<]
TUDelft

Delft University of Technology

Synthesis of Superelastic Compliant Mechanisms for Target Shape Matching

Hargrove, Brianne A.; Frecker, Mary; Jovanova, Jovana

DOI
10.1109/ReMAR61031.2024.10617613

Publication date
2024

Document Version
Final published version

Published in
Proceedings of the 6th International Conference on Reconfigurable Mechanisms and Robots, ReMAR 2024

Citation (APA)

Hargrove, B. A., Frecker, M., & Jovanova, J. (2024). Synthesis of Superelastic Compliant Mechanisms for
Target Shape Matching. In Proceedings of the 6th International Conference on Reconfigurable Mechanisms
and Robots, ReMAR 2024 (pp. 84-91). IEEE. https://doi.org/10.1109/ReMAR61031.2024.10617613

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright
Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without the consent
of the author(s) and/or copyright holder(s), unless the work is under an open content license such as Creative Commons.

Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.


https://doi.org/10.1109/ReMAR61031.2024.10617613
https://doi.org/10.1109/ReMAR61031.2024.10617613

Green Open Access added to TU Delft Institutional Repository

'You share, we take care!’ - Taverne project

https://www.openaccess.nl/en/you-share-we-take-care

Otherwise as indicated in the copyright section: the publisher
is the copyright holder of this work and the author uses the
Dutch legislation to make this work public.



2024 6th International Conference on Reconfigurable Mechanisms and Robots (ReMAR) | 979-8-3503-9596-9/24/$31.00 ©2024 IEEE | DOI: 10.1109/REMAR61031.2024.10617613

2024 6th International Conference on Reconfigurable
Mechanisms and Robots (ReMAR)
June 24-27, 2024. Chicago, IL, USA

Synthesis of Superelastic Compliant Mechanisms for Target Shape
Matching

Brianne A. Hargrove', Mary Frecker?, and Jovana Jovanova’

Abstract— The design freedom of the additive manufacturing
(AM) process has created new avenues for compliant
mechanisms to have more complex geometries, functionality,
and mechanical behavior than conventional manufacturing
methods offer. However, the challenge in the assumption of “free
complexity” in AM is the trial-and-error often involved in
creating a design that behaves as intended. To address this
problem, a synthesis method incorporating nonlinear-elastic
materials and large deformations as geometric nonlinearity is
proposed, using an assembly of building blocks to construct a
compliant mechanism. Designs generated by the model illustrate
the optimization of the building block selection, size, shape, and
topology to achieve different deflected states. The combination
of the superelastic behavior of shape memory alloys such as
Nitinol, and the exploration of different building block
geometries, has been shown to enhance the flexibility of the
optimized mechanism to reach such target shapes.

I. INTRODUCTION

Compliant mechanisms (CMs) rely on the elastic
deformation of their flexible components to transfer force,
motion, and energy. The response of a mechanism is largely
driven by the individual members of the CM, such as size and
shape, the arrangement or final topology, the choice of
material, and constraints on the stress, weight, and volume of
the design [1]. Analysis of the force-deflection response of
CMs, for example, requires a prescribed set of geometric and
mechanical parameters. Yet, for inverse design or synthesis,
these parameters may be difficult for the designer to select
without trial-and-error and prototyping.

To address this issue, CM synthesis has become automated
over the years through structural optimization to compute the
optimal size, shape, and topology that meet a specific
objective(s). Numerical algorithms have been developed for
continuum-based CM synthesis using techniques such as
homogenization-based optimization [2], as well as for
multicriteria optimization using a layout of interconnected
truss elements or ground structure [3]. Earlier optimization
models were often limited to small deformations. Researchers
incorporated the method of moving asymptotes [4,5], and
later, genetic algorithms in path-generation CM synthesis
[6,7] and nonlinear springs approximated by compliant
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splines [8], along with the ability to capture large
deformations. Other methods for synthesis have been
presented based on kinematics such as rigid body replacement
to represent compliance with flexure joints [9], or in the case
of the pseudo rigid body model (PRBM) [10,11] and finite-
spring-link model [12], with torsional springs.

A more recent approach entails the use of basic elements
known as building blocks. Parallel connections of elastic
beams represented by compliance ellipsoids have been
employed in synthesis of planar CMs undergoing small
deflections [13,14]. Flexure-based CM synthesis for both
serial and parallel connections of compliant building elements
have also been explored using screw theory and the matrix
method [15]. In the area of metal AM, building blocks defined
by linear and circular curve profiles have been studied to
synthesize spatial, self-supported CMs [16].

