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ABSTRACT

Smart cities ate interested in using the latest sensing and processing technologies to increase their operational
efficiency. Two cutting-edge technologies, mobile laser scanning (MLS) and deep learning (DL) can be utilized to
serve this goal. On the one hand, as a rapid data acquisition method, mobile laser scanning (MLS) technology
provides highly accurate geometry data in the form of dense point clouds. On the other hand, 3D deep learning
(DL) algorithms operating on point clouds can provide the 3D understanding and answer many questions in
academia and industry. Therefore, in this study, we work at the intersection of MLS and DL to investigate the

quality of urban asset inventory.

The deep learning models are typically designed to work with an equally-distributed dataset, a characteristic that is
naturally absent in an urban scene. Therefore, in most DL methods, underrepresented classes like urban furniture
(such as poles, signs, benches, trashcans, etc.), with less than 1% share in the training and inference dataset, are
considered noise and not segmented properly. To address this issue, a two-step pipeline is proposed and tested.
At first, semantic segmentation provides a coarse prediction of the shape and location of the asset of interest. Then
a more refined segmentation is achieved with part segmentation on the local neighborhood of the detected asset.
The idea is inspired by a previous study showing that part segmentation can propetly decompose isolated pole-like
objects into their constituent parts(Yousefimashhoor, 2022). In this research, we are investigating whether a trained

part segmentation model can be used to improve the semantic segmentation result in a local neighborhood.

To study the feasibility of the proposed pipeline, a pilot class of interest (pole), a state-of-the-art deep learning
algorithm on point clouds (KPConv), and publicly available data for test and training (the NPM3D dataset) are
chosen. The KPConv deep learning model is trained for two tasks, one for the scene semantic segmentation and
the other one for part segmentation on poles’ local neighborhoods. The trained models are used to infer labels
from raw point clouds, and their output is compared to each other within the same spatial extents, once on tile
level and once after inserting the tiles back to the original prediction point cloud, on the scene level. Also, some
method adaptations are investigated to improve the results, such as enlarging the tiles or including intensity values.
Finally, the two models are integrated into one pipeline to simulate the real-world scenario where the input of the

part segmentation task is the output of the semantic segmentation result.

The results show that the on perfect tiles, the best adaptation of our proposed method, can achieve a maximum
of 6.4% improvement in the IoU of pole class at the tile level and improve the result of semantic segmentation of
poles by 1.6% in the whole scene. The qualitative inspection of the results reveals that the part segmentation model
performance for each tile can be different and is dependent mainly on pole topological relation with other classes
(isolated, intersecting, or attaching) and the point density of the tile. The simulation of a real-world scenario on
our proposed pipeline shows that the neighborhood tile selection plays a crucial role in achieving the best result.
With the imperfect tiles extracted based on semantic segmentation results, a minor improvement in recall (around
1%) and a significant decline in precision(around 5%) is achieved, which stems from the bias in training set toward
the object of interest.The limitations of the proposed method, namely, the destructive role of semantic
segmentation errors in escalating false predictions in the part segmentation, the limited contextual information due
to the tile selection, and the model bias towards the pole class leading to a huge false positive rate confirm that the
problem that we have investigated is not easy to solve. There is no clear-cut solution that could work in all
scenarios. In this light, our work helps to clarify the specific approaches that can be viable and the pitfalls that
should be avoided.

Keywords: Deep Learning, point cloud, urban asset management, pole-like objects, mobile laser scanning (MLS),

semantics segmentation, part segmentation, class imbalance
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SEMANTIC SEGMENTATION OF MLS POINT CLOUDS AND THE FEASIBILITY OF IMPROVING IT BY PART-SEGMENTING SELECTED INSTANCES

1. INTRODUCTION

11.  Background

Cities want to become smarter by using technological innovations, such as extracting useful information about
the urban environment to help them in the decision-making process. One of the main concerns of contemporary
urban management is the maintenance of the existing urban assets. An inventory describing the location, geometric
information, condition, and type of the existing assets is crucial for the effective maintenance of the assets(Landa
& Prochazka, 2014; Sairam et al., 2016). Formerly, the detection and evaluation of urban assets were done manually
by specialist operators. However, due to the labor-intensive and time-consuming procedure of the field survey and
the subjectivity of the results, automated methods have become more popular (Landa & Prochazka, 2014; Y. Li et
al., 2020; Peraka & Biligiri, 2020; Sairam et al., 2016).

Automation has entered the asset detection process in both data acquisition and data processing phases. With the
advancement of sensing technology, 2D and 3D mobile mapping systems have become more available and
affordable over time(Guo et al., 2020). For automation of urban asset inventory, image analysis methods and
machine learning algorithms have been utilized widely (Ma et al., 2018) because of the low computational effort
required to work with structured 2D datasets. However, using RGB images has some limitations. The performance
of the trained models is easily affected by the shadows or insufficient contrast (X. Chen et al., 2021). Moreover,
inferring 3D coordinates from 2D images is prone to have more error than doing so from a LIDAR acquired point

cloud.

Companies and governmental organizations are becoming increasingly interested in using mobile laser scanning
(MLS) 3D point clouds for urban asset monitoring and autonomous driving applications instead or in combination
with RGB images. The first competency of point clouds over other data types is its measurement quality. MLS
point clouds contain more accurate shape, scale, and geometry information, higher point density, and large spatial
coverage. Operational considerations such as independence from environmental and lighting conditions,
acquisition safety, low acquisition time, cost-efficiency, and less traffic disruption are other plus points of using
point cloud for urban asset monitoring applications (Guo et al., 2020; Karlsson, 2014; H. T. Li et al., 2021).

However, processing a 3D point cloud of road networks has its own challenges. The irregularity of the dataset, the
high dimensionality (Guo et al., 2020), the permutation invariance, and the distance-dependent sparsity (He et al.,
2020; Milioto et al., 2020) in the scene have prevented the traditional algorithms to be able to provide a semantic
understanding of the urban scene. Traditional approaches! could only segment the point clouds without assigning
any meaningful labels to the cluster (Grilli et al., 2017; Xie et al., 2020). The traditional approaches used handcrafted
features (like surface normals, curvature, surface orientation, color information, point reflectance, etc,.) or prior
knowledge to segment the point cloud (Grilli et al., 2017; Zhang et al., 2019) and usually required parameter fine-
tuning which was not straightforward (Zhang et al., 2019).

Later, the early machine learning approaches successfully integrated segmentation and classification of points in a
single pipeline by following the workflow illustrated in figure 1. In the first step, with the motivation of extracting

! Traditional approaches such as region growing, model fitting, edge-based segmentation, or machine learning approaches
like k-mean clustering, mean shift and hierarchical clustering (Zhang et al., 2019)
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3D structure, a neighborhood is defined around each point, and then mathematical solutions are used to extract
features to characterize each neighborhood. Handcrafted geometric (like local dimensionality and height values)
or radiometric features associated with neighborhoods were extracted in this step. In Some cases, the 2D projection
of a neighborhood on a vertical and horizontal plane was also investigated to generate useful
information(Weinmann et al., 2013). In the third step, The main concern was to choose the most informative
feature for separating classes. Some features would be selected based on the properties of the class of interest,
while some would be filtered because of their correlation with other features. Sometimes an algorithm (like
Random Forest) was able to distinguish the features with high information gain and prioritize them, but in other
cases, the best features were selected by trial and error (Weinmann et al., 2015). Finally, a classifier like SVM would
be used to generate interpretable results per point either by considering only the feature vector of the particular
point ot by also considering the feature vector of its neighboring points due to their spatial correlation(Weinmann
et al., 2015). The described workflow still requires handcrafting features and involves high human intervention and
could not deal properly with the huge amount of 3D data captured from an outdoor scene (Peraka & Biligiri, 2020).

3D Point ‘ Neighborhood ‘ Feature ‘ Feature » Supervised » Labeled
Cloud Selection Extraction Selection Classification 3D Point Cloud

Figure 1- 3D scene analysis workflow (Weinmann et al, 2015)

Lately, The advancement in the computer vision and artificial intelligence domain and the ability of deep learning
models to handle a huge amount of data and extract high-level features to distinguish classes have led deep learning
methods to gain significant attention among scholars for the 3D scene understanding tasks(Liu et al., 2019; Shinde
& Shah, 2018; Zhang et al., 2019). This research also uses deep learning techniques for the semantic segmentation
task in both scene and cropped tile level.

Although deep learning (DL) methods show promising results, improving the performance of these models is still
an open topic in this domain. One of the main classic yet underresearched (Chen et al., 2021) challenges even for
the state-of-the-art algorithms trained with high-quality training data is the low performance of the DL models on
the minority classes?. Due to the high frequency, prediction error for the majority classes? dominates the weights
updating process (Bellinger et al., 2020). As a typical DL model assumes that the dataset has a balanced (or
moderately imbalance) distribution over all the classes and since it is designed to achieve the maximum overall
accuracy, the minority classes will be considered noise and ignored to benefit the majority class predictions(Y.
Chen et al,, 2021; Dong et al., 2019). This is precisely the problem we study in this thesis. Our main focus will be

on improving the prediction performance of these minority classes in semantic segmentation tasks.

2 By ‘minority class’ we mean those classes that are rare and underrepresented in the dataset. The share of
representative points belonging to the minority class in the whole dataset is highly insignificant.

3 By ‘majority class’ we mean the classes that is frequent and overtepresented in the dataset. The share of representing
points belonging to the majority class has a huge gap with the rest of the classes.
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1.2.  Problem Statement

The translation of this problem in the context of urban asset management is as follows. Urban management bodies
and all the parties involved in public space maintenance are interested in an updated inventory of the location,
geometry, and condition of urban assets. Deep learning methods for semantics segmentation on the updated
mobile laser scanning data can provide a fast baseline prediction. However, many categories of urban assets (such
as poles, trashcans, benches, etc.) are minority classes in an urban outdoor scene, where most of the points belong
to the building and ground class (Bloembergen & Eijgenstein, 2021). Therefore, the deep learning algorithms
usually fail to segment these objects cortectly in the point cloud. The urban assets' geometry is not always fully

captured. Instead, they are being confused partly or entirely with other classes.

Since an asset inventory requires accurate details about the shape of the asset, this research aims to study the
possibility of achieving a better semantic segmentation prediction for the urban assets using an additional part
segmentation step. The main idea is to use the initial semantic segmentation predictions to spot the locations of
the minority class of interest, crop a neighborhood around those spots, and test whether a trained part
segmentation algorithm can assign more accurate labels to the points inside the crop. This experiment is motivated
by previous work (Yousefimashhoor, 2022) on high-quality and manually labeled pole data belonging to the
Gemeente Amsterdam, that shows the (IKPConv) deep learning algorithm is capable of decomposing the pole-like
objects to their constituent part(figure 2) with a mloU of 84%. A similar idea is tested on an imperfect real-world
data in this research, and it is assumed that since the class distribution in the crops is more balanced (or moderately
imbalance in favor of our class of interest) compared to the whole scene, it will lead to less confusion between the

minority and majority classes and improves the overall semantic segmentation results.

Point Cloud of an Isolated Pole Ground Truth Part-Segmentation Prediction

Public Transport Sign

Figure 2 - Part segmentation on isolated pole-like objects nsing KPConv algorithm

Among all the minority classes, this research is focused on pole-like objects for four reasons.

1) They can be locally spotted because they are not extended objects with large neighborhoods, and it is
assumed that the part segmentation task can handle its extent.

2) They have a variety of possible shapes that might be confusing for the model, and it is interesting to
investigate how the proposed pipeline performs in each instance.

3) Some poles have intersections with the class natural (e.g., trees). Furthermore, there is a class similarity
between the poles and some building parts or the tree trunk. It is interesting to investigate whether the
proposed pipeline can deal with such hard cases.

