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Abstrakt

Tato praca sa zameriava na vyvoj softvérového nastroja na porovnavanie mragien
bodov, ktoré sa be®ne vyulivaju v oblastiach ako kontrola kvality v priemysle, robotika
£i 3D modelovanie. Na&stroj umo®-uje poufivate©om mera” a vizualizova™ rozdiely
medzi dvoma mnoCinami trojrozmernych dat. Okrem be®ne pouCivanych metod pod-
poruje aj nové, na mieru navrhnuté porovnavacie techniky, ktoré boli vyvinuté v ramci
tejto prace. Tie pou®ivate©om pomahaju odhali” chyby, odchylky alebo zmeny medzi
modelmi a su u®ito£né v réznych praktickych pripadoch. Aplikacia ponuka preh©adné
a pou®ivate©sky privetivé rozhranie a umo®-uje exportova” vysledky porovnania na
aal2ie spracovanie alebo integraciu do inych nastrojov.

K©@u£ové slova: mragno bodov, kvalita, podobnos’
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Abstract

This thesis introduces a software tool for comparing 3D point clouds, which are widely
used in elds like industrial inspection, robotics, and 3D modeling. The tool allows
users to measure and visualize di erences between two sets of spatial data. It supports
commonly used methods as well as new custom-designed comparison techniques devel-
oped as part of this work. These help users identify errors, defects, or changes between
models and support various practical use cases. The application o ers a user-friendly
interface and includes the ability to export comparison results for further processing

or integration into other tools.

Keywords:  point cloud, quality, similarity
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Introduction

In recent years, 3D point clouds have become commonly used representation of surfaces.
These data sets are crucial in diverse elds including industrial inspection, cultural
heritage preservation, autonomous navigation, and medical imaging. However, due
to noise, resolution limits, occlusions, and imperfect reconstructions, it is essential
to evaluate and compare the quality of point clouds, especially when assessing the
performance of di erent data acquisition methods or reconstruction algorithms.

The motivation behind this work stems from the lack of robust, exible, and insight-
ful tools for comparing point clouds. Currently, the open-source softwatdeshLab[3]
allows users to calculate the Hausdor distance and visualize di erences by coloring one
cloud based on distance to another. However, its capabilities are limited. It only sup-
ports one type of distance measure, lacks support for intuitive visualizations, and fails
to provide the level of detail and customization that advanced users and researchers
require. By creating a tool speci cally designed for this purpose, this thesis contributes
not only a practical utility but also a foundation for future research and development.

In addition to implementing standard measures such as the Hausdor and chamfer
distance, the software also introduces several custom-designed quality measures devel-
oped speci cally within this thesis. These new measures aim to capture other aspects
of point cloud similarity that are often overlooked by traditional methods, o ering
users a richer and more nuanced analysis of di erences.

The tool developed in this thesis has numerous practical applications. For example:

" Algorithm Benchmarking: When developing new algorithms for denoising,
downsampling, or registering point clouds, researchers need a reliable way to
compare the algorithm's output against a ground truth. The software can com-
pute precise error distributions and help visualize which areas are a ected most
by algorithmic changes.

Industrial Inspection: In automated manufacturing, 3D scanners can be used

on assembly lines to verify that products conform to design speci cations. By

comparing a scan of a manufactured item to a reference model, the tool can
highlight defects, deformations, or missing parts in real time.

1



2 Introduction

" Change Detection: In construction or civil engineering, periodic 3D scans can
be compared to detect structural shifts or unauthorized modi cations over time.
The software can assist in visualizing such changes clearly and quantitatively.

" Education and Demonstration: The tool can be used in academic settings to
teach students about point cloud quality measures, error analysis, and 3D data
processing, providing immediate visual feedback that enhances understanding.

The software and methodologies introduced in this work are designed to be modular
and reusable. As such, they can serve as a base for future bachelor's and master's
theses, scienti ¢ publications, or industry tools. The impact of this project thus goes
beyond a single use case and aims to foster broader advancement in 3D data processing
and analysis. The tool is designed to be user-friendly, providing an intuitive interface
for selecting quality measures, adjusting parameters and visualizing results. The tool
allows to export results for further analysis.

The following chapters provide an in-depth look at the software's architecture, the
mathematical foundations of the implemented measures, the design of the visualization
components, and real-world testing scenarios that demonstrate the tool's capabilities.
Chapter 1 introduces the concept of point clouds and discusses the data structures used
for e cient storage and processing. Chapter 2 focuses on the theoretical background
and properties of quality measures used to evaluate the similarity and structure of
point clouds. Chapter 3 describes the implementation of the developed tool, including
the graphical user interface, interaction logic, and visualization techniques. Finally,
Chapter 4 presents experimental results and proposed modi cations to the existing
measures, demonstrating the e ectiveness and versatility of the application in practice.



Chapter 1
Point Cloud and Data Structures

This chapter provides a comprehensive overview of point clouds and the data struc-
tures employed for their e cient storage and processing. It introduces the fundamental
properties of point clouds, their role in representing spatial data, and the challenges
associated with their unstructured nature. To address these challenges, various data
structures are explored, with a focus on their ability to optimize search operations,
spatial partitioning, and data retrieval. Understanding these structures is impera-
tive for e cient processing, analysis, and visualization of large-scale three-dimensional
datasets.

1.1 Point Cloud

A point cloud is a collection of discrete data points in three-dimensional space, rep-
resenting the external surface of an object or scene (see Figure 1.1). Each point is
de ned by its coordinates(x;y;z) 2 R3, and often supplemented with additional at-
tributes such as color or normal vectors.