These methods present a framework for topology synthesis,
or the arrangement and orientation of building blocks, but the
optimization of the size and shape at the elemental level has
not been considered. An optimization-based algorithm, the
Nelder-Mead method, was implemented into the shape and
topology optimization of large stroke flexure mechanisms to
identify the removal and replacement of building blocks that
produce unwanted natural frequencies [17]. Still, a limitation
of the previous building block methods is that they are
restricted to linear-elastic material behavior, which severely
limits the selection pool of materials for additively
manufactured CMs.

Combined with large deformations, the introduction of
material nonlinearity in the design of CMs allows for a
controlled and tailorable response, especially when
considering hyperelastic and superelastic materials that are
available with various mechanical properties and can recover
large amounts of elastic deformation [18]. The development
of a synthesis method that includes these two sources of
nonlinearity could allow for greater material exploration
beyond typically used stiff plastics and metals. Thus, the goal
of this work is to synthesize large-deflection, nonlinear-
elastic CMs using building blocks. The optimization scheme
presented in [17] is similar, but we consider planar
mechanisms. To explore nonlinear-elasticity, this paper is
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focused on studying a shape memory alloy (SMA) material
model of superelastic Nitinol (NiTi) that exhibits tension-
compression asymmetry in the stress-strain response. The
patternsearch solver in MATLAB is selected as the
optimization algorithm in that it is faster than stochastic
methods like the genetic algorithm (GA). But, the GA is
considered as a global search strategy as patternsearch may
converge to a local optimum. Using this algorithm, the CMs
are optimized to match a target shape for a given loading
condition. The target shape is defined using a segmentation
approach, which converts the profile into a predefined number
of control points within the design space. Target shape
optimization has been considered for the synthesis of shape-
changing rigid body mechanisms defined by morphing curves
[19], for CMs made from functionally-graded SMAs [20], for
lithium-ion battery actuators [21], and magnetoactive
elastomer actuators [22].

The following sections present the proposed optimization
methodology for CM synthesis for target shape matching, the
building block library considered in the assembly of the CM,
and case studies highlighting the exploration of size, shape,
and topology optimization to match different target shapes.
The analytical model developed in [23] is used to assess the
force-deflection behavior of the optimized CM in achieving
the defined target shape.

II. DESIGN OPTIMIZATION ALGORITHM

A. Objective Function and Design Variables

To match a desired shape, the shape error between the
deflected CM shape and the target shape is minimized. In
other words, the target shape is segmented using control
points (Cp) that fall on the surface as shown in Fig. 1.

>
X
Undeformed Model
== == Target Shape k =34
s Optimized Model
Target Control Points ’
#  Model Control Points

V_Y

Figure 1. Example of a target shape segmented using 5 control points and
the Eucledian distance (dj) between nearby points on the optimized design.

The shape error (e) is defined as the sum of the minimum
Eucledian distance between these control points and nearby
points on the deflected CM. The distance equation is given by
Eq. (1) and the corresponding shape error by Eq. (2).

2 2

dy = \/(Xk _Xtargk) + (Yk - Ytargk)
fork =1, s Cp (1)
e=Y7d )

Three penalty functions are incorporated into the objective
function to enforce constraints. The first two are constraints
placed on the maximum stress in the CM, and the third
constraint is on the maximum length of the design. The first
stress constraint limits the maximum tensile and compressive
stresses in the CM to lie within the upper and lower bounds of
the stress-strain curve for a given material. In the consideration
of NiTi as the material, the addition of a second stress
constraint also ensures that the maximum tensile and
compressive stress is within the superelastic range, such that
when the load is removed, the mechanism recovers its original
shape. The superelastic range is between the first and second

critical  stresses Jl(t'c) and th‘c) . The length constraint
confines the horizontal or vertical dimension of the CM,
depending on the orientation, to a maximum value. Depending
on the desired design, the length constraint (Lg,.s) can be
changed to scale the size of the mechanism. The penalty
functions are defined using a quadratic loss function, as given
in Eq. (3), where either a penalty of zero is added or the
squared difference.