4) Pole-like objects are important urban assets as they carry multiple attachments and are crucial to traffic

flow guidance and safety matters.
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1.3.  Research objectives and questions

The main objective of this research is to test whether it is feasible to improve the semantic segmentation results
using the part segmentation task in the neighborhood around the pole-like objects in imperfect data. The
research aims to design a pipeline to optimize the part segmentation task to achieve the best result for the pole

class by doing the part segmentation. The sub-objectives of this research are as follows:

1. Sub-objective (1): To select and train a semantic segmentation model and investigate the results on the test
MLS point cloud using a deep learning algorithm
1.1. What are the challenges of the prediction in the scene semantic segmentation step? And why are they
happening?
1.2. How good is the prediction for the class pole? What challenges should be overcome in the part

segmentation step?

2. Sub-objective (2): To train the part segmentation model with cropped tiles of the scene and investigate its
performance.
2.1. How does the part segmentation step influence the initial result? What parameters can affect the
effectiveness of the part segmentation step?
2.2. What are the limitations of the part segmentation on tiles?

2.3. Is there any preprocessing or postprocessing step that could improve the outcome?

3. Sub-objective (3): To integrate the semantic segmentation and part segmentation into one pipeline
3.1. What other complexities emerge when the two methods are integrated together?
3.2. How will the results get affected by this?

Novelty

It is of great interest to investigate whether the acquired MLS point clouds could directly be used for a combination
of scene segmentation and part segmentation. The novelty of this research lies in combining the semantic
segmentation and part segmentation results of selected crops from the scene to improve the final segmentation
result. Several initiatives (such as different sampling methods, data augmentation, or modifying loss calculation)
have been tested to reduce the class imbalance effect on the final prediction and enhance the results for the
minority classes. However, to the best of our knowledge, no one has tested tackling this issue by cropping the

scene around the object of interest.

1.4.  Thesis Structure

The remainder of this thesis is structured in five chapters. In the next chapter, the related literature is being
reviewed. In the third chapter is the description of the NPM3D data. Chapter (4) is about the research
methodology. It explains the motivation and method related to each experiment. The results are reported in the
fifth chapter, and the analytical discussions around them are presented. In the final chapter, the conclusion,
including the answer to the research questions, contributions and limitations of the research, and future work, are

mentioned in summary.
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2. LITERATURE REVIEW

21.  Semantic Segmentation

Scene Semantic segmentation or scene labeling is one of the crucial steps in 3D scene understanding (Yu et al.,
2015; Zhang et al., 2019). This process aims to group points based on a shared geometrical or radiometric
characteristic, classify each group of points and assign meaningful labels to the points belonging to each group
(Grilli et al., 2017; Zhang et al., 2019). Similar to what is illustrated in figure 3, the final product of the semantic
segmentation task is a colored point cloud where a color is assigned to each class to distinguish objects in the

scene.

Unclassified
B Ground
I Building
Pole
Bollard
Trash can
Barrier
Pedestrian
Car
I Natural

1111

Figure 3 - Semantic Segmentation of a point cloud (adopted from NPM3D dataset)

2.2.  Part Segmentation

Part segmentation also involves assigning semantics to each point, but the task is done on the object level. The
ultimate goal is to decompose the object of interest into its constituent parts(Boulch, 2020). The main challenge
lies in the variety of geometric shapes describing a single part and the unknown number of a particular part in an
object instance (Guo et al., 2020). As shown in the figure below, the 'chait’ class encompasses a vatiety of instances,
each of which has a different number of parts. Some parts are absent in some tiles. For example, a chair might

have or not have arms. Also, a single part, like the back of the seat, is in various shapes.

Figure 4 - Part Segmentation of isolated objects (adopted from ShapeNetPart dataset)

Deep learning (DL) algorithms have recently been widely used to perform the tasks above. Since both tasks are
concerned with segmentation and point classification, a single DL algorithm can be used with minor modifications
to handle both problems.
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2.3.  Deep learning algorithms on point clouds

Deep learning methods on point clouds have been categorized mainly based on the input format of the data
ingested into the model(Guo et al., 2020; Xie et al., 2020), and can be generally divided into indirect and direct
methods(Zhang et al., 2019). In the indirect methods, the irregular structute of the point cloud is transformed into
a structured data format, while in the direct methods, the model can accept the points as the input and process

them directly.

2.3.1. Indirect Methods

The unstructured data of point clouds, the high dimensionality (Guo et al, 2020), and the point density
variance(He et al., 2020; Milioto et al., 2020) in the scene have led the scholars to begin with intermediate
representations of the 3D dataset. The first attempts to overcome these challenges include running deep learning
algorithms on projections of 3d datasets on 2D images (Multi-view based or projection-based methods) or
voxelizing the data in a 3D grid (Voxel-based methods or Discretization-Based)(Guo et al., 2020; Qi et al., 2010).
These methods aim to reduce irregularities of point clouds and make it easier to define a convolution operation.
These methods extract the aggregated features from the spatial neighborhood(Lu & Shi, 2020) The prediction
results are being back-projected to the original point cloud in the final step. The eatly approaches' disadvantage is
the inevitable elimination of information loss and details(Lazarek & Pryczek, 2018). Particulatly, the projection-
based method cannot deal with occlusion and point density variation in semantic segmentation tasks (Thomas et

al., 2019). Also, the computational cost in voxelization methods grows exponentially by increasing the resolution
(Guo et al., 2020).

Figure 5 - Indirect Deep Learning Methods on Point Clounds (Bello et al. 2020)

23.2. Direct Methods
The more recent approaches consume the points directly. The point-based methods can be categorized as follows:
1) Multilayer Perceptron (MLP)-based / PointNet-based: The eatly network proposed to label

individual points (Qi et al., 2016)uses a shared MLP to label 3D data. The spatial encoding of individual
points is given to the network as an input. The network will aggregate the input to create a global point
cloud signature (max pooling) and predict based on it (Qi et al., 2017; Thomas et al., 2019). This method
could deal with the inherent unstructured format of the raw point cloud (Chen et al., 2021). However, the
points are labeled without considering their local geometry, spatial distribution, or interaction with their
neighboring points, which leads to a noisy prediction (Guo et al., 2020).
The following approaches are proposed to capture and include the spatial structure of neighboring points
or homogeneous regions in the prediction pipeline(Chen et al., 2021).

2) Approaches using Local Structure Modelling: The initial step to capturing the local structure is to
define the local neighborhood. The common pipeline for extracting neighborhoods starts from sampling.
A number of points are chosen using random point sampling (RPS), farthest point sampling (FPS), or
uniform sampling methods in the cloud(Bello et al., 2020). Then, in the grouping phase, methods such as




SEMANTIC SEGMENTATION OF MLS POINT CLOUDS AND THE FEASIBILITY OF IMPROVING IT BY PART-SEGMENTING SELECTED INSTANCES

K-nearest neighboring points, ball query* (Qi et al., 2017), and K-d tree> (Klokov & Lempitsky, 2017)can
be adopted to define neighborhood members. After generating the neighborhoods, there are two strategies
to follow to map each group of points to a representative vector for their local structure:

a) Neighborhood Feature Pooling: In this strategy a local feature is extracted by summarizing the
features of points in the local region using a max-pooling function while the correlation between the
neighboring points is ignored (Bello et al., 2020). For instance, in PointNet++, overlapping local
neighborhoods are defined, and the local features are extracted from each neighborhood. Then the
neighborhoods are grouped with their adjacent neighborhoods if they have similar features(Qi et al.,
2017). The generated regions are the input of the higher layers. The region's vectors ate then fed to
MLP as input, and the predictions are generated for each receptive field (region) and further
interpolated to achieve per-point predictions ( figure 6).

skip link concatenation

unit unit

sampling& *  pointnet ~ sampling & pointnet interpolate _ interpolate
grouping grouping pointnet pointnet
\ 7\ J
N Y
set abstraction set abstraction

Figure 6 - PointINet ++ feature learning architecture (Qi et al., 2017b)

Also, in some convolutional networks(Hua et al., 2018), each point is convolved using a kernel
without any sampling. The kernel is placed on each point and points located inside the kernel are
considered neighboring points which are influencing the convolution result in the given

location(figure 7).

On-the-fly neighboring points
definition and assigning to kernel cells

3D Neighboring points 3D Discrete Convolution

Figure 7 - Point convolution using kernels (Hua et al., 2018 and Guo et al., 2020)

b) Extracting local correlation: Exploring the relation between the points in a receptive field
improves the discriminative capability of the model (Bello et al, 2020). To capture the spatial

4 points located in a spherical neighborhood (within the distance x from the chosen points) are selected..
5 Fracturing space into a binary tree structure using median (hyperplane) of the coordinate values (along the axis
with the highest range) and repeat the same procedure for the generated splits (half-spaces).
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layout/distribution of the local neighborhood, multiple strategies are used. For example, In
PointCNN (Y. Li et al., 2018), for each neighborhood, the neighborhood coordinates are redefined
in a local coordinate system using X-transformation where the origin is set to the representative
point. As itis illustrated in figure 8, The relative coordinates of the points are included in the region's
feature vector using an MLP(Y. Li et al., 2018).
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Figure 8 - Exctracting local correlation in PointCNN (Li et al., 2018)

The graph-based methods are developed to capture the local geometric structure(Guo et al.,
2020). DGCNN¢ (Wang et al., 2019) produces a graph structure in any given neighborhood. The
EdgeConv layer generates edge features and describes the relation between the centroid and its
neighboring points. The graph is updated in each layer. Since in this algorithm, the focus is on
applying a filter to the edges instead of points, the algorithm is able to combine features on a local
surface patch while it is unable to capture the deformation of patches(Thomas et al., 2019).
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Figure 9 - EdgeConv operation in DGCNN architecture (Wang et al., 2019)

24.  Kernel Point Convolution

This subsection will elaborate on the main concepts behind the algorithm's design. Kernel-point convolution, or
KPConv(Thomas et al., 2019), is a deep learning algorithm operating on 3D point clouds. The algorithm's design
is motivated by the concept of having a regular grid for convolution in 2D image processing. The kernel in this
method is a spherical neighborhood with a predefined radius containing a specified number of points on its surface.
The arrangement of points on the sphere surface is regular and predefined in the rigid form of KPConv, while in
the deformable version of KPConv, the arrangement is learned to fit the local geometry of scene objects.

Each kernel point has a learned weight and an area of influence based on Euclidean space and expressed by a
cotrelation function (Thomas et al., 2019). The main assumption is the point cloud's spatial localization propetty,

¢ Dynamic Graph Convolutional Neural Network
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which allows a spatial kernel to influence a local neighborhood of each point and abstract the neighborhood
features.

To create input for the next layer of the network, The kernel (sphere) center is located on each point in the point
cloud. The surrounding points that fell into this neighborhood are considered neighboring points(figure 10a). For
each of the neighboring points, a kernel function would be
calculated considering its distance from all the kernel points
and the learned weights of the kernel points (figure 10b).
Each neighboring point influences more from the closest
kernel points compared to the farther ones. The calculated
kernel function for each neighbor will multiply by its feature

matrix and generate a new feature with a lower dimension to
describe the center point and its neighborhood as the input (a) 3D neighboring points  (b) 3D continuous convolution

to the next layer in the network.
Figure 10 - Continnons Convolution (Guo et al., 2020)

A more detailed mathematical explanation of the algorithm is given below. Equation (1) explains the convolution
process. For each point in the neighborhood (points located inside the sphere), a relative position to the central
point is calculated and given to the kernel function (g). The feature of each point is multiplied by the result of the

kernel function and summed up.

