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Abstract—Data mining of engineering designs generated by
topology optimization methods is a challenging task. A topology
optimization method maximizes one or more performance objectives by redistributing the material in a design space for a given
set of boundary conditions and constraints. The performance
objective could be stiffness and the constraint could be the
allowed mass fraction in the design space. If the constraints
are not too restrictive or unknown at the initial stages of the
design process, multiple feasible designs are possible and are
generally generated to inspire new design ideas. Since a designer
cannot manually review all the designs, one needs to select a few
representative and interesting topologies based on performance
or geometric features. In this paper, we propose a method to
group designs with similar geometric features which are extracted
from a point cloud representation of the geometry using a
deep autoencoder network. The point cloud representation is
a compact representation of the geometry and is generated
by sampling points on the surface of geometry. The extracted
features — called latent code — can be used to cluster topologies
and identify prototypes in each cluster. The proposed method
could be used on designs generated by topology optimization and
other design generation methods. To evaluate the method, we use
it on complex truss-like topology datasets with prespecified design
types which have been recognized by the proposed method with
high precision and recall. Also, the prototypes of the different
categories are identified.
Index Terms—design exploration, topology optimization, design prototypes, data mining, autoencoder

I. I NTRODUCTION
At various stages of the design process, a designer would
like to consider a number of concepts/designs and rework the
design requirements to generate a new set of designs. So, some
of the challenges in the design process are to generate a large
number of useful designs and explore the designs to select a
few interesting designs. Topology optimization (TO) addresses
the first challenge of generating useful engineering designs. In
this paper, the latter problem of data mining the designs to
identify a set of interesting concepts is considered.
As mentioned previously, one of the methods to generate a
large number of designs with useful properties is TO. The
method optimizes material layout in a design space for a
given set of objectives, boundary conditions (such as loads
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and supports), and constraints. The objectives of the method
can range from maximizing the stiffness of linear elastic
structures to improving the crashworthiness, and other criteria
in nonlinear crash mechanics [1]–[9]. As an example, consider
the Solid Isotropic Material with Penalization (SIMP) method
[1] and its implementations [10], [11] for maximizing the
stiffness of statically loaded structures. The design domain
is divided into elements and the method uses relative mass
densities ρ of the elements as design variables. Different
designs can be obtained by modifying input parameters such
as volume fraction (νf ) of the material present, boundary
conditions, filter size, and material properties. As an example,
consider a 2D design domain with a single load as shown
in Figure 1a. By changing the allowed volume fraction (νf ),
TO results in different designs as shown in Figure 1b. A yet
another way of generating useful designs is multi-objective
TO [7], [12], [13]. Different designs can be sampled from
a Pareto front of optima among which no design is better
than another design in all objectives. In TO with or without
multiple objectives, designers have to choose a few designs
among different concepts based on other criteria such as
functional aspects or manufacturing limitations that have not
been considered at the initial stage of the design process. From
this perspective, our proposed method of using geometric
differences to categorize and identify prototypes can play a
crucial role in engineering practice. Designers can use the
prototypes as an intuitive method to construct new constraints
for TO and guide the design process to a new set of designs
[14].
Given the number and variety of designs available to a designer, design exploration is gaining more and more attention
in the research community and among the software companies.
An interesting tool for design exploration based on geometric
features is proposed by Matejka et al. [15]. They suggested a
ranking procedure with their Dream Lens interface using handcrafted features such as surface area and volume. In contrast,
we rely on the features learned by a deep neural network [16].
This, we believe, is a more automated approach that accounts
for the complexity of topologically-optimized designs. Hagg
et al. [14] suggest a different approach for design exploration.
They propose a method to identify categories within designs

(a) Design space and boundary conditions: The relative mass
densities ρ in the elements (see inset) are determined by the
optimizer. Due to symmetry only half of the design space is
considered for optimization.
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(b) Optimized material distribution in right half of Figure 1a
for different allowed volume fractions (νf ): As νf increases,
the amount of material increases gradually before the topology
radically changes. The solution for the left half is symmetric about
the center axis.