De nition: A point cloud can be formally de ned as a nite set of points inR3,
given by:
A=fajagiiian a = (x;Y:2) 2 R%g (1.1)

Point clouds are widely used in elds such as computer graphics, geospatial mapping,
and 3D scanning. They o er a raw, unstructured way of capturing spatial data directly.

Point clouds are typically generated by 3D scanning technologies, such as:

~ 3D Scanning: Devices such as structured light scanners or depth cameras emit
patterns or capture depth data directly to reconstruct the geometry of an object.
It is more suitable for small, detailed objects.

3



4 CHAPTER 1. POINT CLOUD AND DATA STRUCTURES

Figure 1.1: Visualization of a point cloud representing a teapot.

A

Photogrammetry:  Combines images taken from multiple perspectives to create
3D reconstructions.

" LIDAR (Light Detection and Ranging): Uses lasers to measure distances
and generate dense, accurate point clouds. It excels in capturing large-scale
outdoor environments

Point clouds are a versatile data format with applications in various domains:

~

3D Reconstruction:  Used to create digital models of real-world objects or
scenes for gaming, virtual reality, or industrial design.

" Robotics and Autonomous Systems: Enable obstacle detection, path plan-
ning, and object recognition for robots and self-driving cars.

" Geospatial Analysis:  Support terrain modeling, urban planning, and environ-
mental monitoring.

~ Cultural Heritage Preservation: Facilitate the digital preservation of histor-
ical artifacts and sites.

Point clouds di er from structured 3D representations like meshes or voxel grids in
that they lack explicit connectivity between points. This unstructured nature makes
point clouds exible but also presents several challenges:

" High Density: Point clouds can contain millions or billions of points, requiring
e cient processing techniques.

" Noise and Outliers:  Points may include measurement errors or irrelevant data.
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" Irregular Distribution: Points are not evenly spaced, leading to potential gaps
or overlaps in the representation.

Figure 1.2: Dierent forms of point cloud artifacts, shown here in the case of a curve
in 2D. Source: [2]

To address these challenges, algorithms such as Itering, down-sampling, and sur-
face reconstruction are commonly applied. Below are common types of artifacts, which
can be seen in Figure 1.2:

(a) Original Shape: The ground truth representation of the object or scene, pro-
viding a reference for comparison.

(b) Nonuniform Sampling: The density of points varies across the shape, leading
to areas with high or low point concentration. This can a ect interpolation and
reconstruction accuracy.

(c) Noisy Data: Small perturbations are introduced to the points, often due to
sensor inaccuracies or environmental factors, causing rough or inaccurate surface
estimations.

(d) Outliers: Some points are located far from the actual surface, usually resulting
from measurement errors or re ections. These outliers can negatively impact
surface tting and modeling.

(e) Misaligned Scans: Multiple scans of the same object are not perfectly aligned,
leading to duplicate or o set point distributions. This misalignment often occurs
in multi-scan 3D reconstruction.
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(f) Missing Data: Some parts of the object are not captured due to occlusions or
sensor limitations, leading to gaps in the point cloud representation.

Processing and visualizing point clouds e ectively requires advanced algorithms and
tools to manage their large size, noise, and unstructured nature.

1.2 k-D Tree

To e ciently represent and work with point clouds, it is appropriate to use ak-D
tree. A k-D tree (k-dimensional tree) is a binary tree that recursively partitions a
k-dimensional space along its coordinates. Each node in the tree represents a point
in the dataset and de nes a hyperplane that splits the space into two half-spaces. At
each level of the tree, the data is split along one dimension, cycling through il
dimensions. Points with values smaller than the current node's value in the selected
dimension are placed in the left subtree, while larger points go to the right subtree.
This recursive binary partitioning is illustrated in Figure 1.3, and it is particularly

e ective for organizing and querying multi-dimensional data. Thereforek-D trees are
well suited for operations such as nearest neighbor search, range search, and clustering.

Figure 1.3: An example ok-D tree partitioning in 2D space. Source: [4].

In some cases, an octree [8] is used to organize three-dimensional space by recur-
sively subdividing it into eight octants at each node. This adaptive subdivision contin-
ues until a speci ed depth is reached or when each leaf node contains fewer than a set
number of points, making octrees particularly e ective for managing sparse datasets
and volumetric data. Octrees are commonly applied in areas like volumetric rendering,
collision detection, and level-of-detail modeling due to their ability to e ciently handle
dynamic data insertion and deletion. Despite these advantagdsD trees are generally
preferred for point cloud processing because they o er more balanced partitioning in
low-dimensional spaces, leading to faster search operations, e cient nearest neighbor
search through axis-aligned splits, and better memory e ciency when handling dense,
uniformly distributed data.
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1.2. k-D TREE 7

1.2.1 Construction and Insertion

The k-D tree is constructed recursively using the following process:

1. Select Splitting Axis: At depth d, the splitting axis is determined asd mod k,
wherek is the number of dimensions.

2. Choose Median Point:  Sort the points along the selected axis and select the
median to ensure balanced partitions.

3. Recursive Partitioning: Split the points into left and right subsets around the
median and recursively build the subtrees.

