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Abstract

High-dimensional mixed variables, strongly nonlinear responses, and unreliable decisions
near constraint boundaries remain major challenges in frontal crash optimization of elec-
tric vehicles. This study develops a response-gated error-compensated surrogate model
(RGEC-5M) and an uncertainty-constrained surrogate-assisted optimization method (UC-
SB-NSGA-II) for the 100% frontal rigid-barrier impact of an electric sport utility vehicle.
RGEC-SM uses a shared encoder with response-specific feature gates to represent multi-
response mappings and applies out-of-fold residual radial-basis-function compensation to
responses with stable local bias. Bootstrap ensemble standard deviations are converted,
through an independent calibration set, into one-sided conservative prediction bounds
for baseline-referenced safety constraint screening. On an independent test set, RGEC-SM
achieved R? values of 81.74-91.86% for 13 responses, with a mean NRMSE of 13.4% and
a Boundary-NRMSE of 19.4% for safety responses. After conservative constraints were
constructed to target 90% one-sided pooled marginal coverage, the false-acceptance rate in
the candidate FE audit decreased from 27% to 10.3%, while acceptance precision increased
from 73.0% to 89.7%. Under a fixed surrogate-evaluation budget, UC-SB-NSGA-II main-
tained a conservative-feasible hypervolume comparable to that of NSGA-II, but increased
the final-generation conservative baseline-referenced feasible ratio from 48.7% to 79.6%.
FE re-simulation of the TOPSIS-selected candidate confirmed that all 11 safety responses
were no worse than the baseline design. Body mass decreased from 438.6 kg to 420.4 kg,
and vehicle acceleration decreased from 39.4 m/s? to 36.9 m/s?, corresponding to improve-
ments of 4.15% and 6.35%, respectively. The proposed method reduces the risk of falsely
classifying practically infeasible designs as feasible during surrogate-based optimization.

Keywords: electric vehicle; frontal crash; response gating; residual compensation; uncertainty
calibration; conservative constraint; NSGA-II

1. Introduction

The substantial mass of traction batteries and the limited front-end deformation
space of electric vehicles place stringent demands on frontal crashworthiness. Under
frontal impact, load-bearing structures, including front rails and crash boxes, must absorb
impact energy while limiting deformation transmission to the passenger compartment.
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Lightweighting further intensifies the trade-offs among structural mass reduction, occupant-
compartment integrity, and acceleration-pulse control. Previous studies have established
foundations in structural crashworthiness optimization [1-4], response-surface-assisted de-
sign [5,6], full-vehicle crash simulation [7-10], and battery-pack surrogate modeling [2,11].
However, collaborative optimization of high-dimensional mixed variables in full-vehicle
frontal crash remains constrained by high computational costs, strong response coupling,
and uncertain safety-constraint boundary decisions.

Explicit finite element (FE) analysis can represent nonlinear processes such as mate-
rial plasticity, contact, buckling, and failure, and is therefore a key tool for frontal-crash
performance assessment. However, a single full-vehicle simulation is time-consuming
and cannot be embedded directly in evolutionary optimization. Design-of-experiments
methods, such as Latin hypercube sampling, have therefore been used to improve sample
coverage [12,13], while surrogate models, including response surfaces, Kriging, and radial
basis functions, have supported the approximation of nonlinear crash responses [14-21].
Surrogate-assisted evolutionary optimization methods have also shown application poten-
tial [11,22,23]. In high-dimensional mixed-variable spaces, however, samples remain sparse,
requiring surrogate models to provide both global predictive accuracy and robustness near
constraint boundaries.

Existing surrogate models have distinct limitations. The generalization of RBF mod-
els depends on kernel-width selection [21,24], Kriging can be computationally expensive
for high-dimensional multi-response problems [13,19,20], and BP neural networks are
prone to overfitting when the sample size is small [25-27]. Model selection is often sup-
ported by cross-validation, robust losses, and bootstrap methods [28-33]. Crash responses
are heterogeneous: the same structural variable may simultaneously improve energy ab-
sorption and increase acceleration peaks. Multi-task learning, ensemble learning, and
calibrated uncertainty estimation provide useful references for coupled multi-response
modeling [34-37], while feature modulation and variable-importance analysis can support
input scaling and engineering interpretation [38-42]. Nevertheless, these ideas require
engineering adaptation to crashworthiness constraint boundaries.

Multiobjective evolutionary algorithms such as NSGA-II are widely used in engi-
neering optimization [43-45]. Conventional surrogate-assisted optimization, however, has
difficulty distinguishing prediction risk. When the surrogate model exhibits systematic
bias in sparse regions or near constraint boundaries, the population can be attracted to
falsely advantageous solutions.

Using only fixed penalty functions for safety-related constraints such as intrusion
and local deformation, or handling objective responses such as acceleration without dis-
tinguishing prediction risk, may lead to feasibility misclassification and search instabil-
ity [46-49]. Engineering design screening also requires trade-offs among mass, acceleration,
and constraint margins; methods such as TOPSIS and entropy weighting can support
post-processing of Pareto solution sets [50-53].

To address these issues, this study builds on an existing full-vehicle frontal crash FE
model, a 68-dimensional mixed design space, and 600 simulation samples. A response-
gated error-compensated surrogate model (RGEC-SM) is proposed. The model uses
response-dependent feature gates to identify sensitive parameters, trains RBF compen-
sators on out-of-fold cross-validation residuals for conditional correction, and uses boot-
strap ensemble standard deviations to characterize model disagreement. An uncertainty-
constrained surrogate-assisted NSGA-II (UC-SB-NSGA-II) is then developed. A one-
sided risk multiplier is determined from an independent calibration set and combined
with conservative constraint dominance, mixed-variable evolutionary operators, TOPSIS
post-processing, and FE re-simulation validation. The objective is to establish a cred-
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ible surrogate-optimization workflow for high-dimensional, strongly nonlinear, multi-
constraint full-vehicle frontal crash problems under a limited simulation budget.

2. Frontal Crash Finite Element Model and Optimization
Problem Definition

2.1. Finite Element Model of the Electric Vehicle Frontal Crash

A frontal 100% rigid-barrier impact simulation model was developed for an electric
sport utility vehicle according to the 2024 C-NCAP protocol (Figure 1). The main body
structure was discretized with shell elements with an average size of approximately 8 mm.
The model contained approximately 845,000 nodes and 830,000 elements. The material
set included representative body metals, including low-strength steel, high-strength steel,
advanced high-strength steel, and aluminum alloys. LS-DYNA Material Model 24 was
used to describe elastoplastic behavior; the stress-strain curves were mainly obtained
from test data and included strain-rate effects and dynamic hardening. Connections were
represented by solid spot-weld and solid adhesive elements, while spot-weld failure was
not considered. Contacts included body self-contact and body-to-rigid-wall surface contact,
with friction coefficients of 0.1 and 0.2, respectively. The vehicle impacted the rigid barrier
at 55 km/h, and the simulation termination time was 0.12 s.

Figure 1. Boundary conditions for the body structure under the frontal crash condition.

Figure 2a shows that the calibrated FE model reproduces the principal front-end crush
mode and overall vehicle deformation observed in the full-vehicle rigid-barrier test. In
Figure 2b, the simulated acceleration captures the dominant deceleration pulse and the
overall multi-peak trend, although local deviations remain during the early and middle
response phases. The agreement in deformation mode and acceleration response establishes
the baseline FE model as the reference for subsequent parametric optimization. Throughout
the optimization, the impact conditions, contact treatment, and constitutive modeling
framework were retained, while structural geometry, component positions, thicknesses,
and material assignments were varied within the prescribed design ranges.
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Figure 2. Validation of the baseline frontal crash FE model against the full-vehicle rigid-barrier test:
(a) deformation comparison; (b) acceleration time-history comparison.

