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Abstract. Point clouds of industrial plants are very useful for supporting renovation
planning, production and product design, asset management, and so on. However,
point clouds of an industrial plant contain a large number of components. In order to
utilize point clouds, it is necessary to extract each component from point clouds and
identify its type. In this paper, we discuss methods for identifying component types
in industrial plants using machine learning. In our method, cylinders and planes are
detected from point-clouds and candidate component regions are extracted. Since
point clouds captured using the terrestrial laser scanner can be mapped on the 2D
grid, convolutional neural network (CNN) designed for images can be applied. Three
types of 2D images are generated from point clouds, and they are used for
classification. To increase the numbers of training data, depth images are augmented
using CAD models. In evaluation, nine classifiers were trained and evaluated. By
comparing the nine CNN models, we discuss classifiers suitable for recognizing
components in industrial plants.
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INTRODUCTION

890

In recent years, rapid advances in terrestrial laser scanners have made it easier to acquire dense
point-clouds from large industrial plants. Due to repeated renovations of existing industrial plants,
reliable 3D models or drawings cannot be obtained in most cases. Point clouds are very useful for
obtaining faithful 3D data of current industrial plants, and they can be used for renovation planning,
production and product design support, asset management, and so on.

However, point clouds of an industrial plant contain a large humber of components. Therefore,
in order to utilize point clouds, it is necessary to extract each component from point clouds and
identify its type. Many reverse engineering methods have been developed for generating 3D models
from point-clouds [6],[20]. Although most existing methods require point-clouds without large
missing portions, it is difficult to acquire complete point-clouds of industrial plants unlike measuring
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mechanical parts. Since many components are densely placed in industrial plants and the terrestrial
laser scanners are relatively large, point clouds can be acquired only from limited locations.
Therefore, it is necessary to detect each component in industrial plants from incomplete point-clouds.
Interpolation methods can repair small missing portions [19], but such methods often produce
incorrect shapes from an engineering point of view when interpolating large missing portions.

Various methods have been developed for generating 3D models of industrial components from
incomplete point clouds [1],[8],[10],[11],[22]. For extracting components of industrial plants,
primitive surfaces are typically extracted from point clouds. Many standard components are
commonly used in industrial plants, and they mainly consist of primitive surfaces such as planes,
cylinders, cones, spheres and tori. In most practical reverse engineering systems for industrial plants,
primitive surfaces are limited to planes, cylinders, and spheres, because they have a small number
of degrees of freedom and their parameters can be calculated accurately from partial point clouds.
Standard components with torus or conical surfaces are estimated using industry standards for
connecting pipes [18]. Figure 1(a) shows standard components that could be estimated using
connecting cylindrical pipes [13]. These shapes can be uniquely determined according to the
industrial standards if the radii, axes and end locations of connecting pipes are given. For example,
the torus surface of an elbow can be uniquely determined by the radii of two connecting pipes
according to the industrial standards.

However, this approach cannot handle non-standard components, such as valves and
manometers. In addition, when standard components have some shape variations, this approach
may fail to identify component types. For example, flanges may be composed of multiple plates
connected by shafts, and pipes may be wrapped with thermal insulation. Furthermore, as shown in
Figure 1 (b), when there are multiple interpretations of pipe routes, existing methods may produce
incorrect components.

When component types cannot be identified only from cylindrical and planar surfaces, machine
learning methods are promising, because one of the most common applications of machine learning
is object type recognition. In recent years, deep learning has achieved great success in object
recognition, and it is becoming a commonly used tool in many fields.

Several methods have been proposed for applying deep learning to point clouds [7], [14], [23].
Point-based methods can be mainly categorized into three approaches. One approach is projecting
a point cloud of an object onto 2D planes from various directions, and generating many 2D images
of the object. In this approach, well-trained convolutional neural network (CNN) designed for images
can be applied. However, in cases of incomplete point clouds, correct 2D images can be obtained
only from the scanner position, and therefore, a variety of 2D images cannot be obtained.