(Fro)@) = Y gla—2)f; gnton )
x; EN
The kernel function(g) is defined per neighboring point and is calculated using equation (2). The learned weight
for each kernel point is multiplied by the correlation function (h) between each kernel point (k) and the neighboring
point and summed up. Equation (2) implies that all kernel points influence all neighboring points but with different

intensities based on their spatial correlation.

g(yz) = Z h, (yi’ -/}Ek) I’Vk Egnation (2)
k<K

The correlation function (h) is a function that is calculated per neighboring point (yi) and per kernel point (xx)

using their relative position in Euclidean space as follows:

Yi — aﬁ‘:k || ) Equation (3)

h (yi, Tx) = max (0, 1
a

Where o hyperparameter is the influence distance and is chosen considering the point density (Thomas et al., 2019).
The h function creates numbers close to one if the kernel point and the neighboring point are close to one another
and generates values close to 0 if they are far away.

The KPConv algorithm can be used for semantic segmentation, classification, and part-segmentation tasks. The
semantic segmentation task is used for segmenting and assigning meaningtul labels to a whole indoor or outdoor
scene. The classification task is used for isolated exclusive object classes that can be fully separated from one
another (like a lamp vs. an airplane). The part segmentation task is for isolated individual objects with a known
number of parts. The objective of this task is to divide the point cloud of the object into its constituent parts.
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2.,5.  Battling class imbalance

In general, there are three methods to deal with an imbalanced dataset in the deep learning domain to reduce the
model bias toward the majority classes and improve the prediction for the minority classes (Krawczyk, 2010) :

2.5.1. Data-level methods

The training data has a crucial role in the predictive performance of any deep learning algorithm. The poor
performance of DL algorithms lies strongly in the distribution of classes in the training set. That is why in the data-
based methods, the share of classes in the dataset is being modified with a number of initiatives(Johnson &
Khoshgoftaar, 2019) The training set can be balanced by subsampling” the majority classes or oversampling® the
minority classes, or both using various sampling methods(Lin & Nguyen, 2020). With increasing the number of
records for the minority classes in oversampling strategy, the required computational effort will increase, and
consequently, the training speed will be reduced(Johnson & Khoshgoftaar, 2019) Also, they can bring significant
improvement for datasets with slight imbalance. Repeating the records in the oversampling strategy can easily lead
to overfitting(Griffiths & Boehm, 2019). Undersampling can result in the loss of useful information. Both sampling
methods will change the local point density and local structure of the point cloud (Boogaard, 2022).

Augmentation of selected patches mainly consisting of medium and minority classes is also tested as a solution to
skewed data distribution (Griffiths & Boehm, 2019; Poliyapram et al., 2019). Furthermore, generating synthetic
data is another way of increasing the frequency of the minority classes in the dataset; however, not only generating
synthetic data can be time-consuming and labor-intensive, the class imbalance usually will remain in the simulated
data (Synthcity: Griffith and Boechms, 2019). Also, in a study (Sander, 2020),class aggregation (like merging similar
classes of trucks and cars) can be used for class imbalance correction (Sander, 2020).

2.5.2. Algorithm-level methods

This approach addresses the class imbalance during the training phase (Boogaard et al., 2022). Since the learning
happens by computing the error (loss) between the model prediction and the ground truth, the scholars have
adjusted the loss calculation methods in a way that the algorithm receives an additional award if it generates a
correct prediction for the minority class (Lin & Nguyen, 2020). The weighted cross-entropy and focal loss are two
common methods to implement cost-sensitive learning. In the weighted cross-entropy method, a higher weight is
assigned to the minority classes in the calculation of the loss function, and the weights for the majority classes are
decreased. In the focal loss, the same idea is pursued, but the weights are proportionate to the inverse of the class
share in the dataset(Boogaard et al., 2022). The main drawback for the cost-sensitive processes in determining the
weights belonging to each class in the loss function. It is costly and not straightforward for large datasets with
multiple features and is highly problem-specific (Dong et al., 2019; Johnson & Khoshgoftaar, 2019). Also, the
complexity of the loss function can reduce the training speed(Lin & Nguyen, 2020). Incremental transfer learning
is another proposed method to prevent the majority classes from dominating the gradient. In this pipeline, classes
are being represented to the machine step by step, starting from the least represented class. In each iteration, the
next remaining minority class will be added to the scene, and the pipeline finishes by introducing the first majority
class to the network.

2.5.3. Hybrid methods

The hybrid methods benefit from the combination of data-level and algorithm-level strategies.

7 reducing or removing the number of records
8 repeating or interpolating records

10
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3. DATA

3.1.  The MLS dataset: NPM3D

This project uses the Paris-Lille-3D (NPM3D) dataset as a
publicly available benchmark dataset. The dataset is captured in
two cities of, Paris and Lille, in 2018, with a Velodyne HDI.-32¢
sensor. The total amount of points captured from 1940 meters is
143.1 million. The point cloud is registered and has been labeled
point-wise manually. The point density of the point cloud is
between 1000 to 2000 points per square meter. We set our baseline
on the point cloud labeled with ten classes. The statistics about

the classes can be found in table 1.

Table 1- Point and label count per point clond in NPM3D dataset

® Unlabeled = Ground ® Building Pole m Bollards

®Trashcan mBarriers ® Pedestrians m Cars = Natural

Figure 11 - Share of Classes in NPM3D Dataset

Uabeled Ground Building Pole Bollards Trash can Barriers Pedestrians Cars Natural
Lille1_1 199627 17462868 7422179 167122 7735 67074 1210528 16290 1291186 | 2188821
Lille1_2 270626 17463872 9450594 185901 22355 85451 397685 7328 852111 1279065
Lille2 179841 12042099 7193259 109906 7298 115885 54818 11233 770451 917631
Paris 992204 18106481 8948787 193167 24327 28113 2389916 137281 1298547 | 6213720
Sum 1642298 65075320 33014819 656096 61715 296523 4052947 172132 4212295 | 10599237
Percentage 1% 54% 28% 1% <<1% <<1% 3% <<1% 4% 9%

As it is illustrated in figure 11, there is a huge class imbalance between the classes in this dataset. More than half
of the points represent the "Ground", and almost 30% of the point represent the "Building." The "Natural"

class has the third-highest point count with less than 10% share, and the rest of the classes constitute less than
10% of the whole dataset in total. As it is indicated in the table below, the total number of points representing
pole-like objects consists only 0.004% of the whole dataset. The point coordinates (x,y,z) and reflectance (intensity
of unit8) are stored for each point in the cloud. In this dataset, pole-like objects are classified as static objects with
representation as a point on a map (punctual). Poles with higher than 1-meter height are labeled as posts and lower
than 1-meter height as bollards. The list of available pole-like objects can be seen in the table below.

Table 2 - Pole like objects type and distribution in NPM3D dataset

Lillel Lille2 Paris Total
Class ID

#instances | #points | Hinstances #points #instances | #Hpoints | Hinstances | #Hpoints

Traffic light | 302020500 14 25.82k 11 27.41k 16 80.76k 41 133.10

Traffic Sign | 302020600 82 113.6k 39 69.89k 17 30.75k 138 214.3

Sign board 302020700 20 68.34k 12 43.14k 3 13.41k 35 124.9
Bollards 302020300 122 34.80k 64 7.982k 84 28.33k 270 71.10k
Posts 302020200 9 13.51k 0 0 0 0 9 13.51k
Total - 247 256.1k 126 148.422Kk 120 153.25 493 556.91k
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4. METHODOLOGY

The proposed two-step process (figure 12) begins with labeling the raw point cloud of the whole scene using
trained KPConv model for the semantic segmentation task. This step provides information about the approximate
location of the poles, where a neighborhood can be defined around the objects of interest. In the next phase, each
tile is considered an instance of a similar object that can be decomposed to its constituent parts using the part
segmentation. An intermediate step of extracting pole neighborhood is required to limit the input extent to be fed
into part segmentation trained model because the part segmentation task is shown to be capable of handling
isolated objects. Therefore, the pole points are clustered and cropped from the scene with their adjacent area into
tiles. The tiles describing pole neighborhoods are then fed to a trained KPConv, without any provided labeles, for
the part segmentation task to generate a secondary prediction per tile. Assessing the quality of the tile predictions
is the main concern of this study. As the final step, the tile predictions are inserted back into the scene. It is assumed
that replacing the initial prediction from the semantic segmentation with their corresponding tile predictions will
improve the final semantic segmentation result. A more intuitive illustration of the pipeline is illustrated in figure
13.

Pole
Neighborhood
(Tile)

raw
point cloud

(Unlabelled)

Neighborhood

N Part Segmentation
Extraction

Semantic Segmentation

Labelled Point

Cloud (Scene) Labelled Tiles

Replacing Tiles
Prediction in the

scene

Final
Prediction

Figure 12 - An overall view to the methodology
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Unlabeled Point Cloud

1= KPConv Semantic Segmentation trained model
Individual pole tiles from Prediction of the tile after
Predicted Scene l the predicted scene part-segmentation

2. Crop pole clusters and their surrounding

3 KPConv Part-Segmentation trained model

4. - Replacing the final predicted tile with its initial prediction in the scene

Figure 13 - Intuitive understanding of the methodology

For testing this idea, the KPConv state-of-the-art deep learning algorithm has been chosen to do both
segmentation tasks, and the publicly available dataset of the NPM3D captured from urban scenes in France is used

as the labeled set. The structure of this chapter matches the main step of the pipeline shown above and are as
follows:

1- The Algorithm: KPConv
2- semantic segmentation
4- part segmentation

5- integration of two steps
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41.  The Algorithm: KPConv

The deep learning algorithm used for 3D semantic segmentation and part segmentation in this research is KPConv.
The motivations behind choosing the KPConv algorithm are:

1) KPConv is the state-of-the-art semantic segmentation algorithm that has influenced many scholars in this
domain. The KPConv paper was published in 2019 and has 566 citations. Many papers afterward propose
modifications and optimizations for KPConv as they find this solution promising,.

2) KPConv is one of the algorithms on the leaderboard of our chosen benchmark dataset (Paris-Lille-3D).
At the beginning of this project, KPConv was ranked 4th on the NPM3D leaderboard. However, it was
the first algorithm with publicly available, trusted, and well-supported code in the list.

3) The KPConv code is publicly available on GitHub. It has a well-documented code and descriptions. Also,
the folder has 114 forks and 533 stars and the author is responsive and provides active support for the
code issues.

4) This algorithm has been tested on several benchmark datasets and achieved acceptable results. Prior to
this research, the algorithm was debugged and tested on a custom labeled dataset provided by Amsterdam
municipality, and it generated promising results for the part segmentation of pole-like objects.

