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Abstract. This study investigates the response-surface-based parametric opti-
mization of a plastic-shredder rotor blade carriage using SolidWorks and ANSYS
Workbench. Five geometric dimensions were considered using a 27-point cen-
tral composite design and response-surface optimization. The geometric design
space was defined using parameter-specific bounds. Static finite element analy-
sis provided maximum deformation, maximum von Mises stress, and minimum
factor of safety. Response surfaces were constructed using the Genetic Aggrega-
tion method, and a multi-objective genetic algorithm was employed to identify
candidate designs. Of the three reported candidates, Candidate 3 was selected
for dimensional reconstruction. Relative to the original finite element results, its
unrounded surrogate predictions indicate an 11.12% reduction in deformation, a
7.83% reduction in equivalent stress, and a 10.06% increase in minimum factor of
safety. The reported improvements are surrogate-based predictions rather than
direct finite element results for the reconstructed final geometry.
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1 Introduction
Mechanical recycling is an established route for recovering thermoplastic waste, in which size
reduction is required before subsequent cleaning, separation, and reprocessing operations [1],
[2]. Plastic shredders perform this function by reducing waste into smaller fragments suitable
for further processing. Their performance depends strongly on the configuration and geometry
of the shaft, rotor, cutting blades, and supporting components [3]. During shredding, these
components are subjected to considerable mechanical loads; therefore, their design must provide
sufficient stiffness, strength, and structural safety while remaining manufacturable.

Structural optimization provides a systematic means of improving mechanical components
by modifying material distribution or geometric parameters to satisfy prescribed performance
requirements. Common approaches include topology, size, shape, and parametric optimization
[4]. Topology optimization identifies an efficient material distribution within a prescribed design
domain, whereas parametric optimization refines an existing geometry by varying selected di-
mensions while preserving its basic topology. Parametric optimization is therefore particularly
suitable for detailed design, where dimensions such as thicknesses, radii, and feature locations
must be adjusted within practical limits. The integration of topology and shape optimization



can further support the transition from an optimized conceptual layout to a manufacturable
CAD geometry [5].

Efficient parametric optimization requires close integration between computer-aided design
(CAD), finite element analysis (FEA), and numerical optimization. Park and Dang [6] demon-
strated that CAD–CAE integration combined with metamodeling can automate the design–
analysis–redesign cycle and reduce the computational effort required for structural optimiza-
tion. Because direct evaluation of every possible combination of design variables is generally
impractical, surrogate models can be used to approximate the relationships between geometric
parameters and structural responses using a limited number of simulations [7].

Design of Experiments (DOE) and Response Surface Methodology (RSM) provide an ef-
ficient framework for exploring multidimensional design spaces. The response-surface concept
introduced by Box and Wilson [8] forms the basis for approximating relationships between
controllable variables and system responses, while DOE provides a systematic procedure for
generating representative combinations of design variables [9]. In structural optimization, these
methods can relate geometric parameters to responses such as deformation, equivalent stress,
and factor of safety. Sensitivity analysis can then identify the parameters with the greatest in-
fluence on structural performance and guide optimization toward effective regions of the design
space.

Optimization-based design has been successfully applied to a wide range of engineering
structures. Cavazzuti et al. [10] applied topology-based optimization to the development of a
lightweight automotive chassis, while Li et al. [11] combined topology, shape, and size optimiza-
tion in the design of an automotive engine cradle. Zhu et al. [12] reported extensive applications
of topology optimization in aircraft and aerospace structures. Parametric and topology-based
optimization has also been applied to mechanical components, demonstrating the effectiveness
of parameter-driven design for improving structural performance while satisfying geometric con-
straints [13].

Similar optimization approaches have increasingly been applied to plastic shredder compo-
nents. Trad et al. [14] combined FEA, DOE, and RSM to optimize a plastic shredder rotor and
reported reductions in stress and deformation. Tesema and Lemu [15] applied topology opti-
mization to a plastic-shredding-machine blade carriage and achieved a 17.5% reduction in mass
while maintaining an acceptable factor of safety. Nguyen et al. [16] investigated the geometric
optimization of a plastic bottle shredder blade using numerical analysis and RSM. These studies
demonstrate that the structural performance of shredder components can be improved through
numerical optimization.

