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• a highly automated algorithm to transform BIM objects into customized
point clouds

• a flexible deep learning framework to evaluate the generated synthetic
data

• a comparison of classification performance using orthogonal and per-
spective projections

• an evaluation of greyscale images with surface curvature for classifica-
tion
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Abstract

Advances in technology are leading to more and more devices integrating
sensors capable of acquiring data in a very fast and with high accuracy. Point
clouds are no exception. Therefore, the large amount of available lidar data
is arising the community interest by point cloud classification using artificial
intelligence. Nevertheless, point cloud labelling is a time-consuming task.
Hence the amount of labelled data is scarce yet. Data synthesis is gaining
attention as an alternative to increase the volume of classified data. At the
same time, the amount of BIM models provided by manufacturers on website
databases is being increased. In line with these trends, a method to generate
classified point cloud data from BIM objects is presented. The method starts
by transforming BIM objects into point clouds deriving a dataset consisting of
21 object classes characterised with various perturbation patterns. Then, the
dataset is split into four subsets to carry out the evaluation of synthetic data
on the implemented flexible 2D deep neural framework. In the latter, binary
or greyscale images can be generated from point clouds by both orthographic
or perspective projection to feed the network. Moreover, surface variation
feature was computed in order to aggregate more geometric information to
images and to evaluate how it influences the object classification. The overall
accuracy is over 85% in all tests when orthographic images are used. Also, the
use of greyscale images representing surface variation improves performance
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in almost all tests although the computation of this feature may not be robust
in point clouds with complex geometry or perturbations.

Keywords: point clouds, deep learning, BIM, object classification, data
augmentation, transfer learning

1. Introduction

In the last decade, the use of 3D sensors such as laser scanners or depth
cameras has been consolidated in Architecture, Engineering and Construc-
tion (AEC) industry and robotics providing a greater availability of 3D mod-
els of indoor scenes in the point cloud form (Khoshelham et al., 2017). More
recently, mobile devices widely used by the population such as the ipad pro
or the iphone 12 pro have integrated lidar sensors extending the possibility
of acquiring point cloud data on a massive scale. In both computer vision
and 3D modelling, point cloud classification is an active topic because it
is a fundamental problem for the understanding of 3D scenes in the real-
world. Beyond geometric analysis, traditional machine learning techniques
have been applied to address the 3D classification problem (Weiss et al., 2010;
Park and Guldmann, 2019). However, the successful results achieved with
deep learning techniques in 2D image classification are leading researchers to
adopt this approach in 3D classification (Griffiths and Boehm, 2019a; Jaritz
et al., 2019).

Traditional machine learning techniques are based on teaching machines
to identify patterns and extract features from data that are not perceived
by humans due to the large volume and complexity of the information to be
processed (Dey, 2016). Thus, the performance of these methods is strongly
dependent on the design of a feature extractor that requires a comprehensive
knowledge in the domain of application. This limitation has been outper-
formed by the newest machine-learning techniques since their capacity to
interpret raw data without relying on human skills (LeCun et al., 2015).

In the recent years, Deep Neural Networks have demonstrated a high
performance in applications such as speech recognition (Abdel-Hamid et al.,
2012) and image recognition (Krizhevsky et al., 2012) becoming the state-
of-the-art so far for both areas (Szegedy et al., 2014). Convolutional Neural
Network (CNN) architecture is based on visual perception, hence its ability
to interpret the nature of images which makes CNNs suitable for image clas-
sification. The requirement to have a large classified dataset available is a
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major drawback of using CNNs because if labelled data are short, the deep
learning model will most likely cause overfitting (Liu et al., 2016).

In many areas, the amount of classified data is not enough to train a CNN
deriving a well-fitting model. This lack is commonly addressed by using data
augmentation techniques which consist in applying certain transformations
on the initial dataset to expand input data (Perez and Wang, 2017). Differ-
ent transformations can be applied to both synthetic and real data. Data
augmentation from real data can be addressed by data wrapping and syn-
thetic over-sampling approaches depending on whether the transformations
are applied in the data or in the feature-space respectively. To carry out
synthetic-based data augmentation, new samples are artificially generated to
be added to initial dataset (Wong et al., 2016). In this way, previous works
have demonstrated that the over-sampling generation of the minority classes
in imbalanced datasets can improve classifier performance (Bowyer et al.,
2011).