KPConv Architecture for Scene and Part Segmentation: The network architecture for both semantic
segmentation task and part segmentation task is the same (KP-FCNN?Y) and is illustrated in the figure 14 . As it
can be seen, a flat input containing the points and their corresponding feature(s) is fed to the algorithm. The grid
subsampling strategy is used to create a harmonious point density in the point cloud, which makes the network
flexible to deal with various point densities. An important hyperparameter is the 'first subsamping distance', which
is the first size used for grid subsampling and it is set based on the point spacing in the point cloud. In each
decoding step the number of points is reduced while the subsampling distance and consequently the receptive field
area are increased (red balls). In other words, the kernel radius is also updating and enlarging at the same time
proportionate to the subsampling distance(Thomas et al.,, 2019). In the encoding phase, the points are upsampled
using the nearest upsampling layer, skip links, and MLP. The ResNet architecture is used to create skip links
between encoding layers and the output of decoding layers. The output from the intermediate decoder layer is
concatenated with the output of upsampling layers and processed with a shared MLP (unatry or 1conv layer) to get
the pointwise features(Thomas, 2020; Thomas et al., 2019).In the part segmentation model a single network is
trained with multiple heads to distinguish parts of the objects. The point cloud is smaller and multiple instances
can be processed simultaneously (Thomas et al., 2019). For the semantic segmentation task the point cloud is large
and it cannot be processed at once. Therefore, a KDTree is built to process the point cloud.
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Figure 14 - KPConv Architecture

9 Kernel Point Fully Convolutional Neural Network
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As reported in the main paper, for the easier task of object classification rigid form of KPConv is used while for a
more complex task like scene semantic segmentation or part segmentation or on large and diverse datasets, the
deform version performs better(Thomas et al, 2019). As it can be seen in the table 3, the deformable kernels
achieve higher mIoU on the NPM3D dataset by 3.5%. Therefore, in this project the same network architecture is
used. The deformabale kernels are learned using two regularization losses: 1) with the fitting regularization loss,
calculated after a local shift in the kernel point positions, the kernel points can capture the local geometry, and 2)
by repulsive regularization loss, it is guaranteed that kernel points have acceptable distribution and are not
concentrated in one point. (guarantee the best spatial coverage)

Table 3 - KPConv rigid and deformable performance on NPM3D dataset (adopted from Thomas et al., 2019)

methods Semantic Segmentation on
NPM3D dataset
mloU

KPConv rigid 72.3%

KPCon deformable 75.9%

42.  Semantic Segmentation

Motivation: As the initial step, the KPConv algorithm for the scene semantic segmentation is trained and tested
with its default parameters on the 10-class Paris-Lille-3D dataset. This experiment is to reproduce the KPConv
published paper result and ensure the code runs smoothly. Furthermore, this initial result can be considered a
baseline to determine the success or failure of the further experiments. Also, the predictions of semantic
segmentation on the class of interest, pole, can provide an insight into the deficiencies that crop segmentation

needs to resolve.

Data Preparation: The default data handling of the KPConv algorithm for this benchmark dataset includes
considering the Lillel_2 as the validation set and the rest of the labeled clouds as the training set. The test set is a
collection of three unlabelled point clouds. The output of the testing phase is the prediction point cloud which
contains the probabilities of each point belonging to each class. The output is interesting for the visual
interpretation of the results. However, no quantitative evaluation metric can be obtained from the testing phase
because of the missing ground truth. Without knowing the correct prediction for each point, it is difficult to get a
clear picture of the results and compare the outcome of different experiments.

Therefore, the main data preparation step for the semantic segmentation task is data partitioning to reach a finer
split of the labeled set. Therefore, each point cloud is cut into two halves, generating eight clouds out of the default
four. Then five of the clouds were used for the training phase, one for validation and two for testing. With the
new split, 64% of labeled points are used for training, 13% for validation, and 23% for testing.

Processing: The hyper parameters setting in this experiment is preserved as the author has suggested and claimed
to be optimized to create a more comparable result with the published results.

Evaluation: The same evaluation metrics (IoU and mloU) cited in the paper is used to compare the achieved

and the claimed results.
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4.3.  Part Segmentation

By 'Part Segmentation,’ we mean using the KPConv code for the part segmentation task to generate predictions
for the cropped tiles. Therefore, in this work, we use the terms' part segmentation' and 'crop segmentation'
interchangeably.

Motivation: The main assumption is that the part segmentation model can consider each tile as an instance of an
object and segment it into the given ten classes. The main motivation is to see how the predictions in the same tile
will be modified after the part segmentation and check whether it is improving. The main rationale behind
generating smaller tiles is to improve the model's performance for the minority class of interest (pole) by reducing
the class imbalance. The better segmentation results on the minority class of interest, pole, would also improve the
predictions for majority classes by reducing the confusion between the minority and the majority classes.
Therefore, the initial assumption is that a finer prediction stage would improve the overall result of the semantic
segmentation.

Data Preprocessing: The data preparation for the part-segmentation task is done in two consecutive phases
illustrated in figure 15 The motivation behind the first phase is to extract the neighborhood of individual poles
with which the part-segmentation model is going to be trained and tested. The second phase of data preparation
is mainly focused on normalizing the data values per tile to make the learning process smoother for the algorithm

and prepare the data to be readable for the part segmentation code.
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(urban scene labeled point-wise)
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Figure 15 - Part Segmentation Data Processing Workflow
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(A) Neighborhood extraction: In the first step, the same data partition!? as the semantic segmentation phase is
used. After partitioning the data, for each point cloud(tigure 16-A), the pole points are extracted as a layer(figure
16-B). It should be mentioned that the pole layers were extracted from the ground truth labels of the scene. The
reason behind this choice is threefold:

1) To simplify the problem for a smoother pipeline design and evaluation

2) To include all the pole instances and see how the proposed pipeline deals with different scenarios.

3) The tiles created from the ground truth benefit from perfect neighborhood definition. Thus, the best
possible result that can be achieved with the part segmentation (the maximum potential of the method)
can be reported.

4) 'This baseline facilitates spotting the complexities of integrating semantic segmentation and part
segmentation separately in a later step.

After extracting the pole layer from each point cloud, a built-in functionality in the open3D library, DBSCAN
clustering, is used to identify individual poles from the pole layer. This function groups the point based on the
local point density. The required inputs to the function are the minimum number of points to form a cluster (set
to 10) and the Density parameter (set to 0.5) that is used to cluster individual poles(figure 16-C) (open3d
documentation).

(A) The Whole Scene (B) The Pole Layer (C) The Individual Pole Clusters (D) The Cropped Tiles

Figure 16 - Neighborhood extraction workflow

After extracting individual poles, their axis-aligned bounding box on the XY plane is extracted using their min(X,
Y) and max(X, Y) coordinate values(figure 17). It should be mentioned that the experiment is repeated with an
oriented bounding box (or minimum bounding box) around the poles and yields poorer results. The reason might
be that more information about the background classes is captured using an axis-aligned neighborhood definition
that helps the model distinguish them better.

The XY bounding box of each pole is enlarged by adding a constant value (offset parameter) to provide richer
contextual information(figure 16- D).

10 Explained in section 4.2.
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It is important to set the offset parameter to a number so that the created tile captures the geometrical essence of
existing objects. For instance, the tile should not be small to the extent that the patt of the cropped building
becomes similar to a pole-like object. Also, it should not be so large that the part-segmentation model cannot
handle the task properly. The offset parameter in this project was set to 0.5m, 1m, and 1.5m and fine-tuned during

the experiments.

- = =1 )} Cropped tile
Pole’s bounding box on XY plane
Offset 0.5m
Offset 1m

Bl Offset 1.5m

(max X, max Y)

® — <D,

‘1:/—'/ 2t

(min X, minY)

B. The bounding box of the pole instance

(max X + offset , max Y + offset)

Offset Value

T B —
) tf:ff*'i"‘ :

Offset Value

(min X - offset , min Y - offset)

C. The tile extent in the XY plane

Figure 17 - Pole bounding box and tile extraction

(B) Data Normalization and Preparation: After generating the pole neighborhood tiles, the second phase of
data preparation begins. In this step, the point features (coordinate values, intensity values, and labels) are
normalized as it is illustrated in figure 15 . The normalization applied for coordinate and intensity values is done
to make the learning process easier for the model. For instance, absolute values of x,y, and z coordinates might
confuse the model as they are a variety of big numbers, while the relative positions to the lowest point can be easier
to learn as it is smaller and is almost within a similar range for different tiles.

It is important to mention that in the semantic segmentation task, the normalization of the feature values is done
throughout the default pipeline. The motivation behind highlighting these steps in the part-segmentation task is
that the preparation steps are modified to fit the purpose of the project and make the data understandable for the

model.

In the default pipeline, the coordinate values are normalized by placing the object's center of mass to the origin
(0,0,0). However, in this study, the lowest point in each tile is set to origin so that the model can learn the upright
linear objects more easily. By default, the part segmentation task only uses the coordinate values for training and
inference. However, since the intensity values are included in this study as additional features to the algorithm
input in one experiment, the intensity values are normalized and stored in the prepared data. A similar
normalization method as reflectance normalization done in the semantic segmentation task is used to make the
results comparable. In this normalization method, all values larger than 50 in an 8bit reflectance data are mapped
to 50, and the smaller values remain intact. Also, some code-specific modifications like shifting the label values by
+1 and renaming the files are done instead of modifying the code to accept 0-based labeling and random file

names.

Processing: In this experiment, the tiles are cropped from the ground truth with the same process explained in
section 4.3. The KPConv algorithm is trained for the part segmentation task and then tested with these cropped
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tiles. The pole neighborhoods are defined with 0.5m offset from the poles' axis-alignhed boundaries. Due to the
technical limitations(out of memory issues), the batch_size is set to 10, and the first subsampling distance is set to
0.05. The rest of the parameters are set to the default optimized by the author.

Evaluation: Aside from the visual interpretation of the results and the common evaluation metrics (Recall'!,
Precision'?, F113 | and IoU™), a method is used to simplify the results efficiently. To compare the results to the
original predictions of the semantic segmentation, the same tiles are cropped from the prediction point cloud
generated with the semantic segmentation task. The confusion matrix is generated for each tile, once for the
cropped semantic segmentation predictions and once for the part segmentation predictions. Two matrices are
accumulated over all the tiles to reflect the overall performance of each task. Finally, as we are interested in the
improvements that the crop segmentation phase has made, the accumulated confusion matrix of the semantic
segmentation task is subtracted elementwise from the accumulated part segmentation confusion matrix to generate
the 'Difference of Confusion Matrices'. In this type of matrix, it is ideal to get positive values only on the diagonal
and negative values on the rest of the cells because, in an ideal scenario, the number of true positive points

increases, and the number of false positives and false negatives reduce.

44. Integrating the two steps

Motivation: After evaluating the capability of the part segmentation task in generating predictions for tiles cropped
around the poles in the ground truth, a real scenario is tested where the inference tiles given to the part
segmentation trained model are extracted from the semantic segmentation results. The main motivation for this
experiment is to assess the applicability of the proposed pipeline in a real-world scenario and highlight its possible
complexities. Also, with this experiment, the pipeline design is finalized to be adapted in a real-world application,
shown in figure 18.

Method: A similar data preparation process as section 4.3. is pursued here with some minor changes as follows:

1) The pole layer is extracted from the imperfect and noisy results of the semantic segmentation task.

2)  Only the test (or inference) point clouds are prepared because the previously trained network!s for the
part segmentation will be used for inference.

3) The offset value is increased to 1m with two motivations: (a) to guarantee that the entire pole is captured
in the tile even if only a small part of the pole is segmented initially, and (b) to give the possibility of
cropping the tile padding where the lack of contextual information worsens the performance. Therefore,
the model is being tested on larger tiles compared to tiles with which it is trained.

4)  An additional process of omitting multiple bounding boxes generated around the same pole due to the
unstable semantic segmentation predictions is required(discussed in section 5.6 — Complexity(1)).

5) Padding removal is also added to the pipeline to remove the poor predictions around the edges due to the
lack of contextual information (discussed in section 5.2 — Edge Problematic)

6) Inserting back to the scene: As the part segmentation model is trained with specific attention to the poles
(discussed in section 5.2 — Background Classes Problematic), only labels belonging to the pole class are
altered when inserting the tiles back to the scene. To this end, all the points labeled as pole in each tile

11 Recall = TP /(TP + FN)
12 Precision = TP / (TP + FP)
13| = 2TP/ (2TP + FP + FN)
410U = TP/(TP + FN + FP)
1) 1> The trained network is trained with tiles of 0.5m offset from the pole axis-aligned bounding boxes.
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after the part segmentation will be kept as poles. The labels for points that were initially labeled as pole in
the scene segmentation will be updated with their corresponding part segmentation prediction.