2.2. Design Variables for Frontal Crashworthiness Optimization

Based on frontal-crash load transfer paths, local intrusion-sensitive regions, and the
parametric modeling requirements of the SFE concept, the main variable regions were
defined around key load-bearing structures, including the B-pillar, longitudinal members,
A-pillar, dash cross member, upper rail, seat cross member, and floor. Representative
geometric/positional input variables are listed in Table 1. The initial design-variable combi-
nation was denoted as the baseline design and consisted of the initial geometric/positional
parameters and the initial material-thickness configuration of the current body model. The
FE responses of this initial design under frontal crash conditions were used as performance
boundaries for subsequent baseline-referenced constraints.

Table 1. Representative geometric and positional input variables.

Order Input Variable Initial Range Illustration
1 VIR/G/LON-E/X 277 [—-50, 50]
2 VIR/G/LON-R/Z 158.4 [—10, 10]
3 VIR/G/SHOTGUN-E/Z 322 [—10, 10]
4 VIR/G/TUNNEL/Z 50.5 [-5,15]
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Table 1. Cont.

Order Input Variable Initial Range Illustration
5 VIR/G/ROCKER/Z 87.5 [-5, 5] %
6 VIR/G/ROOF-SIDE-RAIL/Z 116.3 [—10, 10]
7 VIR/G/BPILLAR-Lower/X 248.2 [—10, 10] /-F—/
8 VIR/G/BPILLAR-Lower/Y 81.2 [0, 10] #
9 VIR/G/BPILLAR-Middle/X 207.6 [—10, 10] ‘
10 VIR/G/BPILLAR-Middle/Y 75.4 [0, 10] 7%
11 VIR/G/BPILLAR-Upper/X 159.8 [—10, 10] Ju
12 VIR/G/BPILLAR-Upper/Y 32.2 [0, 10] =
32 VIR/G/R-Roof-Side-Rail /Y 88 [0, 10] ?

Note: “...” indicates that other geometric and positional input variables are omitted for brevity.

The thickness/material variables describe the material-thickness combinations of key
load-bearing components. Each variable can take values only from a predefined candidate
set. For each discrete variable, a candidate index is assigned, and the corresponding
material grade, thickness, and related FE material-card parameters are determined by a
predefined mapping table. The candidate index is used only for discrete selection during
optimization and FE model generation and is not directly treated as a continuous numerical
input to the surrogate model.

Accordingly, the original design space for the frontal rigid-barrier (FRB) condition
comprised 32 continuous geometric/positional variables and 36 discrete material-thickness
variables, resulting in 68 design decision variables in total (Table 2). The continuous vari-
ables were normalized, while each discrete variable, containing three candidate categories,
was represented using one-hot encoding, yielding an encoded input dimension of 140 for

the surrogate model.

Table 2. Details of the input variables.

Variable Group Num. Description Type Encoding Method Related Structure

Spatial dimensions or B-pillar, rocker,

Geometrilc/posmon 32 relative positions of key ~ Continuous Physical bounds upper rail, seat
variables . cross member,
structural regions .
dog-leg region
. . andidate ID; .
Thickness and material C € . B-pillar
. . : one-hot categorical .
Thickness/material assignment of . . reinforcement,
. 36 ) Discrete encoding; .
variables load-bearing panels and rocker, rail, floor,

material-thickness mapping

. b
for FE model generation ¢ross member

reinforcements

Numerical representation
Encoded ML after continuous-variable
features normalization and
categorical encoding

Mixed Normalized feature vector x = P(z)
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Latin hypercube sampling (LHS) was employed to generate 600 FE samples, utilizing
its stratified space-filling properties to promote broad coverage of the prescribed design-
variable ranges under the limited simulation budget. Among the 390 training samples,
1027 sample-response pairs were identified near the predefined boundaries of the 11 safety
constraints, including 541 on the feasible side and 486 on the infeasible side.

2.3. Crashworthiness Responses and Baseline-Referenced Performance Constraints

After the batch FE simulations, the FRB crash time histories were converted into scalar
response labels suitable for surrogate-model training. The selected outputs mainly included
front-floor intrusion, front-door intrusion, accelerator-pedal intrusion, dash deformation,
vehicle acceleration, and body mass (Table 3). Displacement and intrusion responses
characterize occupant-compartment retention, enabling the resulting dataset to support
both crashworthiness prediction and subsequent multiobjective optimization.

Table 3. Output responses.

Response Group Suggested Symbol Response Group Suggested Symbol
Front floor intrusion ”%(F k(k =1,2,3,4) Accelerator pedal intrusion uﬁp, ui P
Front-door intrusion ui-(D (k=1,2,3, 4) Maximum front-end deformation UirE

Body mass m Vehicle acceleration a

For the investigated 100% frontal rigid-barrier impact condition, the selected responses
primarily focus on vehicle body mass, acceleration, and structural intrusion or local de-
formation. Although frontal impact loads may propagate toward the battery pack region
through the surrounding structures, battery-specific responses were not included in the
present optimization framework, and battery safety was therefore not directly evaluated.

Continuous geometric/positional variables and output responses were normalized
using Equation (1). Discrete material-thickness variables were not numerically normalized
by candidate index, but were first converted into categorical encodings according to the
candidate mapping table. Binary one-hot features retained their 0/1 values and were not
normalized again.

Xnorm = —1+ ZM 1)
Xhigh — Xlow
where the original variable, its lower and upper bounds, and the normalized value mapped
to the interval [—1, 1] are defined as in Equation (1).

3. Methodology

3.1. Uncertainty-Aware Multi-Response Surrogate Model
3.1.1. Overall Model Architecture

As shown in Figure 3, a response-gated error-compensated surrogate model (RGEC-
SM) was constructed to describe the nonlinear relationship between the encoded input
features derived from the original mixed design variables and the 13 output responses. The
13 outputs included body mass, vehicle acceleration, and 11 safety-related intrusion or local-
deformation responses. Body mass and vehicle acceleration were used as optimization
objectives; the remaining 11 responses were converted into risk measures for baseline-
referenced non-degradation constraint decisions.

https:/ /doi.org/10.3390 /machines14111252


https://doi.org/10.3390/machines14111252

Machines 2026, 14, 1252

7 of 26

Bootstrap ensemble (b =1 ... 20) N
- RGEC-SM submodel b N
Input design -
variables ) Shared Response-| [ Main | (Conditional Final Submodel 1] | Ensemble Final outputs:
—_| Response- ! i residua N 13 output responses
. ; cific oati encoder specific | [predictor| residual submodel (corrected aggregation I sponses
32 geometric/ specific gating ¢ ot cedicti
position Ep() heads outputs c““:‘""" prediction predictions) «11 safety-response
variables for each response| shared across Hp;(*) bAS] « Predictive predictions
(continuous) j=1..13) responses g 9 main @) M — mean u; e.g., front floor
by B f] ubmode! intrusion,
+36 thickness/ independent gate captures " (corrected ~Predictive || front-door intrusion,
‘material 9ny(%) coupled 13 response  ouly for o predictions) standard maximum front-end,
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Figure 3. Overall architecture and training-inference workflow of RGEC-SM.

RGEC-SM consists of multiple bootstrap submodels. Training samples for each
submodel are obtained by resampling the training set with replacement. The network
topology is identical across submodels, but the parameters are independent. In each
submodel, every output response has an independent feature gate and output head,
while the encoder is shared by all 13 response branches. This architecture preserves the
response-specific dependence on input variables while exploiting nonlinear representations
shared across responses.