Fig. 1: Standard topology optimization (TO) test case - MBB
beam with a load at the center [11]: Different optimized
designs can be generated by changing constraints.

by clustering based on quality (performance) of the designs. A
prototype for each cluster is then found by selecting a design
with the least mean distance to all the other designs within the
cluster. The distance here refers to a measure of dissimilarity
between designs based on a selected criterion. In this paper, we
use learned geometric features to identify design prototypes.
The representation used to describe the design plays a key
role in learning features using a neural network. Qi et al. [17]
have discussed some of the benefits of using a point cloud
representation for deep learning. Point clouds are simple, have
no quantization artifacts or sparsity problem like voxel representation and are less complex than a mesh. PointNet [17],
a network built for classifying geometries with point cloud
representation, is found to be robust to small perturbations,
outliers, and missing points. Achlioptas et al. [16] propose an
improved method for classification, using an autoencoder on
point clouds (Figure 2). They use a Point Cloud Autoencoder
(PCAE) to distinguish between broad classes such as chairs,
lamps, tables from ShapeNet [18]. A PCAE learns by trying
to reconstruct the original input point cloud as accurately as
possible from a so-called latent code. The accuracy of the

reconstruction is measured using a loss function. Since the
dimension of the latent code is much smaller than that of the
point cloud, the PCAE learns to encode important geometric
features in the latent code. In this work, we chose to use
chamfer distance (CD) which is invariant to permutation of
points in point cloud [16]. CD is defined as:
X
X
CD(S1 , S2 ) =
min ka − bk22 +
min ka − bk22 ,
a∈S1

b∈S2

a∈S2

b∈S1

(1)
where S1 , S2 are point clouds; a, b are 3D points in a
point cloud. Observe that the measure CD is symmetric:
CD(S1 , S2 ) = CD(S2 , S1 ). This is a semi-metric since the
triangle inequality is not satisfied. Nevertheless, it is used as a
loss function because of its usefulness to train a PCAE [16],
[19].

Fig. 2: Point Cloud Autoencoder learns a latent representation
(latent code) from a point representation of an input geometry.
The latent code is used to reconstruct the original point cloud.
In this paper, we use PCAE on truss-like topologies,
which exhibit higher topological complexity — as observed
in topologically-optimized designs — than geometries in
ShapeNet mentioned previously. This forms a natural step
towards analyzing actual designs generated by TO. Since
the designs are generated manually — without using any
optimization — one has more control on varying the complexity of the designs and their categories, which differ in one
or more of the geometric properties: topology, size, shape,
orientation, and position. Each category in the design dataset
is henceforth referred to as a design type. This is crucial
for evaluating the proposed methodology of classification and
prototype identification.
The remainder of the paper is organized as follows. Section II introduces a method for design exploration based on
an autoencoder along with a method to evaluate the method.
In Sections III and IV discuss model datasets used to train the
autoencoder and evaluate effectiveness of the training. Section
V explores the design categories in the model datasets using
our proposed method. This is followed by concluding remarks
in Section VI.
II. D ESIGN EXPLORATION USING AUTOENCODER
In this section, we describe a general method to explore
engineering designs by grouping designs with similar geometric features. First, we introduce a distance metric to measure