In the second approach, 3D voxel structure is generated from point clouds, and CNN is applied

to the 3D array of voxels. However, 3D voxel representation cannot maintain detail shapes of
components. In large industrial plants, there are various sizes of components, and the point density
largely vary according to the distance from the scanner position. Therefore, it is not easy to generate
appropriate voxel structure suitable for recognizing a variety of components.
The third approach is projecting a point cloud onto 1-D lines from many directions using 1-D
convolution and normalization. In recent years, PointNet [2] has been intensively studied as a deep
learning model of unorganized point clouds. This model consists of multiple layers of 1-D convolution,
normalization, and max pooling. Derivative methods of the PointNet model have also been proposed
such as the method combined with 2D images [5] and semantic segmentation methods [3-[4]. We
evaluated PointNet for components in industrial plants, but this model could not achieve good
recognition results in our experiments. This is because an insufficient number of training data can
be obtained and only partial point clouds can be available for components in industrial plants.
Therefore, it is required to develop methods suitable for recognizing components in industrial plants
from point clouds captured using the terrestrial laser scanner.

In this paper, we discuss methods for recognizing components in point clouds using deep
learning. This research aims to solve the following two problems by using machine learning.
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(1) When estimating the types of components from only the detected planes and cylinders, the types
may be incorrectly estimated, as shown in Figure 1 (b). In this research, we aim to improve the
estimation accuracy using features automatically extracted by deep learning.

Figure 1: Component detection using cylinder and plane: (a) Standard components extracted
from cylinders and planes, and (b) Ambiguous pipe routing.

(2) Non-standard components, such as valves and thermometers, are difficult to identify using
existing methods. This paper investigates whether non-standard components can be identified using
machine learning even if planes and cylinders cannot be detected for the component.

Our method is complementary to existing methods. In our method, first, cylinders and planes
are detected from point-clouds and candidate component regions are extracted. For recognizing
component types, three types of images are generated using RGB, intensity, and coordinates, which
are commonly output by terrestrial laser scanners. Since only a small number of training data are
available for some component types, training data are augmented using CAD models of components.
Then, three types of classifies are integrated for identifying component types. In our experiments,
we evaluate nine CNN models including PointNet and discuss methods suitable for recognizing
components in industrial plants.

2 COMPONENTS EXTRACTION

2.1 Detection of Planes and Cylinders

The terrestrial laser scanner emits laser beams, whose directions are determined by the azimuth
angle 9 and the zenith angle ¢, as shown in Figure 2(a). Since the angle intervals are constant, points
can be mapped on the 2D grid defined by 6 and ¢. Therefore, each point-clouds can be converted
into a 2D image. Figure 2(b) is an intensity image in which each pixel represents an intensity value
of a point.

When a point cloud is captured using the terrestrial laser scanner, each point has an intensity
value and an RGB color as well as a coordinate. The intensity value represents the strength of a
returned laser beam. The intensity value is larger for white objects and smaller for black objects. The
intensity value is represented by an integer or a floating-point humber depending on the laser
scanner type. In this paper, the intensity value is normalized to a floating-point number between 0
and 1. RGB colors are captured using a camera built in the laser scanner, and added to points as
attributes in the post process. In this paper, each RGB color is represented by three floating-point
numbers between 0 and 1.

Planes and cylinders can be efficiently detected on the 2D grid using the method proposed by
Masuda, et al. [16-[17]. In this method, a point cloud is segmented into connected graphs by
connecting adjacent points on the grid only if the distance between adjacent points is smaller than a
threshold. The threshold is adaptively determined according to the distance from the laser scanner.
In Figure 3(b), connected graphs are shown in different colors. Planes and cylinders are detected
from each connected graph using the RANSAC method. Since the performance of the RANSAC method
depends on the number of points in each connected graph [21], the connected graph is further
subdivided into smaller ones each time a cylinder or a plane is detected and removed. The detection
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and subdivision are repeated until the number of vertices in a connected graph becomes smaller than
a threshold. Figure 3(c) and (d) show detected planar and cylindrical regions, respectively.

¢ 360 deg

Figure 3: Extraction of planes and cylinders: (a) Point cloud, (b) Segmentation, (c) Planar regions,
and (d) Cylindrical regions.

Figure 4: Regions connecting to cylindrical pipes.