The C++ implementation of the k-D tree construction is shown in Algorithm 1.1.

struct Node

{

vector<double> point;

Node* left = nullptr;

Node* right = nullptr;

Node (vector<double> pt) : point(pt) {}
¥

Node* buildKDTree(vector<vector<double>>& points, int depth, int k)

{
if (points.empty()) return nullptr;

/I Determine splitting axis
int axis = depth % Kk;

/I Sort points along the current axis
sort(points.begin(), points.end(),
[axis](const vector<double>& a, const vector<double>& b) {
return afaxis] < b[axis];

DE

/I Select median point
int medianldx = points.size() / 2;
Node* node = new Node(points[medianldx]);

/I Build left and right subtrees

vector<vector<double >> leftPoints(points.begin(), points.begin() +
medianldx);

vector<vector<double>> rightPoints(points.begin() + medianldx + 1,
points.end());
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8 CHAPTER 1. POINT CLOUD AND DATA STRUCTURES

node->left = buildKDTree(leftPoints, depth + 1, Kk);
node->right = buildkKkDTree(rightPoints, depth + 1, k);

return node;

Algorithm 1.1: k-D tree Construction in C++

Inserting a new point into ak-D tree involves traversing the tree and comparing
values along the splitting axes:

1. Traverse the Tree: Start at the root node and compare the new point with the
current node's value along the splitting axis.

2. Move to a Child: Depending on the comparison, move to the left or right child
node.

3. Insert as a Leaf Node: When an empty position is reached, insert the new
point as a leaf node.

Algorithm 1.2 presents the C++ code for inserting a point into ak-D tree.

Node* insertKDTree(Node* node, vector<double> point, int depth, int k)

{

if (node == nullptr) return new Node(point);

/I Determine splitting axis
int axis = depth % Kk;

/I Traverse to the appropriate child
if (point[axis] < node->point[axis]) {
node->left = insertKDTree(node->left, point, depth + 1, k);
} else {
node->right = insertKDTree(node->right, point, depth + 1, k);

return node;

Algorithm 1.2: k-D tree Insertion in C++

However, frequent insertions and deletions may cause the tree to become unbal-
anced, potentially degrading performance. Therefore, periodic rebalancing or recon-
struction is necessary for dynamic datasets.
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1.2.2 Nearest Neighbor Search

Nearest neighbor search is one of the most fundamental operations performed on a
k-D tree, allowing e cient retrieval of the closest point to a given query point in a
k-dimensional space. The key advantage &fD trees in nearest neighbor search lies in
faster pruning of the search space compared to brute force methods, as illustrated in
Figure 1.4.

Figure 1.4: Nearest neighbor problem visualized onlaD tree. Source: [4].

The nearest neighbor search algorithm proceeds as follows:

1. Traverse the Tree: Compare the query point at each node and move to the
left or right child.

2. Reach a Leaf: Compute the distance to the query point.

3. Backtrack if Needed: Check if the other subtree could contain closer points
by comparing distances to the splitting hyperplane.

4. Return the Nearest Neighbor: Return the closest point.

The search process takes advantage of the tree structure to minimize comparisons
by eliminating large sections of the dataset at each step. By narrowing the search to
areas that are more likely to contain closer points, the method greatly enhances search
e ciency, especially in high-dimensional spaces.

1 double distance(const vector<double>& pl, const vector<double>& p2) {
2 double sum = O;

3 for (int i = 0; i < pl.size(); i++) {

4 sum += (p2[i] - pl[i]) * (p2[i] - p1[i]);

5 }

6 return sum;
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10 CHAPTER 1. POINT CLOUD AND DATA STRUCTURES

void nearestNeighbor(Node* node, const vector<double>& queryPoint, int
depth, int k, Node*& bestNode, double& bestDist) {
if (node == nullptr) return;

/I Calculate the squared distance
double dist = distance(queryPoint, node->point);

/I 1f the current node is closer, update the best match
if (dist < bestDist) {

bestDist = dist;

bestNode = node;

/I Determine splitting axis
int axis = depth % Kk;

/I Traverse to the appropriate child
if (queryPoint[axis] < node->point[axis]) {
nearestNeighbor(node->left, queryPoint, depth + 1, k, bestNode
, bestDist);
/I Check the other side if a closer point might be found
if (abs(queryPoint[axis] - node->point[axis]) < bestDist) {
nearestNeighbor(node->right, queryPoint, depth + 1, k,
bestNode, bestDist);
}
} else {
nearestNeighbor(node->right, queryPoint, depth + 1, k,
bestNode, bestDist);
/I Check the other side if a closer point might be found
if (abs(queryPoint[axis] - node->point[axis]) < bestDist) {
nearestNeighbor(node->left, queryPoint, depth + 1, k,
bestNode, bestDist);

Algorithm 1.3: k-D tree Nearest Neighbor Search in C++

In many cases, when performing nearest neighbor searches, we are only interested in
comparing distances relative to each other rather than calculating the exact distance.
In this context, we can use the squared Euclidean distance to avoid the computational
overhead of square roots. The computation of this distance is implemented in the
distance() function within Algorithm 1.3, following the mathematical formulation:

@b =(x2 x)*+(y2 Y)*+(z z1)? (1.2)

wherea = (X1;Y1;21) and b= (X3;Y»; 22).
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Figure 1.5: Here the Euclidean distance is bigger, indicating that the hypersphere
intersects the cutting plane ofB, prompting a switch to traversing the E branch.
Source: [4].