dissimilarity between designs. This is followed by a discussion
on algorithms for clustering and prototype identification based
on the distance metric. After the main method has been
presented, a procedure to evaluate its effectiveness using a
generated dataset is outlined. We defer the discussion on
generation of datasets — a training set for the autoencoder
and a test set for evaluation of the proposed method — to the
next section. In the end, a visualization method of the complete
dataset with its clusters and prototypes is presented.
A. Point Cloud Autoencoder and distance metric
A Point Cloud Autoencoder (PCAE) [16] is used to generate
a latent code which forms the basis for clustering as explained
in the next section. The input to PCAE is a point cloud which
is a compact representation of surface-based geometry. The
locations of points in a point cloud are given by an N × 3
matrix where N is the number of 3D points sampled on the
surface of geometry. We use N = 2048 points to represent
the geometry. Achlioptas et al. [16] used the same number
of points to represent geometries from ShapeNet [18]. The
sampling technique used here is the Monte Carlo sampling
algorithm [20] implemented in the open-source tool MeshLab
[21]. The sampling scheme is independent of the connectivity
of the mesh and found to be sufficient for training the PCAE.
The architecture of the PCAE is as proposed by Achlioptas
et al. [16]: five 1D convolution layers each with a kernel size
of 1, followed by a ReLU unit [22], and a batch normalization
layer [23]; feature-wise maximum of the last convolution
layer to give a latent code of size 128 (also called the
bottleneck layer); two fully connected layers each with ReLU
activation; one fully connected layer to give a 2048 × 3 output
(reconstructed geometry). As discussed previously, our PCAE
model uses the chamfer distance as a loss function. For more
details, refer to the work of Achlioptas et al. [16].
A PCAE needs to be trained in order to extract the geometric
features of a design and construct a latent code. For example,
a PCAE that is pretrained on a large generic dataset such as
ShapeNet [18], can be used but the reconstruction of new
designs may not be accurate. In this paper, the PCAE is
retrained on our truss-like datasets since they are different
from ShapeNet geometries. When using the method on the
optimized topologies, we recommend retraining the PCAE
if the geometries are more complex than ShapeNet. Further
discussion on the generation of datasets to train the PCAE
follows in the next section.
The trained PCAE is used to generate a latent code for
designs to be clustered. Jain et al. [24] give a general
recommendation to normalize the features before clustering;
but in our case, we use the latent code directly without
normalizing its components as it performed better in our
clustering experiments. This suggests that the magnitude of
different components holds meaning about the geometry. This
is supported by the findings of Achlioptas et al. [16] that
the latent code has semantic meaning: operations such as
addition, subtraction, and interpolation of the latent code of
two geometries result in a meaningful geometry.

B. Clustering and prototype identification
Clustering is an unsupervised learning method to identify
groups with similar properties in a dataset. Since we are
interested in grouping designs based on geometric features, a
latent code generated by PCAE, as discussed in Section II-A,
is used as an input for the clustering algorithms. In general,
any clustering algorithm that can handle large datasets, such
as k-means, DBSCAN [24], could be used.
Using the method proposed by Hagg et al. [14], we identify
prototypes for each cluster. A prototype of a cluster has the
least mean distance to other designs within the cluster. The
distance between the two designs is the Euclidean distance
in the latent space as discussed in Section II-A. As a means
of testing the PCAE, we perform clustering and prototype
identification on a design set different from the one used for
training the PCAE.
C. Evaluation of clustering
The clustering algorithm mentioned in the previous section
may group the designs into clusters different from the prespecified design types. This section discusses a method to evaluate
the clustering error.
To evaluate our method, the k-means clustering algorithm is
used on a dataset with known number of design types/clusters.
The k-means algorithm is chosen since it allows users to
specify the number of clusters to be found. Furthermore, the
algorithm has linear time complexity i.e. O(N) where N is the
number of designs and is found to be sufficient for the data
size considered in this paper. Our evaluation method is similar
to the method used by Maaten et. al. [25] where datasets with
known clusters are used to evaluate t-SNE clustering. When
the number of clusters is not known, as is the case in a general
dataset, DBSCAN may be more appropriate.
Before we calculate the error, the first problem to be solved
is that cluster labels and the labels used for prespecified design
types are not the same in general. So, cluster labels and design
types need to be matched before evaluating the clustering.
To this end, we find, for each cluster, a design type that it
represents. When a cluster has designs from multiple design
types, the design type to which the majority of the cluster
belongs is chosen as the representative design type, as shown
in Figure 3. In the figure, objects belonging to either design
type 0 or 1, are grouped into two clusters 1 and 2. Clearly,
the clustering is not perfect since the two design types are not
separated completely. Since cluster 1 has the majority of the
objects belonging to design type 1, it will be assigned to 1.
Similarly, cluster 2 will be assigned to design type 0.
With a mapping between cluster labels and representative
design types, we can use simple measures: precision and recall
[26], to evaluate the classification error. From the previous
discussion, it is clear that each cluster has a representative
design type that it represents. The precision of a cluster is
the fraction of representative design type objects among the
total objects retrieved by the cluster. Recall of a cluster is
the fraction of representative design type objects among the
total objects of the representative design types within the

