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Abstract

Topology optimization has drawn increasing attention as a method to aid the design of engi-
neering systems. Gradient-based optimization is typically used to solve these problems because
of its efficiency in dealing with a large number of design variables. However, there is a large
amount of implementation effort required for both the forward model formulation and the deriva-
tive computation of the model, especially for multiphysics problems. This paper addresses these
challenges by presenting a general-purpose topology optimization platform called ATOmiCS,
built in a modular framework to facilitate the formulation of complex, multiphysics problems
with fully automated derivative computation. ATOmiCS automates the derivative computation
by coupling FEniCS—a multiphysics partial-differential-equation solver with accessible symbolic
partial derivatives—with OpenMDAO, a modular framework for multidisciplinary design opti-
mization that can automatically solve the adjoint equation for the total derivatives. ATOmiCS
is implemented as an open-source toolbox with online documentation and has been used in a
graduate-level class. The features of ATOmiCS are demonstrated using three case studies: com-
pliance minimization of cantilever beams with linear and nonlinear elasticity models, compliance
minimization of a battery pack with the thermoelastic equation and an unstructured mesh, and
optimization of liquid crystal elastomer using a modified elastic equation for shape matching.
The results demonstrate the characteristics that, as a whole, make ATOmiCS a unique topology
optimization toolbox: modularity and flexibility with respect to operations such as filtering and
penalization; ease of implementation of governing equations, type of elements, and solvers for
systems of equations; and fully automated derivative computation for gradient-based optimiza-
tion.
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1 Introduction

Topology optimization is a numerical method that computes optimal material or structural
layouts that maximize the performance of engineering systems [1]. Emerging in the structural en-
gineering field, topology optimization was first applied to structural design problems, considering
only solid mechanics [2, 3]. In recent years, the application domains for topology optimization
have widened, leading to more complex models across more disciplines, such as problems involving
thermoelasticity [4–9], fluids [10–13], and electromagnetism [14, 15]. However, these implementa-
tions are tailored to one specific type of multiphysics problem due to the complexity of both the
problem formulation and the derivative evaluation, as gradient-based optimization is the main so-
lution approach. Thus, there is a need to facilitate the widespread use of topology optimization
for multiphysics problems by developing a general-purpose toolbox with interchangeable governing
equations and with minimum effort required for derivative computation.

On the optimization side, the implementation of efficient derivative computation for complex
models is a bottleneck. Recent advances in derivative computation for large-scale optimization have
reduced the implementation cost of gradient-based optimization by automating different parts of
the derivative computation process. Laurain [16] has proposed a level-set topology optimization
implementation that automates the computation of partial derivatives using FEniCS [17], a library
for solving multiphysics partial differential equations (PDEs). Chung et al. [18] have implemented
topology optimization in OpenMDAO [19], a multidisciplinary design optimization (MDO) frame-
work that automatically assembles the total derivatives using the adjoint method. However, there
has not been an educational tool that can fully automate the entire derivative computation process,
which includes the computation of both partial and total derivatives. Additionally, for a topology
optimization problem, the governing partial differential equation (PDE), solvers (one for solving
the states and the other for solving the derivatives), penalization, constraints, and the objective
are often problem-specific. Thus, for a general-purpose toolbox capable of solving various topology
optimization problems, those components need to be wrapped by a consistent interface and made
interchangeable. The above challenges require the framework to be implemented in a modular form
with fully automated derivative computation.

Here, we present a topology optimization toolbox called ATOmiCS (Automated Topology
Optimization for multidisciplinary problems using FEniCS). ATOmiCS leverages the capabili-
ties of automatic code generation from FEniCS to simplify the solution of finite element problems
and the computation of partial derivatives. In ATOmiCS, the different components of the model
are integrated within the OpenMDAO modeling framework, which is capable of assembling total
derivatives given partial derivatives of the components of the model. Thus, ATOmiCS is able to
automate both steps (computing partial derivatives and total derivatives) of the derivative computa-
tion. In addition, ATOmiCS further explores the flexibility of a modular framework to provide users
with multiple options for the governing equations, solvers, penalization methods, the objective, and
constraints.

The main contributions of this paper are:

1. The first topology optimization method that fully automates the derivative computation for
gradient-based topology optimization by combining two ideas: the symbolic specification of
variational problems and a generalized adjoint method (Eq. (7));
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2. Implementation in a high-quality software library that leverages version control on GitHub1,
online tutorials2, and automatically generated documentation that dynamically embeds tested
tutorial scripts.

The remainder of this paper is organized as follows. Section 2 reviews existing topology optimization
implementations. Section 3 describes the density-based topology optimization methods used by
ATOmiCS. Section 4 summarizes the use of FEniCS and OpenMDAO for derivative computation,
while Sec. 5 illustrates how this approach is put into practice by ATOmiCS. Section 6 then applies
ATOmiCS to several case studies involving different physics to demonstrate its flexibility. Lastly,
Sec. 7 draws conclusions and outlines future research directions.

2 Literature survey

This section reviews the current landscape of educational topology optimization implementa-
tions, emphasizing developments from the past five years (summarized in Table 1). Many educa-
tional topology optimization contributions have emerged recently. These educational papers have
presented solutions for not only structural, but also multiphysics topology optimization problems.

The most common approaches for topology optimization are the level-set method (LSM) [16,
18, 20, 21] and density-based methods [18, 22–25]. Two of the most commonly used density-based
methods are the Solid Isotropic Material with Penalization (SIMP) method and the Rational Ap-
proximation of Material Properties (RAMP) method [2]. Researchers have implemented educational
topology optimization tools in multiple environments such as MATLAB, C++, and Python. Some
work has combined topology optimization algorithms with commercial simulation software, such as
ANSYS [26].

Topology optimization tools for multiphysics problems: As mentioned in Sec. 1, prior work in
topology optimization has considered multiphysics problems that span a number of domains, includ-
ing thermoelasticity, fluids, and electromagnetism. Recent work contributes to educational topol-
ogy optimization implementations in domains beyond structural design; for instance, Homayouni-
Amlashi et al. [27] presented two separate educational topology optimization implementations for
the actuation and energy harvesting of piezoelectric plates. Most existing multiphysics implementa-
tions are problem-specific; they are developed in a way that requires significant re-implementation
by an expert developer when considering a new type of physics. Therefore, there is a need for an
extensible educational framework for topology optimization across a variety of disciplines. In order
to handle a variety of (potentially coupled) problems, the governing equations, along with solvers,
filters, penalization schemes, constraints, and objective functions, need to be easily interchangeable.

Recent advances in automated derivative computation for topology optimization problems: To
reduce the implementation cost, researchers have proposed various ways of automating derivative
computation for topology optimization problems. To automate partial derivatives, FreeFEM++ [22]
has used a scripting language based on C++ to generate the partial derivatives. Laurain [16] has
presented an implementation to obtain the symbolic representation of partial derivatives from FEn-
iCS Unified Form Language (UFL). However, using this approach, one still needs to implement
the adjoint method to assemble total derivatives. Chung et al. [18] have proposed an implementa-
tion in OpenMDAO to automatically compute the adjoint total derivatives by solving the unified

1http://github.com/LSDOlab/atomics
2http://lsdolab.github.io/atomics
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derivatives equation. To implement a general toolbox capable of solving a variety of topology opti-
mization problems, the computations of both the partial and total derivatives need to be automated,
as automating only one of them would still result in a significant amount of ad hoc user effort.