1.2.3 Advantages for Point Clouds

k-D trees are highly e cient for point cloud processing, particularly in nearest neighbor
searches, which are crucial for point cloud similarity calculations. They o er both time
and space e ciency:

" Time Complexity:  The time complexity of constructing a balance-D tree
Is O(nlogn), wheren is the number of points, due to the need to sort the points
along each axis during the recursive construction. Nearest neighbor search in
a balancedk-D tree has an average time complexity oD(logn), as the search
space is halved at each level, making it much faster than brute-force methods
with O(n) time complexity.

Space Complexity: The space complexity iSO(n), wheren is the number of
points, as each node stores a point and two child pointers.

Their performance is best with uniformly distributed datasets but may degrade
with sparse or skewed data distributions. Nonetheless, they remain a robust choice for
point cloud similarity in dense datasets.



12

CHAPTER 1. POINT CLOUD AND DATA STRUCTURES



Chapter 2
Quality Measures

Quality measures provide quantitative metrics to assess the similarity between point
clouds, evaluate reconstruction accuracy, and identify discrepancies or errors. These
measures are essential for applications such as point cloud registration, surface recon-
struction, and shape comparison. They are used to measure the similarity or dissimi-
larity between two sets of points inR3. In this work, we focus on some of the most fre-
guently used quality measures: Hausdor distance, chamfer distance and earth-movers
distance.

The aim of this chapter is to provide a detailed overview of these measures, their
mathematical formulations, applications, and advantages. This chapter also establishes
the foundation for evaluating point cloud quality in the subsequent implementation and
experimentation phases of this thesis. For the purposes of this work, all de nitions and
formulations in this chapter are tailored to the context of point clouds, which are
represented as hite non-empty sets according to De nition 1.1.

2.1 Hausdor Distance

The Hausdor distance is widely utilized in comparing geometric shapes, point clouds,
and surfaces, particularly in elds such as computer vision, 3D modeling, and medical
imaging.

De nition: Let A = faj;ay;:::;ap,gand B = fb;by;:::;b,g be two non-empty
nite subsets of R® with a distance functiond(a;b. The directed Hausdor distance
from A to B is de ned as:

d (A;B) = max mind(a; b); (2.1)

whereminp, g d(a; b is the minimum distance from a pointa 2 A to any point b2 B,
and maxa, a is the greatest of these minimum distances over all points iy. [5]

13



14 CHAPTER 2. QUALITY MEASURES

The bidirectional (or symmetric) Hausdor distance is then de ned as:
dy (A; B) = max ranz%xrplen d(a; b); rtr];angglxl d(b;g : (2.2)

This ensures that the distance considers both sets equally, accounting for the worst-case
discrepancy between them.

Figure 2.1: Visualization of the Hausdor distance between two sets of points. The
Hausdor distance is determined by the longest shortest distance, shown as the black
line connecting a point inA to its closest point inB.

Example: Consider two point sets in a 2D Euclidean space:
A=1(1;1);(2,2);(3;3)g; B =1(22);(3;4)g:
For the directed distance fromA to B:
R = P 5 i (9 Y = 0 min d((2-3) 1) = 1 -
rtglg d((1;1);b = 2 rglzlEp d((2;2);b =0; rlelEp d((3;3);bh=1:

The maximum of these minimum distances is:
p_
2:

maxmind(a; b =
a2A b2B

Repeating forB to A, we nd:
dy(B;A)=1:

The bidirectional Hausdor distance is thus:
P P
di(A;B)=max( 21)= 2
A key property of the Hausdor distance is its sensitivity to outliers. This makes it
particularly useful in detecting major deviations and errors. Another of its main advan-
tages is its applicability across any metric space, making it versatile for tasks ranging
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from 2D shape analysis to higher-dimensional comparisons. Additionally, its geometric
interpretation as the longest shortest distance is easy to visualize and understand, as
shown in Figure 2.1.

For example, in 3D modeling, it can measure how well a scanned object matches a
reference model, identifying maximum deviations and ensuring adherence to tolerance
levels. Its directed form is also useful when only one direction of comparison is needed,
such as validating predictions against ground truth data.

2.2 Chamfer Distance

The chamfer distance is another widely used metric for comparing sets of points. Unlike
the Hausdor distance, which focuses on the maximum deviation between two sets, the
chamfer distance considers the average closeness between all points in the sets. Fig-
ure 2.2 illustrates this interpretation, where the chamfer distance is the average of the
shortest distances between corresponding points in two sets. It is particularly valuable
in applications where a smooth, more forgiving comparison between point clouds or
shapes is desired. We proceed to the de nition of chamfer distance as introduced in [17].

De nition: Let A = fag;a,;:::;angand B = fby;by;:::;b,g be two non-empty
nite subsets of R® with a distance functiond(a; . The chamfer distance fromA to
B is de ned as the sum of the squared distances from each point Anto its nearest
neighbor in B, averaged over all points inA:

. — 1 X ; CR2.
dc(A;B) = JWJ rtpzlg d(a;b~: (2.3)

azA

Similarly, the chamfer distance fromB to A is given by:

. — 1 x H c A2
dc(B:A) = o min d(b; 9 (2.4)

The bidirectional chamfer distance is then de ned as the average of the chamfer dis-

tances fromA to B and from B to A:
I

1 X '
H ‘2 H f a2 .
in d(a; b~ + j_Bj . min d(b;a“ : (2.5)

1 1 X
GelAB)= 2 J.WjazArbrzl

Example: Consider the same two point sets in a 2D Euclidean space as in the
Hausdor distance example:

A=1(11),(2,2);(3;3)g; B =1(2,2)(3;4)g:
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Figure 2.2: Visualization of the chamfer distance between two sets of points. The
chamfer distance is the average squared distance from each point in one set to the
closest point in the other set.

