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Abstract 
Mapping, localization, and path-planning are three fundamental problems of robotic. 
Robot needs a map to perform actions like path-planning. When positioning system is 
not available, the map is also used for localization. A lot of researches have been done 
in this area. And newly emerging ranging sensors, like Kinect and TOF camera, have 
widen people’s choices and greatly enhanced innovative ideas in robot mapping. The 
price of these sensors is not very high and the performance is decent, which makes low 
cost, high performance mobile robot solution possible. 

In this thesis, different existing state of the art mapping methods are studied. Based on 
literature studies, different ranging sensors for mapping are evaluated. And by using the 
3D ranging sensor, three mapping methods are implemented. Occupancy grid map with 
scan matching, feature-grid hybrid map with map pruning and simple points map with 
ICP algorithm. Basic potential field path-planning is also implemented. 

The experiment results illustrate the performance of each method.   
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Chapter 1 

Introduction 

1.1 Context and Background of Mobile Robot 
Mobile robot is becoming more and more common. They have already moved out 
from labs, and being widely used not only in industry but also in family. 
 

    
(a)                                     (b) 

Figure 1 (a) Kiva warehouse robot  (b) Google car 

One of the successful examples of industrial mobile robot is the warehouse robot. 
They move automatically in the warehouse, perform the task like lifting and fetching 
goods. Another example is the “Google Car”, which can drive automatically without 
man’s involvement. It can also perform complicated tasks like obstacle avoidance, 
automatic parking, etc. It has already got the permission on road in some states in 
USA. Most industrial robots are equipped with high cost sensors and restrained by 
many safety regulations. Most of these robots can’t learn the environment 
automatically. They need people's involvement to tell what the world look like and 
where to go. Due to the limitation of computational power, as well as safety 
regulations, they usually move along the predefined path, either remote controlled by 
human or simply follow the man-made landmarks. For example, follow the colored 
strips on the floor. (Such as Warehouse robot in factory). Only a few of them can 
actually perform map building and autonomous path planning, and the cost is very 
high. (Such as Google Car) 

 

The other stream of robots is family robot, like robot vacuum cleaner, robot toys, etc.
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(a)                                   (b) 

Figure 1.2 (a) LG robot cleaner (b) Bosch robot lawn mower 
 

They are cheap solutions targeting on the consuming market. They usually only have 
basic functionalities, because of the poor accuracy of the cheap sensors. Unlike 
industrial robot, the requirement for robustness of family robot is not that crucial. A 
certain amount of errors can be tolerated.  

Both industrial and family mobile robot, though vary in sizes, prices, as well as 
functionalities, they have to solve three common problems, which are “Localization, 
Mapping and Path Planning.” 

 

Solving these three problems is the prerequisite for a mobile robot to perform certain 
tasks. Robot need to know where it is (Localization), what the world look like around 
it (Mapping), and then decide how to get there (Path Planning). The relation between 
mapping and path planning is clear. Without a map, path planning can’t be performed. 
While the relation between Mapping and Localization is not clear, they are always 
attached together. In robotics, it is a chicken and egg problem.  

 

1.2 Related Works 
A huge amount of works have been done about these three basic problems of robotics. 
A lot of state-of-art methods and algorithms have been developed.  

1985, Moravec and Elfes developed ‘occupancy grids mapping’ (OGM) technique 
using probabilistic framework, which models the world with discrete grids. It is the 
most widely used map format in robotics (1)  

Based on occupancy grids map, Sebastian Thrun, in 1993, developed a method, in 
which neural networks was used to build the map. The map updating process in that 
method was based on probabilistic model. (2) And in 2001, another technique was 
developed by Sebastian Thrun, in which forward sensor models and EM algorithms 
were used. (3)  
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There are also mapping methods based on other map formats. For example, Kok Seng 
CHONG, used a feature map present the environment. The method first extracts 
different features from the sensor data, and then performs the data association to build 
map with collection of different features. (4) 

Due to the unclearness of the relation between localization and mapping, SLAM 
(simultaneous localization and mapping) was developed. Like its name, SLAM is a 
technique that enables the robot to locate itself by the map which is already got and 
keep on building the map by the estimated position at the same time. In the past 20 
years, SLAM has been the most intensively studied topic. Some of the solutions are 
very famous and have been widely used. 

EKF-SLAM, is a class of SLAM algorithms based on extended Kalman filter (EKF). 
It is used to be the standard solution for SLAM. (5) 

“Gmapping,” developed by Giorgio Grisetti, uses Rao-Blackwellized particle filters to 
learn the grid maps. (6) Compare to other solutions, Gmapping stores the most 
recently sensor observation data, which greatly reduced the variance of the robot pose 
estimation. And in turn increase the accuracy of the map. 

“DP-SLAM,” designed by Austin Eliazar (7), is a landmark free algorithm. It uses 
particle filter to estimate the robot pose. A tree structure is also used to store the 
observation for each particle, which greatly reduces the consumption of memory. It is 
also based on grid map format. It keeps the joint probability distribution of map and 
robot pose, which prevents the accumulation of error. 

Tiny-SLAM is a very simple solution for SLAM, which is designed by Bruno Steux 
(8). Like other solutions, it is also based on particle filter and grid format map. But the 
algorithm is very simple and efficient, which could be limited into 200 lines of code. 

All the methods mentioned above require the input of odometry data. There are also 
some odometry free solutions solving the SLAM problem. These solutions usually 
first extract robust features from the sensor data. Then use nonlinear algorithms to 
estimate the robot pose from the features in 3D space. And last, register each frame 
together forming the global map.   

Kohlbrecher,S , developed a odometry-free SLAM system based on IMU(inertial 
measurement unit) and laser scanner. (9) The method integrates a 2D-SLAM with the 
3D EKF estimation. It uses scan matching to estimate the local 2D pose and an 
extended Kalman filter to estimate the space pose. The map accuracy depends on the 
frame rate of laser scanner and the frequency of IMU.   

As to the path-planning, Roland Siegwart and Illah R. Nourbakhsh introduce several 
methods and techniques in the book ‘Introduction of Autonomous Mobile Robot’ (10). 
The book almost covers all the existing path planning solutions.   

1.3 Goal of the Thesis 
The goal of the thesis is to build the mapping module and path planning module for a 
low cost robot which can work in both indoor and outdoor environment. 
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The robot will be equipped with a RTK-GPS system for outdoor environment and 
UWB position system for indoor environment, which can offer high precision position 
data. This thesis will focus on the mapping and path planning problems of the robotic.  

The mapping module should be able to reconstruct the 2D environment incrementally 
in real-time while it is moving. The module should be able to map complex objects 
with different sizes and shapes. It shall be able to minimize the map position errors 
brought by environment, GPS, robot control system and range sensor.   