To address possible local systematic bias in the main predictor, compact RBF com-
pensators were trained using out-of-fold residuals. Whether residual compensation was
enabled was determined on the validation set and controlled by a response-level binary
switch; this switch was kept identical across all bootstrap submodels. The ensemble layer
finally outputs the prediction mean and standard deviation. The mean is used for response
prediction and objective evaluation, while the standard deviation characterizes model
disagreement and is subsequently calibrated for safety constraint construction.

3.1.2. Response-Dependent Feature Gating

For the corresponding output response in each submodel, feature-wise sigmoid gates
were applied to the encoded input features. The gating, input modulation, and main
prediction process are written as follows:

g?(X) = U(f;ate,j(x)) (2)

’if:x@[1+17(2gf(x)—1)},;7:0.5 3)

}A];'),main(x) = h? <Eb (zjb)> 4

where the gating network, shared encoder, and response-specific output head are defined
in Equations (2)—(4). The feature scaling coefficients lie between 0.5 and 1.5, preventing
weakly sensitive features from being completely suppressed.

The gate values reflect only the model’s tendency to modulate input features. They
do not directly represent causal contributions or true load-path weights. Subsequent
engineering interpretation combines group permutation importance with FE perturbation
sensitivity. For one-hot encoded material-thickness variables, the corresponding encoded
columns are treated as original variable groups.

3.1.3. Conditional Residual Compensation

The RBF compensator used the out-of-fold residuals of the main predictor as super-
vised signals. For each bootstrap submodel, its bootstrap training set was partitioned by
original sample ID; repeated copies of the same original sample were always assigned to
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the same fold. After the main prediction was generated for the held-out fold, the out-of-fold
residual for each sample and response was defined as follows:

POOF _ std _ »bOOF(x;) (5)

i,j =Y - yj,main

The RBF compensator corresponding to each response was trained using all out-of-fold
sample pairs. The main predictor was then retrained on the complete bootstrap training
set, and the final prediction was written as follows:

Y2 (%) = Y¥ main (¥) + 77 (%), B € {0, 1} (6)

where the response-level switch does not change with the submodel index. For the
11 baseline-referenced constraint responses, compensation was enabled only when the
compensated validation-set NRMSE satisfied the predefined improvement requirement,
and the Boundary-NRMSE relative to the corresponding baseline-referenced boundary did
not deteriorate. For mass and vehicle acceleration, compensation was enabled according
only to validation-set NRMSE. All compensation criteria were fixed before training. The
sample-ID-grouped OOF procedure prevents duplicated bootstrap observations from en-
tering both fitting and held-out folds, while validation-based activation limits corrections
that fail to generalize beyond the training data.

3.1.4. Training Objective and Uncertainty Estimation

The main predictor was trained in the standardized output space. The loss of each
submodel consisted of a Huber fitting term, an L2 parameter-regularization term, and a
gate negative-entropy term:

1 .
L= T YD) i (30)] + A |0

- / [..— ( 2 A RY )
main nb] i=1 ]-:1P5 yl,] y]main o &8 " Vgate

where the parameter set includes the gating network, shared encoder, and output heads,
and the negative-entropy term is computed from the gate values. This term suppresses
premature gate saturation to 0 or 1. All output responses were trained with equal weights
in the standardized space.
After inverse standardization, the final predictions of the submodels were ensembled
in engineering units:
i) =1/BY, 91 (x) (®)
1/2

i) = |1/(B=1) Ly (i () — 1 (x)ﬂ X

where the ensemble mean is used for response prediction and subsequent objective function
evaluation, and the ensemble standard deviation characterizes prediction disagreement
among bootstrap submodels. It is not interpreted as a strict probabilistic confidence interval.
Its calibration and use in conservative constraints are described in Section 3.2.

3.1.5. Model Training and Evaluation

Before bootstrap resampling, the 600 FE samples were split by original sample ID
into training, validation, calibration, and final test sets at a ratio of 65%/15%/10%/10%.
The training set was used for hyperparameter determination, model training, and con-
struction of residual compensators. The validation set was used for early stopping and
determining the compensation switch. The calibration set was used only to estimate
the safety constraint risk multiplier, while the test set was used only for final accuracy
and feasibility-decision evaluation.
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Continuous geometric/positional variables were normalized according to their physi-
cal bounds, and discrete material-thickness variables were encoded using variable-specific
one-hot representations. Standardization parameters for the output responses were calcu-
lated only from the original training set and kept fixed for all data subsets and bootstrap
submodels. The RGEC-SM network and residual-compensation RBF hyperparameters
were determined through cross-validation within the training set and then fixed for all
bootstrap submodels.

The shared encoder consisted of two ReLU layers with 64 units each. Each output
response was assigned a response-specific output head with one hidden layer of 32 units.
The gate bottleneck dimension was fixed. The number of RBF centers was selected from the
candidate set; centers were determined by K-means, and the kernel width was initialized
according to the median distance between centers. The main predictor used validation-
set NRMSE for early stopping and restored the best weights when no improvement was
observed for 50 consecutive epochs. The bootstrap ensemble size was set to B =20, balancing
prediction stability and computational cost.

For comparison, RBF, Kriging, and BP models were constructed using the same
data partitioning as RGEC-SM. The RBF model employed Gaussian basis functions with
80 centers determined by K-means clustering, and the kernel width was set to the median
distance between centers. Kriging adopted a Gaussian correlation function and a constant
trend, with correlation parameters estimated by maximum likelihood. Both RBF and
Kriging were fitted independently for the 13 responses. The BP model employed two
hidden layers with 64 and 32 ReLU neurons, respectively, and a 13-dimensional output
layer. It was trained using Adam with a learning rate of 0.001 and L2 regularization of 10~4,
with early stopping based on validation performance.

Model accuracy was evaluated using R2 and NRMSE. For the 11 safety responses,
Boundary-NRMSE was further evaluated near the constraint threshold. Let the initial
baseline risk upper bound and the predefined boundary bandwidth be defined for each
safety-related response; then:

B = {x: ’%FE(X) — g7

< Aj = PR]',tmin} (10)

(400 — 7]

1
Boundary — NRMSE i = X 100% (11)
Rj,train

where the response range in the original training set and the fixed boundary-bandwidth
ratio are defined as in Equations (10) and (11). Boundary-NRMSE was used only
for the 11 safety responses; mass and vehicle acceleration were reported using R2
and NRMSE only.

3.2. Surrogate-Assisted Multiobjective Optimization with Uncertainty-Based
Conservative Constraints

3.2.1. Mathematical Formulation of the Multiobjective Optimization Problem

Let the original mixed design vector contain 68 decision variables. The feasible
set satisfies both continuous-variable bounds and discrete candidate sets. Evolutionary
operations are performed directly in the original mixed-variable space, and surrogate-
model inputs are obtained through the encoding procedure.
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The objectives are to minimize body mass and vehicle acceleration:

]

min[r(x), a(x)
)

7;(x) = —y;j(x
ai(x) <

(12)
i=1,...,11

All 11 safety responses are negative displacement or intrusion quantities; values closer
to 0 indicate better safety performance. Therefore, sign reversal was used to convert them
into upper-bound risk constraints. These constraints require each candidate design to be
no worse than the initial baseline design for every safety-related response. The true FE risk
values are used only for calibration, testing, and final re-simulation verification.

