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ABSTRACT
In our work we tackle a problem of 3D object classification, which
is a task traditionally closer to computer graphics rather than net-
work analysis. There are several different approaches for solving
this problem including deep learning, topological data analysis,
graph theory etc.We use the Mapper algorithm that transforms the
point cloud into a graph, which simplifies the data while obtaining
the key properties of the structure. This algorithm is already used
to solve such a task however, the features extracted from the graph
were very limited. The novelty that we introduce is the calculation
of some network properties on such graphs which are used for
classification. The results show that the models have better classi-
fication accuracy scores when using network analysis attributes
in addition to attributes from topological analysis however, it is
challenging to determine exactly which features will perform well
for a classification of objects.
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1 INTRODUCTION
3D object recognition is one of the most challenging fields in object
recognition community. The goal of the task is for a model to
differentiate between different 3D objects that are presented to it
in a certain format.

In 3D computer graphics a polygon mesh is a collection of ver-
tices, edges and faces that defines a polyhedral object [1] (however
in this work we consider only vertices positioned in a 3D space -
from now on this will be referred to as point cloud). Because the
process of scanning objects and saving them in such format has
become very common, a need has developed to be able to automat-
ically classify and visualise such data. An example can be seen on
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Figure 1. Given points together can human easily discern silhou-
ette as a chair. It takes a computer quite some time to process all
the points and connect them intuitively, so we need to extract the
necessary data from the point cloud, train a model, and then make
a prediction.

Figure 1: Chair point cloud and its network made with Map-
per algorithm

The first and one of the most fundamental challenges of this
task is choosing the best representation of such data to be inputted
into the models for classification. One approach is to transform the
data into a set of 2D images and feed them into the model [11] and
another would be to just use the whole set of points [8]. In this work
we used a Mapper algorithm [10] to transform the set of points
into a compact network. An example of such transformation can be
seen on Figure 1, where we can on the left side observe the original
point cloud and the extracted network on the right. The idea is to
represent the object in the simplest way possible, while still keeping
the essential information required for the classification. From this
relatively simple representation of an object we can compute some
topological properties of the structure or some properties from
network analysis that would be useful for classification. The options
for attributes are quite extensive and in this work we limit ourselves
to three topology features and 14 network analysis features.We then
test different subsets of features to determine which combination
is most effective for classification.

There are a lot of different approaches of either describing the
data or doing the actual classification of 3D objects. A paper from
2016 [8] describes an approach that takes all the data points and
feeds them to a neural network. Another approach [11] consider the
data as a set of 2D images. Another research [4] uses a technique
called topology matching on graphs. Some authors [3, 6, 11, 13]
also describe the use of Convolutional Neural Networks (CNNs) for
solving such problems. Instead of CNN we will be using Support
vector machine (SVM), as in the article [5] Anupama et. al. The
Mapper algorithm that we are using to transform the data was first
described in the article by Singh et. al [10] however, for classification
they limited themselves to the outputs of the Mapper algorithm
while we explore the network further.
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2 METHODS
2.1 Problem definition
We have tested our approach on a dataset that consists of four
classes (table, chairs, octopuses and spiders). We tackle this problem
as a binary classification (deducing whether a sample is e.g. a table
or not). More precisely we compare four different classification
tasks (one binary classifier for every one of the four classes) in
order to determine how the use of network analysis features affect
the performance of models on different target classes.

For every one of the four models we test every possible subset
of features that are described in Section 2.4.

New models (with network theory features) are compared to
models with one homology feature.

2.2 Data
The data is obtained from McGill 3D Shape Benchmark. [14] It is a
repository of point clouds for testing 3D shape retrieval algorithms.
We use the mesh format where each object’s surface is provided in
triangulated form. To provide versatility but also enough models in
every class, one class is containing goal object models and second
class containing three other objects models. There are point clouds
of 21 tables, 23 chairs, 25 spiders and 31 octopuses taken from
McGill 3D Shape Benchmark repository (together 100 samples).
Examples of the referred samples can be seen on Figure 2.