 

The path planning should enable the robot to find the way to the target position. The 
robot should be able to avoid the obstacles on the map during moving to the target 
position. The path by which the robot travels to the target position should be optimal.  

 

The robot platform is based on a single board computer TI’s OMAP4430 PandaBoard 
which has a dual-core ARM® Cortex™-A9 Processor. Due to the limitation of 
computational power of robot and budget, different mapping and path planning 
methods should be compared to find the most suitable solution to build the module. 

 

1.4 Thesis Outline 
The structure of the thesis is as follows: chapter 2 describes the theory and 
background of the mapping and path planning problem, including the sensor 
technology, data processing algorithms, mapping algorithms, scan matching methods, 
path planning algorithms. In chapter 3, detail designs of the mapping and path 
planning module are described. The chapter 4 covers the experiment result from both 
simulation data and real-world data.  The chapter 5 is the conclusion from the 
implementations. And an outlook of future work is given in the last chapter.  
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Chapter 2  

Theory and Background 

2.1 Sensor Technology  
Robot needs ranging sensors to “see” the world. Choosing the right sensor is the first 
thing to do before building the robot. 

 

Ultrasonic Sensor 

 

Figure 2.1 Ultrasonic Sensor 

Ultrasonic sensor is very commonly used in robotic. The sensor sends out high 
frequency sound pulses, and then listens the reflection of the sound when it hits 
something. By measuring the time difference between the sending and receiving, we 
can calculate the distance between the robot and the obstacle. Since the sound wave is 
in a cone like shape, single ultrasonic sensor can only tell you whether there is an 
obstacle in the front, and the distance to it, but can’t tell exactly where it is. In order to 
perform the mapping, multiply sensors should be used to locate the obstacle.    

 

Pros Cons 
1. The price is low 
2. Easy to use 

 
 

1. The sampling rate is low. 
2. The measurement can be affected by 

the environment. (like temperature, 
pressure,etc)  

3. Very limited working range. 

   

The accuracy of ultrasonic sensor depends on the surface of the obstacle. Sounds 
could be absorbed by soft surfaced obstacle, and could be redirected by hard smooth 
surfaced obstacle.  
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Laser Scanner 

 

Figure 2.2 Laser Scanner 

Laser scanner is an ideal ranging sensor, which can offer long range, high accuracy 
data. Similar to ultrasonic sensor, it sends out signal and uses the time delay to 
calculate the distance (TOF). But instead of sound signal, it uses laser. It has a 
rotating mirror in the sensor, running at certain frequency, which can direct the laser 
beam to different directions. So, accurate 2D position information of the obstacle can 
be measured. It can do the 3D reconstruction by using two laser scanners which are 
mounted horizontally and vertically on the robot at the same time. SICK and Hokuyu 
Automatic are two most famous laser scanner producers. 

 

Pros Cons 
1. The ranging data is very accurate. 
2. The updating rate is high. 
3. Long distance measurement 

1. Very expensive 
2. The mechanical parts inside of the 

scanner has limited life span  

 

Stereo camera 

 

Figure 2.3 Bumbee Stereo Camera 

Stereo camera simulates human binocular vision. It is built with two monocular 
cameras, and uses stereo correspondence algorithms to calculate the disparity image 
from the pictures taken from these two monocular cameras. The disparity image 
reflects the information of depth, which can be used to localize obstacle position. A 
lot of researches have been done in stereo camera mapping. (11) (12)  
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Pros Cons 
1. Similar to human vision system 
2. Camera is low cost, and is easy to 

build  
 

1. The disparity algorithm is complicated 

2. Need calibration before using 

3. The distance accuracy is low 

4. The data can be affected greatly by the 
ambient light. 

 

Time of Flight (TOF) camera 

 
Figure 2.4 Panasonic TOF Camera 

TOF camera uses LED (Light Emitting Diodes) as the source of signal. It can measure 
the distances between camera and a large number of points at the same time.  The 
distance is calculated by the time delay of the light travels between camera and 
obstacle. Not like laser scanner, which only has one laser emitter, each pixel of the 
TOF camera corresponds to a light emitting diode. The emitting and receiving for 
each pixel are parallel. So TOF camera can run at very high frame rate. Not like 
Kinect which can’t work outdoor due to the interference of ambient light, TOF 
camera can be adjusted to resist high ambient light. Prototype like D-Imager by 
Panasonic, PMD-CamCube by PMD Technologies, FOTONIC-B70 by Fotonic have 
this ambient suppression feature and can be used outdoor. 

 

Pros Cons 
1. Good distance accuracy  
2. Fast frame rate 
3. 3D data output, which is more 

informative 

1. The price is decent in high volume 
2. The data is comparatively noisy 

 

 

Kinect 
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Figure 2.5 Microsoft Kinect 

 

Kinect is manufactured by Primesense, for the Microsoft game station XBOX. It is 
equipped with a RGB camera and a depth module. The depth module is composed of 
an IR projector which can emit structured IR light and a CMOS sensor to receive the 
IR light signals. By estimating the distortions of the structured light, the range image 
can be calculated.  

 

Pros Cons 
1. Accurate distance data 
2. 3D data output 
3. Low price  

Can’t work in outdoor environment  

 

 

Monocular Camera 

 

Figure 2.6 Logitech Web camera 

 

There are some mapping solutions using monocular camera. For example, in (13) (14), 
machine learning algorithms are used to build a range image from monocular camera. 
They use huge amount of images with distance information from laser scanner to train 
the learning model. Then use the trained model build the range image. But apparently, 
it is not robust solution. 

 

Pros Cons 
Low cost Very unstable 

The algorithm is complex 
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After the comparison of all the existing sensors, Panasonic D-Imager EKL3106 TOF 
camera and Kinect are the better choices for the robot, taking into consideration both 
the price and the performance. D-Imager EKL3106 for outdoor robot, and Kinect for 
indoor robot. 

 

D-Imager EKL3106 Kinect 
Working range: 0.5 meter---5 meters 

Frame rate: 30fps 

Image size: 160 × 120 

Ambient light suppression: 100K lx 

Working range: 0.6 meter --- 5 meters 

Frame rate: 30fps 

Image size: 640 × 480 

 

 

2.2 Data Processing 

2.2.1 Point Cloud  
The raw data of TOF camera is the range image data. The value of each pixel is the 
distance from camera center to the scene, which can be got from: 

��� =
�

4�� ∗ ���  

Where c is the speed of light, f is the frequency of modulated LED light, φ is the phase 
difference.  