Table 1: Recent educational topology optimization papers

Year Author Physics problem Approach Deriv. Environment

2021 Zhu et al. [22] elasticity (NL) SIMP PA C++ (FreeFEM)
2021 Homayouni-Amlashi et al. [27] piezoelectricity (L) PEMAP-P M MATLAB
2020 Lin et al. [26] elasticity (L) DER-BESO * ANSYS APDL
2019 Liang et al. [28] elasticity (L) SAP * MATLAB
2019 Chung et al. [18] elasticity (L) LSM; SIMP TA Python; C++
2019 Chen et al. [23] elasticity (NL) SIMP M MATLAB; ANSYS
2018 Loyola et al. [29] elasticity (L) SERA * MATLAB
2018 Laurain [16] elasticity (L) LSM PA FEniCS
2018 Wei et al. [20] elasticity (L) LSM M MATLAB
2016 Pereira et al. [13] fluid (L) density method M MATLAB
2015 Aage et al. [24] elasticity (L) SIMP M C++
2015 Nobel-Jørgensen et al. [25] elasticity (L) density method M C# (GUI); C++

L: linear; NL: nonlinear; PA: partial derivatives automated; TA: total derivatives automated; M: manual.
*: the derivative computation method for the work is not reported.

3 Review of density-based topology optimization

3.1 Topology optimization problem overview

The general form of density-based topology optimization is
minimize f

with respect to ρ,

subject to R(u, ρ̃) = 0∫
Ω
ρ dΩ = constant

ρmin < ρ ≤ 1,

(1)

where f is the objective function; ρ is the vector of density degrees of freedom; ρ is a density
function on domain Ω, parameterized by the degrees of freedom in ρ (the density vector); R is the
assembled residual vector for the weak form of the PDEs (e.g., Eq. (8)), which depends on state
variables u and the filtered density; and ρmin > 0 is a small constant to prevent singularities in
the Jacobian of R. The residual vector corresponds to the discretization of a PDE system, whose
coefficients are modulated by the filtered density ρ̃. The map from ρ to ρ̃ is introduced to suppress
numerical instabilities and checkerboard patterns, with various options discussed in Sec. 3.3. The
integral constraint on ρ fixes the total volume of material distributed within the domain Ω. The
mapping from filtered density to PDE coefficients of the effective Young’s modulus also includes a
penalization to discourage intermediate values, as discussed further in Sec. 3.2. For gradient-based
topology optimization, the derivatives of the outputs (the objective and constraints) with respect
to the inputs (design variables) of the optimization problem need to be computed.

4



3.2 Penalization methods

We implement two commonly used topology optimization methods, SIMP and RAMP, as op-
tions. SIMP is the most commonly used penalization method. SIMP assumes a mapping between
an element-wise density property on the mesh, ρ ∈ [0, 1], and material properties. For example, the
effective Young’s modulus, E, of an elastic structure would be given by

E = E0 + ρp0(Emax − E0) , (2)
where Emax is the value at ρ = 1, E0 is a minimum value to avoid singularities, and p0 ∈ (1,∞)
controls variation. We use a default value of p0 = 3 [30]. The default value of E0 is selected to be
E0 = ϵ0Emax, where ϵ0 is taken to be 1× 10−5.

We also implement the RAMP method, which is given by

E =
ρEmax

1 + p1(1− ρ)
, (3)

where p1 (with 8 being a reasonable default value [31]) controls the variation. With the RAMP
method, we use a nonzero lower bound 0 < ρmin ≪ 1 for the densities to prevent singularities. Based
on Eq. (2), the SIMP method suffers from numerical difficulties as it has zero sensitivity when the
densities are zero, while the sensitivities are always positive for the RAMP method (Eq. (3)). Thus,
the RAMP method shows better performance under design-dependent loads, including thermal
loads [32–34].

3.3 Density filters

For the filtering with unstructured meshes, we implement two types of density filters: a distance-
based direct filter [35] and a variational filter.

The distance-based direct filter assumes the meshes to be quasi-uniform and computes the
filtered density ρ̃ using a weighted average of densities in neighboring elements. Specifically, the
filtered density ρ̃i in the ith element is

ρ̃i =
∑
j

wijρj , (4)

where ρj is the unfiltered density in the jth element. The weight is given by

wij =
⟨r − d(i, j)⟩∑
k⟨r − d(i, k)⟩ , (5)

where ⟨·⟩ are Macaulay brackets, which means that wij = 0 if d(i, j) > r; r is the filter radius selected
to be 2h; h is the global average quasi-uniform mesh size; and d(i, j) is the distance between the
centroids of the ith and jth elements.

The variational filter determines the filtered density by solving the following problem: find
ρ̃ ∈ Vdens such that ∀v ∈ Vdens,∫

Ω
(ρ̃− ρ)v dΩ+

∫
∂K

Ch∂KJρ̃KJvK d∂K = 0 , (6)

where Vdens is the space of element-wise constant functions for the densities, ∂K is the union of
interior facets of the mesh, J·K is the jump of a quantity over an interior facet, h∂K is the averaged
diameter of adjacent elements, and C is a dimensionless scaling factor. On a uniform, structured
interval, quadrilateral, or hexahedron mesh, the interior penalty term of our variational filter is, in
fact, algebraically equivalent to a centered-difference scheme for the Laplace operator. In addition,
the first term in (6) corresponds to a reaction term. This exact equivalence breaks down for general
unstructured meshes, but the qualitative smoothing effect remains similar to a reaction-diffusion-
based filter such as the filters from [36] and [37]. With this analogy, the length scale is a dimensionless
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constant (proportional to
√
C) times h∂K . Larger values of C increase the strength of the smoothing

effect.

4 Methodology

This section summarizes the methodology in ATOmiCS as a toolbox with modular architecture
and fully automated derivative computation. We first introduce the background and implemen-
tations in OpenMDAO for constructing the modular toolbox and the automatic assembly of total
derivatives using the unified derivatives equation (UDE) (Sec. 4.1). Then, we introduce the spec-
ification of the variational forms and the computation of partial derivatives using FEniCS UFL
(Sec. 4.2). Finally, in Sec. 4.3, we summarize the overall method of ATOmiCS, including modular-
izing the computation of states and outputs, and automating the derivative computation.

4.1 Modular architecture and unified derivatives equation in OpenMDAO

To achieve a general-purpose topology optimization toolbox dealing with a large number of
design variables inherent in multiphysics problems, we need to implement our tool such that 1)
its components are flexible to change in order to adjust to different problems, and 2) it efficiently
calculates the derivatives with minimal effort from the user. Here, the OpenMDAO framework is
used to build this tool. We provide an introduction to OpenMDAO and how it allows ATOmiCS
to achieve those two features, as well as the structure of ATOmiCS in terms of its components.