For the chamfer distance fromA to B, we calculate:
Y A = D5 i o o = 0 min (- 2) ) = 1 -
min d((3;1);b = 2 min d((2;2);b) =0; min d((3;3);b =1:
The squared distances are:
p_ 2
2 =2; 0°=0; 1?2=1:
Thus, the average squared distance frol to B is:
1
—(2+0+1)=1:
3(2 )
Similarly for B to A we calculate:
min d((2;2);a) =0; min d((3;4);a) =1:

The squared distances are:
0?=0; 1°=1:

Thus, the average squared distance frofd to A is:
1
-(0+1)=0:5
5(0+1)

The bidirectional chamfer distance is:

dc(A;B) = :—2L(1+0:5) =0:75
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As can be seen, despite the identical input, the chamfer and Hausdor distances pro-
duce di erent results.

Chamfer distance is often employed in point cloud registration [6], where the objec-
tive is to align two or more point clouds. By minimizing the chamfer distance between
the point sets, the optimal alignment between the clouds can be determined.

In the context of deep learning, chamfer distance is commonly used as a loss function
in tasks where the goal is to generate a point cloud that resembles a target point cloud.
The chamfer distance loss helps guide the generated point cloud to be as similar as
possible to the target [13].

2.3 Earth Mover's Distance

The earth mover's distance (EMD) [9], also known as the Wasserstein distance, is a
function used to measure the distance between two distributions, often represented as
weighted point sets inR3. It is grounded in the theory of optimal transport [16], where
the goal is to compute the minimum cost required to transform one distribution into
another. Imagine each distribution as a pile of dirt on a plane. The goal is to move
the dirt from one pile to another while minimizing the total e ort. The earth mover's
distance represents the minimum amount of work required to transform one pile into
the other. Figures 2.3 and 2.4 provide a conceptual illustration of EMD.

Figure 2.3: Example of two distributionsP and Q.

Figure 2.4:. Optimal transportation betweenP and Q.

Denition: Let P = fpy;pe;:iispngand Q = faqu; ;i gng be two distribu-
tions of points, where each point has an associated weighfp;) and w(qg) such that
Tow(p) = jmzl w(q ). The earth mover's distance is de ned as the minimum cost
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of transporting the weights inP to match Q, given a ground distancel(p; g between
any two points p and g. More precisely, it is expressed as:

X0
EMD(P; Q) = min fij d(pi; q); (2.6)

i=1 j=1

whereF = [f; ] represents the optimal ow andf; is the ow from p; to g.
In the context of point clouds, we represent each point cloud as a distribution of

equal weights are asigned to all points (uniform distributions) since the total mass of
both distributions is normalized to 1.

2.3.1 Hungarian algorithm

The computation of EMD can be cast as a linear optimization problem. For discrete
distributions, this is equivalent to solving the assignment problem [1], where the goal is
to nd an optimal matching between two sets to minimize the total cost. This problem
is analogous to the classical jobs and workers scenario, where each worker must be
assigned a job such that the total cost is minimized. The Hungarian algorithm (or
Hungarian method) [7] e ciently solves this problem in polynomial time.

This algorithm operates by maintaining a set of potential values for jobs and workers
and iteratively updating them to minimize reduced costs. The algorithm proceeds as
follows:

Matrix representation: Let CJi][j] represent the cost of assigning jolp to
worker i. The goal is to minimize the total assignment cost.

Step 1: Row reduction:  For each row in the matrix, subtract the smallest
value in that row from every element in that row.

Step 2: Column reduction: For each column in the matrix, subtract the
smallest value in that column from every element in that column.

Step 3: Cover zeros: Cover all the zeros in the matrix with the minimum
number of horizontal and vertical lines.

Step 4: Adjust the matrix: If the number of lines used to cover the zeros is
equal to the size of the matrix, the algorithm stops. Otherwise:

Find the smallest uncovered value in the matrix.

Subtract this value from all uncovered elements.
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Add this value to all elements that are covered by both a horizontal and a
vertical line.

" Step 5: Optimal assignment.  Once the matrix has been adjusted, select the
zeros in such a way that no two zeros are in the same row or column. This gives
the optimal assignment.

The EMD problem shares similarities with the maximum ow problem in graph
theory, where ow is routed through a network to minimize or maximize some objective
function [11]. By interpreting the points in P and Q as nodes in a ow network, and
distances as edge weights, the EMD computation can also be framed in this context.
However, the Hungarian algorithm provides a more direct and e cient approach for
discrete distributions.

In the case of point clouds, the cost matrixXC represents pairwise distances between
points in P and Q. By plugging the distance matrix into the algorithm, we can compute
the EMD e ciently. Each entry CJi][j] in the matrix corresponds to the distance
between thei-th point in P and the | -th point in Q, allowing the Hungarian algorithm
to calculate the optimal transport cost.

This formulation makes EMD particularly suitable for comparing point clouds be-
cause it captures geometric and structural di erences. For example, in evaluating the
reconstruction quality of a 3D scan, EMD can quantify how much the reconstructed
point cloud deviates from the original in terms of both spatial arrangement and distri-
bution. Unlike simpler metrics such as the chamfer distance, EMD explicitly models
the ow of mass, making it robust to outliers and localized di erences.
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Chapter 3
Implementation

This chapter describes the architecture of the application, detailing the key components
and their interactions. The implementation of this application is written in C++ and
is designed primarily for comparing point clouds. The main goal is to provide an easy-
to-use graphical tool that enables users to calculate distances between point clouds
e ciently. The application is built using the Point Cloud Library (PCL) for point
cloud processing and Qt framework for graphical user interface development.