 
Figure 2.7 perspective projection camera 

According to perspective camera model, the 3D coordinate data(X,Y,Z) can be 
computed from the range image by: 

� = � ∗  
� − ��
���

 

Y 

P(X,Y,Z) 

X 

Z 
y 

x 
p(x,y) 

Projection 
Center 
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� = � ∗  
� − ��
���

 

� = � ∗
�

��� + ��� + ���
 

Where f is the focal length, �� ,�� are the scale factors, (��,��) is the principle point.  

2.2.2 Octree and Kdtree 

Octree 

Octree is a tree data structure, where each node has exactly eight children. The use of 
Octree in computer vision was pioneered by Donnald Meagher(1980). 

It is a 3D form of Quadtree structure. It decomposes space into adaptable cells. Each 
cell has a maximum capacity. Once the capacity has been reached(predefined 
threshold), it will start split. Each node of Octree can be seen as a bounding box that 
encapsulates 3D points. This structure can perfectly present the space relation of point 
cloud. (15) It is a very useful method for 3D partition, as well as for down sampling the 
number of point cloud.   

 

Figure 2.8 Octree Structure 

 

Kdtree 

Kd-tree is a binary tree, in which each node is a k-dimensional point. The splitting will 
be done along each axis in turn. 

Leaf Node 

Root 
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Figure 2.9 Kd-tree splitting plane, when k= 2(courtesy of Wikipedia) 

Kd-tree is a very famous tree structure. It was invented in 1975 by Jon Louis Bentley. It 
is a technique being widely used for solving KNN (k nearest neighbor) problem, which 
is frequently used in data processing, such as clustering , data association, etc. 

It can greatly reduce the searching time when searching through the whole point cloud.  

 

2.2.3 Clustering 
Clustering is a Non-parametric unsupervised learning. As defined by Jain and Dubes in 
(16), “the cluster is a set of entities which are similar while entities from different 
clusters are not.” It could be a very hard problem since the data would be of different 
shapes and dimensions.   

Clustering can be classified into different types. There are connectivity-based 
clustering, center-based clustering, distribution-based clustering, density-based 
clustering, etc.  

Connectivity-based clustering classifies data by the distance between each other, and 
agglomerates data that is close to each other. For example, the single-linkage clustering 
introduced by R.Sibson in (17).  

Center-based clustering uses a central vector present each cluster. It estimates and 
updates the center points of clusters iteratively until they converge, such as K-means- 
clustering first used by James MacQueen in (18). 

Distribution-based clustering uses distribution models classify the data. Such as EM 
(Expectation-maximization algorithm) clustering, which uses Gaussian distribution 
model the cluster. 

Density-based clustering is similar to connectivity-based clustering. But it not only 
compares the distance between data but also the density information. Typical method is 
DBCAN (density-based clustering of applications with noise) by Martin Ester in (19). 

In point cloud, the points of the same obstacle are close to each other. So connectivity 
based clustering is more suitable for obstacle segmentation. A simple Agglomerate 
clustering can solve it in three steps. 
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Step1:  Given a point set with n points. Each point will be assigned a cluster, in total 
n clusters.  

Step2: Find the two nearest clusters in the cluster set, and merge the clusters if the 
distance is within a threshold. 

Step3: Iterate until only K clusters left. Where K is the number we want to classify. 

 

Figure 2.10 Agglomerate clustering based on single linkage clustering 

Another method is introduced in PCL library built by Badu B.Rusu.  

Algorithm 1 Euclidean clustering  
for every point �� in point set P 
 find the neighbors of �� 

check duplication 
add to neighbor set N 

 for every neighbor �� in neighbor set N 
  find the neighbor 
  check duplication 
  add to N 
 end for 
end for 
return N 
 
Both methods are very sensitive to noise. Two classes could be merged together 
mistakenly because of the noise. But in our application, very accurate segmentation is 
not necessary, as the space between obstacles is always large enough.  

2.2.4 RANSAC 
RANSAC (Random Sample Consensus) algorithm is an iterative method to estimate 
parameters of a mathematical model. It was first developed by Fischler and Bolles in 
1981. 
It uses the LMS (least mean square) to estimate the parameters. But common LMS 
can easily be affected by noise. One error point could change the estimated parameter 
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a lot, because all the data is used for estimating the model in LMS. Instead of using all 
the data, RANSAC randomly selects part of the data to estimate the model. The model 
will be evaluated with the whole data set by an error function. The selection and 
estimation will be repeated several times until finding the best model which minimize 
s the error function.    

    
Figure 2.11 LMS and RANSAC 

 
Algorithm 2 The general algorithm of RANSAC   
Input: 

Input data P, Number of iteration N 
for interation = 0:N 
 randomly take k samples from data P 
 estimate the model m 
 inlier_set = the data fit the m 
 for each point in P 
  evaluate the error of the model m 
  if the error < threshold 
   add it to inlier_set 
  end if 
 end for 
 if the inlier_set > threshold 
  keep the model m 
  recalculate the model m_1 from the inlier_set 
  if m_1 is better than m 
    m = m_1 
     end if 
 end if 
end for 

   

The advantage of the RANSAC algorithm is that it can offer robust estimation of the 
model parameters, and handle noisy data very well. 
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The disadvantage is that it is very hard to decide the iteration times, as it takes data 
randomly.    

2.2.5 Convex and Concave Hull Algorithms 

Convex hull algorithm 

Convex hull algorithm is one of the most fundamental algorithms in computer 
geometry. Convex hull describes the geometry property of the data, hence is widely 
used in robotics. There are a lot of algorithms computing convex hull. For example, 
Brute Force algorithm, Gift Wrapping algorithm, Javis March algorithm, QuickHull 
algorithm, Divide-and-Conquer algorithm, Incremental algorithm, and 
Marriage-before-Conquest algorithm. (20) 

Among all these algorithms, Gift-Wrapping and Graham Scan are the most popular 
ones. 

 

Algorithm 3 Gift-Wrapping 
Input:  2D data points P 
Select the bottom point b_p from P 
Set endpoint[0] = b_p 
do 
 Compute the polar angle of all points in P with endpoint, and choose the smallest 
one h_p 
 Endpoint[i] = h_p 
 i++ 
while (endpoint!= b_p) 
return endpoint set 
 

Gift-wrapping is a simple algorithm solving convex problem, but the time complex is 
O(nh), not very efficient. 

 
Algorithm 4 Graham Scan Algorithm 
Input: Points set P 
Select the lowest point b_p 
Shift the origin of the coordinate to b_p 
Sorting all the other points according to polar angles P_sort 
If  two points have the same angle value 
 Put the point closer to b_p first 
end if 
for all the points in P_sort 

Add edges between neighboring points, if it is left turn 
Do the backtrack, if it is right turn 

end for 
Return the edges  
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The time complexity is O(nlogn), which is better than Gift-Wrapping algorithm when 
the points are dense and the number of points is big. 

