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Abstract

Topology optimization using bio-inspired algorithms has gained significant attention in recent decades, particularly for prob-
lems involving non-derivative search spaces. This paper introduces a novel bio-inspired algorithm for structural topology
optimization, termed the bacterial chemotaxis-based topology optimization algorithm (BCBTOA). Inspired by bacterial
chemotaxis, the method models material removal as a guided search process within a two-dimensional continuous domain,
with the objective of minimizing structural compliance. To address common numerical challenges such as checkerboard-
ing and mesh dependency, a chemotaxis-based regularization scheme is implemented. The algorithm requires only a single
control parameter, R, which governs cavity size and material distribution. Numerical experiments on benchmark problems
demonstrate that BCBTOA generates distinct, binary layouts without gray regions and produces mesh-independent solutions
for optimal R values. Several communication models between artificial bacteria were investigated, with a modified exponen-
tial model yielding the best performance. In addition, different initialization strategies were evaluated, showing that random
initialization consistently produced topologies with lower compliance. Overall, the algorithm achieves performance compa-
rable to established methods such as sequential element rejection and admission (SERA) and soft bidirectional evolutionary
structural optimization (BESO).
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putational methods to address the fundamental question:
What is the optimal structural configuration to support a
given set of loads under various constraints? To answer
this question, the problem can be approached through three
main strategies: size optimization, shape optimization, and
topology optimization. The latter focuses on determining
the optimal topology of a structure under specified condi-
tions. For instance, topology optimization of trusses con-
cerns structures composed of discrete elements connected
at nodes. In such cases, the objective is to determine the
optimal configuration of bars or members-often including
their size, orientation, and connectivity-to efficiently carry
the applied loads [1]. This category is particularly rele-
vant in civil, aerospace, and mechanical engineering, where
lightweight yet high-strength frameworks are essential. Truss
optimization problems are typically formulated as discrete
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optimization tasks and have a long-standing history in struc-
tural engineering. While they often involve fewer degrees of
freedom, they present significant combinatorial complexity
[2]. In a broader context, topology optimization of continu-
ous structures addresses the optimal distribution of material
within a predefined design domain. Here, the structure is
modeled as a continuum-typically analyzed using finite ele-
ment methods [3]. This approach is widely applied to solid
mechanical components and seeks to identify the best mate-
rial layout to achieve specified performance objectives-such
as minimizing compliance or maximizing stiffness-while sat-
isfying constraints such as volume fraction or stress limits.
With the continuous advancement of computational capa-
bilities, topology optimization has become a critical tool
in the design process across various disciplines, including
structural mechanics, heat transfer, fluid dynamics, phonon-
ics, photonics, and beyond [4]. Recent research by Tang
et al. [5], for example, reviews the application of topol-
ogy optimization in advanced materials, such as composites
and metamaterials. Consequently, the potential for enhanc-
ing designs across distinct yet interconnected domains has
expanded significantly.

Binary topology optimization of structures, based on a
finite element model, considers the presence or absence
of material in each discretized element as the design vari-
able. Mei et al. [6] optimized two-dimensional benchmark
beams under concentrated loads by minimizing the strain
energy while imposing volume constraints. Sivapuram et
al. [7] addressed the topology optimization of microstruc-
tures in a two-dimensional space, aiming to maximize both
bulk modulus and thermal conductivity. Setta et al. [8] opti-
mized the topology of two-dimensional coated structures
with the objective of minimizing heat compliance. Similarly,
Mendoza et al. [9] optimized the topology of steel slotted
dampers to maximize energy dissipation capacity, defining a
two-dimensional material distribution. Although this formu-
lation typically implies binary variables, the problem can be
relaxed to allow elements to be partially filled with material-
permitting design variables to vary continuously between 0
and 1. As noted by Bendsoe [10], interpolation functions
and penalization strategies are employed in these relaxed
formulations to discourage intermediate material densities
and promote clear solid-void solutions. Topology optimiza-
tion problems can be addressed using either derivative-based
or derivative-free approaches, as discussed in the following
sections.

