heuristic optimization algorithms has become popular [12–15].
However, most of these studies focus on the optimization efficiency without analyzing the mechanical aspect of the optimal solution. A design process that can derive a general-purpose design
guideline for improving the objective function is required based on the mathematical analysis and
the engineering interpretation for big data obtained by optimization.
Taking the above mentioned points into consideration, in this work, we have constructed a
process for extracting new design principles from various design candidates obtained by optimization. This research work has been conducted in the following steps follows: (i) A fundamental
study on the frame strength has been conducted and a cross-sectional shape optimization problem
has then been constructed for designing a cross-sectional frame shape of an automobile having
a very high mass efficiency for strength. (ii) Shape optimization has been done by using the
nonlinear finite element method (FEM) and a meta-modeling-based genetic algorithm (GA). (iii)
Data analysis of the obtained set of optimal results has been performed for identifying the crucial
design variables on the basis of the smoothing spline analysis of variance (SS-ANOVA), the
principal component analysis (PCA), and the self-organizing map (SOM) technique. In addition,
hierarchical clustering has been employed for analyzing the relationship between the cross-sectional
shape and the objective function. (iv) A mechanical interpretation of the optimal cross-sectional
frame has been done from the engineering point of view and a general-purpose design guideline
has been proposed.
2 Dataset of Automobile Frame Optimization
A schematic indicating the optimization parameters used for the cross-sectional frame shape
of the car body is shown in Fig. 1. The objective function is the bending strength and mass of
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the frame, which are essential for the collision safety performance of the automobile. The bending
strength is calculated by the transient non-linear finite element analysis of the three-point bending
as shown in Fig. 2 using the commercial software LS-DYNA. The maximum reaction force of the
pushrod is regarded as the bending strength. The material is assumed as steel having the piecewise
linear plasticity with Young’s modulus 206 GPa, Poisson’s ratio 0.3, yield stress 1450 MPa, and
ultimate tensile stress 2350 MPa.

Figure 1: Cross-sectional view of the initial and optimal shapes of the frame. The coordinates of
the design variables have been defined as follows: d1 and d2 are the x and y coordinates of Point
A, d3 and d4 are the x and y coordinates of Point B, d5 and d6 are the x and y coordinates of
Point C, d7 is the x coordinate of Point D, d8 and d9 are the x and y coordinates of Point E,
d10 and d11 are the x and y coordinates of Point F, and d12 : y of Point G

Figure 2: Evaluation model of the bending stiffness of the frame
The design variables are the in-plane coordinates of the seven points of the cross-sectional
frame shape, as shown in Fig. 1. Fig. 3 shows a flowchart of the optimization process based on
the radial basis function (RBF) and the genetic algorithm (GA). Since the computational cost of
the transient non-linear is high, the RBF based meta-modeling approximation was introduced. In
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the RBF approximation, the response y is approximated as the following weighted sum of the
RBF.

y(x) =

N


wi φ(||x − xi ||)

(1)

i

where N is the number of RBF, xi is the center of each RBF and wi is the weights. As the

2
1
RBFs, Gaussian: φ(r) = e−(εr) , Multiquadric: φ(r) = 1 + (εr)2 , Inverse quadratic: φ(r) = 1+(εr)
2
and Inverse multiquadratic: φ(r) = √

1
1+(εr)2

are used. In each RBF update, approximations are

constructed by using all RBFs and the best one is chosen. A total of 100 initial sampling points
are created using the Latin hypercube sampling method [16] and analyzed using FEM before
optimization. In the optimization iteration, the RBF is first constructed or updated based on the
FEM results. Using the generated RBF model, the GA updates the design variables and forms
the Pareto front. A total of 100 new design samples are chosen near the obtained Pareto solution
and was analyzed by FEM to update the RBF in the next iteration. This iteration is repeated
five times. In other words, the RBF approximations were introduced only during optimization
and total 600 exact FEM results were finally obtained. A cross-sectional view of the base shape
is shown in Fig. 1, which is designed by an engineer based on only the mechanical knowledge
without any support tools. This design aims to control the thin plate buckling during the sectional
deformation of the thin-walled frame.