Additionally, the software features various colorization techniques to enhance vi-
sualization, making it easier to interpret di erences between point clouds. The user
interface is designed to be intuitive, providing options for loading, processing, and vi-
sualizing point clouds with minimal e ort. Finally, the chapter provides insights into
the design choices that contribute to the overall usability and e ciency of the tool.

The full source code is publicly available agithub.com . The repository also in-
cludes automatically generated documentation created using Doxygen [15], which pro-
vides detailed descriptions of the project's structure, classes, and functions.

3.1 Point Cloud Library

The Point Cloud Library (PCL) [10] is an open-source, C++, large-scale library that
provides tools for processing 2D/3D image and point cloud data. It is widely used in
elds such as robotics, computer vision, and 3D data processing due to its e ciency,
versatility, and extensive support for various algorithms and data structures. PCL
o ers numerous functionalities including ltering, feature extraction, surface recon-
struction, registration, segmentation, and visualization, making it a powerful tool for
working with 3D point cloud data.

The library provides many di erent structures to represent 3D points. For this
thesis, pcl::PointXYZRGBA was selected. It is a structure that stores 3D coordinates
(XY, 2 along with color information (R G B, A. The pcl::PointCloud<PointT>

21
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object, which is de ned asPointCloudT, is then used to store a collection of these
points, forming a point cloud. This choice of structures enables easy visualization of
distances in the form of color later on.

PCL also provides a set of functions that simplify the process of loading 3D point
cloud data from various le formats. Functions such acl::io::loadPCDFile() ,
pcl::io::loadOBJFile() and pcl::io::loadPLYFile() , automatically handle com-
plexities and allow for easy parsing of point cloud data frorRCDOBJand PLYformats.

The pcl::visualization::PCLVisualizer is a versatile and powerful tool for vi-
sualizing point clouds. This class can create a visualization window, which is referred
to as the viewer in this thesis. Not only does it allow for the visualization of 3D
data, but it also enables user interaction, such as rotating, zooming, and panning.
With its ability to set custom rendering properties, it simpli es the process of render-
ing and interacting with point clouds, providing an intuitive and exible interface for
visualization.

The most important aspect of this thesis is the use of thecl::KdTree and its
implementation of nearest neighbor search.pcl::KdTree simplies the process by
automatically constructing ak-D tree from the point cloud, eliminating the need for a
custom implementation. Once the tree is built, it provides an e cient nearest neighbor
search function, which returns distances in squared form.

3.2 Qt Framework

Qt [14] is a cross-platform application framework widely used for developing graphical
user interfaces (GUIs). It is written in C++ and o ers a robust set of libraries that
simplify complex application development, making it a preferred choice for many soft-
ware projects in elds such as desktop applications, embedded systems, and scienti c
computing.

For this thesis, Qt was chosen primarily for its seamless integration with the Point
Cloud Library (PCL). Qt's signal-slot mechanism allows e cient event-driven pro-
gramming, making it well-suited for handling user interactions such as button clicks,
dropdown selections, and other Ul controls. Additionally, its support for OpenGL
enables smooth visualization of 3D data, complementing PCL's rendering capabilities.

Qt provides a modular architecture with various components that aid in application
development. The most relevant modules for this thesis include:

" QtWidgets  Provides standard interface elements such as buttons, labels, slid-
ers, and menus.

" QtCore Includes core functionalities such as event handling and data struc-
tures.
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" QtGui  Supports rendering, window management, and advanced graphical ca-
pabilities, essential for handling point cloud visualization.

A particularly important feature used in this thesis is the QVTK widget, which
enables seamless integration of PCL's VTK-based rendering within the Qt interface.
The Visualization Toolkit (VTK) [12] is a powerful open-source library for 3D computer
graphics, image processing, and visualization. This was essential for displaying and
interacting with 3D point cloud data in the developed application. Furthermore, Qt's
popularity has led to a large community providing custom-made widgets, one of which,
the RangeSlider, is utilized in this project to improve user interaction and parameter
selection.

3.3 Implementation Details

The application is a Qt-based GUI tool for visualizing and analyzing point cloud data
using the Point Cloud Library (PCL) and VTK for rendering. It manages two point
clouds corresponding to two separate PCLVisualizer instances: one for the target cloud
(left viewer) and one for the reference cloud (right viewer). All operations are applied
with respect to these two clouds. See the Figure 3.2 for preview.

Probably the most fundamental function in the project isgetDistances() , which
computes the closest distance for each point in the rst cloud to any point in the second
cloud. It creates the PCLKk-D tree from the cloud and then it gets closest distances
thanks to the the PCL nearest search algorithm. The result is subsequently used for
computing values of quality measures and colorization of target cloud. The exact im-
plementation is provided in Algorithm 3.1.

1 std::vector<float> getDistances(PointCloudT::Ptr &cloud_a, PointCloudT
::Ptr &cloud_b) {

3 pcl::search::KdTree <PointT> tree_b;

4 tree_b.setlnputCloud(cloud_b);

5

6 std::vector<float> distances(cloud_a->points.size());

7

8 for (size_t i = 0; i < cloud_a->points.size(); ++i) {

0 auto &point = cloud_a->pointsJi];

10 pcl::Indices indices(1l); // To store index of the nearest
point

1 std::vector<float> sqr_distances(1); // To store squared

distance of the nearest point

12
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tree_b.nearestKSearch(point, 1, indices, sqr_distances);

distances[i] = std::sqrt(sqr_distances][0]);

}

return distances;

Algorithm 3.1: Implementation of function getDistances() in C++.