Topology optimization establishes an efficient material layout, but the reconstructed geom-
etry still contains dimensional features whose values can significantly influence deformation,
stress, and structural safety. A systematic parametric study is therefore required to determine
an improved combination of these dimensions rather than relying on repeated trial-and-error
modifications. The specific contribution of the present work is to refine a previously topology-
optimized, detachable splined blade carriage through a five-variable DOE, response-surface-
based sensitivity analysis, and multi-objective dimensional optimization, rather than to develop
a new shredder topology or a new optimization algorithm. Accordingly, the present study inves-
tigates the parametric design and optimization of a plastic-shredder rotor blade carriage using
SolidWorks and ANSYS Workbench. The geometry is based on a previously topology-optimized
blade carriage [15] and is further refined through dimensional parameterization. Five geometric
dimensions are defined as input variables, while maximum total deformation, maximum equiv-
alent stress, and minimum factor of safety are considered as structural responses. A DOE
consisting of 27 design points was generated, followed by response-surface modelling, local and



global sensitivity analyses, and multi-objective optimization. The final candidate was selected
from the predicted response trade-offs and reconstructed with nominal CAD dimensions.

2 Methodology
This study combined computer-aided design (CAD), finite element analysis (FEA), and response-
surface-based parametric optimization to investigate the structural performance of a single-shaft
plastic shredder rotor blade carriage. The carriage geometry was derived from a previously
topology-optimized design [15]. SolidWorks was employed for geometric modeling and param-
eterization, while ANSYS Workbench was used for static structural analysis, design of experi-
ments, response-surface analysis, sensitivity assessment, and multi-objective optimization. Fig-
ure 1 summarizes the study workflow.
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Figure 1: Workflow of the study.

2.1 Geometric Modeling and Finite Element Analysis
Three shaft–carriage attachment arrangements were initially investigated: cylindrical, hexag-
onal, and splined configurations (Figure 2). For this preliminary comparison, a single blade
carriage was mounted on a full-length shaft to represent each connection arrangement. The
cylindrical configuration included a welded connection, whereas the hexagonal and splined ar-
rangements used matching noncircular shaft–hub profiles. The objective of this comparison was
to select an appropriate attachment arrangement under consistent numerical conditions, rather
than to optimize the geometric dimensions.

Figure 2: Shaft–carriage attachment mechanisms: (a) cylindrical, (b) hexagonal, and (c) splined.

The preliminary static structural models were assigned structural steel. Rough contact was
specified at the shaft–carriage interface and bonded contact at the other applicable interfaces,
as described in the original comparative analysis. Automatic meshing in ANSYS Mechanical
was used with tetrahedral elements, a nominal element size of 5 mm, and a fine span-angle-
center setting. This element size was used only for the preliminary shaft–carriage comparison;



Figure 3: Finite element meshes: (a) cylindrical, (b) hexagonal, and (c) splined.

the parametric optimization model was meshed separately at 2 mm. Figure 3 displays the
preliminary meshes.

The same loading and support arrangement was applied to each attachment configuration
(Figure 4). A distributed line load of q = 35.535 N/mm was applied along the indicated blade-
loading edge (label A), and fixed support conditions were imposed at the shaft support regions
marked B. The resultant force associated with this edge load is F = qLload, where Lload is the
loaded edge length.

Figure 4: Load and support conditions: (a) cylindrical, (b) hexagonal, and (c) splined. A
indicates the line load; B indicates the fixed support.

The splined arrangement was selected for the subsequent parametric study using the deforma-
tion and equivalent-stress responses from the preliminary attachment comparison, as discussed
in Section 3.1. The selected blade carriage was parameterized in SolidWorks and imported into
ANSYS Static Structural. The carriage material was modeled as structural steel using repre-
sentative ASTM A36 properties, including a yield strength of σy = 250 MPa. The material
constants are summarized in Table 1.

The parametric carriage model was discretized in ANSYS Mechanical using a target element
size of h = 2 mm. The smallest nominal feature dimension was the 10 mm spline-way thickness
(P1), giving h/P1 = 0.20, equivalent to five nominal element lengths across this feature. Since



Table 1: Material properties of ASTM A36.

Material property Value Unit

Young’s modulus 200 GPa
Poisson’s ratio 0.26 –
Shear modulus 79.37 GPa
Bulk modulus 138.89 GPa
Density 7850 kg/m3

Yield strength 250 MPa
Ultimate tensile strength 400–550 MPa

P1 varied from 9 to 11 mm during the DOE, the corresponding ratio ranged from 0.182 to 0.222.
This discretization follows practical guidance on multiple elements through bending-dominated
thicknesses and finer resolution in regions with high stress gradients [18, 19]. A mesh-convergence
study was not performed; therefore, mesh independence of the predicted deformation and peak
stress was not established.