Figure 3: Flowchart of the optimization process
Fig. 4 shows the distribution of the 600 solutions evaluated using FEM. A Pareto set of
the solutions was clearly observed to be formed. Both the bending strength and the weight were
improved in some solutions. However, it was difficult to estimate a design guideline useful for
general purposes from this result only. Therefore, the design guidelines are clarified by analyzing
the data obtained using the optimization procedure described in the following subsections.
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Figure 4: Optimal solution set evaluated using FEM for statistical analysis
3 Analysis of the Effect of the Design Variables
3.1 Extraction of the Predominant Contributing Factors
First, the contributions of the 12 design variables to the frame performance, Fmax /Mass,
where Mass is the total mass of the frame, are identified using the SS-ANOVA [17] method. This
method is used for analyzing the variance after smoothing the relationship between each design
variable and the objective function in order to reduce the calculation load. In the SS-ANOVA, the
smoothed function f (x) approximating N-th data set (xi , yi ) is derived by solving the following
optimization problem:
  2 2
N
1 
d f 
minimize
(2)
(f (xi ) − yi )2 + λ  2  dx
 dx 
N
f
i=1

where λ is a weighting factor of the smoothing term. After getting the approximation function
f , target vector f is approximated as the sum of the component f i corresponding to i-th design
variable as:
f=

N


fi

(3)

i

The contribution ratio of i-th design variable is calculated as f i · f /f · f . The results of
the analysis have been shown in Fig. 5 and indicate that the contributions of the factors d2 (y
coordinate of A), d9 (y coordinate of E), d3 (x coordinate of B), and d11 (y coordinate of F) are
high.
Second, PCA is performed for capturing the tendency of the entire set of the design variables
and the optimal solutions [18]. PCA is a dimension reduction method that summarizes the
multivariate information correlated with each other into a small number of characteristic values
that are mutually exclusive. The input dataset vector is formed as
X = (d1 , d2 , . . . , d12 , Fmax /Mass, Fmax , Mass, Fmax /Height)

(4)

where Height represents the height of the flame cross section. Each item is normalized to the 0–1
range. PCA was performed based on the eigenvalue analysis of the covariance matrix X T X. The
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each design variable vector corresponding to each solution were them mapped into the eigenvector
space by the coordinate transformation by the matrix composed of eigenvectors (This process is
similar with modal method in the vibration analysis). In this process, the relationship between the
above 12 variables is simplified to a two-dimensional plane composed of the first and the second
principal factors. The results obtained by performing the PCA are shown in Fig. 6. The arrows
represent the vectors composed of the first and the second eigenvector components corresponding
to the input vector components in Eq. (1) Although the meaning of these factors is unclear, the
design factors close to the vector direction of the objective function are plotted, and their strength
and directionality are confirmed. The arrow of the objective function Fmax /Mass is long and is in
the positive direction of the first principal factor. Thus, we can assume that the objective function
is dominated by the first principal factor. Furthermore, the arrows of d2 (y coordinate of Point
A), d3 (x coordinate of Point B), and d9 (y coordinate of Point E) have directions similar to
the arrow of the objective function. In other words, these design variables can have a substantial
effect on the objective function.

Figure 5: Results of the SS-ANOVA analysis

MmaxHeigl

Figure 6: Results of the PCA analysis. The design variables having a direction arrow similar to
that of the objective function are regarded to have a substantial effect on the objective function
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Finally, an SOM [19] is formed using the vector expressed by (4) on the basis of the value
of the objective function. The SOM is a representation of the similarity of design variables in a
map space on two dimensions. Fig. 7 shows a representation of SOM on a hexagonal grid, where
the input vector is compared to a reference vector and the coordinates of the input vector are
transformed to the coordinates of the node with the closest reference vector to the input vector on
the map. In Fig. 7, the distribution of values of the objective function and each design variable
components in each vector. The design variables that have similar distributions can exhibit similar
effects on the objective function. Here, (d3 , d8 ), (d4 , d9 ), (d5 , d7 ), and (d11 , d12 ) are regarded as pairs
of design variables exhibiting a similar tendency. (d3 , d8 ) are design variables corresponding to the
x-direction, (d4 , d9 ) are those corresponding to the y-direction, (d5 , d7 ) are those corresponding to
the x-direction of the neighbor points, and (d11 , d12 ) are those corresponding to the y-direction
of the neighboring points. This is certainly the reason for their similarity. Among them, d2 (y
coordinate of Point A), d3 (x coordinate of Point B), and d9 (y coordinate of Point E) exhibit a
similar distribution with the objective function. These results agree with those of the PCA shown
in Fig. 6.

Figure 7: Results of the SOM analysis. Design variables having similar color distribution exhibit
similar tendencies for the objective function
3.2 Directional Analysis of the Cross-Section Design
In the previous section, the design variables that are crucial for increasing the objective
function were clarified. In this section, a description of the analysis conducts for investigating
the relationship between the design variables and the objective function is given and the design
guidelines for the cross-sectional shape is considered. As an analytical approach, all data are
clustered using two factors, the mass of the frame and the bending strength, and were divided
into eight subsets on the basis of these two factors. The cluster analysis identifies homogeneous
subgroups of results in a dataset. Based on the distributions of the subgroups, we consider the
range of effective values for the design variables required for improving the objective function.
The clustering method used in this work is the hierarchical clustering method based on the Ward
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method which uses the Euclidean distance as an index [20]. The results of clustering are shown
in Fig. 8.