3.2.2. Conservative Constraint Dominance and Candidate Screening for
Non-Objective Responses

The 11 safety-related responses were converted into positive risk measures, and the
risk value of the initial baseline design was defined as the baseline-referenced upper bound
for each response. For any candidate design, RGEC-SM outputs the predicted risk mean and
bootstrap ensemble standard deviation. To avoid incorrectly retaining candidates whose
actual performance is worse than the initial baseline design when only the prediction mean
is used, nominal and conservative baseline-referenced constraints were defined as follows:

{ 7)< g j=1,...,11 (13)
4j(x) + kaj(x) < g8

The nominal constraint is used only to identify candidates that may be no worse than
the baseline according to surrogate predictions. The conservative constraint is used for
actual screening during optimization. A candidate satisfying all 11 conservative constraints
is considered to maintain predicted performance no worse than the initial baseline after
accounting for surrogate-model disagreement.

The global risk multiplier k, which scales the bootstrap ensemble standard deviation
in the conservative prediction bound, was determined from an independent calibration
set. The smallest multiplier satisfying the 90% one-sided pooled marginal coverage target
was selected:

. ) 1 11 FE _ 4
k - IEE{)I{K . mzxieDcal Z]:l H |:ql] S ql] + K(Tz]:| Z 090} (14)

where the FE risk value for each calibration sample and response and the indicator function
are defined in Equation (14). The pooled coverage criterion was adopted to calibrate a
single global risk multiplier across the 11 safety responses using the available calibration
samples. During optimization, each candidate was screened against all 11 conservative
constraints simultaneously. The pooled marginal coverage does not establish a 90% joint
coverage guarantee; therefore, empirical joint coverage was additionally evaluated on the
independent test set as the proportion of designs for which all 11 FE responses fell within
their corresponding calibrated upper prediction bounds.

For candidates that failed the conservative constraints, a normalized total violation
degree was used for ranking:

5:(x) + ko (x) — gPase
V(x) :Zjl'il max |0, 1) i i (15)

R j train
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where the response range in the original training set is used for normalization. A smaller
violation degree indicates that the candidate is closer to satisfying all conservative baseline-
referenced constraints.

During environmental selection, UC-SB-NSGA-II first prioritizes candidates that sat-
isfy all conservative baseline-referenced constraints. If two candidates both satisfy all
conservative constraints, they are ranked using the non-dominated sorting and crowding-
distance criteria of NSGA-IL If both candidates violate the conservative constraints, the
candidate with the smaller total violation degree is retained first; if the violation degrees
are identical, non-dominated rank and crowding distance are then compared.

Candidates that are nominally baseline-referenced feasible but fail the conservative
constraints are defined as the boundary-uncertain candidate set. These candidates indicate
that the predicted mean is not worse than that of the initial baseline, but that performance
retention cannot be confirmed after considering surrogate-model disagreement. Boundary-
uncertain candidates may be used for subsequent FE re-simulation and false-acceptance
statistics, but they are not included in final Pareto solution screening or TOPSIS recommen-
dations. After optimization, the non-dominated set is extracted only from conservatively
baseline-referenced feasible candidates and used for subsequent multiobjective decision
making and FE validation.

In this study, the initial baseline design is used only to define the performance-reference
upper bound for each response and is not included as a TOPSIS candidate.

3.2.3. Mixed-Variable Evolutionary Operators and Termination Criteria

SBX crossover and polynomial mutation were used for continuous variables. Uniform
crossover of candidate indices and random-reset mutation were used for discrete material-
thickness variables. Uniform crossover inherits only legal candidate values from the two
parents, while random reset resamples from the candidate set corresponding to the variable.
After crossover or mutation, out-of-bound continuous variables are clipped, illegal discrete
values are mapped to the corresponding candidate sets, and manufacturing, assembly,
and formability constraints are checked. Individuals that cannot be repaired are discarded
and regenerated.

The population size and maximum number of generations were set to 100 and 200,
respectively, corresponding to a maximum budget of 20,000 surrogate evaluations per run,
including the initial population. For continuous variables, the SBX crossover probability
and distribution index were set to 0.9 and 15, respectively, while the polynomial mutation
probability and distribution index were set to 1/32 and 20, respectively. For discrete
variables, uniform crossover and random-reset mutation were employed, with the random-
reset probability set to 1/36 per variable. The same population size, evolutionary operator
settings, and random-seed groups were used for all comparison algorithms.

The algorithm terminates when the maximum number of generations is reached or
when the conservative-feasible hypervolume stagnates. Hypervolume is calculated only
from the conservatively baseline-referenced feasible non-dominated set, using the objective-
normalization range and reference point fixed before optimization. If no individual satisfies
all conservative baseline-referenced constraints in the current generation, HV is set to 0.
If the relative HV gain remains below the threshold for 15 consecutive generations, the
algorithm stops early; otherwise, it runs to the maximum number of generations. The final
conservative feasible non-dominated set is used for subsequent design screening.
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3.2.4. Pareto Solution Post-Processing and FE Verification

TOPSIS screening was applied only to the conservatively feasible non-dominated set.
For each candidate, three indicators were used: body mass, vehicle acceleration, and the
minimum normalized conservative constraint margin:

dit = pm(D(zy)), dio = pa(D(z))) (16)
base A
3= 90 + k(%)
Mmin(x) B j:r{}}?ll Rj,train (17)

where body mass and vehicle acceleration are cost indicators, and the minimum normalized
conservative margin is a benefit indicator representing the smallest normalized difference
between the baseline risk threshold and the conservative prediction bound across the
11 safety responses. The three indicators were converted to a positive Min-Max scale
and treated with equal weights. Relative closeness was calculated using the standard
TOPSIS procedure, and the design with the highest closeness was selected as the overall
recommended candidate.

4. Results and Discussion

4.1. Prediction Accuracy of the Multi-Response Surrogate Model and Baseline-Referenced
Constraint-Boundary Discrimination

Figure 4 shows the Pearson correlation matrix for the 13 output responses. The
11 intrusion and local-deformation responses exhibit varying degrees of correlation, indi-
cating that they are influenced by partially shared structural parameters and load-transfer
paths. At the same time, maximum front-end deformation, body mass, and vehicle accelera-
tion differ from the intrusion responses in both correlation direction and strength. Therefore,
it is reasonable to use a shared encoder to extract common multi-response features while
retaining response-specific branches for differentiated prediction.
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Figure 4. Correlation coefficients among the 13 responses.
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Table 4 compares the prediction results of RBF, Kriging, BP, and RGEC-SM on the inde-
pendent final test set. The R? values of the RBF, Kriging, and BP models were approximately
60.83-73.74%, 64.72-72.87%, and 63.18-72.94%, respectively, indicating limited capability
to represent multi-response nonlinear relationships under high-dimensional mixed design
variables. RGEC-SM achieved R2 values of 81.74-91.86% across the 13 responses, with an
average of 86.69%; its NRMSE ranged from 10.5% to 17.6%, with an average of 13.4%. Com-
pared with the three baseline models, RGEC-SM provided higher prediction consistency
for intrusion, local deformation, body mass, and vehicle acceleration.

Table 4. Response-wise comparison of different surrogate models.