An additional alternative commonly used to deal with inadequacy of la-
belled data is to reuse models already trained in another application domain
or for a different task but keeping some sense of relationship. This approach,
widely known as transfer learning, leverages the knowledge acquired by train-
ing a model with a large amount of data to another domain of interest with
shorter data set (Pan and Yang, 2010). Network-based deep transfer learn-
ing consists in using a partially pre-trained network with a large volume of
labelled data in a smaller dataset that keeps certain similarity with the data
used to train the original network (Tan et al., 2018).

In last years, the development of applications using point clouds to gen-
erate as-build models from existing buildings has grown in the AEC indus-
try (Bosché et al., 2013). However, although more and more point clouds
are available, its labelling is an arduous, time-consuming and error-prone
task. The use the BIM models for ongoing building monitoring has pro-
vided considerable improvements in processes of construction control (Wang
et al., 2014), building energy analysis (Abanda and Byers, 2016), project
documentation and coordination (Broquetas et al., 2013). Also, BIM mod-
els of objects such as pieces of furniture are provided by manufacturers and
they can be retrieved from website databases. Since BIM models not only
represent geometry of building components or objects but also provide se-
mantic and functional information, they can be used as classified 3D models.
Recently, building BIM models have been used to generate both 2D and 3D
synthetic data for image classification and point cloud semantic segmentation
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(Ma et al., 2020; Alawadhi and Yan, 2021). Nevertheless, training a neural
network with synthetic point clouds provides models that do not generalise
well with real-world data (Uy et al., 2019). To address with this shortcom-
ing, synthetic point clouds can be perturbed by adding intrinsic undesired
defects such as noise or occlusions.

This work proposes a method that explores the use of BIM object models
for generating synthetic data sets composed of multiple classes including
those that are not normally present in available public classified datasets.
Synthetic perturbed point clouds with noise and occlusions are also created
to reduce the impact of bad generalisation of classification models trained
with no real data. The main contributions provided by this work are as
follows:

• an algorithm to transform BIM objects into customized point clouds.
Beyond data provided, the procedure has the advantages that is highly
automated the minimal user intervention once BIM objects have been
downloaded.

• a flexible deep learning framework to evaluate the generated synthetic
data. This also implements fine-tuning functionality to optimise hy-
perparameters and data generation parameters.

• a comparison between simple orthographic projection and perspective
projection to generate images for 2D deep learning classification framed
on Gestalt approach.

• the use of surface curvature feature for image enrichment and the lim-
itations of this feature in the point cloud domain.

The remainder of the paper is organized as follows: section 2 summarizes
the previous related work. The proposed method is theoretically described in
section 3. Then, results and experiments are shown and discussed in section
4. Finally, section 5 is devoted to conclude the work.

2. Related work

This section addresses the state of the art of point cloud deep learning
classification focusing on techniques to tackle the labelling problem: Data
Synthesis and Transfer Learning applied to 2D data.
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High performance proved by CNNs in image classification together with
the increased availability of point clouds have led researchers to the devel-
opment of new 3D deep learning architectures. Nevertheless, handling the
non-regular structure of point clouds is still a challenge for CNNs. Hence
previous works have addressed this hardship with different strategies which
can be classified in three categories according to how data is represented.
Multi-view or projection-based approach consists in generating multiple 2D
images from several perspectives of the point cloud with the aim to take
advantage of the yield attained by 2D CNNs (Su et al., 2015). The main
drawback of these methods is the loss of both spatial information of the ob-
jects and spatial relationship to each other due to the 2D projection. Within
3D approaches, volumetric methods (Maturana and Scherer, 2015; Tchapmi
et al., 2017; Le and Duan, 2018) have been proposed to benefit from 3D ge-
ometrical object representation while preserving the nature of convolutional
operations from 2D CNN. For this purpose, point clouds are previously con-
verted to a 3D regular structure, commonly composed of voxels. Despite the
more realistic geometric representation, classification using the multi-view
CNNs (MVCNNs) has proved higher performance than volumetric CNNs
(Ruizhongtai Qi et al., 2016) due to the lower resolution of voxel representa-
tion among other factors. An alternative to structured approaches consists
in the use of network architectures capable of taking the points directly as
input data (Charles et al., 2017; Qi et al., 2017). The performance of early
architectures developed on the basis of this unstructured approach was lower
than the structured approaches. However, in the last years, the improve-
ment of theses architectures has been an active research topic are achieving
promising results (Landrieu and Simonovsky, 2018).