Recently, several approaches have been proposed to
develop gradient- or sensitivity-based methods for solv-
ing structural topology optimization problems. Huang and
Xie [11] extended the Bi-directional Evolutionary Structural
Optimization (BESO) method to simultaneously consider
volume and displacement constraints. Munk et al. [12]
emphasized that non-gradient-based topology optimization

methods often rely on sensitivity functions to determine
material removal or retention, with evolutionary algorithms
ranking elements based on the magnitude of their sensitivity
values. Ansola et al. [13] introduced the Sequential Ele-
ment Rejection and Admission Method (SERAM), which
combines sensitivity analysis with a mesh-independent filter.
Liang and Cheng [14] addressed discrete-variable topol-
ogy optimization using a sequential integer programming
approach coupled with the Canonical Relaxation Algo-
rithm, resulting in the development of the Discrete Variable
Topology Optimization via Canonical Relaxation Algorithm
(DVTOPCRA). Similarly, Picelli et al. [15] presented an
implementation of the Topology Optimization of Binary
Structures (TOBS) method, integrating binary design vari-
ables with gradient-based optimization and integer linear
programming. In addition, several studies [16—18] have
demonstrated improved efficiency in terms of iteration count,
computational cost, and user accessibility, while also serv-
ing as valuable pedagogical tools for the field. In this context,
Wang et al. [19] provide a comprehensive review of research
in topology optimization, offering a useful entry point into
the field.

The second option to tackle the problem is to use computa-
tional tools derived from artificial intelligence (Al), essential
in the fourth industrial revolution [20]. Another comparison
is made in the work of Paramo and Carrillo [21] where the
Modified Simulated Annealing Algorithm (MSAA) is con-
trasted with the OC-SIMP [22]. The work concludes that the
MSAA algorithm needs less computational time as the mesh
becomes smaller. The HS algorithm was used in the study
of Lee and Han [23] to solve TO problems and demonstrate
better behavior compared to the ABCA and Bidirectional
Evolutionary Structural Optimization (BESO) algorithms.
It was found that fewer iterations are required to converge,
showing good behavior in terms of stability, robustness, and
convergence rate. Di Cesare and Domaszewski [24] com-
bined the inverse-PageRank Particle Swarm Optimization
and the Evolutionary Structural Optimization to consider
simultaneously two objective, the minimization of the com-
pliance and the volume. Radman [25] generated a hybrid
algorithm from the BESO and Harmony Search to optimize
the topology of the material microstructures, considering the
homogenization theory and sensitivity analysis. Li et al. [26]
applied Genetic Algorithms to the topology optimization
of composite sound-absorbing structures, observing good
capacities for global search. In the study of Deng et al. [27]
developed a hybrid approach combining the Bat algorithm
to explore the topology design space effectively and artifi-
cial neural networks to model the fitness landscape. Yuan et
al. [28] presented a directed evolution algorithm tailored for
non-gradient topology optimization. By iteratively ranking
and replacing design candidates based on structural per-
formance, the method mimics biological evolution without
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requiring sensitivity analysis. Furuta et al. [29] incorporated
the Karhunen-Loeve expansion to turn computational feasi-
ble the application of an advanced differential evolution in
the topology optimization of structures. Above results indi-
cate that defining one algorithm for any topology problem
is not an easy task, as each structural optimization problem
generates a search space with particular characteristics. The
No Free Lunch Theorems would support this affirmation.

In recent years, several novel metaheuristic algorithms
have been introduced, including the Bacterial Colony Opti-
mizer [30], the Exponential-Trigonometric Optimization
Algorithm [31], the Puma Optimizer [32], and the p-
Stochastic Global Optimization Algorithm [33]. The foun-
dation of bio-inspired optimization (BiO) algorithms lies
in modeling the behavior of living organisms and natu-
ral processes. Within this field, a number of methods are
based on bacterial foraging mechanisms. Following the sem-
inal paper by [34], the Bacterial Foraging Optimization
Algorithm (BFOA) was introduced to solve optimization
problems without requiring gradient evaluations of the objec-
tive functions. BFOA is a swarm-based technique inspired
by bacterial chemotaxis and has been successfully applied to
both global optimization [35] and multi-objective optimiza-
tion problems [36]. Guo et al. [37] conducted a bibliometric
analysis of the evolution of BFOA over two decades, showing
that by 2021 more than one hundred variants had been pro-
posed. Numerous applications have also been reported across
diverse research fields. For example, Turanoglu and Akkaya
[38] combined BFOA with simulated annealing to solve
the facility layout problem. Manjula et al. [39] employed
BFOA to determine optimal parameters for PID speed and
current controllers in switched reluctance motors. Wang et
al. [40] implemented BFOA to optimize collision-avoidance
strategies in intelligent ships. Zaini et al. [41] developed an
enhanced BFOA coupled with least-squares support vector
machines to improve electricity load forecasting. In the area
of shape optimization, [42] exploited the concept of bacteria
migrating toward resource-rich regions to optimize the geom-
etry of electromagnetic devices by relocating mesh nodes to
more favorable positions. These diverse applications high-
light the versatility and robustness of BFOA in addressing a
wide range of optimization problems.