OpenMDAO is an open-source software framework implemented in Python for large-scale gradient-
based optimization [19]. It allows the construction of a complex physical model involving multiple
disciplines by decomposing the model into small units. The smallest unit in OpenMDAO is called
component. A component expresses the computation for part of a disciplinary analysis or the analy-
sis of a whole discipline. There are two types of components in OpenMDAO—the explicit component
and the implicit component. The explicit component is used for variables that can be explicitly com-
puted, while the implicit component is used to compute variables that are implicit functions of other
variables. For ATOmiCS, the density filters, computations of outputs, and other calculations such
as the preprocessing and postprocessing (shown in Fig. 1), are implemented using explicit compo-
nents. The solution of the state variables is performed using the implicit components. The partial
derivatives of the outputs with respect to the inputs of each component need to be provided to
OpenMDAO.

The components are partitioned into a higher hierarchy unit, called the group. In ATOmiCS, we
combine the main components for the topology optimization into a group called ATOmiCS group
(Fig. 1). In OpenMDAO, a group can be combined together with components or other groups to
form a larger group. The whole calculation combined by the groups and components is called a
model. The model is then connected with an optimizer (called driver) to form an OpenMDAO
problem. Thus, the units of code in an OpenMDAO model are in a hierarchy of component, group,
model, and problem. This modular architecture in OpenMDAO allows the components as well as the
options within a component in ATOmiCS to be flexible to change. This enables ATOmiCS to solve
various topology optimization problems with different governing equations, penalizations, solvers,
constraints, and objectives.

Another key feature of OpenMDAO is its capability of automatically computing total derivatives
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input component

preprocessing 
component(s)

general filter component

states component

output component(s)

postprocessing 
component(s)

direct filter

variational filter

SIM P

RAM P

direct: SciPy-splu; M UM PS?

iterative: 
PETSc-CG; PETSc-GM RES

e.g., linear elastic; hyperelastic; 
thermoelatic; LCE

penalizations

linear solvers

governing PDEs  

scalar output: e.g., compliance; 
average density; error norm

field output: e.g., von M ises 
stress

ATOmiCS group

     components    
     group
     options for the user

Figure 1: Structure of ATOmiCS: the purple block (left column) represents the ATOmiCS group
composed of components that are automated in ATOmiCS; blue blocks (middle column) represent
the components; grey blocks are changeable options in states component, and green blocks (right
column) are options that user can choose from.

by solving the unified derivatives equation (UDE) [38]
∂R̃

∂ũ

dũ

dr̃
= I =

∂R̃

∂ũ

T
dũ

dr̃

T

, (7)
where ũ is the concatenated vector of inputs, outputs, and states, r̃ is the vector of residuals,
and R̃ is a residual function of ũ in the UDE that satisfies R̃(ũ) = 0. These vectors are all
automatically generated by OpenMDAO, with the inputs and outputs of individual components
and their connections specified by the user. In the present work, for example, ũ corresponds to a
concatenated vector of the inputs, outputs, and states in all the components in Fig. 1.

The significance of the use of the UDE is that it automates the assembly of total derivatives.
For instance, solving the right-hand side of Eq. (7) is equivalent to applying the adjoint method,
which can be derived by decomposing ũ into design variables, states, and the output of interest [39].
In this case, the term ∂R̃/∂ũT is a block matrix, that when block-solved with the right column of
the identify matrix in Eq. (7), yields precisely the adjoint equations.

In multiphysics topology optimization problems, there can be multiple sets of governing equa-
tions with one-way or two-way coupling, which would necessitate the solutions of two decoupled
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adjoint systems in sequence or a single coupled adjoint system [40], respectively. Because ATOmiCS
uses OpenMDAO as the modeling framework, the developer of the topology optimization algorithm
does not have to concern themselves with identifying and implementing the right method; OpenM-
DAO would do so automatically by solving the UDE.

4.2 Use of FEniCS for solving variational problems and computing partial derivatives

The computation of the partial derivatives is automated using FEniCS. The FEniCS Project [17]
is a toolchain for developing finite element-based PDE solvers, which can be used for solving mul-
tiphysics problems in various fields [41]. The canonical FEniCS workflow is to specify a variational
formulation in the Python-based Unified Form Language (UFL) [42], which can then be automati-
cally compiled [43] into high-performance C++ code. Computer algebra can be performed on the
UFL symbolic representation of the formulation to automatically obtain partial derivatives needed
for gradient-based optimization. UFL consists of sublanguages for finite elements, expressions, and
forms [44]. There are operators for each sublanguage. One of the most important operators is
a form operator called the derivative operator, which computes the symbolic form of the Gâteaux
derivatives, a generalization of the directional derivative in differential calculus [45]. Within ATOm-
iCS, we use FEniCS to compute residual vectors of discretized PDE systems, along with matrices
of their partial derivatives with respect to state and design variables. The general procedure is
shown in Fig. 2, where the variational form is converted to discrete vectors or matrices using the
assemble operator, and the symbolic derivatives are obtained using the derivative operator. The
same calculation is applied to the computation of the outputs as well.

The main advantage of using an automated system like FEniCS to generate code for residuals
and outputs (and their derivatives) is that the physics of the system being optimized can be easily
changed through the high-level symbolic abstractions provided by UFL. This versatility is achieved
while maintaining high performance. Because of the generality of FEniCS, changes can include
adding and removing arbitrarily many coupled fields.

Calculations in FEniCS for states Code examples

>R =
assembl e( f or m) . get _l ocal ( )

>dR_dx = der i vat i ve( f or m, x )

>dR_dx_d = assembl e( dR_dx)

>dR_dx_dm = 
as_backend_t ype( dR_dx_d) . mat ( )

(1)

(2)

(3)

partial derivative forms 
of the residuals

discrete partial derivative 
of residuals (        )    

discrete form of the 
residuals (   )variational form

(1)

(2)

(3)

Figure 2: Demonstration of the computations in FEniCS with corresponding code examples.
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Calculations in FEniCS for states

                         Calculations in FEniCS for outputs

OpenM DAO implicit compoment

solve the states
(solve_nonlinear)

OpenM DAO explicit compoment

solve linear system for  
derivatives (solve_linear)

Computation in  OpenM DAO and FEniCS

OpenM DAO probem

total derivative 
computation  (solve  

UDE)

solver for 
states

solver for 
derivatives

discrete form of the 
outputs (     )

partial derivative forms 
of the residuals

pass partial derivatives          
d     d  (compute_partial)

pass partial derivatives        
aaaa(linearize)

discrete partial derivative 
of outputs (         )    

discrete partial derivative 
of residuals (         )    

pass outputs (   )
(compute)

pass the residuals aa  
(apply_nonlinear)

model 
evaluation

discrete form of the 
residuals (   )

...
variational form

R

Figure 3: Method for computing the outputs, states, and outputs’ derivatives using OpenMDAO
and FEniCS. The red blocks (on the left) are computations in FEniCS. The blue blocks (on the
right) denote the implementation in OpenMDAO with the function names shown in italics; The
solvers (black boxes) can be implemented using OpenMDAO built-in functions, SciPy solvers, or
PETSc solvers. The black arrows are used for passing forms to the next calculation; the hollow
black arrows are used for passing the vectors or the matrices to OpenMDAO; the blue dashed arrows
indicate that the function in the starting block is called by the ending block.

4.3 The overall methodology in ATOmiCS for fully automated derivative computation

This subsection provides a summary of the overall methodology in ATOmiCS that synergize
OpenMDAO and FEniCS to automate the total and partial derivative computation (illustrated
in Fig. 3 ). In OpenMDAO, models are implemented as a collection of explicit components and
implicit components (introduced in Sec. 4.1). These two types of components have specific attribute
functions (i.e., methods) that must be implemented to define how the outputs and partial derivatives
of the component are computed given the inputs. These functions are listed in italics in the right
half of Fig. 3.

