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The design of lightweight mechanical structures and machines, has the potential to help reduce the environmental impact of our
industrialized society. Lightweight mechanical gears hold promise, because they are common components in many machines.
However, testing mechanical designs can be costly and time-consuming, which can discourage innovation. Modern computational
technologies offer a way to improve designs through faster, lower-cost methods. In particular, data-driven design approaches using
Machine Learning (ML) models and Multi-Objective Optimization (MOO) processes, have shown potential. Effective gear design
requires exploring geometric and material variations, because ”real” objects are most fully characterized by both continuous
numerical information (geometric dimensions) and discreet categorical information (materials). However, there is very little
current literature on data-driven design research with gears using this kind of mixed data. This study attempts work in this gap by
investigating the performance of various ML model and MOO process combinations for designing lightweight mechanical gears
with mixed data. These combinations led to six algorithms. AutoGluon, Keras Neural Networks, and Random Forest ML models
were used, due to their ability to work with mixed data. A random mixed dataset for this study was generated using Python and the
CAD software package SolidWorks. This dataset was then used with the six algorithms, and the performance of each algorithm
was compared. The results of this study show that an algorithm using multiple AutoGluon models and multiple MOO processes
performed the best, while an algorithm using a single AutoGluon model with a single MOO process performed second best.
AutoGluon is an example of an automated stacked-ensemble ML model, that does not require the manual tuning of hyperparameters
that many other ML models require. The ability to get high performance outcomes with mixed data, without requiring expert ML
model tuning knowledge, may encourage more designers and engineers to adopt data-driven design approaches for producing a
wider array of lightweight and efficient mechanical parts and machines. Further research with other automated ML models and
other mechanical objects would also be valuable.

1 Introduction

Making better use of Earth’s limited natural resources is a goal
that appropriately receives a lot of attention. Designing more
efficient and lightweight mechanical structures and machines
will help us move towards that goal. However, a design pro-
cess that relies mostly on physical manufacturing and testing
of various mechanical designs, can be very expensive and time-
consuming1 2. A good way to address this issue is to use a
data-driven design approach that uses a combination of surro-
gate Machine Learning (ML) models and genetic multi-objective
optimization (MOO) algorithms to help search for optimal de-
signs3 4. This up-front computational search, added to tradi-
tional design approaches, reduces the time and resources needed
for physical and other formal testing. Data-driven design is
promising and growing in use in many industries including au-
tomotive and aerospace3 5 6.

To reduce our modern society’s environmental impact,
many in the automotive and aerospace industries engage in
“lightweighting.” Lightweighting involves reducing the mass of

parts and vehicles while maintaining other structural, economic,
or environmental requirements1 7 8 9 10. A lot of work reduc-
ing the mass of larger machine components has already been
done7. But much less work has been done improving smaller
components such as gears11. Lightweight mechanical gears are
a good target for additional work, because they are common
components used in many kinds of machines from motors to
power transmission systems in cars and airplanes8. Improved
lightweight gear designs have a very broad potential impact
through the global automotive and aerospace industries. For
example, it is estimated that lighter gearboxes in aircraft can
result in up to 15% of the total mass savings, which would lead
to significant fuel savings12. Designing gears can be challeng-
ing though, because gears are often used in high performance
environments with specific strength, weight, and durability re-
quirements11. But the many potential benefits of lightweight
gears, including reduced weight and reduced energy consump-
tion of many different types of machines, makes research on
their design worthwhile8.

Typical approaches to creating lighter gears include changing
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the geometry by varying the web and rim thickness and cutting
out sections of the body (see Figure 1).

Fig. 1 Varying Web and Rim Thickness8 and Body Cutouts13

The shape and number of cutouts can vary, leading to different
performance characteristics. Examples of lightweight gears
from research and industry can be seen in Figure 211 14 15.

Fig. 2 Sample Lightweight Gears

Other approaches include changing the materials of gears,
since materials have varying physical characteristics1 8. Lower
density materials are lighter, but also not as strong7. Some
alloys are more brittle than others, depending on for example,
aluminum content9. Some materials like copper are more cor-
rosion resistant, making them more durable because of less
degradation from lubricants16. Overall, work with materials
can be challenging because of the interaction between material
properties and other parameters1.