Concave hull algorithm 

In order to get accurate border information of point cloud. Concave hull algorithm is 
needed. In PCL library, a 3D concave function is offered, but can’t work properly in 
our application. 
ParkJin-CEO in (21), introduced a new method of estimating concave hull of the points. 
The algorithm can be divided into two parts : convex hull estimation and digging 
process. Based on the estimated convex hull, the digging process controls the shape of 
the concave hull.  
 
Algorithm 5 Concave hull algorithm 
Input: 2D points set P 
Compute the convex hull list P_convex from the points set P 
Build the convex edge list E_convex from the P_convex 
Copy the convex list to concave list  
For each edge in edge list E_concave 

Find the nearest inner point �� to the edge ��, where �� should not be closer than 
any other edges 

Calculate the length d_e of the edge �� 
Calculate the distance d_2_e from �� to �� 
If d_e / d_2_e > threshold N 

Insert the new edge to the concave list E_concave 
Delete the old edge from the concave list E_concave 

End if 
 Return concave list 
 
The ratio threshold N controls the smoothness and concaveness of the border. It can be 
adjusted according to the requirement.  

 

2.2.6 Rotation 

General camera translation between camera and real world coordinate can be estimated 
by 

�
�
�
1
�
���

= ����
1 0 0
0 1 0
0 0 1

    
−��
−��
−��

  ��
�
�
�
1

� 

Where K is the camera internal parameters and R is the rotation matrix. X0, Y0, Z0 is the 
transition vector. 

� = ������ 

Rx, Ry, Ry are rotation matrices around different axis. 
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�� = �
1 0 0
0 ���� −����
0 ���� ����

� ,�� = �
���� 0 ����

0 1 0
−���� 0 ����

� ,�� = �
���� −���� 0
���� ���� 0

0 0 1
� 

Quaternion is another presentation of rotations. It can handle any rotation perfectly 
without Gimbal Lock. It is very useful for 3D modeling, but in our application, Eular 
ration is sufficient in handling all the situations.  

 

2.3 Mapping  
In total, there are three different basic map formats used in robotics, which are 
Grid-based map, Feature-based map, and Topology-based map.  

2.3.1 Grid-based Map 

Grid-based map presents the world with discrete cells. The value of each cell tells the 
information of the correspondence area in the real world. The resolution of the map is 
decided by the size of the cell. 

 

 

Figure 2.12 Grid map presentation 
 

Advantages of grid-based map:  

a. It offers the most detailed map, and the resolution can be adjusted easily 

b. Occupancy map doesn’t require any predefined feature models  

Disadvantages of grid-based map: 

a. It is a discrete map. 
b. High resolution will lead to high computation complexity 
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2.3.2 Feature-based Map 

 

Figure 2.13 Feature map presentation 

Feature-Based map is a type of map that it presents the environment with classified 
features. The features could be key points, lines, edges, corners, planes, etc, which are 
extracted from the environment.   

The advantages of the feature-based map: 

a. It is accurate in details, and keeps the key features of the environments 

b. The map format is flexible, each feature could be handled independently, it is very 
easy to add or remove features from the map 

c. It is not limited in one type of sensors, it can be build by different sensors at the 
same time 

 

Disadvantages: 

a. The map only present features, the data which is not classified as feature will be 
discarded 

b. Have to build feature model before-hand. 

c. It is hard to store and update map, when there were a lot of noise.  

 

2.3.3 Topological-based Map 

It is a graph-like map format, and each node corresponds to a place. The edge defines 
the connection between two nodes. It could be doors, stairways, or corridor.  
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Figure 2.14 Topological Map 

Topological map is a simplified map. It only keeps the key information and removes 
all the other information. For example, the subway map is a topological map. It tells 
you the relations of all the stations (nodes) but not the detailed information like scales, 
distances and directions. In order to use this map, robot has to be able to detect and 
recognize all the nodes.  

The advantages of Topological maps:  

a. It can be scaled easily with the size of environment. 

b. Easy to build, since the map is formed by node 

c. Easy to use, especially for path planning 

The disadvantages are obvious: 

a. The map loses detailed position information of the obstacle. It can’t be used 
directly in the applications which require exact positions of the environment.  

b. It is hard to recognize the node, which need to be described.  

 

2.3.4 Occupancy-Grid Map 

Occupancy-grid map is the most popular grid-based map. It was first introduced by 
Elfes and Moravec, and it almost has been the standard map format for 2D mapping. 
Each cell of the occupancy grid map has a probability value showing its state (occupied 
or not). 

Basically, the occupancy grid map has two assumptions.  

1. All the cells or grids in the occupancy map are independent, as well as their 
occupancies.  
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Where z is the sensor reading, and u is the robot pose. 
2. The robot positions are known before-hand. 

 

In order to update the map, Bayes filter is used in occupancy grid map. 

Bayes filter is a general probabilistic method for estimating unknown probability. It is a 
recursive approach that uses the latest measurement and former estimation to estimate 
current state. 

Bayes filter has two essential steps which are the prediction step, and the measurement 
updating step.  

It is a Hidden Markov Model. And according to Markov property, given the present 
state, in our case (grid is occupant or not), the future and past states are independent.  

 

2T

2S 3S1S

1O
2O 3O

2T2T

 

Figure 2.15 HMM Process(S: states, O: observations, T: time) 

 

�(��|����,����, … ,��) =  �(��|����) 

And the observation O, also only depends on most recent states 

�(��|����,����, … ,��) =  �(��|����) 

The HMM probability distribution is: 

     �(��, … ,�� ,��, … ,��) =  �(��)∏ �(��|��)�(��|����)�
���  

The prediction step: 

�(��|����) =  ��(��|����)�(����|����)����� 

The measurement updating step: 

�(��|��) =
�(��|��)�(��|����)

�(��|����)
 

Where  

�(��|����) =  ��(��|��)�(��|����)���  
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Since it is constantly relative to state, substitute it with � 

�(��|��) =  ��(��|��)�(��|����) 

So, the probability of occupancy of grid[x,y] at time t can be written as 

���(��
[�,�]) = �� ������

[�,�]��� ���
[�,�]�����

[�,�], �������� �����
[�,�]� �����

[�,�]          

The basic assumption of occupancy grid map is that the map is static, so 

��� ���
[�,�]� =  ��(��|��

[�,�])���(����
[�,�]) 

In order to estimate the value of the cell, an inverse sensor model is used. The reason 
for it is called inverse, is that it maps sensor measurements back to its result. It models 
the probability of grid occupancy given the sensor measurement. 