RBF Kriging BP RGEC-SM
R? NRMSE R? NRMSE R? NRMSE R? NRMSE

u¥, 67.84% 23.4% 71.23% 22.2% 65.41% 24.2% 86.72% 15.9%
Uy 64.36% 23.2% 68.91% 21.7% 72.17% 20.6% 84.58% 16.4%
Ues 69.72% 23.3% 66.43% 24.5% 63.18% 25.5% 87.94% 15.5%
U, 67.26% 22.6% 72.87% 20.7% 68.34% 22.2% 82.63% 17.6%
Uy 70.83% 15.6% 65.27% 17.0% 68.94% 16.1% 85.71% 12.7%
uf, 62.74% 20.5% 67.86% 19.1% 71.92% 17.9% 88.93% 12.4%
U, 66.18% 17.4% 70.34% 16.3% 63.82% 18.0% 83.47% 13.8%
U, 73.74% 18.8% 67.16% 20.9% 65.27% 21.4% 90.86% 11.5%
uZp 61.92% 16.6% 69.43% 14.9% 70.78% 15.5% 84.92% 12.1%
u4p 67.63% 17.4% 64.87% 18.1% 72.94% 16.0% 87.81% 12.0%
UNirE 70.74% 20.7% 67.36% 21.8% 63.92% 22.8% 89.74% 13.1%
m 72.18% 17.6% 69.84% 18.3% 67.62% 19.0% 91.86% 10.5%
a 60.83% 12.3% 64.72% 13.6% 68.93% 15.8% 81.74% 10.7%

Figure 5 further compares surrogate predictions with FE results on the final test set.
Body mass and vehicle acceleration were used only to evaluate the prediction accuracy
of the optimization objectives and were not involved in baseline-referenced constraint
decisions. The horizontal axis represents the surrogate-predicted risk value, and the vertical
axis represents the FE risk value; the horizontal and vertical dashed lines correspond to the
baseline-referenced boundary. The lower-left region indicates correct acceptance, where
both the surrogate and FE results determine that the response is not degraded. The upper-
right region indicates correct rejection. The lower-right region indicates false rejection, and
the upper-left region indicates false acceptance, where the surrogate prediction satisfies the
constraint, but the FE result shows that the response is actually worse than the baseline.

Overall, most scatter points for the 13 output responses are distributed near the
diagonal, indicating that RGEC-SM has high overall prediction accuracy. However, false-
acceptance points still appear near the boundaries for some safety responses. Thus, high
global R2 alone cannot guarantee reliable discrimination near constraint boundaries. For
an optimization problem constrained by non-degradation relative to the initial design,
nominal feasibility screening based only on the prediction mean may still retain candidates
that actually violate safety constraints. This motivates the subsequent introduction of
uncertainty calibration and conservative constraint decisions.
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Figure 5. Prediction accuracy of the 13 output responses on the final test set and risk-boundary

classification results for the 11 safety constraints.

4.2. Model Ablation and FE Consistency of Variable-Group Relevance

To isolate the contribution of response-dependent feature gating, M0 and M1 em-
ployed the same shared encoder, response-specific output heads, data partitions, and
training settings, with gating introduced only in M1. As reported in Table 5, the mean
test R? increased from 80.94% to 83.97%, while the mean NRMSE and Boundary-NRMSE
decreased from 17.9% to 16.0% and from 27.8% to 24.2%, respectively. These correspond
to relative error reductions of 10.6% and 12.9%. Both improvements were statistically
significant across 10 matched-seed training repetitions (paired tests, p < 0.01). The reduc-
tion in Boundary-NRMSE further demonstrates improved prediction accuracy near the
safety constraint thresholds, independently of the subsequent residual compensation and
bootstrap ensembling.

M2 activated residual compensation for only five of the 13 responses, reducing the
independent-test mean NRMSE from 16.0% to 15.0% and Boundary-NRMSE from 24.2% to
22.1%, corresponding to relative reductions of 6.3% and 8.7%, respectively. The remaining
eight responses, for which compensation was not enabled, retained the main predictions
from M1 and therefore did not introduce new fitting disturbances through additional
compensators. These results indicate that OOF-RBF compensation primarily corrects
responses with stable local bias rather than uniformly modifying all outputs.
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Table 5. Ablation performance of RGEC-SM on the independent test set.
Mean Boundary-
2 2
Model MeanR®  R"Range  \paMSE NRMSE  R2 R2, R2, gz Compensated
(%) (%) o o UEpy Upsp UnpE Responses
(%) (%)
MO: shared 8094  72.86~85.91 17.9 27.8 7286 7644 8438 7352 0/13
baseline
ML: MO * 83.97 76.58~88.24 16.0 242 77.96 80.82 86.71 77.61 0/13
gating
M2: M1 +
conditional 8524  76.58-90.10 15.0 221 7796 8345  88.60  80.96 5/13
residual
correction
M3 86.69 81.74~91.86 134 194 82.63 84.92 89.74 81.74 5/13
RGEC-SM . . . . . . . . .

On the basis of M2, bootstrap ensembling increased the mean R2 to 86.69% and reduced
the mean NRMSE and Boundary-NRMSE to 13.4% and 19.4%, respectively. Ensemble
averaging weakened the prediction fluctuations caused by training-sample perturbations
and local fitting bias in individual submodels, while also improving point-prediction
accuracy near constraint boundaries. Whether the prediction standard deviation among
bootstrap submodels can be used for conservative constraint construction is examined in
Section 4.3.

Figure 6 shows the effects of each module on the prediction error. Figure 6a shows
that the mean NRMSE and Boundary-NRMSE decreased continuously from MO to M3.

30 27.8 g ';e:er;i,:tmsuidary NRMSE shaxg 1.00 1.00 100 100 100 100 100 100 100 1.00 100 1.00 1.00 _1'1°
B =
25 M_If 22.1 '1‘0‘3
gzo .4 = 1_ng ~ gat:\:; 091 0.90 092 091 0.86 0.88 089 088 0.86 087 086 0.96 0.86 “é
] 169 15.9 g
S1s 13.4 e 1t 0.8%
(4 + residual 091 0.90 092 091 |0.75|0.79 | 0.89 0.88 | 0.72 | 0.87 | 0.72 | 0.96 | 0.70 2
z o
10 2
=
5 RGEC-;A'\: 0.81 0.80 082 081 069 0.73 075 074 0.68 0.72 0.67 0.90 0.63 0 6&,
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Figure 6. Ablation of response-specific gating, conditional OOF-RBF residual correction, and boot-
strap ensembling. (a) Macro-averaged test NRMSE over 13 outputs and baseline-boundary NRMSE
over 11 baseline-referenced constraint responses. Bars show mean values over 10 matched-seed inde-
pendent training repetitions; error bars denote two-sided 95% confidence intervals across repetitions.
(b) Test-set response-wise NRMSE ratios relative to MO. Black boxes and t identify the five responses
receiving conditional OOF-RBF residual correction in M2; M3 uses the same correction configuration
with a bootstrap ensemble.

Two-sided paired Wilcoxon signed-rank tests across the 10 independent training
repetitions confirmed significant reductions in both mean NRMSE and Boundary-NRMSE
between successive ablation models (all p < 0.01).

https:/ /doi.org/10.3390 /machines14111252


https://doi.org/10.3390/machines14111252

Machines 2026, 14, 1252 16 of 26

Figure 6b reports response-wise NRMSE ratios relative to MO:

NRMSE

"4/ = NRMSE, (18)

A value below 1 indicates that the prediction error of the model for the corresponding
response is lower than that of M0. M1 reduced the error ratio below 1 for all 13 responses.
In M2, changes occurred only for the five responses for which compensation was enabled.
M3 further reduced the errors of the responses, with particularly clear improvements in
accelerator-pedal intrusion, maximum front-end deformation, and vehicle acceleration.