As noted above, physically testing mechanical designs can
be expensive and slow. Manufacturing a variety of mechanical
gears is labor intensive, and the cost of materials can also be
very high. Luckily, modern computational technologies offer a
way to improve designs through faster, lower-cost methods.

1.1 Computer-Aided Design and Finite Element Analysis

Computer-aided design (CAD) tools and computer-aided manu-
facturing (CAM) tools, can be used to design and manufacture
physical products17. These types of tools help by making it
easier to create designs quickly, and easier to make changes
to those designs. These tools can also be used to predict how
well a product will perform in real life. CAD tools for example,
can predict how much force a product can withstand before
breaking by running simulations using �nite element analysis
(FEA). FEA results can be highly accurate compared to actual
physical experiments, with reports ranging from 90% accuracy
in an aerospace example18 to 98% accuracy in an automotive

example19. Finding product limitations with CAD simulations
is faster and less expensive than building and testing numerous
physical models2 8. CAD FEA does not completely replace
physical testing in the design process, because it is understood
to be an approximation. It serves as an important part of the
overall process to signi�cantly reduce the amount of physical
testing required20. The use of FEA has been adopted by a wide
range of industries including aerospace, automotive, architec-
ture, and biomedical engineering18 19 21. Therefore, using CAD
tools can lead to the faster design of products at a lower cost.
However, because of the computational requirements of FEA
simulations, exploring a wide range of possible designs can still
be very time-consuming. A single simulation can take several
minutes or even several hours22. This is faster than physical
construction and testing, but still very slow.

1.2 Data-Driven Design

Since high-�delity FEA is very time consuming and requires a
lot of computational resources23, researchers continue to search
for technologies that enable the faster search of designs (some-
times called “rapid tools” or “decision-support systems”), as a
step before high-�delity FEA21 23 24. Advancements in arti�-
cial intelligence are providing some of these tools4 5 21. Exam-
ples include more powerful machine learning (ML) models and
multi-objective optimization (MOO) algorithms4 5 6. These new
technologies enable “data-driven” design practices through the
use of surrogate ML models4 5 21.

Data-driven design involves training ML models on design
datasets. These design datasets can include data from exist-
ing physical product designs, physical experiments, or CAD
designs3 4. The design data for training needs to include both
mechanical parameters for input (including geometric dimen-
sions) and desired performance measures for output (like mass
and strength). The ML models trained on this design data, can
then serve as “surrogate” models that can predict product per-
formance given different parameter inputs4 21 25. To support the
search for new designs, multi-objective optimization algorithms
can be used with the ML models. Optimization algorithms can
check thousands of design variations quickly using these sur-
rogate ML models3 4. Using ML models is much faster than
checking design variations with CAD FEA simulations. Surro-
gate ML models can provide accurate predicted output values in
seconds, while a single FEA simulation can take several minutes
or even several hours4 22 25. Therefore, an ML-MOO process
can identify a range of where good design options may exist,
very quickly. Data-driven design, like other “rapid tools”, does
not replace FEA or physical testing in the design process. It
serves as a time-saving step before FEA, to reduce the total time
involved in the overall design process4 21 24.

Described more precisely, the multi-objective optimization
process, leads to �nding sets of possible design solutions that
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are optimal, given various desired performance targets. These
optimal solutions are called “non-dominated.” For a solution
to be non-dominated, there must be no other feasible solution
that is better than that solution for every performance objective.
These non-dominated solutions, are also called Pareto-optimal
solutions26. When placed on a graph together, these Pareto-
optimal solutions form a “Pareto front.” An example Pareto
front is shown in Figure 38.

Fig. 3 Example of a Pareto front

Pareto fronts are useful to designers and engineers, because
they provide an outline of where optimal solutions exist. For
example, if in Figure 3 the x-axis was “strength” and the y-
axis was “mass”, a designer can use a Pareto front to determine
the lowest possible mass something can have, given a certain
strength requirement. A designer can also do the reverse, and
choose �rst a target mass, and then see what the best possible
strength could be8. Data-driven design processes using surro-
gate ML models and multi-objective optimization, can automate
and quickly complete repetitive and time-consuming tasks. This
greatly speeds up the overall design process.