 

Figure 2.16 Inverse sensor model in 1 dimension 

 

���(�) = �(�|��…�) =
(�(�|��…���)�(��|�, ��…���)

�(��|��…���)
 

                      =
(�(�|��…���)�(�|��)�(��)

�(��|��…���)�(�)  

The probability that the map grid is not occupied  

���(�)���������� = �(��|��…�) =
�(�� |��…���)�(�� |��)�(��)

�(��|��…���)�(��)  

The odd of occupancy is: 

���(�) =  
���(�)
���(�)���������� =

�(�|��…���)�(�|��)�(��)
�(�� |��…���)�(�� |��)�(�) 

For computation convenient, a log-odd likelihood is used. 

��(�) =  ����(����) + ���
�(�|��)
�(�� |��)

− ���
�(�)
�(��) 
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The occupancy probability can be recovered by: 

���(�) = 1 −
1

1 + ����
�(�)
�(�� )

 

 

2.4 Scan Matching 
Scan matching is a technique for aligning the sensor readings. It is also called map 
matching when aligning scan with existing map.  

The target of scan matching is to get the rigid-body transformation (rotation and 
translation) from the alignment.  

In general, there were two types of approaches for solving this problem. One type is 
likelihood filed based, targeting on optimizing measurement probability �(�|�,�) (3) 
(22) (23), the other type is ICP (Iterative Closest Point)-based. (24) (25) 

 

2.4.1 ICP Algorithm  
ICP algorithm, first introduced by Chen and Medion in 1992, is a standard method for 
scan matching. A lot of variance methods come out from it.  

Generally, the algorithm has 4 steps 

1. Data association, find the corresponding points between target frame and reference 
frame  

2. Calculate the rigid-body transformation  � = �� �
0� 1� from corresponding points 

using cost function 
3. Transform the target frame using the estimated transformation 
4. Iterate until it converge 
 
Data association 

Data association is the most important step for ICP-based algorithm. Accurate point 
correspondence will output accurate transformation. The corresponding points can be 
got by many methods 

Like “closest-point” method, in which the correspondence is built by finding the 
closest point in the reference frame.  

And “normal-shooting” method, which projects the points along the normal of the 
reference surface to the target frame, to find the corresponding point pairs.  

If intensity image is available, the corresponding points can be found by using SIFT or 
SURF algorithm. It will output very accurate point correspondence. But these feature 
descriptor require informative image, it would fail when facing an empty wall. 
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Cost function 

The original ICP algorithm use the Euclidean distance estimate the transformation. The 
cost function is:  

����‖(��� + �) − ��‖�
�

 

By using gradient descent based method, the optimal transformation can be found. In 
order to avoid trapping into local minimum very early, the initial guess for ICP 
algorithm should be carefully chosen. . 

 

2.4.2 Likelihood Field 

The likelihood-based matching also can be summarized into 4 steps 

1. Use likelihood models to calculate the measurement likelihood filed of reference 
frame 

2. Determine the corresponding measurement likelihood �(�|�,�)  by estimated 
pose vector 

3. Calculate the new pose by optimizing the likelihood �(�|�,�) 
4. Iterate until it converge 

 

The beam sensor model  

As described by S. Thrun in (26). Each beam of the range sensor can be modeled with 
four densities. Each density corresponds to one type of error. 

1. The probability of measurement hitting a expected obstacle can be modeled by a 
Gaussian distribution 

2. The probability of measurement hitting a unexpected obstacle in dynamic 
environment can be modeled by a exponential distribution 

3. The probability of measurement reaching the maximum range that is miss the 
obstacle can be modeled by a very narrow uniform distribution centered at the max 
range. 

4. Some time, the range sensor will output random noise. This type of noise could be 
modeled by a uniform distribution 

The final beam model is the mixture of these four errors.  
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Figure 2.17 Beam likelihood model 

In beam sensor model, the measurement probability �(�|�,�) is not smooth. It could 
be easily trapped into local minima. It is also very computationally expensive, since it 
requires ray-casting for every beam. It is not suitable for incremental mapping. 

Beam-end model 

The basic idea of Beam-end model is that, the closer the observation is to the obstacle, 
the higher the likelihood of the measurement. The beam-end model only considers the 
endpoint of the sensor reading. The measurement probability �(�|�,�) only depends 
on the distance to the obstacle. In (26), S. Thrun introduced an algorithm to compute 
the Beam-end model likelihood. 

 

Algorithm 6 Beam-end model likelihood 
Input: ��, ��,�  
for each beam ��� in �� 
 If ��� ≠ ���� 
  Project the scan point to the map coordinate  
  Calculate the distance d to the closest object 

  Probability � = � × ����������
�

√���
��� �− ��

���
� + ��������

�
����

� 

end if 
end for 
 
The occupancy grid usually has three states, occupied, empty, and unknown. If the 
measurement falls into the unknown space, the measurement can be modeled by a 
uniform distribution �������� as shown in the algorithm above.   

P(z|x, m) 

z���  z��� 
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Figure 2.18 Beam-end likelihood (courtesy of S.Thrun) 

NDT model  

NDT (Normal Distributions Transform), which is introduced in (23), is similar to the 
Beam-end model. It decomposes the 2D space into cells. The scan points inside each 
cell will be modeled by a normal distribution N(μ, σ). The likelihood of measurement is  
given by 

�(�|�,�) = ���(−
(� − �)��−1(� − �)

2  

 

2.4.3 Optimization Methods 

Gradient decent  

Gradient decent estimates the first derivative of the target function. By following the 
direction of the gradient, the minimum value the target function can be found.  

���� = �� − ����(��) 

Where the �� is the step, which controls the speed of converge. 

 

Newton’s method 

Newton method tries to find the point x, where ��(�) = 0. According to the Taylor 
expansion: 

�(� + ∆�) = �(�)+ �(�)′∆� + �(�)′′∆� � 

It can iteratively find the increment of ∆� by: 

∆� =  − 
�(�)′

�(�)′′ 

In high dimension form: 

�∆� =  −� 

Where H is the Hessian matrix of �(�), which can be written as ���, in which � is the  
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Jacobian matrix of �(�) . �  is the gradient of �(�) , which can be written as 
� = ���(�). 

 

Levenberg-Marquardt method (Damped least-squares) 

Levenberg-Marquardt is a modification of Gauss-Newton method. It brings in a 
damped factor λ  to the Newton’s method. 

(� +  ��)�� =  −� 

The λ is changed dynamically at each iteration and controls the size of the step Δx. If 
the reduction of cost function is big, the value of  λ can be set a small value, making it 
closer to Newton’s method. While when the reduction is small, the  λ, can be set a big 
value, making it closer to gradient decent method to get faster decent.   

 

SVD 

After getting the corresponding points from two scans, SVD (Singular Value 
Decomposition) can be used for estimating the rigid-body transformation. (27) 

Before using the SVD algorithm, the points in two scans should be presented as the 
deviation to the mean value.  