When the user clicks theCalculate button (Figure 3.2 - G), the onCalculate()
function handles the computation of quality measures. Depending on the selected
measure, it calls the appropriate function from the following list:

~ computeHausdorffDistance(cloudl, cloud?2)
" computeChamferDistance(cloudl, cloud?2)

" computeEarthMoversDistance(cloudl, cloud?2)

These functions are implemented according to their de nitions in Chapter 2. The
computation of earth mover's distance uses the implementation from the OpenCV
library.

Additionally, the application o ers several key functionalities to enhance user ex-
perience and exibility in handling point clouds:

Colorization:  (Figure 3.2 E) The application supports multiple colorization
schemes, includinRGB, Y ellow Red, Grayscale CMY K, Heatmap, P astel, and
Rainbow. See Figure 3.1 for examples. The functiocolorizeHandler()  automati-
cally applies the selected color scheme to the target point cloud. Users can also utilize
a range slider to adjust the colorization, allowing for better visualization of specic
values within the distribution.

Figure 3.1: Example of di erent colorizations.Y ellow Red on the left, Heatmap in
the middle, Rainbow on the right.
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Histogram: (Figure 3.2 D) A histogram is provided to display the distribution
of closest distances between loaded point clouds, o ering a visual representation of
their distribution.

Point size adjustment.  (Figure 3.2 A) A QSlider and QDoubleSpinBox are
linked bidirectionally, allowing for smooth and precise adjustment of the point size for
each viewer separately. The point size is updated dynamically in the respective viewer
when changed.

Loading les: (Figure 3.2 B) The application supports loading point cloud les
in .pcd, .obj , .ply , and .xyz formats, with the rst three handled by the PCL library
and .xyz loaded via a custom implementation.

Export image: (Figure 3.2 1) Users can export a PNG image of the clouds as
displayed in their viewer. This feature captures the current view and saves it as an
image le for further use or sharing.

Log: (Figure 3.2 H) A log eld stores information about the computed results,
allowing users to track performed operations and their outcomes.

Camera views: (Figure 3.2 C) The application allows users to select from pre-
de ned camera views or save their custom views for later use. This exibility enables
better control over how point clouds are visualized from di erent angles and perspec-
tives.

Distance Exponent: (Figure 3.2 F) A text edit eld allows users to adjust the
exponent applied to the Euclidean distance between points. Further information can
be found in Section 4.4.
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Figure 3.2: Screenshot of working application.



Chapter 4
Experiments and Modi cations

Widely used methods like Hausdor and chamfer distances are popular for comparing
point clouds, but they work well only for speci c cases. Hausdor is sensitive to a single
outlier, while chamfer distance mainly captures average distance. These methods do
not tell much about other artifacts that occur in point clouds, which are shown in
Figure 1.2.

This chapter introduces three new measures that provide some more targeted in-
sights:

" ldentity Measure shows how many points are exactly the same, which helps
track how much a point cloud has changed.

" Outliers Measure captures how many points deviate strongly, not just if there
is a single large error.

" Missing Data Measure estimates how much data is missing from the reference
point cloud.

These measures are especially useful for identifying speci ¢ structural issues in point
clouds and are designed to complement traditional tools.

4.1 ldentity Measure

This measure evaluates how many points in one point cloud)(are identical with the
points in the reference cloud B). A point (from cloud A) is considered identical if its
nearest neighbor in cloud lies at distance zero.

De nition: Let D = fdy;dy;:::;d,g be the set of distances from each point iA
to its nearest neighbor inB. Then, the number of identical points is

X
IdenticalCount = [di =0]

i=1

27
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. IdenticalCount
IdentityMeasure = - 100%

where[d, =0] is 1 ifd; =0, and O otherwise.

It can be helpful in detecting how many points remain unchanged or perfectly
aligned between two versions of a point cloud.

Figure 4.1: Identity measure example. Cloud - left, Cloud B - right.

Figure 4.1 shows an example where:

" Total number of points in cloudA n =8
" Number of identical points (red dots): IdenticalCount= 7

" Therefore: IdentityMeasure = 87.5%

4.2 Outliers Measure

As shown in Figure 4.2, the outliers measure highlights how much of the total discrep-
ancy is caused by points that deviate signi cantly from the reference model, typically
referred to as outliers. In this context, an outlier is de ned as a point whose nearest
neighbor distance exceeds twice the average nearest neighbor distance.

De nition: Let D = fdy;dy;:::;d,g be the set of distances from each point in
cloud Ato its nearest neighbor in cloud, and let @denote the median of these distances,
le. 3

N P if n is odd _ _ _
a=_ 2 (after sorting D in ascending order)
- 2 dy + dysy 5 if nis even
A point i is considered an outlier if:
d 2d

The outliers measure is then de ned as the sum of the distances of the outlier

points: )
X h i
OutliersMeasure= d 24 di
h i =1
where d, 2d isl1lifd, 24, and O otherwise.
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Figure 4.2: Outliers measure example. Blue points are outliers.