There are many existing studies that have explored the use
ML models and optimization algorithms in their work. For ex-
ample, Regenwetter, Weaver, and Ahmed used the data-driven
design approach to explore the design of bicycle frames3. They
used an AutoML model and genetic optimization to generate
bicycle frame designs with optimal performance characteristics.
Stabile, Ballo, Gobbi, and Previati also used the data-driven
design approach to generate wheel designs for light-weight elec-
tric vehicles27. They used neural networks and multi-objective
optimization to minimize the mass while maintaining structural
integrity, meeting required safety standards. Chen, Chui, and
Fuge used data-driven design to create aerodynamic airfoils28.
Their approach led to realistic and compact airfoil shapes and
reduced computational cost by an order of magnitude. Looking
at the design of smaller parts, Ramadani et al. used data-driven
design to explore ways to reduce gear vibration and weight13.
Their work employed optimization strategies, and focused on
the structural topology of gears and how that affected the per-
formance of gears. Urbas, Zorko, and Vukasinovic studied the
use of ML models trained with FEA data to support the design
of gears23. Their ML models served as faster surrogate models

that computed results that on average only deviated 3.4% from
the more accurate FEA computations.

There are actually several studies that combine multi-
objective optimization with FEA or analytic methods. For
example, Barbieri, Bonori, and Pellicano used genetic multi-
objective optimization and FEA to reduce vibration and noise
in spur gears29. Their work modi�ed the geometry of the spur
gear tooth and used FEA with MOO processes to �nd optimal
designs. Miler, Zezilj, Loncar, and Vuckovic used genetic multi-
objective optimization and analytic equations to optimize gear
pair volume and ef�ciency30.

1.2.1 Mixed Data

Research on lightweight mechanical objects points to the im-
portance of considering both object geometry and materials1 9 10.
Being able to explore designs while varying a full range of infor-
mation (dimensions and materials) is better than exploring de-
signs varying just a partial set of information31. Research specif-
ically on gear design reinforces this importance1 11 32. There are
several studies using FEA and MOO that worked to optimize
designs by varying both dimensions and materials. Sokolov33

studied gear design optimization while considering two mate-
rials. Pillai et al.34 and Xin et al.35 each studied gear design
optimization with three materials. Even studies using just one
material, note the importance of considering multiple materials
in future work8 32.

With data-driven design, surrogate ML models are used in-
stead of FEA. This leads to the need for an ML-MOO process
that can work with two types of information: continuous nu-
merical (for geometric dimensions) and discreet categorical (for
material type). That is, the optimization process must be able to
work with “mixed data” or “mixed variables”36 37. This presents
a challenge because many ML models do not work well with
mixed data.

A systematic search of the literature reveals there is little cur-
rent research on the use of mixed data with ML-MOO processes
for the design of mechanical gears speci�cally. However, there
does exist research with mixed data on other engineering objec-
tives. For example, Li et al.38 studied lightweight automobile
engine hood design with mixed variables. Saves et al.39 used
mixed variables to study optimization of aircraft designs. Bartoli
et al.40 used mixed variables to study the optimization of chem-
ical systems. But no studies were found speci�cally for using
ML-MOO processes with mixed variables for optimizing gear
design. This is likely the case because data-driven design with
ML-MOO is a newer approach than FEA-MOO. As noted above,
there are several studies using FEA-MOO for gear optimization
with geometric dimensions and materials. It is valuable to take
advantage of faster ML-MOO approaches to also address gear
optimization with geometric dimensions and materials. A larger
design space can be searched because of the signi�cant increase

j 3




	Introduction
	Computer-Aided Design and Finite Element Analysis
	Data-Driven Design
	Mixed Data
	Decision Trees
	Neural Networks
	Automated ML

	Optimization Approaches
	Methodology Overview

	Methods
	Results
	Gear Designs Generated by ML-MOO Algorithms
	Pareto Fronts
	Comparisons

	Discussion
	Acknowledgments