We use OpenMDAO explicit components to compute the outputs Ĉ (i.e., constraints and the
objective of the optimization, as shown in Fig. 1). First, the variational form of the outputs and its
derivatives are assembled into discrete vectors and matrices in FEniCS. Then, the output vectors
are passed into the compute function, while the derivatives (∂Ĉ/∂x̂) with respect to x̂ (states and
design variables) are passed into the compute_partials function in OpenMDAO’s explicit component
class.

The OpenMDAO implicit component (Sec. 4.1) class is used to perform the solution for the
states. We send the discrete form of the residual vector R (Eq. (1)) as well as the symbolic
derivatives generated by FEniCS to the OpenMDAO framework. First, we express the variational
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form using the unified form language (UFL; modeling language of FEniCS) and assemble the residual
vector. Next, ATOmiCS passes the residual vector into the apply_nonlinear function. The function
solve_nonlinear then calls the solver for the states, which in turn calls apply_nonlinear, typically
within the context of applying Newton’s method. For general implicit components, apply_nonlinear
represents the computation of the residual vector for an implicitly defined state, and solve_nonlinear
represents the solution of the residual equations to compute the implicitly defined state.

Finally, the total derivatives are computed by solving the unified derivatives equation (introduced
in Sec. 4.1). The whole process shown in Fig. 3 uses the combination of OpenMDAO and FEniCS
to form a toolbox that is modular and flexible without manual derivative computation. Its unique
implementation results in a general toolbox that solves topology optimization problems with various
types of governing equations. In addition, the use of the OpenMDAO environment as the platform
allows ATOmiCS to be extensible to complex problems with multiple disciplines.

5 Implementation

This section expands on the structure of ATOmiCS and the workflow for solving topology
optimization problems with it. In the last subsection, we also discuss the experience of use ATOmiCS
as an educational tool in a graduate-level class on multidisciplinary design optimization.

5.1 Toolbox structure

The structure of ATOmiCS is shown in Fig. 1. The first component, input component, contains
the design variables (e.g., density of each element). The density vector from the input component
is then set as the input of a general density filter with two options (a direct filter and a variational
filter), as discussed in Sec. 3.3. The output of the general filter component is the filtered density
vector ρ̃. In the states component (an OpenMDAO implicit component), we implement SIMP and
RAMP methods as options for the penalization (discussed in Sec. 3.2). Then, we solve for the states
using FEniCS built-in solvers. For the solution of the derivatives in states component, the user can
then choose between various direct solvers (e.g., scipy splu and MUMPS ) and iterative solvers (e.g.,
PETSc CG, and PETSc GMRES ) to solve the UDE for the total derivatives in OpenMDAO’s
solve_linear function. We implemented the variational forms of several governing equations for
different problems in a PDE library, e.g., linear elasticity, hyperelasticity (neo-Hookean model);
thermoelasticity; a modified elasticity model containing directional strains (for liquid crystal elas-
tomers). The users can also specify their own PDEs to solve.

We define the constraints and the objective of the optimization in output components. There
are two kinds of output components: the scalar output component and the field output component.
The scalar output component outputs a scalar value on the entire domain, e.g., compliance, volume
percentage. The field output component outputs scalar value on each element. For example, the
von Mises stress is a field output that is a scalar on each element. The users are also able to
add more optional pure OpenMDAO components for preprocessing and postprocessing as well. We
then construct ATOmiCS group (the purple block in Fig. 1)—an OpenMDAO group instance that
consists of the main contents of the topology optimization algorithms.

5.2 Workflow for solving a topology optimization problem using ATOmiCS

The workflow for using ATOmiCS to solve a topology optimization problem is documented
online2. It requires modifying a single run file that contains four steps: 1) import relevant packages
and functions (line 1-4 in Appendix A); 2) define the mesh (line 5-8 in Appendix A); 3) set up
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the PDE problem including the boundary conditions (line 9-42 in Appendix A); and 4) set up the
optimization model (line 43-74 in Appendix A).

First, the users need to import the dolfin PDE solver in FEniCS, numpy, openmdao, atomics.api,
and atomics.pdes, atomics.general_filter_comp, and other related tools. Thus, the toolbox is general
for many types of PDE problems, and easily switchable from one PDE to another just by importing
from a different file (shown in the code below). The user can also implement their own variational
form using the FEniCS UFL.

from atomics.pdes.<PDE name> import get_residual_form

Next, for the mesh input, ATOmiCS wraps the meshio mesh conversion tool so that it supports
GMSH [46], SolidWorks, or mesh inputs from other CAD tools of .stl or .vtk file types, as well as
FEniCS built-in meshes. We show an example of a FEniCS built-in rectangle-shaped mesh in line
5-8 of Appendix A.

Then, the user needs to define the PDE problem. An example can be found in line 9-42 of
Appendix A. The user needs to add inputs, states, and outputs to the PDE problem. In addition,
the user also needs to define the traction and kinematic boundary conditions. ATOmiCS supports
FEniCS functions for specifying the boundary conditions. A typical FEniCS built-in function for
defining the boundary is shown below. For the mesh defined above, this Boundary() class below
selects four elements on middle of the right edge of the rectangle domain, where y (vertical) values
are among the y

2 , and x (horizontal) values are among largest values with a tolerance.

class Boundary(df.SubDomain):
def inside(self, x, on_boundary):

return ( (abs(x[1] - LENGTH_Y/2) <
2 * LENGTH_Y/NUM_ELEMENTS_Y + df.DOLFIN_EPS )
and (abs(x[0] - LENGTH_X) < df.DOLFIN_EPS) )

The user can also choose the solvers for the FEA problem and the linear solvers for the total
derivatives by specifying the parameters for the AtomicsGroup class.

AtomicsGroup(PDEProblem,
problem_type,
linear_solver,
visualization=False),

The PDEProblem is a dictionary object that contains the mesh, the PDEs, the name of the in-
puts, the state names, and the name of the outputs. The two options for the problem_type are:
linear_problem and nonlinear_problem. The linear_solver options are shown in Fig. 1. When
visualization=True, ATOmiCS saves the density profile and other outputs every certain number (50
by default) of optimization iterations.

Finally, the user needs to define the optimization problem, i.e., the design variables, the objective
function, and the constraints (demonstrated in line 43-74 of Appendix A). The options for the
outputs (the objective function and the constraints) are shown in Fig. 1. The user can also define
customized outputs if needed. Appendix A shows an example of a typical compliance optimization
problem that minimizes the compliance with respect to densities, subject to the volume constraint.
The user can directly visualize optimization results using ParaView. The user can generate a video
of the iteration history using ParaView-Python scripts and a script we recommended in the online
tutorial.
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5.3 Extensions and customizations

As a flexible toolbox, the user can further extend and customize the tool, such as implementing
user-defined PDEs, adding additional design variables (e.g., case III shown in Sec. 6.3) and outputs,
and setting up solvers beyond the options we provided. The advanced user guide section in the
online documentation explains and demonstrates these functions 3.