0p, = max [0, (amax _ O_Zt*)z ] +
Y1,

0,, = Max [0, (of - amax)z ] +

max [0,(|o*mm| — |025*

max [0, (|O‘1C*| — |Omin |)2 ] and
Lp = max[0, (Lges — Lmax)"2 ]
(3)

The objective function is then expressed as a weighted error
function, with weights w;, w,, and w; in Eq. (4).

e' =e+ wio, + wy0,, + Wy, 4)

The objective function e’ used in the design problem for
target shape matching is now considered. The sum of the
weights should equal to 1, i.e., w; + w, + w3 = 1. As such,
the weights can be equal to 1/3 or varied such that their sum
still equals to 1. The weighting factors are selected by the
designer based on their relative importance. For the analytical
model, the minimization of the objective function is dependent
on the individual segments that make up the CM geometry in
terms of their size, shape, connectivity. These segments are
referred to as building blocks, which are constructed from
basic beam elements. The types of elements studied in this
approach are based on initially straight and initially curved
beams, as also explored in [13], and will be presented
collectively as a building block library.

One of the most critical design variables involves the
selection of a building block from the building block library
that best meets the objective. The library has a total of 8
building blocks that are available for selection by the
optimization model. Each building block (BB) is assigned an
integer value that serves as an identifier in the assembly. As a
result, the choice of building block is a design variable. The
maximum number of building blocks that can be used in the
assembly is given by an integer value of n. The in-plane half
thickness (b;), length (L;), and in the case of certain building
blocks, the angle of rotation (y;) and the sector angle (a;) are
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also design variables. The index, i, corresponds to a segment
within a given building block and has a value of either 1 or 2.
Given these parameters, the optimization problem is formally
introduced by Eq. (5).
el
1<BB<8
1<#BBs<n

bmin < bi < bmax
S L < Linax
<

<

Minimize
subject to

(5)
Lmin
Ymin =< Vi
< a;

Vmax
Omin Omax

To understand the function of the design variables in the
definition of a building block, and later their assembly, the
building block library is presented next.

III. BUILDING BLOCK SYNTHESIS

A. Building Block Library Characterization

A building block library was defined for the synthesis using
a collection of beam elements. The development of the library
aimed to include beam geometries beyond the initially
straight beam such that complex target shapes could be
studied. As such, the library is categorized by four building
blocks considering solely initially straight beams, as shown in
Fig. 2, as well as four building blocks constructed from beams
with initial curvature. The first group of building blocks
builds upon a single initially straight beam (BB;) as the basic
element. Two beams are then assembled to form “dyads”
where the individual lengths (L;,L,), in-plane half
thicknesses (by, b,), and angle of rotation or orientation with
respect to the horizontal axis (y4,7,) are included as design
variables. The second building block (BB,) represents when
the angle of rotation of the beam elements is equal, but of
opposite sign. The third (BB3) adds variation in the second
angle of rotation, by removing the equality condition. The
fourth building block (BB,) represents an angled beam
connected to a horizontal beam, where only the first angle of
rotation is optimized. The out-of-plane thickness is assumed
to remain constant for all building blocks and their
derivatives.

The second group of the library consists of beams with
initial curvature. In this case, the angle of rotation (y;) is
prescribed, and instead the sector angle (;) of the beam is a
design variable. The addition of the sector angle affects only
BB and BB that are based on initially curved beams, where
a, and a, are optimized. In the case of the third building
block, which is referred to as the “3” beam based on its shape,
the sector angle is set to 180° to represent a semicircular arc.
Likewise, the sector angle for the “S” beam is also predefined
to obtain two semicircular arcs with inverse initial curvatures.
For all building blocks, the lengths and in-plane half-
thicknesses are optimized by the model. To reduce the
number of design variables, the building blocks share the
same optimized values of Ly, Ly, by, by, ¥4, V2, @1, and a,.

&

Building Block Library

Initially Straight Beam Segments (BB 1-4)
BB,

BB,

0.5

Ly, by

YIL [1]

y1=0°

0 05 1
XIL [1]

BB

Y1=
-90°

Ly, by

05 1
XIL [1]

BB,
=90°
02 Vi

-05 0 15

o @ =180°

YIL[]

-0.2

Ly, by Ly, by

-0.4

-0.6 ‘
0 05 1
XIL [1]

Figure 2. Building block library categorized by intially straight and
initially curved beams, with 8 building blocks available in total.

With the building block library defined, along with the
respective design variables of each building block, the criteria
for the selection of a specific building block to be used in the
CM design will be discussed for a single-objective
optimization algorithm.