Based on the model accuracy analysis, a group-level conditional permutation method
was further used to analyze the dependence of RGEC-SM on different variable groups.
The geometric/positional variables and material-thickness variables were divided into
12 structural region groups. For a variable group and response, the relevance metric was
defined as the mean increase in test error after repeated permutations:

1 R
Ioj = =i ,R =30 (19)

~(r)
NRMSE; <Dtest/g> — NRMSE; (Deest)

(r)

where Dtest, .

group g.
Figure 7a shows that the highly relevant variable groups differ markedly among

denotes the test set obtained after the r-th conditional permutation of variable

responses. Front-floor risk is mainly associated with tunnel/floor geometry, floor/cross-
member material-thickness variables, and the seat-cross/dog-leg region. Front-door risk is
mainly associated with the B-pillar, rocker/sill, and their reinforcements. Accelerator-pedal
risk is influenced by the tunnel/floor, seat-cross/dog-leg, and front-rail-related variable
groups. Maximum front-end deformation risk and vehicle acceleration are mainly associ-
ated with front-rail geometry, shotgun/upper-rail variables, and rail material-thickness
variables. These patterns are consistent with the basic characteristics of front-compartment
crushing, floor load transfer, side-frame and door-frame deformation, and deceleration-
pulse control. Body mass in Figure 7a is retained only as an auxiliary output to reflect
the direct relationship between material-thickness variable groups and mass prediction.
Because mass is not a crash load-transfer response and can be calculated directly from
the parametric model, it is not included in the subsequent consistency evaluation of FE
sensitivity rankings.

To examine the consistency between surrogate-based variable-group ranking and
local FE response trends, 12 feasible reference designs were selected outside the training,
validation, calibration, and test samples for group-level FE perturbation analysis. The local
FE sensitivity of each variable group to each response was defined as follows:

7 (o) = 7} )|

(20)
dt,v,p Rj,tmz'n

FE _ :
S¢; = mediany

where x; denotes the t-th reference design, x; 5, denotes the corresponding perturbed
design for variable v within group ¢ under perturbation state p, and d; v is the normalized
input step. Safety responses use the risk quantity, while the objective responses retain only
vehicle acceleration. The relevance metric and FE sensitivity for each response were then
ranked separately, and Spearman rank correlation coefficients were calculated.
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Figure 7. Group-wise conditional permutation relevance of RGEC-SM and consistency with FE local
sensitivity trends. (a) Mean increase in test NRMSE after R = 30 conditional group permutations. The
11 safety-related outputs are represented as baseline-referenced risk responses; mass m and vehicle
acceleration a are retained as objective responses. (b) Spearman rank correlation between surrogate
group relevance and separately performed FE local sensitivity for the 11 baseline-referenced risk
responses and vehicle acceleration; mass is excluded. (c) Aggregated relevance map derived from
the top three group-response relevance links in panel (a). Dashed arrows denote model relevance
associations rather than unique physical load-transfer paths or causal effects; line thickness represents
averaged group-wise permutation relevance within each response category.

In Figure 7b, excluding mass, the Spearman correlation coefficients between surrogate
variable-group relevance and FE local-sensitivity rankings range from 0.66 to 0.90. The
floor-pedal-related responses and vehicle acceleration show high ranking consistency,
with the highest coefficient reaching 0.90. The correlation coefficient for maximum front-
end deformation risk is 0.66, indicating that this response is jointly affected by the front-
compartment crushing mode, material-thickness configuration, and geometric position; a
single variable-group ranking cannot fully describe its deformation mechanism.

Figure 7c summarizes the three variable groups with the highest relevance in each
response category. The dashed connections indicate only variable group-response associa-
tions identified by the surrogate model and should not be interpreted as unique physical
load paths or strict causal relationships. During subsequent optimization, if a baseline-
referenced risk increases, local FE re-simulation and structural adjustment can first focus on
the highly relevant variable groups. The final control direction should still be determined
together with deformation mode, energy absorption, and load transfer behavior.

4.3. Uncertainty Calibration and Conservative Feasibility Verification

This section examines whether the bootstrap ensemble standard deviation can be
calibrated for baseline-referenced constraint screening. For the 11 safety-related responses,
the risk multiplier was determined on an independent calibration set using a 90% pooled
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one-sided marginal coverage target. Table 6 reports the empirical coverage of the unscaled
and calibrated upper bounds.

Table 6. Empirical one-sided coverage of unscaled and calibrated upper bounds for baseline-
referenced constraint responses.

. Sample-Constraint Unscaled Upper Calibrated Upper
Dataset Evaluation Subset Pairs Bound, k = 1.0 Bound, k = 1.6
Dea Pooled responses 660 480/660 = 72.7% 597/660 = 90.5%
Dea Baseline-boundary subset 156 116/156 = 74.4% 139/156 = 89.1%
Diest Pooled responses 660 473/660 = 71.7% 588/660 = 89.1%
Diest Baseline-boundary subset 158 115/158 = 72.8% 139/158 = 88.0%

Before calibration, the upper-bound coverage corresponding to ensemble disagree-
ment was only 71.7-74.4%, and therefore could not be used directly as a conservative
prediction bound for safety constraints. After introducing the risk multiplier, the pooled
coverage reached 90.5% on the calibration set and 89.1% on the final test set; the corre-
sponding boundary-subset coverages were 89.1% and 88.0%. Thus, calibration improved
the reliability of the upper prediction bound overall, but it still did not provide a strict
90% coverage guarantee for every local response or boundary region. The empirical joint
coverage across all 11 safety responses was 41/60 (68.3%) on the independent test set,
compared with the pooled marginal coverage of 89.1%. The lower joint coverage reflects
the cumulative effect of prediction errors across multiple safety responses. The results
indicate that simultaneous coverage of all 11 responses is more demanding than pooled
marginal coverage.

Figure 8a further examines the ability of ensemble disagreement to rank prediction
errors. After sample-response pairs in the test set were divided into 10 quantile groups
according to normalized prediction standard deviation, the normalized absolute error
generally increased with uncertainty level. Response-wise Spearman rank correlation
coefficients ranged from 0.42 to 0.73, with a median of approximately 0.59. Bootstrap
disagreement can therefore identify high-error-risk regions, but cannot accurately estimate
pointwise error magnitude. Figure 8b compares calibration results under 80%, 90%, and
95% target coverage levels. This study uses only the multiplier corresponding to the 90%
target to construct conservative constraints; the other coverage levels are shown only to
illustrate the influence of risk preference on calibration results.

- [ ~  Target coverage

g g Q- Calibration pooled coverage 95.0%

o Pooled Spearms =0.65 = [ Calibration baseline-reference boundary coverage

@ S 0.15(  Fooled Spearman p D95% | A Test pooled coverage
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Figure 8. Uncertainty ranking and empirical one-sided calibration for baseline-referenced constraint
responses: (a) relationship between normalized bootstrap disagreement and normalized absolute
error on the independent test set; (b) pooled and baseline-boundary coverage on calibration and test
sets under different target coverage levels.

To evaluate conservative constraint screening, the candidate list was frozen after
optimization, and 48 unique designs were selected after duplicate removal using constraint-
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status stratification, boundary proximity, and objective-space diversity criteria. The se-
lection included 29 conservatively accepted, eight nominally accepted but conservatively
rejected, and 11 nominally rejected candidates, while accounting for their proximity to
the safety constraint boundaries and distribution in the normalized mass—acceleration
objective space. The same 48 designs were subsequently evaluated under both nominal
and conservative decision rules using FE results. To unify nominal decisions, conservative
decisions, and FE re-simulation results, the maximum normalized violation of a candidate
was defined as follows:

A base
qi(x) — g;
G"™(x) = max——— 21
&) jec Rj,tmin @
5:(x) + koj(x) — gPase
G (x) :maxq]( ) ]( ) i (22)
jec Rj,tmin
FE x) — base
GE(x) = maxM (23)

jec Rj,train
where the response range in the training set is used for normalization. When the nominal,
conservative, or FE violation measure is no greater than zero, the candidate satisfies all
baseline-referenced non-degradation constraints under nominal prediction, conservative
prediction, or FE re-simulation, respectively.