Test Set
(Whole Scenc)
Scmantic
Scmantic Segmentation
Segmentation
Trained Model
Filtering

|

Pole Layer

l

Clustering

l

Individual Pole
Clustets

|

Axis-Aligned BBOX
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Tiles
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‘topping  ———  Preparing Tiles
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Key Tnput

Intermediate product
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- Minor Changes

Part
Segmentation
Trained Maodel

Part Segmentation

Cropped liles
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Figure 18 - Proposed Pipeline for integrating Semantic Segmentation and Part Segmentation
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5. RESULTS AND DISCUSSION

5.1. Scene Semantic Segmentation on the NPM3D dataset

In this section, the scene semantic segmentation task is done on the NPM3D dataset using KPConv default code
and parameter setting. As it can be seen in table 4, the achieved intersection of union (IoU) values for most of the
classes is less than the published result. The reason is that the training set is smaller in this experiment due to the
partitioning of the publicly available labeled ¢ point clouds. Consequently, the trained models are tested on
different point clouds, another reason for minor discrepancies between the claimed and achieved results. However,
the results are close enough (on average, there is a 6% difference between the claimed and achieved IoUs) to claim

that the code is debugged, runs smoothly, and the model can generate meaningful predictions.

Table 4 - Tabel 3 - Comparing the published and achieved results for the semantic segmentation task on NPM3D using KPConv algorithm

KPConv mloU Ground Building Pole Bollard Trash can Barrier Pedestrian Car Natural
Claimed 82.0% 99.5% 94.0% 71.3% 83.1% 78.7% 47.7% 78.2% 94.4% 91.4%
Achieved 79.1% 97.8% 93.6% 65.3% 70.5% 70.1% 42.6% 85.5% 96.3% 90.2%

The class-imbalance problematic

The quantitative inspection of the results reported in table 5 shows more than 20% difference between the IoU of
majority classes like ground and building compared to the minority classes like poles, bollards, or trashcans. The
KPConv algorithm, like most deep learning models, is assumed that the dataset has an equal distribution among
all the classes. Therefore, by maximizing its overall predictive performance, the classes with a higher number of
representative points will be segmented with better results. In contrast, the limited number of points representing
minority classes will lead the algorithm to ignore the corresponding false predictions and produce poorer results

for these classes.

Table 5 - Share of classes in the NPM3D dataset

Class Unclassified Ground Building Pole Bollard Trash can Barrier Pedestrian Car Natural
Number of 1642298 65075320 33014819 656096 61715 296523 4052947 172132 4212295 10599237
points
Share in 1% 54% 28% 1% <<1% <<1% 3% <<1% 4% 9%

the dataset

As can be seen in table 5, the class imbalance is an inherent characteristic of the data used in this research. The
motivation behind the part segmentation step is to tackle this issue by cropping the scene around the object of

interest to learn from and predict on a more class-balanced tile set.

16 The test set for NPM3D dataset is publicly available but it is unlabeled. The absence of annotation, prevents us to generate
quantitative results out of the predictions. Therefore, a part of training set is separated and used during the test phase. See
section 4.2.
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The class similarity problematic

Another spotted issue is the inter-class confusion which stems from the class similarity in the training set. In the
table 5 the class' barrier' with 3% of share in the whole dataset has the lowest mIoU compared to other minority
classes with less than 1% share. In this case, the class imbalance cannot explain the poor result, but the class
similarity justifies it.

Some classes are similar regarding their appearances or location. For instance, bollards and pole-like objects are
both cylindrical objects located along the sidewalks but have different heights. The other example is the barrier
class, which represents the fences, short walls, and transparent facades located in the continuation of the buildings.
Buildings and barriers are both planar objects defining the edge of the scene (figure 19 - C, D, and E).
Furthermore, for some classes like 'natural’, different instances of the class, might have different geometries. For
instance (figure 19 - A and B), green components in an urban scene can be in the shape of a tree, a green wall, a
cubical bush, a garden, grass, or a cylindrical or hanging component. The variation in geometrical shape results in
a huge confusion between class natural and other classes.

Il Ground W Bollard B Pedestrian
BN Building WM Trashcan WM Car
Pole I Barrier I Natural

Figure 19 - Problematic labeling choices in NPM3D dataset
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Table 6 - Confusion Matrix of Semantic Segmentation task on NPM3D dataset

False Negative

Prediction e
Class Ground Building Pole Bollard |Trash can Barrier |Pedestrian Car Natural SUM
Ground 37439936 84645 879 315 2486 20304 315 3556 174468 37726904
Building 148462 41062476 14903 319 7080 10870 1004 2546 144597 41392257
Pole 2198 99109 401180 1454 68 8576 290 351 36436 549662
£
§ Bollard 3321 167 5877 37727 79 139 475 191 172 48148
=
'E Trash can 21742 42851 3315 2891 364087 9692 1159 3931 56408 506076
g Barrier 31233 1801110 10303 208 549 2114429 3307 16142 829109 4806390
Pedestrian 1061 505 2190 0 26 8 163345 817 7179 175131
Car 18102 19860 1683 53 a7 38598 8487 3930854 33840 4051524
Natural 321213 430043 25544 100 2698 71701 957 2349 19708412 20563017

SUM 37987268 = 43540766 465874 43067 377120 | 2274317 179339 | 3960737 | 20990621 109819109

I:I Correct Predictions

False Positive I:l Significant Confusion - False Negative

|:| Significant Confusion - False Positive

The inspection of the confusion matrix (Table 6) shows that in almost all the classes, a huge amount of points are
labeled as 'natural' due to the geometrical variety of the natural components that confuses the model. The next
confusing class is 'building'. The geometrical and topological similarity between the barrier and building class and
the proximity of poles, trash cans, and natural classes with building class has led to huge confusion. Also, the
intersection of the regions belonging to pole and natural classes and natural and barrier classes and their closeness
justifies the confusion.

The annotation of classes' building', 'bartiet', and 'natural' in the NPM3D dataset is confusing for the model. Many
green walls and walls around the properties, as upright planar components, are labeled as natural and barrier,
respectively. The geometrical similarity between these classes confuses the model. Therefore, additional features
like the number of returns or color information should be included to distinguish these classes better. Since the
NPM3D dataset only has coordinate and noisy reflectance values, there are not enough informative features to
distinguish them propetly in the whole scene.

5.1.1.  Pole Predictions in the scene

False Positives: As shown in figure 20, after the semantic segmentation, patts of other classes are confused with
the class pole. For instance, the trunk of a tree(A), a part of a bollard(D), a cylindrical piece of a barrier (B), and
even the trace of a pedestrian ( C). All these confusing objects have cylindrical and vertical geometry, which makes
it understandable if confused with poles. A previous study (Yousefimashhoor, 2022) shows that objects like
bollards, poles, or vegetation attached to poles can be distinguished using a part segmentation model trained to
decompose pole attachments. Therefore, merging classes like poles and bollards into the same class and dividing
them using an additional PLO part segmentation task might improve the results. On the one hand, it will slightly
increase the pole class size in the dataset. On the other hand, it will distinguish poles and bollards with higher
accurate boundaries.
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Ml Ground
B Building
Pole
Bollard
Trash can
Barrier
Pedestrian
Car
Natural

i

Figure 20 - False Positive cases in segmenting poles from the whole scene

Falsely False Positive: In some rare cases (figure 21) the semantic segmentation can segment a part of the pole
attached to the buildings. However, these points are labeled as unclassified. They will not be calculated in the
confusion matrix nor reflected in the quantitative results as an improvement. In these cases, poor labeling will
distort the results slightly. Since these poles provide lighting, they are also interesting for asset management
purposes. It is informative to know that the semantic segmentation can detect the pole's light bulb even with no
prior similar instance in the training set. Since such cases are progressing to the second step of part segmentation,
there is a chance of improvement for them.

Unclassified
I Ground
I Building

Pole
I8 Bollard
W Trash can
I Barrier
Bl Pedestrian

N Car

A.  Ground Truth B£  Semantic Seg. Prediction B Natural

Figure 21 - Falsely False positive scenarios in pole segmentation in the scene semantic segmentation

False Negatives: As illustrated in figure 22, parts of the poles are sometimes missing due to their intersection
with other classes like tree branches ( C), or when it is located close to other classes like buildings and barriers ( A
and B).

I Ground

I Building
Pole

N Bollard

I Trash can

I Barrier

M Pedestrian

. car

B Natural

Figure 22 - False negative cases in semantic segmentation for pole class

Entirely Missed poles: There are five poles in the test dataset where not a single pole point is detected on these
poles. Two of these poles are illustrated in figure 23. As it can be seen, they are located very close to the building
that the model has confused with the building signs and attachments, which are very common in the training set.
These cases will consequently be eliminated and would not go further into the second phase of prediction with the
part-segmentation trained model. Thus, their corresponding results cannot be improved with our proposed
pipeline.
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Unclassified
Il Ground
I Building

Pole

! Bollard
I Trash can
I Barrier
I Pedestrian
Il Car

AT Ground Truth B Semantic Seg. Prediction
S I Natural

Figure 23 - Entirely missed poles in the semantic segmentation

Point Density or Edge problematic: Another important observation is the false predictions in the scene edges
where the point cloud has become sparse. The predictions become unstable in these locations. As shown in figure
24, as we get closer to the edge of the scene, more points belonging to the pole class are confused with the building
class.

B Ground
I Building
Pole

| Bollard
Bl Trash can
I Barrier
Bl Pedestrian
N Car
B Natural

Figure 24 - point density affecting semantic segmentation results

5.2. Part segmentation of pole tiles

In this section, the extracted tiles of pole neighborhood are used to train the part segmentation model to generate
predictions on the test tiles. The confusion matrices for semantic segmentation and part segmentation per tile are
generated and compared. The difference of accumulated confusion matrices!? (table 7) shows that for the class
pole, the number of true positives after the crop segmentation increased by more than 8000 points. It also shows
that around 6800 points belonging to the class pole, which was previously labeled as buildings in the semantic
segmentation step, are now correctly labeled as poles. However, more than 4800 points belonging to the class
'building' are labeled as poles, which were previously labeled correctly. Another interesting obsetvation is that the
negative numbers along the 'pole’ row highlight that the number of points belonging to the class pole that was
initially confused with other classes is reduced in all of the classes. In contrast, the positive numbers along the
column 'pole' show that the part segmentation has worsened the prediction of all other classes by labeling them as
poles (high false positives rate). For the detailed confusion matrices of semantic segmentation and part
segmentation of tiles, see Appendix (1).

17 See the evaluation method for part segmentation (section 4.3.)
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Table 7 - Difference of Confusion Matrices : Part segmentation of 0.5m offset tiles
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A summary of the result is presented in table 8 . As can be seen, due to the decrease of false negatives and increase

of true positives, the recall is increased for the pole class after the part segmentation phase by around 6.5% and

has reached 92%. However, this improvement is at the cost of precision. The precision is reduced by more than

7% compared to the semantic segmentation result because of the increase in false positives rate. The IoU and F1

scores for the pole class in both predictions are comparable. The reason is that the decline in false negatives and

increase in false positives have neutralized one another in calculating these metrics.