B. Optimization Scheme

The optimization algorithm uses patternsearch (PS) in
MATLAB to determine the optimal CM design. First, the
algorithm is initialized with a randomized feasible design. The
objective function is evaluated for this initial design, and if it
does not satisfy the fitness limit, it locates a new potential
design. In terms of the building block selection, the design is
initialized with n segments. For n =5, the solver could
produce a solution with two dyads and a single beam element,
a solution with 5 beam elements, or a single dyad connected to
3 beam elements. The discrete variable BB is optimized
between 1 and &, such that for a given position in the CM, BB
is tuned iteratively toward a building block that improves the
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fitness at that location. The solver does not create solutions that
violate the maximum number of possible building blocks
defined by n. The deformation of the building blocks is
analyzed using the segmented beam model derived in [23],
where the local deformation of the individual building blocks
is rotated and transformed to the global coordinate system.

C. Superelastic Material Model

The material model chosen for the building block synthesis
is a model for superelastic NiTi with tension-compression
asymmetry, as presented in detail in [23], and does not
consider the unloading of the material or the temperature-
induced shape memory effect. For this work, only stresses up
to the superelastic region of NiTi are used so that the shape
can be recovered after the removal of the load. Fig. 3 shows
the material model for superelastic NiTi, which is
approximated using a multilinear model with 2 linear
sections. A future iteration of the proposed approach will
explore the addition of the mechanical properties like the

elastic moduli (E®9,E{*?) and critical stresses
(crl(t’c)*,az(t‘c)*) as design variables. Other material models

can also be studied to further generalize the approach. The
following section presents three case studies of the
application of the synthesis method incorporating both the
nonlinear-elastic NiTi model and large deformations for
different target shapes.

o [MPa]
t*
of %,
[ E;
Ef € [1]
EC
GZC*O 2

Figure 3. Superelastic multilinear material model for asymmetric NiTi.

IV. RESULTS

In this section, the building block synthesis method is
illustrated for three CM designs. The first is a deployable
accordion array that could be applied to foldable, origami
compliant mechanisms. In this case, the design is restricted to
only initially straight building blocks (BB 1-4). The second
case study is for the design of a compliant mechanism
comprised of solely initially curved building blocks (BB 4-8),
that illustrates the superelasticity and large shape-change
behavior of the mechanism. The last case study looks at a
fixed-guided beam that considers the full building block
library (BB 1-8) and highlights the effect of the number of
building blocks on the accuracy of the optimized design. For
the three case studies, the current state of the model prescribes
the mechanical properties of NiTi with the values shown in
Table 1.

ar

TABLE L. ASYMMETRIC NITI MECHANICAL PROPERTIES

Property - Values -
Tensile (1) Compressive (c)

E, [GPa] 69.2 50

E, [GPa] 15.0 29.1

o; [MPa] 900 -500

o, [MPa] 1500 -1200

The lower and upper limits on the design variables for the
algorithm are given by Table II. The weights (w;, w,, w3) are
set to the same value of 1/3 in Eq. (4).

TABLEII. BOUNDS FOR DESIGN VARIABLES
. Values
Design Lower Upper
Variables Bound Bound
BB 1 8
#BBs 1 10
b; [mm] 5 10
L; [mm] 50 200
i [deg] -90 90
a; [deg] -180 180
For the PS algorithm, the fitness limit is 1E-3.

‘GSSPositiveBasis2N’ is used as the poll method and a
nonuniform patternsearch (NUPS) algorithm is employed to
search the mesh space. A mesh tolerance of 1E-6 is also used
as a measure to terminate the algorithm if the desired fitness is
not reached. It is also possible for PS to converge to a local
optimum due to the initial guess of the design variables, or
starting points, and deterministic nature of the solver. This can
be remedied by restarting the solver using different or
randomized starting points, or also by adding the genetic
algorithm as a secondary search strategy to drive the solver
toward the global optimum. The advantages of hybridized
approaches using the GA as a global search strategy, and
refinement through PS for local exploration to reduce the
computational time of the GA are reported in [24-26]. As a
result, the ‘searchga’ option is included.