The shortage of 3D labelled data for training these 3D networks is an im-
portant disadvantage compared to 2D CNNs (Griffiths and Boehm, 2019b).
Point cloud object labelling is a time-consuming task since each point that
belongs to the object needs to be pin pointed. Although some datasets com-
posed of labelled point cloud data generated from RGB-D images (Silberman
et al., 2012; Xiao et al., 2013; Armeni et al., 2017; Chang et al., 2017) or 3D
CAD models (Wu et al., 2015) are available, the amount of classified data
is far from the number of images provided by the popular dataset ImageNet
(Krizhevsky et al., 2012) which is composed of over 14 million labelled images.
To deal with 3D data labelling problem, this work proposes a combination
of Data Synthesis and Transfer Learning techniques applied to 2D data.

In this line, data synthesis is gaining preference to solve the problem of
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relevant and labeled data lacking. In fact, some areas of data mining and
machine learning rely significantly on benchmark data sets to compare and
evaluate results across competing methods in their development. To over-
come the shortage of publicly available large real-world data sets, synthetic
or semi-synthetic datasets are very suitable for a wide range of controlled sce-
nario tests for several Machine Learning methods, such as regression (Cano
and Torra, 2009), classification (Sánchez-Monedero et al., 2013), drift detec-
tion (Iglesias et al., 2020; Belford et al., 2017), anomaly detection (Taylor
et al., 2016), failure prediction (Hajiaghayi and Vahedi, 2019). In fact, this
approach brings the possibility of producing a large quantity of relevant data,
of generating data with desired characteristics for testing and of knowing ex-
actly the targets and the underlying models. In some cases, for specific
complex data algorithms such as Multi-Label Classification and Multi-target
Regression, the dataset may be difficult to find (Tomás et al., 2014). The
main drawback of Data Synthesis is that it does not have a well-defined
methodology since there is not a specific technique for each data type in
each context. Besides, as this does not generate all the diversity of data and
the true noise information, the required models precision may be not well
represented.

But this approach goes a step further. Through data synthesis it is pos-
sible to teach the concept of a class to a training model. That is, data is
generated in a way that expresses the main features of classes. In particular,
in this work, furniture objects are characterized in their essential features,
primarily their geometry, that we use to identify the same objects. This
approach is inspired in the Gestalt theories of perception, where human per-
ception tends to understand objects as an entire structure rather than the
sum of its parts. Therefore, objects are synthesized by using overall shapes
that include all parts of the object.

Transfer learning is also another technique to solve the problem of training
data shortage. Particularly, 2D neural networks are less likely to overfitting
than the 3D architectures due to the amount of available labelled images in
contrast 3D models. To leverage the potential of 2D CNNs, the synthetically
generated point clouds are transformed into images, so that this approach
can be also a particular case of transfer learning. In fact, data does come
from the domain of point clouds while training is performed with synthetic
images. A closed transfer learning approach was used by Balado et al. (2020)
proving that augmenting RGB image dataset generated from coloured point
clouds with images avaliable on online resources can improve furniture object
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classification. Goyal et al. (2021) used depth images generated from point
clouds obtaining results in the state-of-the-art. Our method generate syn-
thetic point clouds from BIM objects. Resultant point clouds are mapped to
binary and greyscale images by applying orthographic and perspective pro-
jection. Results obtained using the different generated images are evaluated
and compared.