Figure 8: Results of clustering
Next, we analyze the tendency of each design variable by plotting its value range corresponding to high, middle, and low clusters in a parallel coordinates chart. Fig. 9 shows the ranges of
the normalized values of the objective function corresponding to each design variable. In Cluster
1, the ranges of the design variables that have a large effect, namely, d2 (y coordinate of Point
A), d3 (x coordinate of Point B), and d9 (y coordinate of Point E) are narrow but have large
values. In other words, they should be high in order to improve the objective function. The design
guideline thus obtained has been visualized as shown on the right side of Fig. 10.

Figure 9: Parallel coordinates chart. The cluster numbers are identical to those in Fig. 8
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Figure 10: Comparison between the conventional design guideline (left side) and the statistically
obtained design guideline (right side)
4 Mechanical Interpretation
This section describes the analysis of the design information, obtained from the statistical
analysis detailed in the previous section, from an engineering point of view. Generally, the bending
strength of the frame is evaluated by the total plastic moment, Mp [21] that is expressed as:
Mp = Zp σTS

(5)

where Zp and σTS are the plastic section modulus and the maximum tensile strength, respectively.
It is difficult to analytically derive the plastic section modulus for the automotive frame having
a complicated shape. However, the general design guideline is to enlarge the cross-sectional shape
vertically, which is the same as the direction of the applied bending moment, similar to the elastic
section modulus. This design guideline agrees with the statistical result that d2 (y coordinate of
Point A) and d9 (y coordinate of Point E) should be increased.
In contrast, in the case of a hollow frame composed of a thin steel plate, such as an
automobile frame, the buckling of the thin plate becomes dominant and the buckling deformation
occurs before the total plastic moment is reached and this determines the maximum strength.
In other words, it is important to suppress the buckling of the thin plates forming the frame.
To this end, we have derived the design requirements for suppressing the thin plate buckling by
considering the past fundamental engineering studies. This design guideline is shown in Fig. 10
together with the one obtained by the statistical approach. In the conventional design guideline,
the shape of the vertical plate in the frame was regarded to influence the buckling effect and the
layout vertically and the angle of the inclined plate was also specified.
In the statistically obtained design guideline, the guideline for the position of Points A and E
agree with the conventional one. However, the guideline for the position of Point B violates the
conventional ones.
In order to analyze the design guideline of the position of Point B, the detailed deformation
of the optimal solution was tested. Fig. 11 shows the relationship between the pushrod stroke
and the reaction force and also shows the representative deformations of the optimal and the
conventional base shapes specified in Fig. 4. It was observed that the inclined wall of the optimal
shape became vertical depending on the deformation and contributed to a higher reaction force
than the conventional design. Considering this deformation behavior, the preinclined wall layout
is quite reasonable. Such a design guideline was first obtained by using a statistical approach.
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Figure 11: Reaction force histories and the deformation diagrams of the base frame shape and the
optimal shape. The deformation diagrams were chosen at the analysis time of 20 ms
5 Conclusions
By analyzing a large amount of data obtained from the optimization process using the RBF
method and the GA using a statistical approach, SS-ANOVA, PCA, SOM, and clustering, we
reconstructed the design guideline of an automotive frame. The design target was the crosssectional shape of an automotive frame and the design objective was to improve the reaction
force for the high-speed bar contact on the center with both the side supports. The crucial design
factors that have a high contribution to the objective function were chosen and their directions
were observed to improve the objective function. The contributions of the 12 design variables to
the frame performance were identified using the SS-ANOVA. PCA was performed for capturing
the tendency of the entire set of the design variables and the optimal solutions. SOM was formed
to identify the similarities of design variables. Clustering was finally performed for investigating
the quantitative relationship between the design variables and the objective function.
The two design guidelines were obtained by this process are: (i) the height of the crosssectional frame should be high to improve the plastic section modulus, and (ii) the vertical wall
of the cross-section should be inclined. Although the first guideline agreed with the conventional
design guideline based on mechanics and the designers’ experience, the second one violated it. By
analyzing the detailed deformation of the optimal shape, it was clarified that the inclined wall
became vertical through the deformation process of the frame and this was more effective for
increasing the reaction force than the conventional shape. We conclude that such a design guideline
can be found only by the integration of the statistical and mechanical approaches and can be
effective for the design of the general structure.
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