Table 7 reports the candidate-level FE audit results. The nominal decision accepted
37 candidates, of which 27 were confirmed by FE to be no worse than the baseline design,
giving an acceptance precision of 73.0% and a false-acceptance rate of 27.0%. With the
conservative decision, the number of accepted candidates decreased to 29, of which 26 were
confirmed by FE to be no worse than the baseline. Acceptance precision increased to 89.7%,
and the false-acceptance rate decreased to 10.3%. The conservative decision changed the
classification of only eight boundary-uncertain candidates. Seven candidates that were
actually worse than the baseline design were correctly rejected, while one non-degraded
candidate was additionally rejected. Conservative screening therefore substantially reduced
false-acceptance risk at the cost of losing a small number of feasible candidates. Because
the 48 designs were deliberately selected to cover different constraint states and objective
trade-offs, the reported error rates characterize screening performance within the audited
candidate set rather than providing statistical estimates for the entire search population.
Together with the independent-test Boundary-NRMSE of 19.4% and the calibrated near-
boundary coverage of 88.0%, the candidate-level FE audit provides empirical evidence of
the prediction and constraint-screening performance achieved with the 600-sample dataset,
despite the limited sampling density of the high-dimensional design space.

Table 7. Candidate-level FE audit of nominal and conservative baseline-referenced feasibility decisions.

Decision Accepted Rejected Acceptance False- FE Non-
P TP FP Candi- FN TN pta Acceptance  Degradation Specificity
Rule Candidates Precision .
dates Rate Retention
Nominal 37 27 10 11 3 8 73.0% 27.0% 90.0% 44.4%
decision
Conservative
decision, 29 26 3 19 4 15 89.7% 10.3% 86.7% 83.3%
k=1.6

Figure 9 visualizes the nominal and conservative classification results using maximum
normalized violation. After conservative decisions were implemented, the number of false-
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accepted candidates decreased from 10 to 3, and the number of true-rejected candidates
increased from 8 to 15, consistent with the statistics in Table 7.
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Figure 9. Finite-element audit of nominal and conservative baseline-referenced decisions for opti-
mization candidates: (a) nominal decision; (b) conservative decision.

4.4. Multi-Run Search Performance and Conservative Baseline-Referenced Feasibility
of UC-SB-NSGA-II

After uncertainty calibration and candidate FE auditing, NSGA-II and UC-SB-NSGA-
II were further compared under a fixed surrogate-evaluation budget. Final-generation
hypervolume and spacing were calculated only on the non-dominated solution set that
satisfied conservative baseline-referenced feasibility. The objective-normalization range and
reference point were fixed in advance. A smaller spacing value indicates a more uniform
distribution in the objective space. Runtime includes only surrogate prediction, constraint
evaluation, population sorting, and evolutionary operations, excluding surrogate-model
training, risk calibration, TOPSIS ranking, and FE re-simulation.

Table 8 reports the statistics from 20 paired runs. The final-generation hypervolume
medians of NSGA-II and UC-SB-NSGA-II were 0.684 and 0.678, respectively, with similar
interquartile ranges. This indicates that, under the present fixed budget and reference-point
settings, introducing conservative constraint dominance did not cause an obvious loss of
conservative-feasible objective space.

Table 8. Multi-run surrogate-search performance of NSGA-II and UC-SB-NSGA-II under a fixed
optimization budget.

. HV,,,s, Median Spacingcons, Median . Runtime, Median
Algorithm [IQR] [IQR] Reons, Median [IQR] [IQR] (Min)

NSGA-II 0.684 [0.671, 0.696] 0.086 [0.079, 0.096] 48.7 [44.2, 53.0]% 11.2[10.95, 11.47]

UC'SE':I\QSSA'H' 0.678 [0.666, 0.690] 0.079 [0.072, 0.087] 79.6 [75.8, 83.1]% 11.58 [11.31, 11.85]

The final-generation conservative baseline-referenced feasible ratio of UC-SB-NSGA-II
increased from 48.7% to 79.6%, indicating that its environmental selection process preferen-
tially retained candidates with lower combined risk from prediction mean and uncertainty.
The median spacing decreased from 0.086 to 0.079, indicating that the conservatively feasi-
ble non-dominated solutions did not become markedly clustered. The median runtimes
of the two algorithms were 11.20 min and 11.58 min; the additional cost introduced by
conservative constraint handling was approximately 0.38 min, or about 3.4%. This increase
mainly resulted from conservative violation calculation and environment selection based
on conservative constraints.

Table 9. reports the paired Wilcoxon test, Holm-adjusted results, and rank-biserial
effect sizes. After multiple-comparison correction, the improvement in conservative feasi-
bility remained significant, while differences in hypervolume and spacing did not reach
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the 5% significance level. Thus, the advantage of UC-SB-NSGA-II is mainly reflected in
changing the conservative-risk composition of the population, rather than outperforming
NSGA-II in every search-quality indicator.

Table 9. Paired statistical comparison between UC-SB-NSGA-II and NSGA-II.

Metric Wilcoxon Raw Holm- Rank-Biserial
Win P Adjusted p Effect Size
HV ons 69 0.183 0.183 —-0.3
Spacingcons 50 0.042 0.082 0.46
Reons 0 <0.001 <0.003 0.88

Figure 10 shows the median and interquartile-range evolution of the two algorithms.
In Figure 10a, the hypervolume curves of the two algorithms are generally close, indicating
that conservative constraint dominance did not significantly compress the conservative-
feasible objective space. In Figure 10b, both algorithms start from the same feasible ratio
at generation 0 and then gradually diverge. NSGA-II can maintain a certain proportion
of conservatively feasible candidates, but its population still contains many individuals
satisfying only nominal constraints. UC-SB-NSGA-II continuously increases the proportion
of candidates satisfying all conservative constraints. Its role is therefore not to expand the
nominal Pareto front, but to increase the proportion of conservatively baseline-referenced
feasible candidates under a fixed surrogate-evaluation budget.

T
0.70 g
N s
8 o L $80% 79.6%
Y] x 2
% > 0.60 Terminal HV s: 0.684 vs. 0.678 Qe
o A Paired Wilcoxon p = 0.183 g’ g
7 qE;o.so 2 °60% /
S - -
=5 oo | L5 | | see— 48.7%
E 3040 _§ ‘640'y Higher conservative e i l
a E T ; ° e baseline-referenced feasibility
2 20.30 28 e
8 _E’ —m- NSGA-II g §20% —=- NSGA-II
0.20 —eo— UC-SB-NSGA-II 3 - —e— UC-SB-NSGA-II
c
0 20 40 . 60 80 100 8 0 20 40 60 80 100
Generation Generation

(@ (b)

Figure 10. Multi-run surrogate-search performance of UC-SB-NSGA-II and NSGA-II under a fixed
optimization budget: (a) conservative-feasible hypervolume shown as median with IQR band;
(b) conservative baseline-referenced feasible ratio shown as median with IQR band.