A global search using the GA is done at the first iteration
of the PS until a suitable fitness value is reached, in this case,
1E-2. Then, PS continues to refine the search locally at the
termination of ‘searchga’ towards a more optimal solution.
The parameters for the genetic algorithm include a population
size of 200, a maximum number of generations of 100, a
mutation rate of 0.01, and a crossover ratio of 0.7. The
optimization model in MATLAB was run on a computer with
an Intel Core 17-11800H processor running at 2.30GHz, with
8 available cores for parallel computing, 16 logical processors,
a GeForce RTX 3070 graphics card, and 32 GB RAM.

A. Deployable Accordion

The target shape is represented by two control points along
the same line, as shown in Fig. 4. The maximum desired
length of the design (Lges) is selected as 300 mm. As such,
the X and Y coordinates in the global coordinate system are
presented as a dimensionless value with respect to the desired
length, i.e., X/Lges and Y /Lg,s. The length of the accordion
model is defined in a vertical orientation, leading to the
building block library being rotated by 90°. To evaluate the
extent to which the deflected optimized design satisfies the
target shape, the model is subject to a downward force of 5
kN at its tip on the topmost horizontal segment. The bottom
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and top building blocks are prescribed with a length of 100
mm, an in-plane half thickness of 5 mm, and an out-of-plane
thickness of 50 mm.

Target Shape and 2 Control Points

0.3
(C)N
0.2 T~

YIL [1]

0.1

0.1 0.2 0.3
X/IL 11

Figure 4. Target shape for deployable accordion with 2 target points.

To minimize the shape error, the algorithm begins with a
randomized guess that evolves to the optimized design as
shown in Fig. 5(a). For this example, the design variables
include the number of building blocks, the building block
itself from the library, the in-plane thickness, and the angle of
rotation in the case of a dyad. The length is not included as a
design variable initially, and it is shown that the shape error
is poor, i.e., the optimized geometry does not hit all of the
target points when deformed. In Fig. 5(b), the length is now
included as a design variable. It can be seen that when using
only the PS algorithm to optimize the design, it converges to
a local optimum. As a result, the ‘searchga’ function is added
to PS to improve the solution, where both target points are
met with a series of dyad building blocks.

PS: Fixed Length Length As Design Variable
Initial Guess (n =7) g, PS: Initial Guess(n = 10)
0.8 1.2 ’ BB,

0
02 0 02 04
XL 1]
Optimized Design (n = 6)
0.3

0
020 02040608
XIL [1]

PS: Optimized Design (n = 4)

unceormeasape|| BB, 05l | BB,
—Deformed Shape : Undeformed Shape
O Targ. Control Points —Deformed Shape
—02 « Opt. Control Points .04 © Targ. Control Points
=0 = < Opt. Control Points
0.3
o <
>0.1 >0.2 1)
0.1

0
0 0.1 02 03

0
- 010 0102
XIL[1]

X/IL 1]
@ GA + PS: Optimized Design (n = 8)
0.8}
—0.6"
<04
=
0.2

0
02 0 02 04 06
XIL [1]

(®)

Figure 5. Optimized acordion designs using only PS algorithm given a
fixed length of 50 mm (a) and with the length as a design variable (b),
where the addition of the ‘searchga’ function improves the convergence of
patternsearch to a more optimal solution.

Tables III and IV show the optimized design variables for
the deployable accordion when the length of the building
blocks is fixed and when the length is a design variable,
respectively. The shape error is also presented to highlight the
improvement of the objective function with the addition of
‘searchga’ in Table IV. The deformation of the accordion was
kept small in this case to first validate that the algorithm could
select the appropriate building blocks for the design problem.
However, the next example accounts for superelasticity in a
larger range of deformation. Due to the improvement in the
shape error by the ‘searchga’ function, it is used in the
remaining examples as well.

TABLE IIL OPTIMIZED DESIGN VARIABLES FOR ACCORDION DESIGN
WITH FIXED LENGTH AND SHAPE ERROR
Design Variables Error
Design bi b2 Y1 '

- A R R B s B
Initial 7 [1,2,4] 50 | 50 | 800 | 9.1E2
Guess
Final

(PS) 6 2 5.2 5.0 16.3 3.6E-2
TABLE IV. OPTIMIZED DESIGN VARIABLES FOR ACCORDION DESIGN
WITH LENGTH AS DESIGN VARIABLE AND BBS = 2 FOR ALL DESIGNS