3. Method

The general workflow of the proposed method is depicted in Fig. 1.
The method starts by collecting BIM objects from websites and organizing
them into object classes to serve as source dataset. After, these models are
processed to generate a synthetic dataset of classified point clouds affected
by different perturbations such as noise and occlusions. Once labelled point
clouds are generated, they are used as the input data to the deep learning
framework developed for point cloud object recognition. This framework is
composed of sequential steps such as image generation, model computation
and object classification which are explained in more detail in the following
sections.

Figure 1: General work
ow

3.1. Point cloud data generation

In this step, a classified point cloud dataset is generated by processing
BIM objects which are downloaded from website databases. Unlike virtual
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CAD models, object models provided by manufacturers correspond to real-
world objects. Thus, these models are downloaded from free registration
websites and stored in a directory arranged by object category. The use of
graphical interfaces of database search engines facilitates model collecting
process by type object filtering. Besides, file format is restricted to those
that do not require commercial software to be processed.

Both BIM models and point clouds are handled and processed by the
open-source python library Open3D (Zhou et al., 2018). This software pro-
vides the necessary transformations and operations for the method develop-
ment. BIM models with OBJ. format are directly imported to be processed
while ifc format models are automatically converted to OBJ. by invoking the
open-source application IfcConvert in batch mode.

Then, from each object model, four point clouds are generated by adding
perturbations with different characterisations. First, a point cloud without
any perturbation is directly obtained by poisson disk sampling algorithm
(Yuksel, 2015) which requires determining the number of sampled points
npts. To ensure a fixed density for every object point cloud, npts is calculated
regarding the total area of the object surface AS by the following equation:

npts = dens � AS (1)

Where dens is a fixed density in pts/m².
After, object point cloud orientation is visually checked and corrected if

the object is not aligned with Z axis. This step is required to augment the
data by applying coherent rotations along Z axis in the sense of how the
objects are generally positioned in the real-world. This oriented point cloud
Po is an instance of the perturbed-free dataset which will be used to generate
training/validation images. Next, three perturbed datasets are generated
from Po by adding noise and occlusions to Po. Synthetic data simulates
these real effects presented in point clouds serving as useful training data to
classify real data or as testing data when real data is not available.

Fig. 2 depicts how the sampled points clouds are processed to generate
the four characterised datasets. Noisy point clouds are derived by Gaussian
noise addition operation which consists in aggregating an offset to each point
position belonging to a real surface. The added noise is modeled by a zero-
average normal distribution with a standard deviation �.

The presence of occlusions in point clouds is a common hardship in real
scenarios due to the appearance of objects between the laser beam and the
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Figure 2: Generation of four types of point clouds according to the perturbations imple-
mented.

target object. To take into account this perturbation, the process of adding
occlusion intends to simulate occlusion effects by using a fast and simple
visibility analysis known as Hidden Point Removal (HPR) which is imple-
mented in the Open3D library. As shown in Fig. 3, four subsets of points
are extracted from the input point cloud Pi on basis of visibility from four
viewpoints. The bounding box enclosing the object BBobj is taken as a refer-
ence to determinate the observation positions. These view points belong to a
plane located dxy meters away from vertical faces of the BBobj and orthogo-
nal to the faces. To determinate view positions, centroids of vertical faces are
projected to the planes and then projected points are vertically shifted by
arbitrarily setting point height to Zoff relative to the bottom of the BBobj.
Finally, occlusion is simulated by discarding a point subset randomly selected
so that the resulting occluded point cloud is composed of the three remaining
point subsets.

The last dataset consists of point clouds characterised by both noise and
occlusion. Thus, this data are the most challenging for object recognition as
shown in Fig. 4 illustrating the processes implemented to generate four types
of point clouds from the same object model.

Once synthetic datasets are created, 3D information provided by point
clouds is exploited to extract object features that can increase classification
performance. Considering that the approach of this work is based on Gestalt
principle, variation of point cloud surfaces can provide useful information to
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