This work introduces an improved topology optimiza-
tion (TO) algorithm based on bacterial chemotaxis, inspired
by the formation of honeycomb-like patterns with solid
regions and voids. The proposed Bacterial-Chemotaxis-
Based Topology Optimization Algorithm (BCBTOA) incor-
porates the use of different initial structural configurations.
Earlier conference papers- [43], [44], and [45]-laid the
groundwork for applying the Bacterial Foraging Optimiza-
tion Algorithm (BFOA) to topology optimization. Section
2 outlines the theoretical background, while Sect. 3 pro-
vides a detailed description of the proposed algorithm.

Several numerical examples are presented in Sect. 4, address-
ing aspects such as mesh-size independence, convergence
behavior, and parameter tuning. Additionally, the algo-
rithm’s performance was benchmarked against four estab-
lished methods: Sequential Element Rejection and Admis-
sion (SERA) [13], Soft BESO [11], the Discrete Variable
Topology Optimization via Canonical Relaxation Algorithm
(DVTOPCRA) [14], and Topology Optimization of Binary
Structures (TOBS) [15]. In this context, the main contribu-
tions of the present research are:

e Introduces a tailored application of the Bacterial Forag-
ing Optimization Algorithm (BFOA) to solve the binary
topology optimization problem for two-dimensional struc-
tures. The proposed approach integrates novel commu-
nication models among bacteria, problem-knowledge-
based heuristics, and a criterion for defining solid and
void elements by emulating bacterial movement toward
more favorable locations in the environment.

e Demonstrates that the Bacterial-Chemotaxis-Based Topol-
ogy Optimization Algorithm (BCBTOA) is competi-
tive with established continuum topology optimization
methods (SERA, Soft BESO, DVTOPCRA, TOBS),
achieving lower or comparable compliance values across
multiple benchmark problems.

e Provides evidence that BCBTOA produces binary,
checkerboard-free topologies that are mesh-independent
within appropriate parameter ranges, thereby addressing
two of the most common numerical issues in topology
optimization.

e Validates the robustness and adaptability of BCBTOA
across different material volume fractions (50%-80%),
showing consistent performance in scenarios with both
limited and abundant material resources.

2 Theoretical Background for Topology
Optimization and Bacterial Chemotaxis
Pattern Formation

2.1 Problem Statement for Topology Optimization

The mathematical-computational approach known as Topol-
ogy optimization (TO) allows finding the distribution of
structural material in a given domain that better adapts to
a design criterion (objective function). One typical objec-
tive function corresponds to minimization of compliance, C,
which is obtained from the properties of the structure (global
stiffness matrix, K) and the response of the structure (in terms
of displacements, U) under the applied loads, F. The entire
optimization formulation is stated in the following problem:
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Fig.1 Example of an optimized Michell type beam

N
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Xi € {Xmin, 1}, i=1,...,N.

where x is the design vector of size equal to N elements
and values between xpi, and 1, representing the presence of
material or void in the #;; finite element, respectively. u; and
k; are the displacement and stiffness to the element level. f; is
the initial volume fraction calculated as the ratio between the
tested domain volume, V (x), and the total domain volume,
Vo. It is worth mentioning that the problem studied here is
binary, with no possibility of intermediate densities.

To visualize the solution for a TO problem, Fig. 1 displays
the optimized shape of a simply supported beam under a ver-
tical load in the center known as Michell type beam when
the algorithm proposed in this study is applied. Initially, the
domain was arectangular area filled with material. The black
points in the figure represent the locations of the material in
the optimized solution. The resolution of the image is deter-
mined by the size of the finite-element mesh. The following
subsection presents three key factors for understanding the
relationship between bacterial foraging and topology opti-
mization, which forms the basis of the proposed method.
It is worth noting that the bacterial foraging-based algo-
rithm developed in this research is specifically tailored to
the topology optimization problem and is not intended as a
general-purpose optimization tool.

2.2 Bacterial Chemotaxis Optimization Mechanism

The time required for some organisms to search for food
and other nutrients is significantly reduced when they form
search groups, thereby simultaneously reducing their expo-
sure to predation risks [46]. Individual bacteria move in small
steps during foraging to acquire nutrients and avoid danger.
The environmental conditions rule the bacterium movement,
consisting of a forward motion and a rotational movement
to change direction. This alternation of activities is called
chemotaxis.

The iterative optimization process proposed in this study
is based on moving the bacteria through routines of elimi-
nation and reproduction so that they are always positioned
in areas with high nutrients (promising regions of the search
space). The nutrients will die before the subsequent move-
ments if one bacterium does not gather. To maintain the
population size constant, they are replaced by the same num-
ber of healthy bacteria [47].