4.5. FE-Confirmed Reliable Pareto Trade-Offs and Final Design Verification

To determine the final recommended design, the UC-SB-NSGA-II run whose final gen-
eration was closest to the median of the 20 paired runs was selected as the representative run.
After duplicate candidates were removed from its final conservatively baseline-referenced
feasible non-dominated set, a Pareto set was obtained. TOPSIS was applied only within
this set, using body mass, vehicle acceleration, and the minimum normalized conservative
baseline-referenced margin defined in Section 3.2.4 as evaluation indicators. Figure 11
shows the objective distribution of conservatively baseline-referenced feasible Pareto can-
didates in the representative run. The lightest candidate and the lowest-acceleration
candidate are located at opposite ends of the Pareto front. The TOPSIS-recommended
design lies between them and provides a compromise among mass, vehicle acceleration,
and conservative baseline-referenced margin.
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Figure 11. Surrogate-screened, conservatively baseline-referenced feasible Pareto candidates from
the representative UC-SB-NSGA-II run and the TOPSIS-selected candidate re-simulated by FE.
The results in Table 10 are surrogate predictions. The predicted mass of the minimum-
mass candidate decreased by 4.06%, but its vehicle acceleration increased by 3.55%. The
predicted vehicle acceleration of the minimum-acceleration candidate decreased by 13.20%,
but its mass increased by 2.12%. The TOPSIS-recommended candidate reduced the pre-
dicted mass and vehicle acceleration by 2.37% and 8.88%, respectively, and retained a
larger conservative baseline-referenced margin than the two endpoint candidates. This
design does not rely only on approaching a single constraint boundary to obtain objective
improvement; instead, it retains a larger conservative baseline-referenced margin at the
surrogate level.
Table 10. Surrogate-level representative conservatively baseline-referenced feasible Pareto candidates.
m (kg) a (m/s?) TOPSIS TOPSIS
h ‘ h 4 h cons
Scheme Surrogate Change Surrogate Change My Closeness Rank
Baseline 438.6 - 39.4 - - - -
Minimum mass 420.8 —4.06% 40.8 +3.55% 0.026 0.519 7
Mini
e 447.9 +2.12% 34.2 ~1320%  0.043 0.638 4
acceleration
TOPSIS-assi
SIS-assisted 4282 ~2.37% 35.9 ~8.88%  0.136 0.783 1

final candidate

To examine surrogate-prediction consistency for the recommended design and to
confirm whether its 11 safety-related responses satisfied the requirement of no degradation
relative to the initial baseline design, the TOPSIS candidate was re-simulated using FE
analysis. Table 11 shows that all 11 safety-related responses of the TOPSIS-recommended
candidate had positive FE baseline-referenced margins, defined as the differences between
the baseline risk thresholds and the corresponding FE risk values. The minimum margin
was 1.9 mm, indicating that this response was the most adverse safety constraint in the final
design, but it was still not worse than the initial baseline. The absolute prediction errors of
the safety responses ranged from 3.96% to 9.23%. All margins in Table 11 are greater than
0, demonstrating that the candidate satisfies the 11 baseline-referenced non-degradation
constraints within the present FE model system.
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Table 11. FE audit of baseline-referenced constraint responses for the TOPSIS-selected candidate.

A A Absolute
Response q}) e 9 q; + koj qf - NIJF - Prediction Error
Uy 116.8 102.9 110.6 112.4 44 9.23%
Uy 112.7 107.3 110.1 101.3 113 5.50%
U 1235 110.7 118.7 1184 5.1 6.96%
Uy 1274 1124 1214 121.8 5.6 8.36%
U, 58.2 55.6 57.2 51.4 6.8 7.55%
Uy 65.4 59.0 62.2 62.7 26 6.44%
Uns 65.0 61.9 63.2 56.9 8.1 8.08%
U, 67.6 63.2 66.9 65.7 1.9 3.96%
Usp 100.5 95.6 98.2 88.2 123 7.74%
u4p 112.0 103.6 108.9 109.6 24 5.79%
UNirE 241.1 2313 236.3 2189 22.1 5.36%

Table 12 shows that the surrogate-predicted mass reduction of 2.37% increased to
4.15% after FE re-simulation, while the predicted vehicle-acceleration reduction of 8.88%
retained a 6.35% improvement after re-simulation.

Table 12. FE re-simulation results for optimization objectives of the TOPSIS-selected candidate.

Absolute FE Change

Objective Baseline Surrf)g‘ate . FE Re.- Surrogate- from
Value Prediction Simulation .
FE Error Baseline
Body mass 438.6 428.2 420.4 1.85% —4.15%
(kg)
Vehicle
acceleration 39.4 35.9 36.9 2.79% —6.35%
(m/s?)

Figure 12 shows that the peak longitudinal displacement in the plotted field de-
creases from approximately 98.42 mm in the baseline design to 86.68 mm in the TOPSIS-
recommended design, a reduction of about 11.9%. At the defined 1, response point, the
FE result also decreases from 65.4 mm to 62.7 mm. The hotspot remains in the same local
region but has a lower magnitude, indicating that the optimized design mitigates rather
than transfers the dominant deformation.

Node 739
Min: 3.206 x 107" Node 73343
Max: 9.824 x 10'

Node 38941
Min: 2.49737 x 107 Node 43435
Max: 8.670 x 10'

Figure 12. FE longitudinal-displacement contours for the front-door response (11%,,): baseline design
(left) and TOPSIS-recommended design (right).

The FE audit of 48 modified candidates (Table 7), together with the re-simulation of
the TOPSIS-selected design (Tables 11 and 12 and Figure 12), provides numerical verifi-
cation of the surrogate predictions for modified structural configurations. Among the 29
conservatively accepted candidates in the FE audit, 26 satisfied all 11 safety constraints,
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corresponding to an acceptance precision of 89.7%. This provides evidence of conser-
vative screening performance across multiple designs, although the FE audit does not
establish the feasibility of every solution in the surrogate-screened Pareto set. These re-
sults assess the consistency between surrogate predictions and full-vehicle FE responses,
while experimental validation of the modified configurations remains outside the scope of
the present study.

5. Conclusions

This study developed a surrogate-assisted optimization workflow combining RGEC-
SM and UC-SB-NSGA-II for the 68-dimensional mixed-variable optimization problem of
electric vehicle frontal crashworthiness. The main conclusions are as follows:

1. RGEC-SM effectively predicted body mass, vehicle acceleration, and 11 safety re-
sponses. On the independent test set, R2 values for the 13 responses ranged from
81.74% to 91.86%, the mean NRMSE was 13.4%, and the Boundary-NRMSE near safety
constraint boundaries was 19.4%. Response gating, conditional residual compensation,
and bootstrap ensembling all contributed to improved prediction accuracy.

2. After independent calibration, bootstrap prediction disagreement could be used to con-
struct conservative constraints. With the selected risk multiplier, the false-acceptance
rate in the candidate audit decreased from 27% to 10.3%, and acceptance precision in-
creased from 73.0% to 89.7%. UC-SB-NSGA-II increased the final-generation conserva-
tive feasible ratio from 48.7% to 79.6% while maintaining a broadly stable conservative-
feasible hypervolume.

3. FE re-simulation of the TOPSIS-recommended design confirmed that all 11 safety
responses were no worse than those of the initial baseline design. Body mass decreased
by 4.15%, and vehicle acceleration decreased by 6.35%. The proposed method can
coordinate lightweighting, acceleration control, and safety constraints under a limited
simulation budget while reducing feasibility misclassification risk in surrogate-based
optimization.

However, the uncertainty considered in this study characterizes only surrogate-model
prediction disagreement. It does not include material variability, manufacturing error,
connection failure, or FE model-form uncertainty. Future work could combine active
sampling, connection failure modeling, and multi-source uncertainty propagation to further
improve the engineering reliability of the optimization results. Further experimental or
component-level validation of representative modified configurations is needed to assess
the transferability of the baseline FE model validation.
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