Table 8 - Evaluation Metrics for all the class in tiles : comparing semantic segmentation and part segmentation

Bollard

Semantic Classes

Trashcan

Barrier

Pedestrian

Natural

B e
Metric (] Building Pole

Precision | 98.7% | 98.4% | 75.6% | 69.3% | 97.5% | 90.3%
Recall | 992%  993% | 99.8%  94.6% | 855% | 92.0%
F1 99.0%  98.8% | 86.0% 80.0% 9L1% | 911%
ToU  98.0% 97.6% | 75.4% 667% | 83.7% | 83.7%
Semantic Segmentation (baseline) Decline

False Positives problematic

100% 0%

54.5% 0%
70.6% 0%
54.6% 0%

Improvement

No Significant Change

100%  73.7% @ 94.6% | 75.3% | 0% 0%
30.9% | 21.1% | 63.7% | 25.5% | 0% 0%
47.2% | 32.8% | 76.1% | 381% | 0% 0%
30.9%  19.6% | 61.4% | 23.5% | 0% 0%

99.8%  10.4%
96.7% 1.2%
98.2%  11.1%
96.5%  5.9%

83.7%  86.2%

91.9%  86.5%
87.6%  86.4%

77.9%  76.1%

Sem = Semantic Segmentation

Part = Part Segmentation

The most apparent observation is the dramatic increase in the false-positive rate for the class pole, which atises

from the methodology. The design of the training dataset has created a bias toward pole class. Since a pole object

exists in every tile of the training set, and other classes are rare, the model assumes a pole in every tile and assigns

26



SEMANTIC SEGMENTATION OF MLS POINT CLOUDS AND THE FEASIBILITY OF IMPROVING IT BY PART-SEGMENTING SELECTED INSTANCES

as many points as possible to this class. Cropping (equal to reducing the contextual information) and changing the
local geometry of classes also worsen the results.

Difficulty level problematic

The performance of the part segmentation trained model is not the same in every tile, and it seems to be affected
by the tile difficulty level. In some easy tiles belonging to an isolated pole with enough distance from other objects,
the part segmentation generates nearly perfect results similar to the semantic segmentation.

In more complicated scenarios, where a pole is located close to a bush, a fence, or a building, the semantic
segmentation cannot segment the entire pole propetly. However, as visual results show, the part segmentation
model can improve the segmentation. As can be seen in the figure 25 the middle part of the pole with its attached
traffic sign is initially predicted as 'barrier', while the part-segmentation model can recognize the whole pole
correctly.

Medium Tile Hard Tile

Ground ‘I'ruth Semantic Segmentation Part Segmentation Ground Truth Semantic Segmentation Part Segmentation

)

;2

\'ﬁ\‘

\

B Ground Pole Bollard B Pedestrian ™™ Car
W Building Unclassified ~ ™® Trash can Barrier Natural

Figure 25 - Tiles and their difficulty levels

There are also some hard scenarios where poles are intersected with a tree or are attached to a building. The trained
semantic segmentation model predicts most of the pole points as part of the adjacent or intersecting class. The
part-segmentation model can segment more points belonging to the pole correctly. Meanwhile, it increases the
number of false positives and pole confusion with other classes, particulatly in the edges. The reason might be the
limited number of instances (27 hard instances out of 167 training examples'® equal to 16% of the dataset) of a
similar scenario in the training set, which seems to be insufficient for the model to learn to distinguish them.

In some cases, the classes are intertwined at a level that even a human operator cannot distinguish easily. A wide
variety of possible problematic scenarios are illustrated in figure 26 , a pole can be attached to a building, it can be
surrounded by multiple classes like trash cans, natural and barrier, a pedestrian might lean against it or it can be
located inside a bush or a tree crown. The various combinations of hard instances make it almost impossible to
provide well-presented training data for such scenatios.

18 Counted manually by exploring the training set
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I Ground Pole Bollard B Pedestrian I Car
I Building Unclassified I Trash can I Barrier | Natural

Figure 26 - 1V ariety of possible hard scenarios (extracted from the ground truth)

Edge Problematic

The visual investigation of the tiles reveals that the quality of part segmentation predictions reduces near the tile
edges. This observation can be justified by how the convolution works in the algorithm. The area captured in the
spherical kernel near the tile edges is artificial due to the cropping. Therefore, when centered around edge points,
a part of the kernel receives empty space while those locations contain points and information in the original scene.

The artificial emptiness captured by the kernel points seems to result in poor predictions around the tile edges.

B Ground
" Building

Pole

I Barrier

Natural

Figure 27 - Edge problematic in tile prediction

The kernel radius in the first layer is set to 0.1m by default and doubled after each layer. The architecture of
KPConv for the segmentation tasks has five layers, meaning the kernel radii sequence will be [0.1, 0.2, 0.4, 0.8]%,
and the largest value would be 0.8m. Therefore, a crop with the offset of 0.8m from the edges of the tile will give
the points that their complete neighbor has captured by the kernels, and thus their corresponding predictions can
be trusted. Table 9 shows the IoU result calculated over all the tiles in two scenarios of the full extent and cropped
0.8m from the edges. As can be seen, the IoU of the pole class is 6.4% higher than the semantic segmentation
result in the same extent of tile in the trusted zone. While in the entire extent of the tile, the IoU for the pole class
generated by the part segmentation does not show any improvement compared to its corresponding semantic
segmentation results. See Appeendix (2) to observe how padding removal in the ideal scenario will improve the
semantic segmentation result.

19" Since after the fifth layer the decoding phase begins, the kernel size does not enlarge.
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Table 9 - Comparing the results of part segmentation with and without padding

IoU per Class
Point Cloud Task
Ground Building Pole Bollard ~ Trashcan Barrier Pedestrian Car Natural
semantic 98.0% | 75.4% | 837%  54.6% @ 30.9% | 614% 0% 96.5% | 77.9%
Tiles segmentation
(Full extent)
part segmentation 97.6% 66.7% 83.7% 0% 19.6% 23.5% 0% 5.9% 76.1%
Cropped tiles oot 99.6% 0% 85.9% | 0% 0% 43.9% 0% 0% 83.5%
(0.8m offset from the | ¢ :
edge) part segmentation | 99.2% 0% 92.3% 0% 0% 13.4% 0% 0% 80.3%
Semantic Segmentation (baseline) No improvement

Part Segmentation Improvement

Background Classes Problematic

Another important observation in table 9 is that after the tile segmentation, the IoU for all the classes except pole
reduces. This decline stems from the pipeline's focus on the pole class: in this methodology, only the pole class is
captured fully in each tile with enough contextual information due to the offset from its bounding box. While
other classes might be completely absent or have a limited number of instances in the training dataset. Also, some
large-scale or extended objects, such as cars and barriers, will always capture partially in the tiles. The lack of
contextual information and the remaining parts with random or floating shape makes it even hard for the human
brain to identify the classes correctly.

An example is illustrated in figure 28. The floating points belonging to the class 'building' are similar to the tree
branches. Or in another case, as barriers and green walls are both vertical planar objects, distinguishing them is not
easy. Particularly, when the barrier class gets sparse, it becomes similar to a bush. On that account, it is
understandable that the performance of the part segmentation model for classes other than pole is not as good as
the semantic segmentation model that captures the complete geometry of all objects. Thus, changing labels of

classes other than 'pole’ based on part segmnetation output is highly risky due to the lack of contextual information.

Unclassified
I Ground
I Building

Pole
Il Barrier

Natural

Figure 28 - lack of contexctual information in the tile edges
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5.3.  Enlarging the tile size

With the motivation of fine-tuning the "offset parameter” or to find the tile size range that the part segmentation
task can handle, the same method described in section 3.3.2 is repeated with two different offset sizes of 1m and
1.5m around the pole boundaries. The part segmentation model is trained separately in each scenario with the
corresponding tile size.

Evaluation Metrics For Class ‘Pole’
(Comparison of different tile size)

Offset Value : 0.5m Offset Value : Im Offset Value : 1.5m
1.0 104 10
90.3% 92.0% 91.1% 91.2% 86.6%
83.7% 82.9% e 83.9% 83.1% 83.5%
0.8 0.8 76.7% 084
71.7%
0.6 4 06 0.6 1
0.44 0.4 044
0.2 0.2 1 0.2 1
0.0 . . : : 0.0 : : : : 0.0 . . .
g = — 2 = = 2 = j=)
2 i & 2 - g & 2 2 E & c
B ad ! = 3 =4
i & £

Semantic Segmentation

Part Segmentation

Figure 29 - Evaluation metrics change by enlarging the neighborbood tiles

The comparison of evaluation metrics among different tile sizes shows that the most promising result belongs to
the smallest tiles of 0.5m offset. As seen in figure 29, the evaluation metrics of recall, F1, and IoU for the pole
class are better with 0.5m offset compared to larger tiles with an average of 8.5%, 6%, and 9.5%, respectively,
which are considerable differences.

However, the precision is slightly higher with the tiles of 1m offset. The reason is that enlarging the tiles can
capture more contextual information, and the model can learn from more points representing the background
classes. Also, there is a better chance of battling changes in the overall geometry of an object. For instance,
buildings or barriers will be presented with higher similarity to their original geometry as vertical planar objects in
a wider area. More importantly, the share of the class pole is reduced as the tiles get larger. The share of the pole
in the training set is 28.5%, with a 0.5m offset. This number will is reduced to 15.3%, and 9.3% in 1m and 1.5m
offset tiles, respectively. The decline in the proportion of pole points results in a less biased network towards the
pole class. Therefore, a lower rate of false positives and better precision are achieved with a 1m offset.

The investigation of the difference of confusion matrices for pole class (figure 30) shows that the number of true
positives with 1m and 1.5m offset is reduced drastically after the part segmentation. The number of true positives
for the pole class is increased by around 8000 points with 0.5m offset, while it decreased by about 4800 points
with each of the larger tiles. Since the shate of the pole class has decreased in the enlarged tiles, the model was not
able to learn to segment it propetly, and the number of true positives has reduced significantly in the bigger tiles.
The highlight for the largest tile size (1.5m offset) is the decline of false negatives for the pole class that was caused
by the barrier and natural classes. Except that, the confusion between pole and all other classes is increased.
Especially, the number of false positives is increasing dramatically with the contribution of almost all of the classes.
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Difference Matrix (0.5m offset) - Focused on the Pole Class Difference Matrix (1m offset) - Focused on the Pole Class Difference Matrix (1.5m offset) - Focused on the Pole Class
(Part Segmentation - Semantic Segmentation ) (Part Segmentation - Semantic Segmentation ) (Part on - Semantic ion)
5 3 1 E b=} S E & E b=} S E £ 3 =

A B I S A N N e § 3 f 3 gl i ° % = 8|3 E |5 2|4 |5|°|2
Ground 196 Ground 30 Ground 68
Building 2614 Building 5906 Building 7323
Pole -25 6841 - 0 0 -722 10 48 -837 Pole -46 6199 1 121 -1150 O 0 -515 Pole -3 7530 0 205 -1388 148 0 | -1776
Bollard 76 Bollard 409 Bollard 533
Trash can -390 Trash can -1384 Trash can 619
Barrier 4152 Barrier -483 Barrler 1311
Pedestrian 0 Pedestrian 78 Pedestrian 565
Car 19 Car 6 Car 0
Natural 3385 Natural 1938 Natural 6745

Figure 30 - Difference of confusion matrices, focused on the class pole for tiles of different sizes

The visual interpretation (figure 31) of the results also shows the enormous false positive rate in the smallest tile.
At the same time, it shows the fewer true positive rate for the larger tile of 1m offset. Again, the increase in false-
positive rate can be seen for tiles of 1.5m offset. It should be mentioned that enlarging the tiles did not consistently
affect all the pole instances. Therefore, the quantitative results give a better overall insight.

Ground ‘T'ruth Semantic Segmentation Part-Segmentation Part-Segmentation Part-Segmentation
(Cropped from the scene) (1.5m offset) (1m offset) (0.5m offset)

Il Ground Pole Bollard B Pedestrian Bl Car
fi Building Unclassified B 1rash can Bl Barricer Natural

Figure 31- Effect of enlarging the tile size on a pole instance prediction

5.4.  Including an additional input feature

'input features', as it is called in the KPConv configuration, refer to different attributes of points available in the
dataset. Aside from the coordinate values, reflectance, color values, and the number of returns can be stored as
point features in a given point cloud. These attributes can be included in the input tensor of a model and be learned
and used for inference.