Fig. 3: Illustration of clustering design types: 1, 2 of objects
belonging to design types 0, 1.
Fig. 4: Summary of methodology used in this paper
complete dataset. So, recall accounts for the representative
objects missed by the cluster. Table I shows the evaluation of
clustering shown in Figure 3.
TABLE I: Evaluation of Clustering in Figure 3
Cluster labels

Design type

Precision

Recall

1
2

1
0

5/6
4/6

5/7
4/5

D. Visualization
To aid visualization of all the designs in a single plot,
we use t-distributed Stochastic Neighbor Embedding (t-SNE)
representation [25]. The input for the 2D t-SNE representation
is the latent code of PCAE. This allows for the exploration of
designs and to get a sense of the design types in a single plot.
Note that t-SNE representation is neither applied for clustering
nor for identifying prototypes. It is used only as a visualization
tool. For clustering and identifying prototypes, the latent code
is used.
E. Summary
Figure 4 summarizes the proposed method. First, an autoencoder is trained using a design set similar to the designs
generated by TO. The pretrained autoencoder is then used to
generate latent codes for the set of designs to be explored.
Using the latent codes, designs are clustered, followed by
identifying prototypes for each cluster. The prototypes can
then be used to guide the design generation process towards
preferred designs.
For the evaluation of the proposed method, the dataset is
split into training and test datasets. The training dataset is used
to construct a PCAE model. The test set is clustered based
on the latent representation and prototypes are identified. The
clusters are evaluated against the known design types in the
test set.
III. D ESIGN DATASET GENERATION FOR TRAINING AND
TESTING

As proof of concept, two different datasets of different
complexity are used for classification. In each dataset, design
categories/types are already known, which allows for a calculation of the misclassification error to confirm the effectiveness

of our clustering method. Each dataset is again split into
training and test sets. The training set is used to train the
PCAE and the test set is used for clustering and prototype
identification. All the designs are located in a unit cube. This
is not necessary as long as the training and test set used by
the autoencoder occupy the same design space.
Each design in the dataset is made of beams based on the
concept of Moving Morphable Components (MMCs) [27]. The
ith beam/MMC is defined by a so-called topology description
function φsi whose value is zero at the surface of the beam.
The surface of the design comprising of nm beams/MMC is
defined by φs = max1≤i≤nm φsi . Depending on the design
type, designs have beams between fixed endpoints in a framework which will be explained later. Given the endpoints and
thickness of a beam, parameters such as orientation (Euler
angles) and center of mass required to define MMC are
calculated. Using φs , the marching cubes algorithm [28] is
used to construct the 3D surface of beams in the design. A
point cloud representation of the design — as is required by
PCAE — is constructed as discussed in Section II-A.
Dataset I contains 11 distinct classes. Each class has beams
in only the selected faces of a cube (Figure 5). A chosen face
will have 6 beams but the thickness of the beam is randomly
chosen and hence varies from design to design within a design
type (Figure 6). Figure 7 shows representative samples from
the different classes. Within a design type, the number and
position of beams are fixed (i.e. fixed topology/location). The
thickness of each beam is sampled from a uniform distribution
of interval: [0.1, 0.2].

(a) One face

(b) Two faces

(c) Three faces

Fig. 5: Framework to generate dataset I: Each design type has
beams only in a fixed number of faces. A face, if filled, has
6 beams with randomly chosen thickness.
The second generated dataset has three design types. The

(a) One-cube designs
(label = 1)

Fig. 6: Beam thickness is randomly sampled. The resultant
dataset has enough complexity/variability to train PCAE.