Design Variables Error
Design n b1 b2 L; L Y1 e
_ [mm] | [mm] | [mm] | [mm] [l
Initial |01 5o | 50 | ss | ss | 60 | 97E2
Guess
Final
(PS) 4 5.0 6.1 197 50 42.4 4.10E-2
Final
(GA+PS) 8 5.2 5.2 124 138 12.9 1.82E-4

B. Curved Compliant Mechanism
The creation of a curved CM based on initially curved
building blocks is performed for two different target
shapes. The first target shape is an ‘S’ geometry and the
second is a ‘3’ geometry, as shown in Fig. 6. Both shapes
are defined by 5 control points. The ‘3’ target shape builds
upon the complexity on the S shape by testing whether the
model can match shape imposed with different lengths. The
length of the model is defined in a horizontal orientation,
and the maximum desired length is chosen to be 100 mm.
The out-of-plane thickness is 50 mm. The tip of the CM is
subject to a counterclockwise moment of 1 kNm.

‘S’ Target Shape and 5 Control Points ‘3’ Target Shape and 5 Control Points
046G

O A
0.25 K ]
= ; =02 Q. %
< ® < |
> 0 j > 00 ‘
L= 020 e el
0 0.25 0.5 0 02 04 06
X/L [1] X/L [1]
@ (b)

Figure 6. Target shapes for curved mechanism with 5 target points for ‘S’
(a) and ‘3’ (b) geometries.

The results in Figure 7 show the optimized curved
mechanism design first for the ‘S’ target shape. In the two
cases, the algorithm selects n = 3 building blocks to be the
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optimal number for the assembly. First, the model is
optimized for a smaller number of target points (¢, = 3). The
target shape is obtained using a combination of the ‘S’
building block, which is expected based on the target, and an
initially curved beam in Fig. 7(a). Then, the model was
reevaluated using more target points (¢, = 5) in Fig. 7(b).
The design achieves a much larger range of deformation such
that the maximum stresses at the fixed end lie within the
superelastic region of the NiTi material model. Similarly,
superelasticity is exploited to obtain the ‘3’ target shape of
Fig. 7(c), which utilize the ‘3’ building block and an initially
curved beam (BBg). The ‘S’ design that matches the 3 target
points has the smallest shape error, as defined in Table V,
potentially resulting from less control points that need to be
matched and a simpler target shape.
‘S’ Target Shape (3 Target Points)

GA + PS: Optimized Design (n = 3)
04 BB

‘3’ Target Shape (3 Target Points)

GA + PS: Optimized Design (n = 3)

YL )

.
"0 02 04 06 08
XIL [1]

Figure 7. Optimized curved mechanism designs using PS algorithm +
searchga for an ‘S’ target shape with 3 control points (a) and 5 control
points (b), and a ‘3’ target shape with 5 control points (c).

TABLE V. OPTIMIZED DESIGN VARIABLES FOR CURVED MECHANISM
DESIGN USING SEARCHGA AND PATTERNSEARCH ALGORITHM WITH 3
BUILDING BLOCKS

Design Variables Error
Design b1 b2 L L a, ,
BES | pumy | gmmy | o) | mmy | gy | €
SG 11851 63 | 100 | 453 | 855 | 83.9 | 6.9E-4
points)
SA G [8,5] 44 7.3 53.1 60.9 66.4 | 8.5E-4
points)
3. G [7,5] 44 44 93.9 48.0 18.7 | 1.7E-3
points)

Of note in performing these case studies is understanding
why the inclusion of nonlinear-elasticity (NLE) and large
deformations (LD) in the synthesis is important. When
simplifying assumptions of small deformations and/or
material linearity are made, the design may not meet the target
shape when considering the actual nonlinear behavior. In the
following example, the force-deflection response of the
proposed model is assessed using a design optimized with the
assumption of linear-elasticity (LE) and small deformations
(SM), and also with linear-elasticity and large deformations.

When linear-elasticity and small deformations are
assumed, the method generates a design that meets some of
the control points of the ‘3’ target shape. However, when that

B

design is evaluated considering nonlinear-elasticity and large
deformations in the analytical model, the shape error is poor,
i.e., the deformed shape no longer agrees well with the target
shape as seen in Fig. 8(a) and (b). Likewise, when linear-
elasticity and large deformations are assumed, the deformed
shape matches some of the target points in Fig. 8(c). However,
when evaluated for the actual nonlinear mechanical response,
the shape error worsens in Fig. 8(d). As a result, the
development of this nonlinear-elastic synthesis method for
large deformations is necessary for synthesizing designs that
accurately capture the behavior of the material and geometry
selected.