2.2 Detection of Regions Connecting to Cylindrical Pipes

When component types are estimated using connected cylindrical pipes, variations of detectable
component types are limited to the nominal shapes of standard components. In this research, we
extract components connecting to cylindrical pipes and identify their types using machine learning.

There are two problems in extracting component regions. One problem is that components far
from the laser scanner have low point density and high noise levels. In such cases, cylindrical
surfaces may be extracted as planes. The other problem is the cylindrical surface of a pipe may
partly include points on connecting components at the boundaries with other components. In such
cases, points of connecting components are partly missing and object recognition becomes difficult.

In order to solve these problems, we regard unreliable pipes and regions near pipe boundaries as
candidate component regions. Machine learning is applied to candidate component regions. In our
method, a point cloud on the 2D grid is segmented into pipe regions, large planar regions, and
candidate component regions. Since floors, walls, ceilings, plates, or housing boxes of equipment
are composed of large planes, planar regions with a large number of points are removed from
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candidate component regions. When the length of a cylindrical pipe is too small or the radius is too
small or too large, the cylinder may be incorrectly extracted. Such cylindrical regions are removed
from pipes and added to candidate component regions. Points near the boundaries of pipes are also
added to candidate component regions.

In Figure 4, pipe regions are shown in green, planar regions in blue, and candidate component
regions in red. Then, candidate component regions are segmented into connected graphs. The region
of each connected graph is enlarged so that pipe regions are partly included.

Then, machine learning is applied to each connected graph for identifying the component type.
Dimensions of typical components, such as pipes, flanges, tees, and elbows, are specified by the
industry standards. If the 3D shape of a component is determined, equations of planes and cylinders
are refined using the industrial standards. In cases of non-standard components, the component
type is simply added as an attribute to the point-set represented as a connected graph, because it
is difficult to precisely reconstruct the 3D model from partial points.

3 CLASSIFIERS

3.1 Generating Images from Points

Since each connected graph is represented on the 2D grid, CNN for images can be used for
classification. However, since 2D images defined using the azimuth angle 8 and the zenith angle ¢
are distorted, straight lines are represented as curved lines. Distortion is particularly large at the top
and bottom in the 2D grid. As a result, images of the same type of components may be significantly
different depending on their locations. This distortion may prevent correct classification of
components.

To solve this problem, the angle coordinate (8, ¢) is converted to the perspective coordinate (1,)).
Perspective projection maps a point on a unit sphere onto the perspective projection plane, as shown
in Figure 5(a). The perspective plane is defined to be perpendicular to the line connecting the center
of points and the scanner position. By generating images using the perspective projection, the
straightness of lines can be preserved, as shown in Figure 5(b). We note that the 2D image is
generated only from the scanner position because the points of each component are only partially
captured and the adequate silhouette shape can be obtained only from a specific direction.

Since each point has a 3D coordinate, an intensity value, and an RGB color, three types of images
can be generated from point clouds using the perspective projection. We call three images as the
intensity image, RGB image, and depth image. Figure 6 shows RGB and intensity images. The depth
image is generated using the distances from the scanner position. When the distance d is calculated
for each point in a connected graph, the depth value is normalized between 0 and 1, as

(d — dmin)/(dmax — dmin)- The normalization is required for the convergence of CNN.

3.2 Data Augmentation

For training a CNN classifier, a large number of images are required. In this paper, for obtaining
training data, we extract components from point clouds captured from a few industrial plants. To
increase the number of training data, we apply data augmentation to three types of images.

For RGB and intensity images, we can use common techniques for image augmentation. In image
data augmentation, each image can be modified by rotating, scaling, shrinking, changing brightness
values, adding black and white noise, and horizontally flipping. These variations are added to training
data. To augment depth images, we create CAD models of typical components and generate depth
images from the CAD models. Augmentation using CAD models is effective when the number of
components is small, such as tees, valves, and pressure gauges.

For each standard component, a single CAD model is generated. Although each component has
various sizes, similar shapes generate the same normalized depth image. For non-standard
components, we created CAD models of typical template shapes by observing point clouds.
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Figure 6: Generation of RGB and Intensity images from point clouds.
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Figure 7: Augmentation by additional depth images: (a) 3D model, (b) Points on faces, and (c)
Depth images.