That is ����′ = ���� − ����  and ����′ = ���� − ���� 

Let � = ∑ ��′��′
��

���  

The singular value decomposition of H will be 

� = � �
�� 0 0
0 �� 0
0 0 ��

�  �� 

The Rotation matrix R can be estimated from 

� = ��� 
� =  ���� − �����  
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2.5 Path Planning  

2.5.1 Potential Field 

 

(a)                                          (b) 

Figure 2.19 (a) goal attractive field  (b) obstacle repulsive field 

Potential field algorithm is a very effective path planning algorithm. It imitates the 
behavior of a charged particle moving in a magnetic field. By modeling an artificial 
potential field, the robot can moves towards the goal, and avoids the obstacle at the 
same time.  

The goal can generate attractive force drawing the robot to move towards it. The 
obstacle can generate repulsive force pushing the robot. The sum up of the two forces, 
can direct the robot get the goal. 

The original method can easily trap into the local minimum. To get better performance, 
additional approaches should be used like random walk, using different potentials for 
different obstacles, etc. 

2.5.2 Space Decomposition 

Decompose the map into grids with the size of robot. Each grid will have the property 
occupied or empty. Search the empty grids, and store them into a tree structure. The 
path planning will become of searching problem. Searching algorithm like BFS, DFS, 
A∗ can be used for searching the optimized solution. 
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Chapter 3  

Implementation 

3.1 Feature-Grid Hybrid Map 
The first implementation is the feature-grid hybrid map. It extracts features from the 
raw data of the sensor output. It is straight forward, and easy to visualize. Not like 
typical feature-based map, which has several different pre-defined models (line model, 
corner model, etc) for matching the features in the environment, we use the border 
points of the object as our main map feature. Since the robot is supposed to work in 
unknown environment, where the shape of the obstacle is not regular, the border points 
will offer the accurate position information of the obstacle, and make high accuracy 
path planning possible.  

 

 

Figure 3.1 structure of hybrid map solution 

 

3.1.1 Data Processing 

A customized Panasonic TOF camera D-Imager EKL3106 was chosen to be the range 
sensor for the robot. It has a measurement range 1.2m~5m, and 60° horizontal and 44° 
vertical field of view. The specification is enough since what we are only interested in 
the obstacles and the ground points. We set the ROI within 2.5m in distance, and 0.4m 
in height. So the robot ignores obstacles far away, which decreased the number of 
points a lot. The obstacles above the robot height is also ignored, which will not block 
the way of robot.  



28 

 

Figure 3.2 Raw data from D-Imager TOF camera 

 

Figure 3.3 Raw data from Kinect sensor 

Filtering the noise 

The raw data from Panasonic TOF camera is noisy. The first thing to do is to use filters 
removing the noise.  

Two filters are used in the module. One is intensity filter, which removes the point with 
low intensity value. Since the TOF camera receives the reflecting light, the good 
measure points should have strong and steady intensity. Some noises, like “flying point” 
noise and long distance reflection, will be filtered out because of the low intensity. The 
other filter is KNN (k nearest neighbor) filter. For each point, a mean distance to its k 
nearest neighbors is calculated. The point with high distance value will be dropped.  
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Down sample the data 

The size of the data from TOF camera is huge. D-Imager can output 160 × 120 points, 
which need to be down sampled for efficient computing. A voxel grid filter in PCL is 
used for down-sampling. It first decomposes the space into voxel grids. In each grid, all 
the points will be presented as their center.  

 

 

Figure 3.4 data after filtering 

 

Remove the Floor  

The grounds points should be removed, before further processing. The ground points 
can be modeled as a plane, the parameters of which are estimated by RANSAC 
algorithm. Even though most of the time, the biggest plane is the ground floor. The 
algorithm might converge into other plane, especially when the robot moving against 
obstacle, like walls or obstacles with big plane. As we already know, the ground points 
must be below the camera coordinate. By setting the region manually, for example, 
eliminating the points whose height values are above 0, the ground plane parameters 
can be accurately estimated.  

 

Obstacle Segmentation   

In order to segment the obstacle from the points set, the Euclidean clustering algorithm 
is used, as described in chapter 2.2.3. The points reflected by the same obstacle are 
gathered together. It can be segmented by the Euclidean distance between points. The 
number of points within one cluster is decided by the size of the obstacle and the 
distance between obstacle and the camera. The larger the obstacle is, and closer the 
obstacle to the robot, the more points we get from the obstacle. Only when the number 
of a cluster surpassed a threshold, the cluster will be stored as an obstacle. 
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In order to speed up nearest neighbor searching, Kd-tree data structure is built before 
the clustering algorithm.  

 

Figure 3.5 obstacle segmentation 

 

Obstacle Projection 

In order to get 2D information of the obstacles, all the 3D cluster points are projected to 
one plane. The ground plane is a very good reference plane, since the robot is moving 
on it all the time. After projecting all the points on the ground, each cluster presents not 
only the 2D location of the obstacle, but also the area the obstacle occupied, which is 
more informative than 2D laser scanner. The parameters of ground plane can be used to 
build the transformation matrix, and rotate all the points to the ideal ground plane y=0.  

 

Figure 3.6 obstacle projection 
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Border extraction 

For each projected obstacle cluster, the concave and convex hull algorithms are used 
for extracting the border points, which are described in chapter 2.2.5. The border points 
are treated as the feature of the obstacle. They are stored for each obstacle. The digging 
process of the concave algorithm consumes a lot of computation, when the cluster is big. 
It can be speed up by using Kd-tree structure. 

 

 

Figure 3.7 border extraction 

 

Data association 

For each obstacle cluster, the closeness was checked with each stored obstacle. If they 
are close enough, they will be classified as the same obstacle, and will be merged 
together. 

Step1: project the cluster to the global coordinate according to the position data 

Step2: for each point in cluster, check the Euclidean distance to the points in stored 
obstacle cluster 

Step3: if the distance < threshold, merge the two clusters 

 

3.1.2 Mapping 

The map format is grid-based, stored as an image format using OpenCV, and each pixel 
represents a grid.  
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Map building 

First, build a 2D global coordinate, and decompose the space into equal sized grids. 
Then project the obstacle points into the grid according to the position data. If the points 
drop into one grid, the grid is marked occupied.  

An alternative method is using the border points we already have in the data processing 
and mark all the grids inside the border line as occupied. Bresenham’ line algorithm can 
be used for building the border line. It would be faster when the points are many and the 
size of grid is big.  

 

Map updating  

A “Simple Counting” method is used for map updating. 

At each frame, the occupied grids of each scan are given weight values, which will be 
accumulative. The value presents the times the grid being occupied. The higher the 
value of the grid, the more likely the grid is occupied. The best working distance of 
TOF camera is within the range from 1 meter to 3 meters. A heuristic can be used in 
setting the weight values. The grid over 3 meters or within 0.4 meter will be setting to 
lower value.  