Figure 2: Examples of four types of objects in the database

2.3 Network construction
To create a network from data point cloud we use the Mapper
algorithm. It is composed of three main steps: the filtering function,
the cover function and the clustering function [12]. After some
initial testing we chose the best working components. Example of
the transformation is shown on figure 1.

The main purpose of the filtering function is to reduce the di-
mensionality of the data. In our case this function projects data
points defined in a 3D space onto the xy plane.

The next step is to calculate groups of overlapping points with
the help of the covering function. This function takes as input
the filtered space, calculates overlapping groups with dividing and
transform points from each group back to the original space. Over-
lapped groups are computed with division of each input dimension
by 3 equal-length intervals with fractional overlap of 0.15.

Finally, we apply a clustering algorithm on each group and calcu-
late an undirected graph. This is done with a clustering algorithm
that is able to determine the number of clusters in a dataset auto-
matically or by manually defining it. For this purpose we use the
DBSCAN [7] algorithm where the maximum distance between two
points for one to be considered as in the neighborhood of the other

is 10 using Chebyshev distance. Each cluster generates a node and
the edges between them are created if the two clusters share some
points.

The resulting network contains a lot less nodes than there are
points in the point cloud and is therefore more easily handled than
the original data representation. An example of such network can
be seen in Figure 1.

2.4 Attribute calculation
A novel practice in point cloud object recognition is applying dif-
ferent homology based attributes to the output of the mapper. A
“continuous” shape is built on the top of the data in order to high-
light the underlying topology or geometry. By using homology, we
observe numbers of components, holes, and voids while adding
connections between the points. We measure when connected com-
ponents appear and when they merge, representing their lifetime.
In our case we use persistence entropy (entropy of the points in
a persistence diagram later referred to as h1), and amplitudes of
persistent diagrams, which plot lifetimes of connected components,
computed with Wasserstein or Bottleneck distance as a classifi-
cation parameters (later referred to as h2 and h3). From network
theory we included the following features:

(0) Number of articulation points (NA) - nodes that separate
the notwork into multiple sub-networks.

(1) Average degree of node in a network (⟨𝑘⟩)
(2) Network density (𝜌)
(3) Average clustering coefficient (⟨𝐶⟩)
(4) Normalised number of nodes in top 10% closeness cen-

trality (number of nodes having 90% or more of max-
imum node closeness centrality divided by number of
nodes) (𝑡𝑜𝑝10_l−1)

(5) Normalised number of nodes in top 10% betweenness
centrality (number of nodes having 90% or more of max-
imum node betweeness centrality divided by number of
nodes) (𝑡𝑜𝑝10_𝜎)

(6) Normalised number of cliques with 4 nodes (number of
cliques containing 4 nodes divided by number of nodes)
(NClique)

(7) Degree assortativity coefficient (DAC)
(8) Normalised number of leaves (number of nodes with

degree 1 divided by number of nodes) (Nl)
(9) Maximum node closeness centrality (𝑀𝑎𝑥 l−1)
(10) Maximum node betweenness centrality (𝑀𝑎𝑥𝜎)
(11) Average node closeness centrality (𝐴𝑣𝑔l−1)
(12) Average node betweenness centrality (𝐴𝑣𝑔𝜎)
(13) Number of Louvain Communities (NLC)
Attributes such as number of articulation points, number of

leafs or number of louvain communities tell us a lot about the ar-
ticulation parts of the structure which could be a very valuable
information for the model. Average degree of a node and network
density provide information on how many edges formed in the net-
work which in other words is how many of clusters obtained from
the mapper algorithm described in Section 2.3 share some points.
Features including node centralities contain information about the
importance of specific nodes (either on average, maximum or just
what proportion of nodes achieves the higher centralities). The idea

http://www.cim.mcgill.ca/~shape/benchMark/index.html
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behind number of cliques and average clustering coefficient is that
they could indicate if an object would contain some larger even
surface that would be more fully connected.