A lot of depth images can be generated from a single CAD model by changing the positions and
orientations. In our method, each CAD model is converted into a triangle mesh, and points are
generated randomly on each triangle with a probability proportional to the triangle area. Depth
images are generated by projecting points onto the perspective projection planes. Figure 7 shows
depth images generated from a CAD model.

3.3 Features Extraction and Selection

In our method, RGB images, intensity images, depth images are generated from each connected
graph of points. Depth images are also created from CAD models. Three classifiers can be created
from each type of images. For comparison, another classifier is created for depth images that are
not augmented using CAD models. We call these classifiers as single-input classifiers. We also create
the integrated classifier using all types of images. For comparison, we create the integrated classifier
using PointNet instead of the classifier based on depth images.

Due to the small number of training data, classifiers are trained using transfer learning. We use
VGG16 [12] trained by ImageNet [9] as the base model. The original VGG16 outputs class types
from the final layer, and 1024 features from the fully connected layer immediately before the final
layer. For single-input classifiers, the three fully connected layers in the VGG16 model are replaced
with three unlearned fully connected layers. In transfer learning, the 11th convolutional layer and
subsequent layers are updated using training data.

For creating the integrated classifier, 1024 features are extracted from each single-input
classifier. Then, effective features are selected using the method proposed by Boruta [15]. Finally,
the effective features obtained from three classifiers are concatenated. The class type for each
concatenated feature vector can be identified using the random forest method or CNN with fully-
connected layers. In this paper, we implement the two methods and compare their results.
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4 EXPERIMENTAL RESULTS

To evaluate our method, we extracted points of elbows, flanges, straight pipes, T-shaped pipes,
valves, and pressure gauges, as shown in Figure 8. The number of data of each component is shown
in Table 1. In point clouds for evaluation, the numbers of manometers, tees, and valves were
especially small compared to other components. Then, RGB images, intensity images, and depth
images were created from extracted data. We also created CAD models of components. For three
types of flange shapes, we created three CAD models. Then, depth images were generated using
CAD models. The number of depth images generated from CAD models is shown in Table 1.

For classification, one half of the data were used for training, and the other half were used for
evaluation. The accuracy of classifiers was verified using F-measures, which indicate the accuracy
as the harmonic mean of precision and recall.

We first evaluated single-input classifiers. For comparison, we also evaluated PointNet [2] using
the same point clouds. Table 2 shows the results of single-input classifiers. In this evaluation, the
classifier using depth images enhanced with CAD models has achieved the best score. This result
shows that the use of CAD models has significantly improved the accuracy of tees, valves and
pressure gauges, whose numbers were small. The score of PointNet was the lowest among five
classifiers. F-measures were very low especially when sufficient numbers of training data could not
be obtained. This might be because data augmentation could not be applied to point clouds and the
well-trained learned model was not available for the PointNet model.

In the next experiment, we evaluated the integrated classifiers. Features from three single-input
classifies were concatenated and the component types were identified using the random forest or
CNN with fully-connected layers. Since 3D coordinates were encoded in features extracted from
depth images and PointNet, two types of combinations were evaluated. One is the integration of
features from RGB images, intensity images, and depth images, and the other is the integration of
features from RGB images, intensity images, and PointNet. Table 3 shows the experimental results.
In all cases, the integrated classifiers have achieved better scores than the single-input classifiers.
Among the integrated classifiers, the classifier using depth images was better than the one using
PointNet. Comparing the random forest and CNN with fully-connected layers, the scores were almost
the same. This result means that the integrated classifier can be simply designed as a multi-input
classifier using fully-connected layers.

We also evaluate the effectiveness of feature selection. In our method, features extracted from
CNN models were reduced according to their effectiveness. Table 4 shows the numbers of effective
features extracted from single-input classifiers. Table 5 shows comparison between classification
using all features and classification only using effective features. The result shows that effective
features were effective for improving the recognition scores.

<|< 1L
=\

| e

Elbow Flange Cylinder

Figure 8: Examples of components.