2.3 Chemotactic Strategy

The work of [48] shows the formation of patterns of a
bacteria called Thiovulum Majus (TM); the microorganism
creates mucus veils in the upper part of the marine sediments
exhibiting regularly spaced patterns (honeycombs, interlaced
bands or, reverse honeycombs). These patterns are simulated
through a simple computational model based on the chemo-
taxis of oxygen and the ability of bacteria to induce advection
of water when they are attached. Figure 2 shows the actual
patterns that form the TM bacteria; they resemble a hon-
eycomb with well-defined cavities and walls, while Fig. 2
shows patterns of intertwined bands. Figure 2b shows the
simulated patterns of the TM bacteria such as combs (Fig.
2c), interlaced bands (Fig. 2d), or inverse combs (Fig. 2e).
Recently, the formation of these patterns has been evidenced
in works such as [49] and [50].

It is possible to use the chemotactic model explained in
[48] to derive a method for TO due to their similarity. The
mechanism of communication between bacteria is repro-
duced in such a way that they can identify areas of food (high
compliance) or repel dangerous areas (low compliance) in a
given domain (finite element model). Thus, the BCBTOA
process will find cavities and determine the walls that make
up the final structure.

2.4 Communication Model Between Artificial
Bacteria

Itisnecessary to determine a strategy to consolidate the infor-
mation of all the bacteria to guide the optimization process
efficiently. Thar and Khul [48] propose a model to describe
the communication process between bacteria. The original
model for Thiovulum majus chemotaxis describes the colony
behavior of bacteria qualitatively by mapping an environ-
mental parameter g (r) with a symmetric radial hat-shaped
function ( Fig. 3a), where r denotes the radial distance from
the attached bacterium in an allowed maximum distance R.
The regions most suitable for oxygen correspond to high val-
ues of g(r). In TO, it is not possible to obtain negative values
for the communication; thus, it is necessary to modify the
hat-shaped function using the absolute values for g () (Fig.
3b). This value g (r) of each signal emitted by bacteria is cal-
culated as the elemental compliance (C) multiplied by the
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Fig.2 Natural (a, b) bacteria patterns on sulfidic sediments and simulated (c, d, e) patterns with the mathematical model presented in [48]

value of the modified hat-shaped function, as shown in Eq.

Q).

: 2
Sin |\ % r
2( x’) . ifr <R
q(r) = =Zr (2)
0, ifr >R

A total environment parameter Q, at a specific location in
the design domain, is calculated by adding all the g () signals
generated for bacteria whose influence reaches that location;
see Fig. 4. The bacteria will be placed in positions with the
maximum value of Q. Each bacterium will be located at the
centroid of the element. It should be noted that the parameter
r indicates the position relative to the midpoint; therefore, it
is dimensionless. In case the mesh is not regular, it is rec-
ommended that the computation of parameter r considers a
physical distance calculated in the geometry. Equation (2)
must be consistent in the units used to guarantee that the
result corresponds to those corresponding to compliance (C).
Figure 4 shows the distribution of bacteria for three differ-
ent volume fractions and their corresponding parameter Q
calculated in Eq. (3).

M
Q=> q(i). rel0.R] 3)
i=0

where M refers to the number of elements found within the
zone of influence given by r < R. Itis worth mentioning that
this strategy faces the checkerboard pattern in TO problems.

3 Topology Optimization Through Bacterial
Chemotaxis Methodology

3.1 The Bacterial-Chemotaxis-Based Structural
Topology Optimization Algorithm (BCBTOA)

BCBTOA follows an analogy with the self-organized move-
ment of a bacteria colony to iteratively modify the topology
of a structure until obtaining the optimized one for a speci-
fied load pattern. In this case, the compliance is selected as
the quality measure, as given in Sect. 2.1. For plane struc-
tures, a 2D binary array, in close similarity with the finite
element mesh, corresponds to the environment in which the
bacteria colony moves (design domain), as shown in Fig. 5.
It is observed that a set of bacteria occupies the elements or
locations with the highest compliance. In this research, the
void materials are considered as filled materials with very
low density to avoid a process of re-meshing. The flowchart
for BCBTOA is shown in Fig. 6, which is divided into four
stages: 0) input data, i) total environment parameter com-
putation, ii) bacteria movement, and iii) verification of the
stop criteria. Stages i, ii, and iii are carried out iteratively.
It is worth mentioning that the BCBTOA was implemented
in MATLAB to test its performance. It was used the finite
element solution given by reference [51].

The preliminary stage is carried out only once and con-
sists of asking the user for the structural problem information
and algorithm parameters. It is necessary to define the initial
domain and the volume fraction (Volfrac) that would be used
in manufacturing the structure. It is necessary to describe the
characteristics of the finite element analysis, including the
mesh size. It is necessary to show the independence of the