A uniform pressure of 10 MPa was applied to the blade-retainer loading face, while a fixed
support was prescribed on the internal splined interface, as illustrated in Figure 5. The structural
responses extracted from ANSYS were maximum total deformation, maximum equivalent (von
Mises) stress, and minimum yield-based factor of safety. For the von Mises yield criterion, the
minimum safety factor was evaluated from

FoSmin =
σy

σvM,max
,

where σy is the assigned yield strength and σvM,max is the maximum equivalent stress.

Figure 5: Load and boundary condition of the splined blade carriage: (A) 10 MPa pressure at
the blade-retainer face and (B) fixed support at the internal splined interface.



2.2 Parametric Optimization
Five geometric features of the splined blade carriage were selected as design variables: spline-way
thickness (P1), outer radius of the spline (P2), back blade retainer (P4), corner fillet radius (P5),
and back radius of the carriage (P6), as shown in Figure 6. Their initial dimensions were 10,
50, 30, 50, and 150 mm, respectively. The specified geometric limits are summarized in Table 2.
Four parameters were assigned variations of ±10% around their initial values, whereas the back
blade retainer (P4) was assigned a wider interval of 23–37 mm.

Figure 6: Parameterized geometric dimensions of the splined blade carriage.

Table 2: Initial geometric parameters and specified parameter bounds (mm).

Parameter Feature Initial Lower Upper

P1 Thickness of spline way 10 9 11
P2 Outer radius of spline 50 45 55
P4 Back blade retainer 30 23 37
P5 Corner fillet radius 50 45 55
P6 Back radius of carriage 150 135 165

The structural output parameters were maximum total deformation (P7), maximum equiv-
alent stress (P8), and minimum factor of safety (P9). Figure 7 records the initial input values
and the corresponding baseline outputs from the ANSYS parameter set; Figure 8 shows the
interconnected structural analysis and Design Exploration systems.



Figure 7: Initial geometric input parameters and static structural output parameters in ANSYS
Workbench.

The five-dimensional design space was sampled using a central composite design (CCD) in
ANSYS DesignXplorer. The DOE comprised 27 design points: 16 fractional-factorial points, 10
axial points, and one center point [17]. For each design point, the geometry was updated and
a static structural solution provided the three responses. The 27 design points provided the
learning data for constructing the response surfaces.

The response surfaces were generated using the Genetic Aggregation method in ANSYS
DesignXplorer. This approach combines candidate surrogate modelling techniques through an
adaptive model-selection and aggregation procedure. Consequently, a single fixed polynomial
order or prescribed set of interaction terms was not imposed on the final aggregated response
models. The stored configuration specified a maximum of 12 genetic generations and man-
ual refinement without additional refinement points. Separate response approximations were
generated for deformation, equivalent stress, and factor of safety.

The response surfaces were examined using parameter-interaction plots and local and global
sensitivity analyses. The agreement between surrogate predictions and finite element responses
was assessed using the predicted-versus-observed data at the DOE learning points. The re-
sulting surrogate models supplied the structural response evaluations used by the optimization
algorithm.



Figure 8: ANSYS Workbench arrangement for parametric analysis and optimization.

Multi-objective optimization was carried out using the Multi-Objective Genetic Algorithm
(MOGA) within ANSYS DesignXplorer. The design vector is p = [P1, P2, P4, P5, P6]

T , and
the optimization objectives were to minimize maximum deformation and equivalent stress while
maximizing minimum factor of safety:

minimize
p

(︁
P7(p), P8(p),−P9(p)

)︁
,

subject to pmin ≤ p ≤ pmax.
(1)

The algorithm returned three candidate solutions. These were compared using predicted de-
formation, equivalent stress, factor of safety, and the practicality of reconstructing the candidate
dimensions in CAD. The response-surface predictions and selected final geometry are presented
in Section 3.

3 Optimization Results and Discussion
3.1 Finite Element Analysis Results
The preliminary finite element analysis compared cylindrical, hexagonal, and splined shaft–
carriage attachments. Figure 9 and Table 3 present the corresponding deformation contours
and structural responses. The splined configuration exhibited the lowest maximum deformation
(0.0283 mm) and equivalent von Mises stress (45.479 MPa), and was therefore selected for
subsequent parametric optimization. The attachment comparison and parameterized carriage
analysis were conducted using distinct finite element models.

The initial static structural analysis of the parameterized splined carriage was performed
before parametric optimization. As shown in Figure 10, the maximum total deformation was
0.07989 mm, occurring at the outer blade-retaining regions, while the maximum equivalent



Figure 9: Total deformation contours for the three shaft–carriage attachment mechanisms.