Elbow Flange Straight Tee Valve  Manometer
Point-clouds 171 161 80 21 43 7
Depth Images 120

Tablel: Numbers of Data.
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When applying this method to actual point clouds, it is necessary to consider components that are
not trained for classifiers. We applied our method to points shown in Figure 4. To eliminate unlearned
components, we accepted the recognition result only if the classifier output the result with a
probability of 70% or more. Otherwise, the result was rejected. Figure 9 shows the recognition
results, in which straight pipes, flanges, elbows, and valves are shown in magenta, red, yellow, and
green, respectively. Most component types could be successfully recognized, but some distant
components could not be correctly identified. This result indicates that the classifier requires a
sufficient number of points on each component. In addition, some components could not be correctly
separated in the pre-process for classification. It is future work to develop point-cloud segmentation

methods based on classification.

RGB Intensity Depth Depth (+CAD) PointNet

Elbow 89.8 % 89.8 % 93.8 % 92.0 % 87.8 %
Flange 91.8 % 89.9 % 93.0 % 92.9 % 66.7 %
Straight 93.5 % 95.0 % 92.1 % 95.1 % 77.1 %

Tee 50.0 % 40.0 % 55.6 % 66.7 % 42.9 %

Valve 95.0 % 85.7 % 81.8 % 86.5 % 32.9 %
Manometer 80.0 % 80.0 % 75.0 % 85.7 % 16.7 %
Weighted Average 89.8 % 88.1 % 90.1 % 91.2 % 71.5 %

Table 2: F-measures of the single-input classifiers.

Random Forest CNN with Fully-Connected Layers

RGB RGB RGB RGB

Intensity Intensity Intensity Intensity

Depth(+CAD) PointNet Depth(+CAD) PointNet
Elbow 96.5 93.7 95.9 94.5
Flange 96.3 96.3 97.6 93.8
Straight 96.2 95.1 97.6 96.3
Tee 73.7 46.2 66.7 83.3
Valve 95.0 90.5 91.9 83.3
Manometer 100.0 50.0 100.0 75.0
Weighted Average 95.3 92.0 95.2 92.9

Table 3: F-measures of the integrated classifiers.

RGB Image Intensity Image Depth Image PointNet
All Features 1024 1024 1024 256
Effective features 602 585 589 216

Table 4: Numbers of effective features.

All Features Effective Features
Elbow 95.3 % 96.5 %
Flange 97.5 % 96.3 %
Straight 96.2 % 96.2 %
Tee 60.0 % 73.7 %
Valve 93.0 % 95.0 %
Manometer 100.0 % 100.0 %
Weighted Average 94.6 % 95.3 %

Table 5: F-measures using all features and effective features.
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Figure 9: Classification results: (a) Point cloud, and (b) Classification result.

5 CONCLUSION

In this paper, we proposed methods for identifying components in industrial plants. Since it is difficult
to obtain complete point clouds of industrial plants using the terrestrial laser scanner, we discussed
methods suitable for only partially acquired points of components. We generated an RGB image, an
intensity image, and a depth image from points of each component. The depth images were
augmented using CAD models. We trained single-input classifiers, and created the integrated
classifiers by concatenating features from single-input classifiers. In our experimental results, the
integrated classifier composed of RGB images, intensity images, and augmented depth images was
the best among the nine evaluated classifiers. The classification score using the random forest was
almost the same as that using CNN with fully-connected layers. In future work, we would like to
develop methods for robustly reconstructing 3D models using classification results. We consider
methods based on flexible shape templates. 3D catalogs would be useful for selecting a candidate
from 3D catalogs and fitting it to points. The challenge is to develop a generic method that can be
applied to various types of components. Deep learning could be used for selecting candidates. We
would also like to consider methods to handle low-density components. By unifying several low-
density components, point density might be increased. In addition, since CNN-based methods have
been developed for segmentation, we would like improve segmentation methods for point clouds of
industrial plants.

Kohei Shigeta, https://orcid.org/0000-0002-4136-4199
Hiroshi Masuda, https://orcid.org/0000-0001-9521-6418
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