Implementing a new physics problem ATOmiCS wraps FEniCS for the solution of the PDEs. The
input for FEniCS is the variational (weak) form. To implement a physics problem that is not
included in ATOmiCS, the user needs to implement the variational form using FEniCS unified form
language (UFL) and add it to the ATOmiCS PDE folder (atomics/atomics/pdes). The user needs
to import their customized function as demonstrated in line 3 of Appendix A.

Implementing customized outputs There are three types of outputs we defined in the ATOmiCS
toolbox: 1) The output that can be directly computed using OpenMDAO. The interpolation com-
ponent for case study III serves as an example of this kind. In order to formulate this kind of
component, the user needs to refer to OpenMDAO documentation for the explicit component. 2)
The computation that combines OpenMDAO and FEniCS and outputs a scalar on the entire do-
main. This kind of output is wrapped as scalar_output in ATOmiCS. 3) The computation that
combines OpenMDAO and FEniCS and outputs a scalar on each vertex. This kind of output is
wrapped as field_output in ATOmiCS. The user can define the second and third type of outputs
directly in the run file using

pde_problem.add_scalar_output(<output_name>, <output_form>, <argument_names>)
pde_problem.add_field_output(<output_name>, <output_form>, <argument_names>),

where the <output_name> is a string of the name of the customized output; <output_form> is
the form expressing the output using FEniCS UFL; <argument_names> are the name of arguments
that specified by the user to take derivatives with respect to.

Extending the solver options If the user needs to implement a customized solver to compute the
total derivative, they need to modify the solve_linear() function in states_comp.py. The user
can refer to OpenMDAO documentation on implicit component for details. If the user wants to
change to a customized solver for solving the finite element problem, they need to modify the
solve_nonlinear() function in states_comp.py.

Adding additional design variables, constraints, or changing to a different objective The design
variables, constraints, and the objective for the optimization are all specified in the run file. The
design variables are specified using OpenMDAO independent variable component. The constraints
and objective are the output for the optimization problem, which belongs to one of the three types
of outputs described earlier in this Section. Then, the user needs to specify

prob.model.add_design_var(<design_var_name>,upper=upper,lower=lower)
prob.model.add_objective(<objective_name>)
prob.model.add_constraint(<constraint_name>,upper=upper_bd,lower=lower_bd)

to add those design variables, objective, and constraints to the problem.
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Figure 4: Selected topology optimization results from students in the MDO class.

5.4 Education

We used ATOmiCS in a graduate-level MDO class in the mechanical and aerospace engineering
department at the University of California San Diego. Students were able to learn ATOmiCS by
reading through its online documentation2 and run the examples from the GitHub repository1. In
a homework assignment designed to take four to six hours, students were asked to solve a topology
optimization problem of their choice with arbitrary geometries (shown in Fig. 4), generated using
external mesh tools such as GMSH or PYGMSH. Their examples involved unstructured meshes such
as a bridge, an arch, a rectangular domain with holes, with 500 to 80000 elements. In addition,
students also ran parameter sweeps to learn the effects of adjusting various parameters, such as
filter radius, mesh size, and area fraction, on their own optimization problems.

Having ATOmiCS available for this and other classes provides students with first-hand experi-
ence working with a large-scale optimization problem without background knowledge for topology
optimization and the effort of implementing the computations of the partial and total derivatives.
Moreover, students can easily learn about the effects of different parameters in topology optimiza-
tion through running parameter sweeps. In addition, the modular architecture of ATOmiCS allows
the flexibility to explore problems with different governing equations, constraints, and objectives, by
modify the corresponding modules, which brings opportunities for the students to apply ATOmiCS
to their own research.

3https://lsdolab.github.io/atomics/_src_docs/extension.html
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6 Case studies

This section presents two classical case studies: 1) topology optimizations of linear and nonlin-
ear cantilever beam problems for compliance minimization (Sec. 6.1); 2) battery pack compliance
minimization using a thermoelastic model (Sec. 6.2). We use these case studies to demonstrate the
capability of ATOmiCS to solve various classical problems. Then, we also include an unconventional
example—liquid crystal elastomer (LCE) optimization for shape matching (Sec. 6.3) to demonstrate
the extensibility and flexibility of the toolbox. In order to provide the user with more information
to construct these unconventional examples, we include detailed instructions on performing these
extensions in the advanced user guide in our online documentation3.

We demonstrate the unique advantages of ATOmiCS using the case studies: easily switch-
able PDE and solvers, dealing with nonlinear problems (case I); multiphysics approach, synergy
with GMSH and ability to handle unstructured meshes (case II); topology optimization for shape
matching of a smart material, 3D problem, adding preprocessing and postprocessing OpenMDAO
components, and having design variables in addition to densities (case III).

We summarize case studies in Table 2. The parameters in the case studies are shown in Table 3.
The organization of the subsequent sections for each case study is organized in the same structure:
1) introduction to the problem and the reason for choosing this particular problem; 2) formulation
of the problem (model and optimization); and 3) optimization results and discussion.

Table 3: Parameters for case studies

Size of the domain Young’s modulus Thermal conductivity Thermal expansion coefficient
(x× y(×z)) Emax [Pa] κ [Wm−1K−1] α [K−1]

Case I-linear 160× 80 1
Case I-nonlinear 0.12× 0.3 8
Case II 0.2× 0.2× 0.05 6.90× 1010 235 1.30× 10−5

Case III 0.0025× 0.0025× 0.00005 5.00× 106 2.50× 10−3

6.1 Case study I: topology optimizations of cantilever beams

In this section, we perform 2D cantilever beam topology optimizations to show the flexibility of
the framework—interchangeable PDEs (linear and nonlinear) and solvers for the states. Section 6.1.1
describes the modeling of the linear and nonlinear cantilever beam problems and the formulation of
the optimizations. Section 6.1.2 introduces the optimization results.
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Table 2: Summary of case studies
Case I Case II Case III

Number of ele-
ments (a) 80× 40 5428 (unstructured) 50× 50× 4

(x× y(×z)) (b) 120× 30

Assumption (a) linear linear linear
(b) nonlinear

Dimension 2D 2D 3D

Type elasticity thermoelasticity modified elasticity (LCE)

Variational
form Eq. (8) and (10) Eq. (17) Eq. (8), (20), and (21)

Objective compliance compliance shape matching error norm

Design vari-
ables ρ ρ ρ , ϕt, ϕb

Constraints (a)
∫
Ω ρ dΩ = 40%, 1× 10−5 < ρ < 1

∫
Ω ρ̃ dΩ = 51%, 1× 10−5 < ρ < 1,

∫
Ω ρ dΩ = 45%, 1× 10−5 < ρ < 1

(b)
∫
Ω ρ dΩ = 50%, 5× 10−3 < ρ < 1 KS(T) < 50 °C

Results

DSM

Opt.

FC

SC (+ SIMP)

OC

ρ

ρ̃

u, ρ̃

C
Vol

Opt.

FC

SC (+ RAMP)

KSC

OC

ρ

ρ̃

T , σv

Tmax,
σvmax

ρ̃

u

C
Vol

Opt.

SYMC

IC

FC

SC (+ RAMP)

OC

ρ 1
4
, θt 1

4
, θb 1

4

θt, θb

θ

ρ

ρ̃

u,ρ

‖e‖L2

Vol

* abbreviations DSM: data structure matrix; Opt.: optimizer; FC: filter component ; SC: states component ; OC: output component ; SYMC: symmetric component ;
IC: interpolation component ; Vol: volume constraint; C: compliance; IC: interpolation component ; KSC: Kreisselmeier-Steinhauser component.
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6.1.1 Case I: problem formulation:

Figure 5: Boundary conditions for the cantilever beam problems.