               

Figure 3.8 map updating (the value of each grid is the accumulated weight of each frame) 

 

Pruning the Map 

A global threshold can be set, in order to filter out those occupied grids with low values, 
so that the overall mapping error will be minimized. The problem with this counting 
method is that, it is very hard to choose the global threshold. The robot will explore the 
space at different speed, so some obstacles will have more frames than the others. For 
example, when doing the path planning, the robot could stay in one area for a while. 
The obstacles in that area will have a lot of more frames than obstacles in the other area. 
The likelihood of occupancy in that area will be higher than that of the other area.    

The problem is solved by performing obstacle grids pruning. For each stored obstacle, a 
histogram was built from the grids’ values. The pruning threshold can be set to the 
value of majority grids.  
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3.2 Occupancy Grid Map 
 

 

Figure 3.9 structure of Occupancy Grid mapping 

 

3.2.1 Data preparation 

Occupancy grid map is designed for 2D range sensors, such as Laser scanner and sonar 
sensor. In order to use it, the 3D data has to be transformed into 2D data. The 2D scan 
points are horizontal line to the camera coordinate. Each point is the reflection of the 
obstacle along the line. 

As introduced in chapter 2.2.1, given the image pixel coordinates (x,y) and depth value, 
the 3D point(X,Y,Z) can be calculated. 

The output of a laser scanner can be simulated by sampling a row of image points, and 
calculate out the 3D points. In order to take the advantage of 3D TOF camera, the point 
with the smallest depth value in each column of the image was chosen. Then project 
them to the ground plane. By doing that, the simulated 2D laser scan will be the 2D 
border of the 3D obstacle.  

3.2.2 Map updating 

Decompose the 2D global map space into equal sized grids. The value of the grid was 
initialized with 0, which means the likelihood of the grid being occupied is 0.5. From 
each point, a beam is built to the center of camera. The grids passed through by the 
beam can be found by ray tracing algorithm. The values of grids were given by the 
inverse sensor model.  

The inverse model can be a mixture of a Gaussian and a linear function. For 
computational efficiency, it was modeled as step function. The occupied grids will have 
high value and the empty grids will have low value, while the unexplored grids will 
remain unchanged.   

The grids of each scan were updated by Bayes filter as described in chapter 2. The 
maximum value, and minimum value was set to each grid, when the value surpass the 
threshold, it will be set to mini/max value. 

 

Algorithm 7 occupancy grid updating 
Input: position ��, and measurement �� 
for each grid �� passed through by the beam 
 if �� is occupied 

  ��,� =  ��,��� +  ������ℎ���_�������� 
else if �� is free 
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 ��,� =  ��,��� +  ������ℎ���_���� 
else  

   ��,� =  ��,���  
end if 

end for  
 

3.2.3 Scan matching 

The beam-end likelihood model is used for computing the likelihood, as illustrated in 
Chapter 2.4.2. The likelihood of each scan is computed by the Algorithm 6 described in 
Chapter 2. 

Levenberg-Marquardt method as described in Chapter 2.4.3 is used for finding the 
correction of the scan. 

(J(x)�J(x) +  λI)Δx =  −J(x)�F(x) 

The Jacobian matrix can be approximately estimated by: 

J�(x) ≈  
F(x +△ x) − F(x)

△ x  

And the value of λ was decided using the heuristic method introduced in (28).  

If the gain ratio �(��) > 0 

  � = � ∗ ��� ��
�

, 1 − (2� − 1)�� ; 

  � = 2; 
else 
 � =   � ∗ � 
 � = 2 ∗ � 
 

The gain ration �(��) presenting the quality of the estimation, is expressed as 

ϱ =
F(x) − F(x + Δx)

L(0)− L(Δx)  

the L(0), L(Δx) are the Talor expansion of  F(x), and F(x + Δx) respectivedly.  

 

Algorithm 8 Levenberg-Marquardt matching algorithm  
Input: cost function �(�), Initial guess i_x 
Output: x 
x = i_x; 
compute the Jacobian matrix J(x) 
compute the Hessian matrix H(x) 
compute the gradient  g 
while(! Maximum iteration) 
 if ‖�‖ < threshold  
      return x     // already at the minimum 
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   compute step �� =  −(�(�)+ ��)���(�) 
 if �� < threshold 

return � 
else 
 ���� = � + �� 
 Compute the gain ratio �(��) 
 if �(��)> 0  // step is valid 
  x = ���� 
  recompute the jabobian matix J(x) 
  recompute the Hessian matix H(x) 
  recomputed the gradient g 

   update the parameter �  
     end 
 end 
end 
 

3.3 ICP Map Implementation 
 
The data used in the ICP mapping is also laser scan data. The first thing to do is to 
transform the Kinect data into laser scan data format. The method used is the same with 
the occupancy grid mapping. 

 

 
Figure 3.10 structure of ICP mapping 

3.3.1 Registration 

The registration algorithm takes two scan points, and registers the second scan to the 
coordinate of the first scan, that is global coordinate in our case. Closest data method 
was used for finding the corresponding points. Instead of using the whole data of the 
scan, we only keep the best matching pairs. That is for each pair, there is no other point 
in the two scans is more close to the pair points. By doing this, the registration will be 
more stable.  
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Figure 3.11 ICP with closest points 

 

The registration uses the position data as the initial guess. If two scans are close enough, 
they will be registered together, forming a point map. 

 
Algorithm 9 ICP registration algorithm 
Input: scan points data_1, scan points data_2, position data (�, �,�) 
 
While( not maximum iteration && the number of point pair doesn’t change) 
 Project data_2 to the global coordinate using position data 
 for each point in data_2  
  Compute the corresponding point in data_1 with closest distance d 
  Store the point pairs in the pair list 
 end for 
 if the point in data_1 has multiple corresponding points in data_2 
  keep the point pair with the shortest distance in the pair list 
 end if   
 for each point pairs in the pair list 
  if distance d > threshold_1 
    remove the point pair from the list 
  end if 

end for  
 If the Number of corresponding points > threshold_2 
  Compute the transformation T using SVD 
  data_2 = T * data_2 
 else 
  break 
 end if 
end  
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3.4 Path Planning Implementation 
Potential field method was used in the implementation of path-planning. The rejective 
and attractive potential filed for the goal and obstacles were built according to the 
distance between obstacle and the robot. 