Table 3: Comparative structural results for the shaft–carriage attachment mechanisms.

Attachment mechanism Maximum deformation (mm) Maximum von Mises stress (MPa)

Cylindrical 0.0399 216.92
Hexagonal 0.0316 45.483
Splined 0.0283 45.479

von Mises stress reached 155.52 MPa. The minimum factor of safety was 1.6075, consistent
with the specified material yield strength of 250 MPa. Although the initial design satisfied the
adopted static yield criterion, these results established the baseline for evaluating the subsequent
parametric optimization.

(a) Total deformation (b) Equivalent stress (c) Factor of safety

Figure 10: Initial static structural analysis results of the splined blade carriage before parametric
optimization.

3.2 Response surface and sensitivity analysis
The 27 DOE simulations characterized the influence of changes in carriage dimensions on defor-
mation, equivalent stress, and factor of safety. The corresponding response trends are illustrated
in Figures 11 and 12. In the reported design-point results, the largest and smallest deformations



occurred at design points 4 and 5, respectively; the highest and lowest equivalent stresses oc-
curred at design points 2 and 3, respectively. The safety-factor trend was reversed for the latter
two points, with the greatest factor of safety at design point 3.

Figure 11: Maximum deformation obtained at the DOE design points.

Figure 12: Minimum factor of safety obtained at the DOE design points.

The response surfaces provide continuous approximations of the structural responses over
the sampled design space. Figure 13 presents selected two-parameter views: P1 and P4 versus
deformation, P1 and P6 versus deformation, P1 and P6 versus equivalent stress, and P2 and P6

versus minimum factor of safety. These plots illustrate that the structural responses are sensitive
to coupled changes in carriage geometry rather than to a single dimension alone.

Local sensitivity curves were used to assess the effect of each geometric parameter on a
structural response while holding the remaining parameters at their reference settings. Fig-
ure 14 shows the trends for deformation; Figures 15 and 16 show the corresponding trends
for equivalent stress and safety factor. The reported sensitivity plots indicate that the spline-
way thickness (P1) has an important influence on equivalent stress and minimum safety factor,



(a) P1 and P4 versus P7 (b) P1 and P6 versus P7

(c) P1 and P6 versus P8 (d) P2 and P6 versus P9

Figure 13: Selected response surfaces for total deformation (P7), equivalent stress (P8), and
minimum factor of safety (P9).

whereas radius parameters also affect deformation. Global sensitivities (Figure 17) summarize
parameter influence over the design space and complement the local curves.



Figure 14: Local sensitivity curves for maximum deformation.

Figure 15: Local sensitivity curves for maximum equivalent stress.



Figure 16: Local sensitivity curves for minimum factor of safety.

Figure 17: Global sensitivities of structural responses to the geometric input parameters.

The agreement between the response-surface predictions and the corresponding FEA re-
sponses was evaluated using the coefficient of determination (R2) and root mean square error
(RMSE). For n observations, the goodness-of-fit measures were defined as

R2 = 1−
∑︁n

i=1(yi − ˆ︁yi)2∑︁n
i=1(yi − y)2

, RMSE =

⌜⃓⃓⎷ 1

n

n∑︂
i=1

(yi − ˆ︁yi)2. (2)

Here, yi is the FEA response, ˆ︁yi is the corresponding surrogate prediction, y is the mean of
the FEA responses, and n is the number of evaluated design points. The goodness-of-fit indices
were calculated using the 27 learning-point pairs stored in the ANSYS response-surface project.



Table 4 summarizes the calculated goodness-of-fit indices. The coefficients of determination
were 0.993907 for deformation, 0.970627 for equivalent stress, and approximately 1.000000 for
minimum factor of safety. The corresponding RMSE values were 1.5564×10−4 mm, 1.15524 MPa,
and 3.39 × 10−9, respectively. These values indicate close agreement between the surrogate
predictions and the FEA results at the learning points. The reported metrics measure in-sample
fitting accuracy and do not establish independent predictive accuracy.

Table 4: Training-point goodness-of-fit indices calculated from the 27-point ANSYS DOE.

Structural response R2 RMSE

Maximum deformation (P7) 0.993907 1.5564× 10−4 mm
Maximum equivalent stress (P8) 0.970627 1.15524 MPa
Minimum factor of safety (P9) ≈ 1.000000 3.39× 10−9

Figure 18 compares the response-surface predictions with the corresponding FEA responses.
The diagonal reference line represents perfect agreement, while deviations from this line represent
prediction residuals at the evaluated learning points.