Model description We formulate two optimization problems with their boundary and loading con-
ditions depicted in Fig. 5. The structure is supported on the left edge with a traction load applied on
four elements in the middle of the right edge. We model the beams using 2D linear and neo-Hookean
hyperelastic elements. Table 3 shows the geometry parameters of the beams.

The weak form of the linear elastic problem is: Find a displacement u ∈ Su such that for all
test functions v ∈ Vu, ∫

Ω
σ(u) : ∇v dΩ−

∫
Ω
b · v dΩ−

∫
∂Ω

t · v d∂Ω = 0 , (8)

where
σ(u) =

E

1 + ν
ϵ(u) +

Eν

(1 + ν)(1− 2ν)
tr ϵ(u)I (9)

is the Cauchy stress tensor, ϵ is the symmetric gradient operator, E is Young’s modulus, ν is
the Poisson ratio, b is the body force density (b = 0 in this problem), and t is the traction on the
boundary. The spaces Su and Vu are the trial and test function spaces for the displacement. Young’s
modulus E is the coefficient which we modify using the filtered density, as detailed in Sec. 3.2.

The weak form of the nonlinear elastic problem is: Find u ∈ Su such that for all v ∈ Vu,

Dv

(∫
Ω
ψ(u) dΩ−

∫
Ω
b · u dΩ−

∫
∂Ω

t · u d∂Ω
)

= 0 , (10)

where Dv is a Gateaux derivative with respect to u in direction v, ψ(u) is the hyperelastic energy
density, and b and t are the body force (b = 0) and the traction force. The energy density is taken
to be the compressible neo-Hookean potential

ψ(u) =
E

2(1 + ν)

(
1

2
(trC− 3)− ln J

)
+

Eν

2(1 + ν)(1− 2ν)
(ln J)2 , (11)

where C = FTF, F = I+∇u, J = detF, and E and ν are effective Young’s modulus and Poisson
ratio. As in the linear case, the Young’s modulus is modified using the filtered density. To prevent
convergence difficulties due to extreme deformations of low-density regions, the elastic potential ψ
is augmented with a stabilizing term inspired by Liu et al. [47]:

ψstab = (1− Emaxρ̃)(C1,e(trC− 3) + (C2,e(IC − 3))2) , (12)
where C1,e = Emaxρ̂min.
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The coefficient C2,e varies from optimization iterations, according to

C
(k+1)
2,e =

 C
(k)
2,e

√
η
(k)
e , if η(k)e < 1

C
(k)
2,e ·

(
η
(k)
e

)3
, if η(k)e ≥ 1

, (13)

where k and k + 1 denotes the current and the next optimization iteration; and ηe is defined as

ηe =
1

ϵ∗

√
3

2
Edev : Edev , (14)

where Edev is the deviatoric part of the Green–Lagrange strain E = 1
2(C − I), and ϵ∗ is a dimen-

sionless constant with a default value of 0.2.

Optimization formulation We minimize compliance,

C =

∫
Ω
b · u dΩ+

∫
∂Ω

t · u d∂Ω , (15)

with respect to the densities of the elements, subject to constant volume-fraction constraints (40%
for the linear elastic problem and 50% for the nonlinear elastic problem):

minimize C

with respect to ρ,

subject to
∫
Ω
ρ dΩ = (volume fraction)|Ω|

1× 10−5 < ρ < 1

(16)

Implementation details The detailed documentation of Case I can be found in our tutorial4. We
first define a mesh using FEniCS built-in RectangleMesh function. Then, we set up the PDE
problem, including the governing equation, boundary conditions, and the outputs. The functions
returning variational forms for linear and nonlinear elasticity can be imported from ATOmiCS via

from atomics.pdes.linear_elastic import get_residual_form

and

from atomics.pdes.hyperelastic_neo_hookean import get_residual_form ,

respectively. Finally, we specify the OpenMDAO model by adding the components and groups to
the OpenMDAO problem, and defining the objective, constraints, and design variables.

6.1.2 Case I: optimization results

We use a direct solver (MUMPS ) to solve the states for the linear problem, and a Newton solver
with a line search (SNES ) for the nonlinear problem. The penalized densities are shown in Fig. 6.
The optimizer forms a tapered shape for both cases to reduce the compliance value. Our geometry
for the linear elastic case is the same as that studied by Chung et al. [18], and we are able to recover
the same optimized structure. The nonlinear case results in asymmetric shapes due to the nonlinear
behavior of the material.

4https://lsdolab.github.io/atomics/_src_docs/examples/case_studies/case_1.html
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(a) (b)

Figure 6: Topology optimization of linear and nonlinear cantilever-beam compliance minimization
problems. (a) topology optimization results with a linear elastic model; (b) topology optimization
result with a nonlinear neo-Hookean model.

6.2 Case study II: topology optimization of a battery pack

This case study demonstrates the topology optimization of a battery pack as explored in previ-
ous work [48]. The battery pack structure has battery cell arrays inserted on it, which can be used
as a compact power source for electric aircraft. It serves the functions of both carrying load and
dissipating heat. A maximum working temperature constraint is needed to prevent the batteries
from failing. We use the design of the battery pack as a test case for the multiphysics (i.e., ther-
moelastic) problem. Section 6.2.1 describes the modeling of the battery pack and the formulation
of the optimizations. Section 6.2.2 introduces the optimization results.

6.2.1 Case II: problem formulation

Thermoelastic analysis The material surrounding battery cells is modeled as a thermoelastic con-
tinuum. Its displacement (u) and temperature (T ) fields satisfy the following weak problem: Find
(u, T ) ∈ Su × ST such that for all (v, T̂ ) ∈ Vu × VQ∫

Ω
κ∇T∇T̂ dΩ+

∫
Ω
σ(u, T ) : ∇v dΩ

−
∫
Ω
QT̂ dΩ−

∫
Ω
b · v dΩ−

∫
∂Ω
qT̂ d∂Ω−

∫
∂Ω

t · vd∂Ω = 0 , (17)

where κ is the thermal conductivity, b = 0 is the body force density, Q is a distributed heat sources,
t = 1×106Nm−1 is the boundary traction, and q is the prescribed normal heat flux at the boundary.
The thermoelastic Cauchy stress σ(u, T ) is given by (9), but with the substitution

ϵ(u) → ϵ(u)− α(T − Tr)I (18)
to account for thermal strains, where α is the thermal expansion coefficient, and Tr = 20 °C is the
reference temperature. For topology optimization with this model, both the thermal conductivity
and Young’s modulus are modulated by penalized density.

We model the heat generated by battery cells through the prescribed heat flux q on boundaries
abutting the cells. The material of the battery pack is aluminum, with κ = 235W/(m ·K) and
α = 1.3 × 10−5K−1. The length and width of the battery pack are both 0.2m, and the depth is
0.05m. Thus, we use a 2D plane stress model. The radii of the holes for the batteries are 0.01m.