(b) Two-cubes designs
(label = 2)
(a) One face
(label = 0)

(b) Two faces
(label = 1)

(c) Two faces
(label = 6

(d) Three faces
(label = 2)

(e) Three faces
(label = 7)

(f) Three faces
(label = 8)

(g) Four faces
(label = 3)

(h) Four faces: Top,
bottom face missing
(label = 9)

(i) Five faces: Bottom face missing
(label = 10)

(j) Five faces: Top
face missing
(label = 4)

(k) Six faces
(label = 5)

Fig. 7: Design dataset I: Trusses restricted at different faces
of a cube. Design types are prespecified by labels in brackets.

base framework is built of three cubes connected back to back
(Figure 9). The three design types correspond to gradually

(c) Three-cubes designs
(label = 3)

Fig. 8: Design dataset II: Design types are specified by labels
in bracket.

using more cubes: one-cube, two-cubes, three-cubes. For each
cube, a pair of vertices of the cube are picked and a beam
connecting them is added with a probability of 0.5. When
the beam is added, the thickness is sampled from a uniform
distribution of the interval: [0.1, 0.2]. Note that the design
variations are similar to designs obtained in TO: designs of
a given type gradually change in thickness and number of
beams before radically changing into a different design type.

(a) One cube

(b) Two cubes

(c) Three cubes

Fig. 9: Framework to generate three design types of dataset
II: Each design type is chosen by selecting a number of cubes
from one to three. Beams are added with varying thicknesses
between the vertices of the cube.
IV. E VALUATING THE TRAINED AUTOENCODER
In both datasets, the thickness of each beam is varied
according to a uniform random distribution. This leads to a
variation of designs within each of the predefined design types.
The resulting dataset, despite its small size, is sufficient for
training the PCAE. Table II shows a summary of information
related to datasets. Figures 10 and 11 show the reconstruction
of point clouds by PCAE models pretrained on datasets I and

II, respectively. Visually, the reconstructions look reasonable.
Furthermore, we report the reconstruction error of PCAE
as measured by the chamfer distance between original and
reconstructed point clouds. Table III shows an average of
reconstruction error for all the designs in a dataset. The error
is only slightly higher for the test dataset than for the training
dataset indicating that the autoencoder generalizes well.

(a) Worst reconstruction

TABLE II: Summary of the generated datasets
Design set

Number of
design types

Designs per
design type

Training
set size

Test
set size

Dataset I
Dataset II

11
3

200
1000

2200
3000

2200
3000

(b) Best reconstruction

TABLE III: Reconstruction error of PCAE using chamfer
distance between original and reconstructed point clouds: An
average of reconstruction error for all the designs in a dataset
are reported in the table.
Design set

Training dataset

Test dataset

Dataset I
Dataset II

0.71
0.70

0.86
0.84

(a) Worst reconstruction

(b) Best reconstruction

(c) Reconstruction of a random sample

Fig. 10: Testing PCAE trained on dataset I: Images on the left
side are original point clouds from the test set while images
on the right side are reconstructed by PCAE.
V. D ESIGN EXPLORATION OF MODEL DATASETS
In this section, we evaluate our method in identifying design
types within a dataset. Two different design sets, as discussed
in Section III, are considered.
The clustering of Dataset I, as discussed in Section III, is
shown in Figure 12. All the 11 (indexing from zero) clusters

(c) Reconstruction of a random sample

Fig. 11: Testing PCAE trained on dataset II: Image on the left
side are original point clouds from the test set while images
on the right side are reconstructed by PCAE.