Our goal is to determine the best combination of features, how-
ever since we only have a very limited number of samples, we
do not consider too large subsets of features (on which the model
would only overfit and produce meaningless results). Therefore we
restrict the number of features to either 4 (if we also include some
homology) or 6 otherwise.

We extractmost of themeasures fromPython libraryNetworkX [9],
and calculate the remaining with custom code using data from the
library. Specifically average network clustering, number of articu-
lation points, assortativity coefficient, number of louvain commu-
nities, betweenes and closeness centralities were calculated with
NetworkX functions.

2.5 Learning
For modeling we use Support Vector Machines (SVM) implementa-
tion from SciKit Learn [2] library for Python with a linear kernel
setting. Other hyperparameters of the model are set to their default
values as specified in the SciKit Learn [2] documentation.

We evaluate our models with 10-fold cross validation to improve
stability of the results.

For a metric we use AUC (area under the ROC curve) which is a
metric ranging from 0 to 1 (in practice from 0.5 to 1 as any classifier
scoring lower than 0.5 can be inverted, transitioning to AUC>0.5)
with 1 being the most and 0 (in reality 0.5) being the best score. This
metric was chosen since it shows how well the model can separate
the samples into correct classes. It is calculated by first constructing
the ROC curve, which shows the relation between true positive
rate (TPR) and false positive rate (FPR). It is obtained by moving
the threshold and for each value calculating the TPR and FPR. After
all points are gathered, the AUC can be calculated.

2.6 Experimetal setup
Experiments are conducted on the data set of labeled point clouds,
described in Section 2.2. As we have 4 different labels we conduct 4
independent experimets, each time choosing one label as positive
(object belongs to that group) and the other labels as negative (object
does not belong to the chosen group).

For each of those 4 experimets we first transform all the cloud
points to smaller networks using the mapper algorithm. For each
one of those we then extract the features (both topological and
features form network analysis). Once we have the labeled feature
vectors we perform a grid search over all feature subsets (that
suffices the size limitations presented in Section 2.4). For each of
these subsets we performe a 10-fold cross validation with the SVM
model (each fold using 90 samples for training and 10 for testing).
The results are then saved and analysed.

3 RESULTS
The goal of our research is to determine if the additional network
features contribute to the scores and if so which features are the
most beneficial to include.

To determine whether adding additional features is even benefi-
cial for the predictions, we first take a look at the results of the best

tables chairs octopus spiders Average
h1 0.62 0.91 0.66 0.71 0.73
h2 0.48 0.80 0.48 0.77 0.63
h3 0.84 0.60 0.62 0.81 0.72
NA 0.50 0.48 0.50 0.48 0.49
⟨𝑘⟩ 0.86 0.43 0.45 0.79 0.63
𝜌 0.43 0.37 0.56 0.41 0.44
⟨𝐶⟩ 0.24 0.36 0.27 0.33 0.30
𝑡𝑜𝑝10_l−1 0.59 0.44 0.56 0.30 0.47
𝑡𝑜𝑝10_𝜎 0.74 0.77 0.71 0.37 0.65
NClique 0.35 0.42 0.46 0.79 0.51
DAC 0.90 0.44 0.46 0.39 0.55
Nl 0.62 0.35 0.48 0.49 0.49
𝑀𝑎𝑥 l−1 0.92 0.43 0.37 0.67 0.60
𝑀𝑎𝑥𝜎 0.43 0.58 0.57 0.50 0.52
𝐴𝑣𝑔l−1 0.92 0.40 0.56 0.50 0.60
𝐴𝑣𝑔𝜎 0.82 0.42 0.69 0.60 0.63
NLC 0.47 0.49 0.52 0.50 0.50

Table 1: The results of the model for each individual feature
(only 1 feature used for classification).

models (models built on subsets of features that performed best ac-
cording to the AUC score). Combinations of attributes that achieve
the highest score in our test cases are displayed below. In addition
to the best performing subset of features and the corresponding
scores we included the results for best performing homology for
each use case (same results as can be seen in Table 1).