4.3 Missing Data Measure

The missing data measure tries to evaluate how well the reference clol) i covered
by the comparison cloud ). It identi es areas where no suitable correspondence exists
in Afor points in B, indicating potentially missing or underrepresented regions in the
reconstructed cloud.

De nition: Let D = f(i;j;di)g be the set of all distanced; from pointi 2 B
to nearest neighbor pointj 2 A and let D° be the sorted list of these distances in
ascending order, where eacth represents the nearest neighbor distance from point
in Bto the nearest pointj in A

To compute the missing data measure:

1. Initialize all points in Aas unassigned.
2. lterate over sorted distancesl, 2 D¢

" If point j 2 Ais unassigned, assign it to point 2 B.

~ Otherwise, accumulate the distancel, into the total missing penalty.

Let M be the set of distances where the assignment failed (i.e., the corresponding
point in Awas already assigned). The missing data measure is de ned as:

X
MissingDataMeasure= d

d2M

It can be seen in Figure 4.3 that the measure is signi cantly larger in the top example
because there are more missing parts in the point cloud. In contrast, the bottom
example shows a more complete point cloud with fewer missing regions, resulting in a
lower value of the measure.

To better understand where and how data might be missing, the application includes
a feature that enables visualization of the missing data measure. In this visualization,
points on the reference cloudR) that could not nd a unique match are colorized. The
color intensity is based on the corresponding distana the larger the distance,
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Figure 4.3: Missing data measure example. Clougi(reference) - right, CloudA - left.

the more intense the red color. Only unassigned points from the skt (i.e. those
contributing to the missing measure) are colorized. This visual feedback helps to
intuitively grasp the severity and spatial distribution of missing or damaged regions.

Such visualization can serve as a valuable qualitative diagnostic tool, particularly
in preprocessing pipelines or registration algorithms where detecting incompleteness
Is critical. For example, in a factory line scanner system, where products such as
boxes are checked for structural integrity, a reference point cloud of a perfect box
could be compared against live scans. If a box on the assembly line has a hole or
deformation, the missing data measure would highlight the problematic region with
strong red markings, allowing immediate identi cation of defects. To better illustrate
speci ¢ missing regions, Figure 4.4 shows a detailed view with highlighted areas where
missing data is present.

Figure 4.4: Detailed visualization of missing parts. Highlighted blue circles indicate
areas with missing data.
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4.4 Distance Exponent

The distance exponent is a user-adjustable parameter that modi es the computed
distance by raising it to a speci ed power.
De nition:  The distance is computed as:

P exponent
d= (X1 X2+ (y1 Y2)?+(z1 25)? :

(4.1)

The default value of the exponent is 1, which results in the standard Euclidean distance.
Modifying the exponent changes how distances are scaled, which a ects the resulting
values and their distribution in the histogram. For example, an exponent greater
than 1 ampli es larger distances while diminishing the relative importance of smaller
distances. Conversely, an exponent less than 1 compresses the range of distances,
making larger and smaller distances appear closer together.

An illustrative example is shown in Figure 4.5, where results with exponents2,
1, and 2 are compared. When using exponent 2, larger gaps or deviations become
much more pronounced, while exponent 0:2 reduces the in uence of larger distances,
compressing the di erences between small and large deviations.

Figure 4.5: E ect of the distance exponent.

Adjusting the exponent is particularly useful in several scenarios:

A

Emphasizing severe deviations: In applications where detecting large errors
or missing regions is critical, increasing the exponent highlights such areas more
strongly.

Smoothing noise: Lowering the exponent (e.g., using values between 0 and 1)
can make small random noise less signi cant in the resulting measures.

Adjusting histogram distributions: By modifying the exponent, users can ef-
fectively shift and reshape the histogram of distances, making it easier to analyze
the underlying data distribution and spot outliers or trends.

Custom scaling for specic applications: Some domains may require non-
linear distance scaling for technical or perceptual reasons, and the exponent pro-
vides a simple mechanism for this adjustment.
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Thus, the distance exponent adds exibility to the distance computation, enabling
better customization for di erent analysis needs.

4.5 Testing and Evaluation

To evaluate the behavior of the implemented similarity measures under di erent types
of disturbances in point clouds, we conducted a series of qualitative tests. Each sce-
nario highlights speci ¢ strengths or sensitivities of the individual metrics. Below are
visualizations and commentary for several representative cases.

Figure 4.6: Visualization with added outliers.
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In rst scenario, a small number of points (outliers) were added to one of the point
clouds. The Hausdor distance is particularly sensitive to such outliers, as it reports
the maximum distance between any point in one cloud to the nearest point in the other.
As shown in Figure 4.6, a single far-away point can signi cantly in ate the Hausdor
distance value.

On the other hand, the custom Outliers measure focuses on the overall presence
and distribution of distant points, producing higher values when more such outliers are
present. Unlike the Hausdor metric, it is not dictated by a single extreme value but
re ects the cumulative deviation due to scattered anomalies.

Figure 4.7: Visualization with translated cloud.

Figure 4.7 shows one cloud being shifted from the center. In such cases, the chamfer
distance re ects an average minimal matching cost and increases proportionally with
the shift, but without considering global structure. It simply matches each point to its
closest counterpart.

In contrast, the earth mover's distance (EMD) captures this global translation
more naturally. Since EMD models the minimal cost of transforming one distribution
into another, it accumulates the necessary work to move mass between corresponding
regions. As a result, EMD grows more consistently and meaningfully in such translation
scenarios.

Figure 4.8: Visualization with added noise.
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