The only additional feature in the NPM3D dataset is the intensity value. With the motivation to use the full
potential of the existing features in the dataset and see whether any additional feature can improve the performance
of the result or not, the reflectance data is used in addition to coordinate values to train the part segmentation
model. A previous study on the part segmentation of pole-like objects (Yousefimashhoor, 2022) shows that due
to the usage of highly-reflective material or distinct colors in the attachments of the poles, including additional
features like RGB and intensity values, has helped the network to distinguish the attachments better. Therefore, it
is expected that the additional reflectance feature would help in segmenting the pole attachments better.
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The same normalization method used by the author for the semantic segmentation task on the NPM3D dataset is
used for this experiment to make the results comparable. In this method, all the reflectance values(8bit) higher
than 50 are mapped to 50, and all the intensity values less than 50 remain intact.

As seen in the confusion matrices below, including intensity values has increased the number of false positives
further. In all classes except the 'ground’ and 'natural,’ the number of points falsely labeled as pole has increased.
The number of true positives is increased by 2172, and the number of pole points labeled as ground, buildings,
barrier, and natural decreases. However, the true positives for classes like building and barrier have decreased
significantly by 3959 and 7252 points, respectively. Also, the number of barrier points labeled as building has
increased by 5300.

Table 10 - Difference of Confusion Matrices : The effect of including intensity values

Difference of Confusion Matrices

Predction with features (x,y,z, intensity) - Prediction with features (x,y,z)
(Training Offset: 0.5m , Subsampling Parameter: 0.05)

Ground - 32 261 -132 0 =5 -98 0 -298 221
4000
Building - -75 -3959 EEE] 0 0 -1389 3 0 -132
Pole - -78 -1240 2172 279 El =719 =0 40 -293 - 2000
Bollard - 10 0 237 36 8 -172 0 20 -6

Trashcan - -48 -17 587 0 -306 -231 -125 -189 -8

Barrier - -524 [EEON 2743 0 370 45 0 595 - —2000

Pedestrian - 0 0 ] 0 ] ] ] ] ] 4000
Car- -30 Al 26 0 20 53 Al 35 -208
—6000
Natural - -341 389 -1198 0O 54 -756 (415 5 1580
| 1 | | | | | | |
- o Lt} = s ] c ] =
s £ g 5 § ¢ & 8 %
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As shown in figure 32 and 33, On the one hand, the signs of the poles are highly reflective. On the other hand,
the incident angle and surface orientation have led the building or barrier's parts to return high-intensity laser
beams. The intensity values are highly correlated with the incident angle, which means the relative position of the
scanner and the surface orientation would affect the reflectance of each point(Gross et al., 2008). Therefore, to
extract the reflectance values that are only influenced by the surface material, the trajectory of the scanner is needed.
Since the trajectory data is not provided, the KPConv author has used a normalization method that removes the
difference in intensity features between the classes on a global scale. However, in the local neighborhood, the
intensity values are distinctive enough to influence the model performance. The normalized intensity of the tiles is

illustrated to emphasize that the intensity values are noisy and are confusing for the model.
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Ground Truth Features: (x,y,2) Features: (x,y,z, intensity) Normalized intensity

Unclassified BN Building I Barrier
I Ground Pole Natural

Figure 32 - Comparing the part segmentation results with and without itensity values

Ground Truth Features: (x,y,2) Features: (x,y,z, intensity) Normalized intensity

Unclassified B Building I Barrier
Il Ground Pole | Natural
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Figure 33- Comparing the part segmentation results with and without itensity valnes

The comparison of the evaluation metrics (figure 34) also
shows that including the reflectance feature in the pipeline
increases the recall compared to using only coordinate values
to train and predict. However, the precision, F1, and IoU will
decrease, which stems from the increase in the false positives

and the increased confusion between other classes.

Evaluation Metrics Comparison for the Pole Class

{offset : 0.5m, grid subsampling distance : 0.05}

0.8

i

04

02

0.0

Precision -
Recall

Semantic Segmentation
Crop Segmentation Without Intensity Values
mm Crop Segmentation With Intensity Values

Figure 34 - Comparison of Evaluation Metrics between the ontput of

models trained with and without intensity value

Iou
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5.5.  Integrating the two-step pipeline

In all the previous experiments with the part segmentation, the pole tiles' extents wete extracted based on the
ground truth. The main reason behind that choice was to trace the part segmentation performance on all possible
pole neighborhood scenarios and reach the maximum potential of the proposed pipeline. However, in a real-world
scenario, where pole neighborhood tiles should be extracted from the initial semantic segmentation prediction, the
pipeline's complexities will increase and affect its performance. As can be seen in the figure 35 , the predictions

for the class pole resulting from the semantic segmentation can be categorized as follows:

Entirely true positives: The whole pole is perfectly segmented (entirely green poles in figure 35 These poles do
not need refinement in the further step, but due to the absence of ground truth in real-world data, they cannot be
recognized to be removed from the pipeline. Therefore, the pipeline goes through a repetitive computation for
these poles and generates the same result for the second time. A similar result achieved in the experiments with

the part segmentation on the cropped tiles will be achieved on these poles.

Entirely false negatives: The whole pole is missed (entirely white poles) in the semantic segmentation. As
discussed earlier, these poles are eliminated and would not proceed to the part segmentation step. No further
improvement can be expected for these poles, which is one of the limitations of the designed pipeline. It can be
said that since the input to the part segmentation step is based on an initial prediction of the semantic segmentation,

the error will be propagated from throughout the pipeline.

Entirely false positives: The poles in warm colors (yellow to brown) in figure 35, are labeled as poles in the
semantic segmentation step but belong to another class. These poles cannot be identified or eliminated in real-
world scenarios where no ground truth is available. By proceeding to the part segmentation step, as the model is

trained to find a pole inside the tile, they will be assigned to the pole class and preserved.

Partly missed, partly detected: The partially white and partially green poles are not entirely segmented with the
semantic segmentation task. Because of the correctly predicted labels, the unsegmented points in the neighborhood
will be passed to the next step, where the proposed pipeline could effectively improve the predictions. However,
these instances are rare in the NPM3D dataset. Therefore, the improvement might not be significant numerically.

€2C absolute distances
True positive 73270777

6.869135-

Il r2'se Negative
6411193

- 5.953250-

g 5.495308-|
False Positive

5037366
4.579423

4121481

3.205596
2747654
2.289712-

1.831769-}

0.000000 |

Figure 35 - Pole prediction scenario in semantic segmentation
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Complexity (1) - Nested Bounding Boxes

When using semantic segmentation results to find the pole neighborhoods, the first complexity that emerges is a
single pole broken into multiple clusters (figure 36) This results in creating multiple tiles for an individual pole in
the same area. The repetitive tiles add some deficiencies to the pipeline: (a) they lead to extra unnecessaty
computations, which increase the time and memory for completing the task. (b) multiple prediction tiles will be
generated for points located at the intersection of the tiles, which might be contradictory. In that case, extracting
the final vote from multiple predictions is required, which adds to the complexity of the pipeline. (c ) repeating the
same tile can distort the quantitative result because any improvement or degradation will be included multiple times
in the confusion matrix. To resolve this issue, the bounding boxes that are completely within another bounding
box are eliminated as shown in figure 36 . In our test point clouds, after eliminating the small bounding boxes,
the number of tiles reduced from 65 to 58 and from 42 to 34.

Cluster (1)
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Figure 36 - Nested Bounding Boxes Problematic

Complexity (2) - offset value

In the previous experiments in which the pole neighborhoods were extracted based on the ground truth, the offset
value was chosen so that the part segmentation model could handle it to segment the poles properly. However,
with the imperfect semantic segmentation results, as only some parts of the pole might be segmented, it cannot
be guaranteed that the whole pole is captured within the bounding box. Therefore, the offset value to enlarge the
bounding box of pole clusters gains a crucial role in passing the entire pole to the next step. Fine-tuning the offset
value is dependent on the dataset and the quality of the semantic segmentation result. For this dataset and
algorithm, a 1m offset works properly. However, in some cases, an unsegmented part of the pole is close to tile
edges, and there is a high chance of being eliminated during the padding cropping stage. Achieving the best result
by including the entire tiles extent confirms that the poor performance is caused by eliminating pole parts in the
padding removal phase.
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FOHOWing the pipe]ine described in section 4.4. the Table 11 - Evalnation metrics for the pole class after integration of two steps
tinal result for the pole class is as shown in table 11 . v oo Clane S —
The results are reported in two scales: at the tile level Metric (Scene Level) (tile level)

and at the scene level after inserting the tiles back into
.. Task Sem. Part. Sem. Part.
the scene. As can be seen, the precision, F1 score, and “ - At - -

IoU metrics are degraded after the part segmentation

_ ) ot Precision 86.1% 84.9% 95.2% 89.9%
in the tile level, but the recall is increased by 3%.

o L 0
Similarly, the recall is increased but only 0.6% at the Recall N . . B
scene level. The F1 and IoU did not change
significantly for the pole class, but the precision is the F1 79% 28.9% 92.8% 91.7%
most affected evaluation metric in both levels.
Precision is decreased by 1.2% at the scene level, but ToU 65.3% 65.2% 86.6% 84.7%
at the tile level, it is declined by 5.3%.
In table 12, the bias of training set toward the pole Semantic Segmentation (baseline) ] Improvement

.. cline No Significant Change
class has affected the predictions. As can be seen from Decline | NoSigni .

the differences of confusion matrices, the green cells  «  Sem = Semantic Segmentation
L. . *  Part = Part S ati

along the pole column highlight the huge confusion i T acgmentation

and false-positive rate in the prediction. The points belonging to the natural class and trashcans are labeled as poles

after the part segmentation.

Table 12 - Difference of Confusion Matrices : The effect of integrating two steps

Difference of Confusion Matrices

Crop Segmentation - Semantic Segmentation
{Integration, Training Offset: 0.5m , Testing Offset: 1m, padding: 0.8m}
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the visual inspection of the results shows that the part segmentation model cannot resolve the small noises of the
semantic segmentation prediction. As shown in figure 37, a tiny cluster of falsely labelled poles is turned to a
large cluster of false positives after the part segmentation. It can be said that the part segmentation successfully

expands the seed prediction offered by the semantic segmentation, but it cannot help eliminate the false seeds.

Ground Truth Semantic Segmentation Part-Segmentation

Hl Gound Pole Bollard B Pedestrian N Car
Building Unclassified B Trash can B Basrier Natural

Figure 37 - Incapability of the part segmentation to correct false positives

6. CONCLUSION AND FUTURE WORK

Intending to achieve a better segmentation result for urban assets in a scene, we designed and tested a two-step
pipeline by combining semantic segmentation and part segmentation in this research. In the proposed method,
tirst, a deep learning model (KPConv) is trained for the semantic segmentation task using a publicly available
mobile laser scanning dataset, NPM3D. Then, the trained model is tested on the test point cloud, generating an
initial prediction. With the motivation of enhancing the results for the chosen asset of interest(pole), the
neighborhoods around the poles are cropped into tiles and fed into the same deep learning model trained for the
part segmentation task with similar tiles cropped from the training scene.

The results show that part segmentation can improve the partly missed poles and segment their entire shape with
a more accurate boundary than semantic segmentation. However, the instances were rare in the NPM3D dataset,
and their improvement did not reflect significantly in the semantic segmentation results. The key limitations of the
proposed pipeline are the error propagation, the model bias towards the class of interest, the inconsistency of the
performance in tiles of different difficulty, and parameter fine-tuning. Also, the proposed pipeline's effectiveness
depends on the object geometry, and it cannot be used for extended ones. Overall, the results show that the
pipeline's accomplishment is highly dependent on the tile definition. If all the poles are captured with enough
contextual information, a 6.4% improvement in IoU can be achieved at the tile level and 1.6% at the scene level
for the pole class. However, the part segmentation could not improve the semantic segmentation results in the
real-wotld scenario. The instability, discontinuity, incompleteness, and noise in the semantic segmentation

prediction result in inefficient tile selection, which significantly affects the part segmentation results.