can be seen. Each point in the cluster represents a design. The
latent code of the design is reduced from 128 dimensions to 2
dimensions using t-SNE so that the design can be represented
as a point in Figure 12. The k-means algorithm clusters the
designs using the latent code of designs. The number of
clusters is specified as k = 11 to the algorithm, the same as
the number of design types. It is interesting to note that t-SNE
visualization clearly shows the 11 clusters even though it has
not been used for any clustering. Table IV shows the mapping
between clusters and the representative design types, precision,
and recall of the clusters in Dataset I. High precision and
recall indicate that the method classifies Dataset I without any
problems. With the clusters known, prototypes are identified
using latent code and are shown in Table IV.
In Dataset I, designs with similar topology but different
location/orientation have been classified into different groups.
As an example, refer to the set of clusters {2, 5}, {3, 6}
in Table IV. Designs with an equal number of beams, such
as the set of clusters {3, 6, 7}, have also been successfully
separated because of differences in the topology or orientation.
The designs are chosen in such a way that the center of mass
alone could not be used to separate geometries. For example,
designs of clusters 5 and 9 (Table IV) have the same center of
mass but are grouped into different clusters. This suggests that
the autoencoder is able to learn complex topological features
beyond hand-engineered features such as center of mass and
number of beams.
Clustering of Dataset II, as discussed in Section III, is shown
in Figure 13. All three design types can be seen. The same
method of clustering and prototype identification, as discussed

TABLE IV: Evaluation of clusters in Dataset I

Fig. 12: Clustering of dataset I: Cluster labels based on latent
code Euclidean distance using k-means algorithm.
before, is used. The number of clusters k is chosen as 3,
the same as the number of design types. Table V shows the
mapping between clusters and the representative design types,
precision, and recall of the clusters in Dataset I. Here as well,
the method classifies Dataset II with high precision and recall
values. Prototypes are shown in Table V.
In Dataset II, the recall of cluster label 0 and the precision
of cluster label 2 is not exactly 1. This is because a very
few three-cube designs (design type = 3) have been classified
as a two-cube design (design type label = 2). This indicates
that the clusters identified deviate slightly from the intuitive
classification of the dataset into one-cube, two-cubes, threecubes. The results supports our expectation that the proposed
method can identify the radical changes in topological features
which is crucial in the context of TO with hundreds of
generated designs.

Fig. 13: Clustering of dataset II: Clusters and their labels as
obtained by the k-means algorithm.
VI. C ONCLUSION
In this work, we proposed a method for exploring a large
database of engineering designs and identifying a few proto-

Cluster
label

Design type
label

Precision

Recall

0

0

1.0

1.0

1

9

1.0

1.0

2

6

1.0

1.0

3

2

1.0

1.0

4

3

1.0

1.0

5

1

1.0

1.0

6

8

1.0

1.0

7

5

1.0

1.0

8

7

1.0

1.0

9

4

1.0

1.0

10

10

1.0

1.0

Prototype

types based on geometric features. From hundreds of designs
generated using TO, selectively evaluating a few designs is
a more tractable task for a designer. The significant contribution of this paper is that the design database considered is
topologically complex and represent structures generated by
TO methods. Further, we learn the geometric features without
supervision using an autoencoder neural network and use it
to find clusters and prototypes in the design set. This general
approach can also be used with new design sets provided that
the network is retrained.

TABLE V: Evaluation of clusters in Dataset II
Cluster
label

Design type

Precision

Recall

0

3

1.0

0.999

1

1

1.0

1.0

2

2

0.999

1.0

Prototype

Our method of clustering is evaluated using a set of topologically complex designs with known design types. We were able
to find the design categories with high precision and recall. The
designs with the same topology, size, and shape, but a different
orientation are categorized as different design types. This is
useful in engineering design exploration because for a given
design space, changing orientation of a design corresponds to
an entirely different design concept.
In the future, we would like to use the autoencoder to
identify prototypes in engineering designs generated from
TO methods. In TO, as one changes the hyper-parameters,
objectives, and constraints, the designs change gradually in
size and shape before radically changing in topology. So,
based on the results presented in the paper, we believe that
our approach is particularly suitable for the identification of
different design types and prototypes in these designs.
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