The boundaries in the problem are shown in Fig. 7. The red rings denote the heat flux boundaries
used to model the heat dissipation for the 5×5 cell array of the battery pack. The equivalent heating
power of each cell is 90W. The surrounding blue edge denotes the constant temperature heat sink
with Ts = 20.0 °C. A traction force of magnitude 1× 106N/m2 is also applied on the surrounding
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(a) (b)

Figure 7: Geometry and the boundary conditions of the battery pack problem. (The surrounding
blue contour is the constant temperature boundary; the red circles are the heat flux boundaries; the
arrows are the traction forces applied on the battery pack). The right figure shows the constrained
densities corresponding to ρselec.

edge with their directions shown in Fig. 7. For simplicity, we model the top right one-quarter of the
structure and apply sliding boundary conditions since the structure is symmetric.

Optimization formulation We perform an optimization to minimize the compliance of the battery
pack. We formulate this problem (shown in Eq. (19)) as minimizing an objective function C (com-
pliance) with respect to the density of each element. The constraints of the optimization include a
density constraint, a maximum temperature constraint, a constraint ρselec = 1 on the edges, and
the elements surrounding the battery cells (Fig. 7) to preserve the key geometry, and a fixed volume
constraint. The maximum temperature constraint is implemented using a constraint aggregation
method called Kreisselmeier–Steinhauser function [49], which is implemented as a stock component
in ATOmiCS.

minimize C

with respect to ρ,

subject to 1× 10−5 < ρ < 1

KS(T) ≤ 50 °C
ρselec = 1∫
Ω
ρ̃ dΩ = 51%

(19)

Implementation details The detailed documentation of Case II can be found in our tutorial5. The
first step is similar to the previous case study, except that the mesh is unstructured and generated

5https://lsdolab.github.io/atomics/_src_docs/examples/case_studies/case_2.html
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in PYGMSH. The user can specify the PDE corresponding to the thermoelastic problem in the run
file with a command of the form:

from atomics.pdes.thermo_mechanical_mix_2d_stress import get_residual_form.

Finally, we set up the OpenMDAO model with a similar approach as Case I.

6.2.2 Case II: optimization results

(a) (b)

Figure 8: Results for the battery pack compliance minimization; (a) the optimized topology; (b)
the temperature field.

We compare the results with the work from Kambampati et al. [48]. They performed three
optimizations for the battery pack: stress minimization with volume and maximum temperature
constraints, compliance minimization with volume and maximum temperature constraints, and mass
minimization subject to maximum stress and temperature constraints. Here, we solve the second
optimization problem, which was shown by Kambampati et al. to yield a solution at which the
maximum temperature constraint is active [48].

We validate our battery pack optimization with the same physical model, subject to a maximum
temperature constraint of 55 °C (the same setting as Kambampati et al.), and a volume constraint
of 51% (13.33% larger than the volume constraint in the reference). The penalized density and
the temperature field of the compliance minimization are shown in Fig. 8. As is shown in Fig. 8,
the maximum temperature constraint is active. Furthermore, the maximum von Mises stress for
the compliance optimization has been reported as 106MPa in the reference, while our optimization
results in a maximum von Mises stress of 111.35MPa, which is a 5.04% difference. The compliance
of our optimized structure is 204.79N/m. The compliance value was not reported in the study by
Kambampati et al.

Overall, our optimization results agree well with the numerical results from Kambampati et
al. with some minor differences. We believe the differences mainly come from two aspects. First,
Kambampati et al. have used the level-set method as opposed to the density-based method used in
this work. Thus, some minor discrepancies in the results are to be expected. Furthermore, we used
a fixed volume constraint of 51% on the penalized density ρ̃, while Kambampati et al. have used
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a volume constraint of 45%. This choice is made based on numerical experimentation to produce
a qualitatively similar result, accounting for the grey regions that appear due to our density-based
topology optimization approach and are not present in the level-set approach.

6.3 Case study III: LCE shape matching optimization

This case study demonstrates the application of topology optimization to the shape matching
of liquid crystal elastomer (LCE). We formulate a similar problem setting as previously described
by Fuchi et al. [50] to test our toolbox. Liquid crystal elastomers are attractive candidates for
the actuators of soft robots. The LCE is often fabricated as thin films composed of ordered and
disordered regions. In the disordered region, the material does not contract or expand due to
the change of temperature. In the ordered region, the LCE material contracts along the director
orientations and expands in the other two perpendicular directions when it is heated. Thus, we can
form bending and other complex deformation using multiple layers of LCE films.

This case study serves as a novel application for topology optimization used as shape matching
for smart material, adding user-defined preprocessing and postprocessing components from OpenM-
DAO, and a test for 3D elements in ATOmiCS. Section 6.3.1 describes the modeling of the LCE and
the formulation of the optimizations for the shape matching application. Section 6.3.2 introduces
the optimization results.

6.3.1 Problem formulation

Figure 9: LCE shape matching problem with a target shape of a 2.5° pure folding on each side.
The white wireframe is the target deformation. The gradient color is the actual deformation after
optimization.

Model description We formulate the LCE shape matching problem with a target shape of a
2.5° pure folding on each side (shown in Fig. 9). The magnitude of the strain for the ordered
element is set as a constant for a spatially uniform temperature change ∆T . We model the LCE
as four layers of films using 3D elements. The director angles on each of the elements on the top
and bottom layers are set as design variables to match the target shape. The director angles on
the middle two layers are linearly interpolated from the top and bottom director angles that are
vertically aligned with them.

The LCE continuum is modeled using the linear elastic problem (8), but modifying the definition
of the Cauchy stress (9) through the substitution

ϵ(u) → ϵ(u)− α∆TLTSL , (20)
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to include anisotropic material expansion. The matrices L and S are defined by

L =

 cos(θ) sin(θ) 0
−sin(θ) cos(θ) 0

0 0 1

 and S =

−2 0 0
0 1 0
0 0 1

 , (21)

where θ is the director orientation angle, and α is the principal expansion coefficient.
Unlike in the compliance minimization problem, we are not using density to determine material

or void, but rather to determine where LCE actuation occurs (i.e., where α is nonzero). Thus,
Young’s modulus E is not modulated by density, but the expansion coefficient α is. The user can
specify the PDE corresponding to the LCE shape matching problem in the run file by

from atomics.pdes.thermo_mechanical_lce import get_residual_form

Optimization formulation

minimize
∫
Ω

(u− u∗)2

V
dx

with respect to ρ, ϕtop, ϕbot

subject to
∫
Ω
ρ dΩ = 45%

1× 10−5 < ρ < 1

(22)

We formulate this problem (shown in Eq. 22) as minimizing the L2 error of the difference of the
deformed deformations u and the target deformations u∗ scaled by a constant V (total volume), by
design the order region and the director orientations on the top and bottom layers (ϕtop and ϕbot).
The optimization is subject to a volume fraction constraint—the ordered region is 45% of the total
volume.

6.3.2 Optimization results

Figure 10: Optimization results for LCE shape matching problem: (a) top layer director angles
(ϕtop); (b) bottom layer director angles (ϕbot); (c) the ordered region (shown in red).

The optimized director angles on the top and bottom layers and the ordered region are shown in
Fig. 10. The optimizer forms horizontal director orientations on the top layer to realize a horizontal
contraction on the top layer. In addition, there are more vertical director angles on the bottom
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layer so that the bottom layer expanses horizontally. The effect of the top layer contraction and
bottom layer expansion forms the target folding shape.