6.1.  Contributions

The main contribution of this work is to design a novel and simple pipeline that combines two 3D understanding
tasks (part segmentation and semantic segmentation) to yield more refined results for the semantic segmentation
task. The cases where the part segmentation could improve the initial prediction from the semantic segmentation
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can be considered an important contribution applicable selectively for extracting more accurate results for urban
asset management. This study also reveals the complexities of the problem at hand, discusses the edge cases, and

investigates the possibilities of making the pipeline work.

6.2.  Limitations

Error Propagation: In this pipeline, the final prediction is based on an initial prediction. Although the part
segmentation aims to make the semantic segmentation predictions more accurate, some errors will be
propagated. For instance, if no pole part is detected in the semantic segmentation phase, then the pole instance
will be eliminated, and the part segmentation task will not have the opportunity to find the points belonging to
the pole class. Or, in another scenario, where two clusters of points belonging to a single pole instance are
generated, each of them will be captured in a different tile, and with the elimination of edge predictions, the
entire pole can never be captured.

Lack of Contextual Information: Cropping discards the contextual information and changes the geometry of
the classes. Tile selection results in the appearance of floating points clusters in the tile representing an

incomplete object. In many cases, it is impossible even for the human brain to identify them.

Dependence on Object Geometry: The usability of the method for a particular class is dependent on the class
geometry. The pipeline cannot be used for extended objects like buildings, barriers, guardrails, or sidewalks. The
part segmentation trained model, with enough training examples, is able to segment a part of these extended
objects, but it cannot capture the whole object at once because the part segmentation does not work propetly

for large tiles.

Repetitive calculations: The proposed pipeline suffers repetitive calculations, particularly when it has to
segment easy poles twice, once in the whole scene and once from its neighborhood, generating the same output.
Also, the padding removal after the part segmentation can be considered another waste of time and memory

since the prediction is generated but is not used and removed finally.

Inconsistent Performance: The inconsistency in the performance of part segmentation in tiles of different
difficulty makes it impossible to generalize the effectiveness of the part segmentation step for any given tile.
Some tiles have better predictions with some adaptations of the method, while others do not work propetly with
that experiment setting. Many influential factors can affect the predictions and make them unreliable.

Parameter fine-tuning: The pipeline requires some parameter fine-tuning that can be highly data-dependent
and not straightforward, particularly when ground truth labels are unavailable. For example, if the point cloud is
captured from the historical and touristic part of the city with many poles and guidance signs close to each other,
the parameters should limit the clusters so that single poles can be extracted. While in the modern parts of the
city or highways where the pole-like objects are located far from each other, the parameters can be loosened. All
in all, the range and extent of these parameters should be investigated based on the project context and available
data.
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6.3.

2.1

1.1.

1.2.

Answers to the research questions

What are the challenges of the prediction in the scene semantic segmentation step? And

why are they happening?
The first challenge is the intrinsic class imbalance of the urban scene leading to a biased prediction in
favor of well-represented classes (such as ground and buildings) and relatively poorer IoU (smaller by 20%
and more) in the prediction cloud for minority classes like poles, bollards, trashcan, and barrier compared
to majority classes. The second challenge is the data quality in terms of captured points, point features,
and labeling. The publicly available dataset (NPM3D) is not well-processed; the data suffers from noisy
points, especially where two classes are located close to one another, and the floating noise points connect
the two classes. Furthermore, the existing anisotropic patterns have led to point density variance within a
local neighborhood. Moreover, the reflectance values are not normalized to compensate for the incident
angle effect; therefore, they are highly noisy and do not represent the surface material propetly. Also, poor
labeling choices have led to substantial inter-class similarities. As the geometric characteristics of some
instances from a particular class (like green walls) are close to the general geometry of another class (like
building), and in the absence of high-quality, distinctive features like intensity and color information, the

model confuses these classes easily.

How good is the scene semantic segmentation prediction for the class pole? What

challenges should be overcome in the part segmentation step?
The poles are segmented with the intersection of union (IoU) of 65.3%, which is relatively low compared
to majority classes like building and ground with more than 90% IoU. The visual interpretation of the
results shows that some poles are completely missed, particularly those connected or close to the
buildings. The reason is that the model confuses the pole with facade extensions (such as store signs,
flower boxes, attached lamps, and columns). Some other poles are partly missed where pole intersects
with trees or are located close to barriers or bushes. Some parts of the bollards are also confused with
poles due to their similar geometry (vertical upright cylinders). Another observation is that at the edges
of the point cloud, where there is less point density, the semantic segmentation prediction for poles
becomes unstable, and the model confuses the pole points with other classes like building and natural.
However, the part segmentation step is only effective for partly missed poles since the model biased
towards the pole class intensifies the false positive rate and cannot refine the segmentation of geometrically
similar objects. Also, In other problematic scenarios where the pole is totally missed, the part segmentation

does not get the chance to improve the results as the cases are being eliminated.

How does the part segmentation step influence the initial result? What parameters can affect
the effectiveness of the part segmentation step?

In the ideal scenatio, where all the poles are adequately captured within the tiles, the part segmentation
can improve the IoU by 6.4% and reach 92.3% for the class pole. However, the integration results show
that in the real-world scenario, the part segmentation cannot improve the semantic segmentation results.
The recall improves by 3%, but at the same time, the precision, IoU, and F1 score will worsen. Based on
the experiments in this work, the tile size and its capability to capture the whole pole, the data quality, the
point density, the share of pole points in the training set, and the tile difficulty level influence the part

segmentation result.
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2.2

2.3.

3.1

3.2,

3.3.

What are the limitations of the proposed pipeline?
It is discussed in section 6.2.

Can any additional step in the pipeline (preprocessing or postprocessing) improve the part
segmentation outcome?

In this project, two preprocessing initiatives were Each initiative has its own limitations. The reflectance
records were too noisy and required corrections related to the incidence angle. Therefore it could not
improve the results of this project. However., maybe a high-quality intensity data could enhance the results
of the part segmentation. The quantitative results on enlarged tiles show that larger tiles cannot be handled
by part segmentation as they encompass more classes, and the class imbalance is reproduced and benefits
classes like building and ground. The postprocessing step of padding removal (eliminating the uncertain
edge predictions) enhanced the pole IoU on the tile level by more than 8.5%.

What other complexities emerge when the two methods are integrated together?

The main bottleneck in the integration of two pipelines is the tile selection. In some cases, only a focused
point cluster (e.g., the light bulb) is segmented in the semantic segmentation step. In these cases, setting
an offset parameter that could capture the whole pole in all cases but still be small enough to be propetly
handled by the part segmentation task is a challenge. Also, the discontinuity in the poles' prediction results
in the generation of multiple bounding boxes around a single pole. However, many of these cases can be
handled by eliminating the small bounding boxes located inside the bigger ones. However, some edge
cases exist where multiple pole-like objects are located nearby. In these cases, their bounding boxes overlap
considerably, but none cover the other. These cases will remain in the dataset and be calculated multiple

times in a similar location.

How will the results get affected by this?

The results are significantly affected. The minor improvements that were achieved in the ideal scenario
have turned into degradation in the real-world scenario. When part segmenting a perfect neighborhood
containing a pole-like object, the model can segment that pole with acceptable performance. But with the
imperfect tiles encompassing any random class, the model, greedily looking for the pole points, will assign
pole labels to the points belonging to other classes and decrease the precision significantly. Therefore, The
IoU and F1 got slightly worse (between 1% to 2%) compared to the semantic segmentation result. But

the precision was reduced by more than 5% on the tile level after the part segmentation.

Future Work

For further research in this direction, we recommend designing a pipeline to determine the difficulty level of a 3D

tile. Finding a method (even with the help of deep learning) to determine whether a tile can be improved with an

additional part segmentation step or not can help optimize our proposed pipeline. Also, it is an interesting line of

research for the industry as it has applications in reducing labeling efforts. By identifying hard instances that cannot

be improved further with a deep learning algorithm, the human operator is guided to focus on labeling the hard

instances and leave out the rest for labeling using smart methods.

Another possible direction is designing a synthetic dataset that could train the part segmentation model with edge

cases. Since the variety of hard cases exist, and their perturbation is high, maybe a designed artificial dataset can be

added to the training set to make the model familiar with the complex scenarios.
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APPENDIX (1) : CONFUSION MATRICES

Semantic Segmentation and Part Segmentation on Tiles of 0.5m offset
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Semantic Segmentation and Part Segmentation on Tiles of 1m offset

Accumulated Confusion Matrix : Semantic Segmentation
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Semantic Segmentation and Part Segmentation (With and Without Intensity Values)

Confusion Matrix: Crop Segmentation
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Integration of Semantic Segmentation and Part Segmentation
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APPENDIX (2) : IoU COMPARISON

In this table, the results of part segmentation in the tile level is compared to the results with padding removal
(cropping after the part segmentation), and finally, the ideal result is inserted back into the scene, and the
semantic segmentation result after the modification is reported. Note that the semantic segmentation (baseline
result) is calculated within the effective tile extent in each scenario, which is why the numbers differ.

Cropping size loU per Class
Neigohbo" ":ood Point Cloud . e;frtnet:npt:tri'on Task
Ground Building Pole Bollard = Trashcan Barrier Pedestrian Car Natural
(from the edges)
om semantic
Training : 0.5m (Full Extent) segmentation 98.0% 75.4% 83.7% 54.6% 30.9% 61.4% 0% 96.5% 77.9%
Tiles
Testing: 0.5m
(Ful?En):len() part segmentation 97.6% 66.7% 83.7% 0% 19.6% 23.5% 0% 5.9% 76.1%
semantic
Training: 0.5m A 08m e 99.6% 0% 85.9% 0% 0% 43.9% 0% 0% 83.5%
Cropped tiles |
Testing: 0.5m
b’ 08m part segmentation | 99.2% 0% 0% 0% 13.4% 0% 0% 80.3%
Training: 0.5m 05m zi;",ﬁgﬂfaﬁon 99.0% | 32.7% 0% 41% 62.3% 0% 100% 72.4%
Cropped tiles
Testing: 0.5
b R 05m partsegmentation | 98.8% | 29.8% 0% | 12% | 162% 0% 0% 77.8%
semantic
Training: 0.5m . 08m e aon 98.8% | 68.1% | 84.2% | 0% | 121% | 63.7% 0% 97.6% | 78.3%
Cropped tiles
Testing: 1
SEg: S 08m partsegmentation | 98.2% | 49.7% | 85.7% | 0% 39% | 122% 0% 14.3% 75.3%
semantic
segmentation 97.8% 93.6% 65.3% 70.5% 70.1% 42.6% 85.5% 96.3% 90.2%
Training: 0.5m after replacing the
Whole Scene 08m predicted cropped | 97.8% = 93.6% = 65.7%  70.5% @ 70.1% = 42.6% 85.5% 96.3% 90.3%
Testing: 0.5m tiles in the scene
after replacing the :
05m predicted cropped 97.8% 93.6% 66.7% 70.5% 70.1% 42.6% 85.5% 96.3% 90.3%
tiles in the scene
Training 0.5m after replacing the
Whole Scene 0.8m predicted cropped 97.8% 93.6% 70.5% 70.1% 42.6% 85.5% 96.3% 90.3%
Testing: 1m tiles in the scene
Semantic Segmentation (baseline) Scene level: no improvement - Maximum Improvement
Part Segmentation
- Seraitic sidPart Tile level: no Improvement - Maximum improvement