As a final demonstration of the optimization model, the last
case study looks at the creation of a fixed-guided mechanism
and the effect of the number of building blocks on the
accuracy of the optimized design.

LE/SM NLE/LD

GA + PS: Optimized Design (n = 4)

05 1 1.5 0 05 1 1.5
X/L [1] XI/L [1]
€)) (b)
LE/LD NLE/LD
05 GA + PS: Optimized Design (n =

BBy

YBS

YL [1]

-0.5 | e s
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X/L[1] XIL [1]
© (d)

Figure 8. Optimized curved mechanisms illustrating differences in shape
error for assumptions of LE/SM (a) and LE/LD (c) against NLE/LD (b, d).

C. Fixed-Guided Mechanism

The fixed-guided mechanism is intended to show an
application of compressive loading that, in the future, will
be applied as a quarter-symmetric model of a unit cell that
is compressed axially at its center. In this example, the
algorithm selects from the full library of building blocks.
The desired target shape is shown in Fig. 9 with 4 control
points. The model is oriented horizontally, and the
maximum desired length is chosen to be 300 mm. The out-
of-plane thickness is 50 mm. The tip of the CM is loaded
with a downward force of 20 kN and a reaction moment
that is a function of the applied force and the horizontal tip
coordinate, Mg = F,l/2. The reaction moment constrains
the slope at the tip of the CM to be horizontal, but there is
no constraint on the axial deformation of the CM.

Authorized licensed use limited to: TU Delft Library. Downloaded on September 05,2024 at 11:28:42 UTC from IEEE Xplore. Restrictions apply.



Target Shape and 4 Control Points

0.2
_ 7 e
= 0 \
g 0 &L
>
)
-0.2
02 04 06
XIL [1]

Figure 9. Target shape for a fixed-guided mechanism.

To study the effect that the number of building blocks (1)
has on the value of the shape error, n is removed as a design
variable in the following example. Instead, n is an input
within the range of 1 to 4 building blocks total. As presented
in Fig. 10(a), the design with only 1 building block has the
largest shape error. However, with increasing building blocks,
the deformed shape gets closer to the target points as shown
in Fig. 10(b), (c), and (d). With the exception of Fig. 10(d),
where the initially curved beam has a sector angle of a;= -
9.3°, the algorithm selects initially straight building blocks as
the optimal in the assembly.

It is noted that the solver arrives at designs that match the
target points, but not necessarily the target shape as in the case
of the curved mechanism. In other words, the algorithm finds
a different design that still meets the prescribed target points.
Overall, the synthesis method generates designs that agree
well with the given target points, accounting for a nonlinear-
elastic material model and large deformations. It has been
shown that the method is successful at iteratively refining the
arrangement of building blocks, as well as their size and
shape, to minimize the objective without designer input.

Increase of n from 1 to 4
GA + PS: Optimized Design
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Figure 10. Optimized fixed-guided mechanism with the number of building
blocks setasn =1 (a),n =2 (b)n = 3 (c), and n = 4 (d).
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TABLE VI OPTIMIZED DESIGN VARIABLES FOR FIXED-GUIDED
MECHANISM DESIGN USING SEARCHGA AND PATTERNSEARCH ALGORITHM
WITH PRESCRIBED NUMBER OF BUILDING BLOCKS

Design Variables Error
Design bi b2 L; L; Y1 '
BBS | pmmg | fmm] | ] | fumg | gy |
n=1 1 8.6 - 200 - - 1.1E-1
n=2 2 7.0 5.9 109 138 -33 | 2.3E-2
n=3 | [21] ]| 7.1 6.9 | 102 | 114 [ -46 | 23E-2
n=4 [41’]5’ 7.9 9.0 78 70 -46 1.9E-2

V. CONCLUSION

This work has presented an optimization methodology of
CM synthesis for large deformations using nonlinear-elastic
building blocks. Given a variety of target shapes and points,
the model assembles CMs that minimize the shape error. In
terms of manufacturing of the CMs, the synthesis method has
the potential for selecting additive manufacturing parameters
that are informed by an optimization model instead of by trial-
and-error, prototyping, and iteration. A future version of the
model will explore the addition of material selection as a
design variable. Also, methods will be introduced to remove
and replace building blocks that worsen the fitness function
to further improve the convergence of the algorithm to
optimal solutions.
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