7 Conclusion and future work

In this work, we presented ATOmiCS, a modular topology optimization toolbox with automated
derivative computation. In Sec. 2, we reviewed recent educational topology optimization papers
with a focus on multiphysics problems and the methods previously used for derivative computation.
Then, we reviewed density-based topology optimization methods that are used in ATOmiCS in
Sec. 3. Section 4 described the methodology—the modular construction of the toolbox, the use of
the unified form language for building up the variational form, the partial derivative computation,
and the synergy of OpenMDAO and FEniCS for fully automating the derivative computation. In
Sec. 5, we introduced the procedure for performing a topology optimization in ATOmiCS, and
the experience of using ATOmiCS as an educational tool in a graduate-level class. Section 6 then
demonstrated the flexibility and the generality by solving three case studies with different physics
equations, objectives, design variables, and constraints, all within ATOmiCS.

ATOmiCS is an open-source tool for multiphysics problems that is modular and flexible with less
implementation effort required from the user than with implementations that are currently available.
This reduction in implementation effort is achieved by fully automating the derivative computation
and the solution of the PDE, beyond the specification of the variational form. Furthermore, the
use of OpenMDAO leads to a modular and flexible toolbox. Thus, the users can easily change
the governing equation, penalizations, solvers, constraints, and objectives by modifying or selecting
the corresponding module. The implementation in an MDO framework such as OpenMDAO also
makes ATOmiCS extensible to multidisciplinary problems. In addition, ATOmiCS leverages version
control on GitHub and automatically generates documentation, making it a high-quality software
both for educational and research purposes.

A Example code of a linear elastic cantilever beam topology optimization

1. Installation and imports: The user needs to install FEniCS, OpenMDAO, and ATOmiCS
(SNOPT optimizer is recommended but not required). Then, the user needs to import the functions
as shown below.

1 import dolfin as df; import numpy as np; import openmdao.api as om
2 from atomics.api import PDEProblem, AtomicsGroup
3 from atomics.pdes.linear_elastic import get_residual_form
4 from atomics.general_filter_comp import GeneralFilterComp

2. Define the mesh: The second step is to define the mesh. The example below shows a 2D
rectangular mesh generated by FEniCS built-in functions.

5 NUM_ELEMENTS_X = 80; NUM_ELEMENTS_Y = 40
6 LENGTH_X = 160.; LENGTH_Y = 80.
7 mesh = df.RectangleMesh.create([df.Point(0., 0.), df.Point(LENGTH_X, LENGTH_Y)],
8 [NUM_ELEMENTS_X, NUM_ELEMENTS_Y], df.CellType.Type.quadrilateral)
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3. Setup the PDE problem: The third step is to set up the PDE problem. This includes several
substeps: 1) add inputs to the problem; 2) add states to the problem; 3) define traction boundary
conditions; 4) add outputs to the problem; and 5) add kinematic boundary conditions.

9 pde_problem = PDEProblem(mesh)
10 # Add inputs to the PDE problem:
11 # input = density (Inputs can be multiple, but here 'density' is the only input.)
12 density_function_space = df.FunctionSpace(mesh, 'DG', 0)
13 density_function = df.Function(density_function_space)
14 pde_problem.add_input('density', density_function)
15 # Add states to the PDE problem
16 displacements_function_space = df.VectorFunctionSpace(mesh, 'Lagrange', 1)
17 displacements_function = df.Function(displacements_function_space)
18 v = df.TestFunction(displacements_function_space)
19 method = 'SIMP' # penalization method
20 residual_form = get_residual_form(displacements_function, v,
21 density_function, method=method) - df.dot(f, v) * dss(6)
22 # Define the traction boundary conditions
23 class TractionBoundary(df.SubDomain):
24 def inside(self, x, on_boundary):
25 return ((abs(x[1] - LENGTH_Y/2) < LENGTH_Y/NUM_ELEMENTS_Y + df.DOLFIN_EPS)
26 and (abs(x[0] - LENGTH_X ) < df.DOLFIN_EPS*1.e3))
27 sub_domains = df.MeshFunction('size_t', mesh, mesh.topology().dim() - 1)
28 upper_edge = TractionBoundary(); upper_edge.mark(sub_domains, 6)
29 dss = df.Measure('ds')(subdomain_data=sub_domains)
30 f = df.Constant((0, -1. / 4 )) # traction force magnitude
31 pde_problem.add_state('displacements',
32 displacements_function, residual_form, 'density')
33 # Add output-avg_density to the PDE problem:
34 volume = df.assemble(df.Constant(1.) * df.dx(domain=mesh))
35 avg_density_form = density_function/(df.Constant(1.* volume))*df.dx(domain=mesh)
36 pde_problem.add_scalar_output('avg_density', avg_density_form, 'density')
37 # Add output-compliance to the PDE problem:
38 compliance_form = df.dot(f, displacements_function) * dss(6)
39 pde_problem.add_scalar_output('compliance', compliance_form, 'displacements')
40 # Add Dirichlet boundary conditions to the PDE problem:
41 pde_problem.add_bc(df.DirichletBC(displacements_function_space,
42 df.Constant((0., 0.)), '(abs(x[0]-0.) < DOLFIN_EPS)'))

4. Define the optimization problem in OpenMDAO: The last step is to define the optimization
problem. This includes: 1) adding subsystems (groups and components), design variables, the
objective, and constraints to the optimization problem; 2) setting up the optimizer (driver); and 3)
running the optimization and saving the optimized results.

43 prob = om.Problem()
44 num_dof_density = pde_problem.inputs_dict['density'][
45 'function'].function_space().dim()
46 om.IndepVarComp().add_output('density_unfiltered', shape=num_dof_density,
47 val=np.random.random(num_dof_density) * 0.86)
48 prob.model.add_subsystem('indep_var_comp', comp, promotes=['*'])
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49 comp = GeneralFilterComp(density_function_space=density_function_space)
50 prob.model.add_subsystem('general_filter_comp', comp, promotes=['*'])
51 group = AtomicsGroup(pde_problem=pde_problem)
52 prob.model.add_subsystem('atomics_group', group, promotes=['*'])
53 prob.model.add_design_var('density_unfiltered',upper=1, lower=1e-4)
54 prob.model.add_objective('compliance')
55 prob.model.add_constraint('avg_density',upper=0.40)
56 # set up the driver (i.e., optimizer)
57 try:
58 prob.driver = driver = om.pyOptSparseDriver()
59 driver.options['optimizer'] = 'SNOPT'
60 driver.opt_settings['Major feasibility tolerance'] = 1.0e-6
61 driver.opt_settings['Major optimality tolerance'] = 1.e-8
62 except:
63 print('SNOPT is not installed, setting SciPy as the optimizer')
64 prob.driver = om.ScipyOptimizeDriver()
65 prob.driver.options['optimizer'] = 'SLSQP'
66 prob.setup(); prob.run_driver()
67 # save the solution vector
68 if method =='SIMP':
69 penalized_density = df.project(density_function**3, density_function_space)
70 else:
71 penalized_density = df.project(density_function/(1+8.*(1.-density_function)),
72 density_function_space)
73 df.File('solutions/displacement.pvd') << displacements_function
74 df.File('solutions/penalized_density.pvd') << penalized_density
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