Figure 18: Predicted-versus-observed goodness-of-fit chart for the response-surface models.

3.3 Optimal design selection and performance assessment
The MOGA-based response-surface optimization generated three candidate solutions, shown in
Figure 19 and summarized in Table 5. The optimization exposes a trade-off among objectives:
Candidate 3 has the smallest reported predicted deformation (0.071006 mm), whereas Candidate
1 has the lowest tabulated predicted stress (143.08 MPa) and the highest tabulated predicted
safety factor (1.7808) among the three solutions. Thus, Candidate 3 is not uniformly best across
all objectives; it represents a selection emphasizing deformation and a geometry judged suitable
for further detailing.



Figure 19: Response-surface optimization and candidate design selection.

Table 5: MOGA candidate geometries and response-surface-predicted structural outputs.

Candidate
Design parameters (mm) Predicted responses

P1 P2 P4 P5 P6

Deformation
(mm)

Stress
(MPa)

Minimum
FoS

1 9.02 54.47 30.56 47.54 135.34 0.071107 143.08 1.7808
2 9.02 54.47 30.73 50.68 136.30 0.071121 143.12 1.7786
3 9.03 52.36 30.72 50.84 162.53 0.071006 143.35 1.7692

Figure 20: Comparison of the candidate design points.

The dimensions of Candidate 3 were rounded to nominal values for the reconstructed CAD
geometry, namely P1 = 9, P2 = 52.5, P4 = 31, P5 = 51, and P6 = 162.5 mm. The dimensional



rounding produces a more concise geometric specification; the unrounded optimized values re-
main reported in Table 5.

Table 6 compares the original FEA responses obtained at the initial parameters (Figure 7)
with the reported surrogate predictions of Candidate 3. Reductions in deformation and stress
were calculated using

∆y(%) =
yoriginal − ycandidate

yoriginal
× 100. (3)

The percentage increase in minimum factor of safety was calculated using

∆FoS(%) =
FoScandidate − FoSoriginal

FoSoriginal
× 100. (4)

Based on the tabulated surrogate predictions, the numerical comparison indicates an 11.12%
reduction in maximum deformation, a 7.83% reduction in maximum equivalent stress, and a
10.06% increase in minimum factor of safety. These values describe the predicted response
differences between the original design and unrounded Candidate 3, rather than independently
verified improvements for the reconstructed final geometry.

Table 6: Original FEA design versus response-surface-predicted Candidate 3.

Performance measure Original FEA Candidate 3 (predicted) Change (%)

Maximum deformation (mm) 0.079890 0.071006 −11.12
Maximum equivalent stress (MPa) 155.52 143.35 −7.83
Minimum factor of safety 1.6075 1.7692 +10.06

Figure 21 shows the reconstructed blade carriage with the selected nominal dimensions. The
performance figures in Table 6 correspond to the unrounded surrogate candidate rather than
a direct static structural reanalysis of the rounded CAD model. The reconstruction therefore
establishes the selected dimensional configuration, while its final structural response remains
distinct from the surrogate-predicted candidate response.

4 Conclusions
A response-surface-based parametric optimization study of a splined plastic-shredder rotor blade
carriage was conducted using SolidWorks and ANSYS Workbench. Five geometric parameters
were investigated using a 27-point central composite design, and surrogate models were con-
structed using the Genetic Aggregation approach. The multi-objective genetic algorithm pro-
duced three candidate designs evaluated in terms of maximum deformation, maximum equivalent
stress, and minimum factor of safety.

The training-point goodness-of-fit analysis gave coefficients of determination of 0.9939, 0.9706,
and approximately 1.0000 for deformation, equivalent stress, and factor of safety, respectively.
The corresponding RMSE values were 1.5564× 10−4 mm, 1.1552 MPa, and 3.39× 10−9. These
measures indicate good agreement between the surrogate models and the sampled finite element
responses, without establishing independent predictive accuracy.

Candidate 3 was selected for CAD reconstruction because it provided the smallest tabulated
predicted deformation among the three reported candidates. Relative to the original FEA re-
sults, its unrounded response-surface predictions indicate an 11.12% reduction in deformation, a



Figure 21: Reconstructed splined blade carriage after parametric optimization.

7.83% reduction in equivalent stress, and a 10.06% increase in minimum factor of safety. These
improvements remain surrogate-based estimates rather than direct finite element results for the
final rounded CAD geometry. The numerical assessment is further limited by the absence of
a mesh-convergence study and independent response-surface validation. Future work should
examine fatigue life, modal behavior, and the manufacturing tolerances of the reconstructed
carriage.
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