• Tables: The best features are𝑀𝑎𝑥 l−1, 𝐴𝑣𝑔l−1 and h3. AUC
score is 0.96 (AUC using only h3 was 0.84).

• Chairs The best features are NA, ⟨𝐶⟩ and NLC in combina-
tion with either 𝑡𝑜𝑝10_l−1 and 𝑀𝑎𝑥𝜎 or h2. AUC score is
0.96 (AUC using only h1 was 0.9).

• Octopuses The best features are NA, DAC and h3. AUC
score is 0.85 (AUC using only h1 was 0.66).

• Spiders The best features are 𝑡𝑜𝑝10_𝜎 , Nl,𝑀𝑎𝑥 l−1 and h2.
AUC score is 0.89 (AUC using only h3 was 0.81).

The best performing features are greatly dependent on the do-
main (specific object we want to classify), which is also seen in
Table 1. From our results of combination of best performing features
we can see improvements over the baseline (using only homology
for classification). Addition of network analysis attributes to the
feature vector improves classification. However, based on the re-
sults above we cannot determine which features in general perform
best.

To determine this we first viewed the scores of models using
only single features to predict the class. Each column (classification
problem) has the three best results bolded. As we can see, we could
not point out a few features that would be significantly better
than the others in all cases. The quality of each attribute is greatly
dependant on the class that we are trying to predict. This can
easily be explained as different objects tend to produce different
networks and each has different properties that separate it from
the rest. Some of the best performing features are 𝑡𝑜𝑝10_𝜎 ,𝑀𝑎𝑥𝜎

and 𝑀𝑎𝑥 l−1 however, while most of them perform quite well on
two classes they perform worse on the other two. More consistent
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features that perform relatively well on most classes are for example
𝑡𝑜𝑝10_𝜎 and 𝐴𝑣𝑔𝜎 .

Figure 3: Chair point cloud and its network made with map-
per algorithm

To further test the importance of features we set a cutoff point at
the score of the model using the best performing homology feature
(for each classification task) and only consider models with feature
subsets that scored higher. For each feature we calculate in what
percent of those models it appears. Those results are presented in
Figure 3. We can observe again that the results mostly differ when
it comes to the observed class. More preferable are features that
perform well on all or most of the use cases. Such example would
be ⟨𝐶⟩, Nl, 𝐴𝑣𝑔l−1 or 𝐴𝑣𝑔𝜎 . The latter two are by themselves a rela-
tively good features. ⟨𝐶⟩ is not as successful on its own but is often
present in the most successful subsets. It indicates how connected
a network is therefore an objects with a more homogeneous body
might be more connected than the ones with more articulation
parts. The number of louvain communities could also be a good
measure to determine out of how many parts the object consists
since it also appears in many of the best subsets for all use cases.

NA is one of extreme examples that perform very well on two
classes but quite worse on the others. Number of articulation points
is greatly dependant on how many nodes there are in general and
while in some cases it might be a very good indicator of how many
articulation parts there are in others it might be deceiving as for
example a long leg of a spider might have multiple articulation
points. Such features (DAC is another such example) might also be
taken into consideration when building a model however it is not
guaranteed that they will perform well on all use cases.

4 CONCLUSION
Our experiments have shown that it is beneficial for a model for
3D object classification to use (in addition to topology features)
network analysis features. However, it is difficult to determine
which will perform best for a certain use case. We have tested our
models on four different classification problems and the results
have shown that while some attributes are indeed in general better

than the others, for the majority of objects it is hard to determine
which combination will perform best.

In future work we could expand our research by including a
larger dataset (include more objects). We would also like to test
more network features, and get an even better insight into what
are the most beneficial attributes.
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