 
Algorithm 10 Attractive potential filed  
Input: position of robot r (x,y), goal position g(x, y) 
Output: new position of the robot r’(x,y) 
Compute he distance d between robot and goal 
Compute the angle � between robot and goal 
If d < threshold 
 ∆� = � ∗ ��� ∗ ���(�), ∆� = � ∗ ��� ∗ ��� (�) 
end if 
if threshold < d < maximum distance 
 ∆� = � ∗ � ∗ ���(�), ∆� = � ∗ � ∗ ��� (�) 
end if  
if threshold > maximum distance 
 ∆� = � ∗ ��� ∗ ���(�), ∆� = � ∗ ��� ∗ ��� (�) 
end if 
return  �′(�,�) = �(�,�) + (∆�, ∆�) 
 
The farther the robot is away from the goal, the larger attractive force it would get, until 
reach the maximum force. And the closer to the target, the smaller force it will get until 
reach the minimum force.     

 
Algorithm 11 Reject potential filed  
Input: position of robot r (x,y), obstacle position o(x, y) 
Output: new position of the robot r’(x,y) 
Compute the distance d1 between robot and target 
Compute the distance d between robot and obstacle 
Compute the angle � between robot and obstacle 
If d < threshold distance 
 ∆� = −������� , ∆� = −�������; 
end if 
if threshold < d < maximum distance 
 ∆� = −� ∗ (��� − �) ∗ ���(�) ∗ ��� , ∆� = −� ∗ (��� − �) ∗ �� �(�) ∗ ��� 
end if  
if threshold > maximum distance 
 ∆� = 0, ∆� = 0 
end if 
return  �′(�,�) = �(�,�) + (∆�, ∆�) 
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The force within the threshold distance is setting to infinite, so that the robot will not hit 
the obstacle. Within the effective area of the potential field, the farther away the robot 
from the obstacle, the smaller the force it will get. Outside the effective area, the force 
is zero. The distance d1 between robot and target is also added, so that in the case 
where the obstacle is close to the target position. The repulse force will not be bigger 
than the attractive force. 

 

Combine these two potential forces (Figure 3.12), the robot can find its way to the goal 
position, and avoid obstacles at the same time.        

The classic potential field path planning method can’t solve the local minimum 
problem. When the robot faces the concave-shaped obstacle, or big obstacle, the robot 
might trap into that local minimum where the combined force is zero.  

In order to solve the local minimum problem, But for the simple application, where 
the moving space is large, and obstacles are sparse, the potential field path planning is 
effective and robust.   

 
Figure 3.12 combined potential field 

 

3.5 Software Implementation 
 

The software is mainly based on PCL library and MRPT framework. Other libraries 
like OpenNI, OpenCV, Eigen, Boost, are also used.  
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Chapter 4  

Experiments 

4.1 System Overview  
The mapping and path-planning module are supposed to run on the robot. Since the 
integration with robot is yet to be finished. The whole module was test on a laptop 
computer which has an Intel CoreTM i7 CPU and 4GB RAM, under Ubuntu 12.04 
operation system. The experiment is performed in indoor environment, rather than TOF 
camera, Microsoft Kinect sensor is used.  

 

The module has the following functionality: 

1. Acquire the RGB and depth data from the sensor 
2. Online Grid-feature hybrid map building 
3. Online Occupancy grid map building 
4. Online ICP points map building 
5. Path-planning simulation 

 

4.2 Test Cases 
The experiments have two parts, one is map building, and the other is path planning. 

Test cases for map building are: 

1. Move along the predefined path, map the room in the grid-feature hybrid format, 
and see the performance of map pruning.  

2. Move along the predefined path, map the room in the occupancy grid format, and 
see the performance of scan matching 

3. Moving along the predefined path, mapping the room in the points map format 
using ICP registration algorithm 

 

Test case for path planning is:  

Draw virtual obstacles on the map, and simulate the trajectory of the robot to the target 
position. 

 

The experiment was performed at a dining room. The camera was moved manually and 
at each frame, the software would wait for the position input.  
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Figure 4.1 experiment environment 

The position marks were made on the floor. Moving the sensor is a hard work, so the 
moving area was limited within 2.0m in x-axis, and 2.2m in z-axis. 

4.2.1 Feature-Grid Hybrid Map Building 

The sensor was moved clock-wise around the 2 meters by 2.2 meters square shape path, 
with a step of 20cms. At each position, three frames were taken at different angles. 4 
biggest clusters were used for each frame, and the border algorithm used is convex hull. 
The map pruning was called every 10 frames for each cluster. 

 

Figure 4.2 map built without map pruning 
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Figure 4.3 map built with map pruning 

 

 

 

(a)                    (b)                  (c) 

Figure 4.4 map same obstacle at different position. (a) initial position, (b) mismatching 
happens when move to the second position, (c) map pruning runs when move to the third 
position  

 

The structure of the room is distinguishable. The empty area and occupied area are clear. 
After map pruning, the flying points are get rid of, and it also limits the size of obstacles. 
But at the same time some detail of the obstacles are lost.  

 

4.2.2 Occupancy Grid Map Building 

For occupancy grid map, the sensor was moved along the same path when building the 
hybrid map. The structure of the room is clear. 
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Figure 4.5 Occupancy Grid Map without Scan Matching 

 

For the scan matching algorithm, the position data at each step is used as initial guess. 

 

Figure 4.6 Occupancy Grid Map with Scan Matching 
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We can see that after using the scan matching, the map is not getting better, and has 
several misalignments. That is because we added the 3D information into the 2D laser 
scan. When sensor moving toward the complex obstacles like flower pot and curtains as 
showed in Figure 4.6. The optimization process of the scan matching can easily trap 
into local minimum. Once the misalignment insert into the map, it will affect the 
likelihood field of the map, and form more local minimums.     

 

Figure 4.7 complex obstacles flower pot and curtain 

 

4.2.3 ICP Points Map Building 

For ICP points map, the position data at each step is also used as initial guess. We didn’t 
use the estimated position as the initial guess, because of the mismatching. It is also one 
of the limitations of the ICP algorithm. Once the mismatching happens, the following 
frames will keep the wrong track, the error will accumulated.  

The matching performance was tested by taking one frame of the obstacle as target 
frame. The registration frame uses the same frame of the target frame but with position 
noise along x axis, y axis, as well as angle. The noise is randomly added within -0.1 
meter to 0.1 meter along x and y axis, and -10°to 10° rotation 
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Figure 4.8 two scan point sets, blue one is the new scan 

 

 

Figure 4.9 two scans are merged 
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Figure 4.10 cumulated error in x direction 

 

 

Figure 4.11 cumulated error in y direction 
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Figure 4.12 cumulated error of rotation 

 

 

 

Figure 4.13 the ICP points map using closest points pair 
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As shown in Figure 4.13, the map is distinguishable, but has some mismatches. It is 
caused by the unstructured obstacles, and the matching process was trapped into local 
minimum. The improvements of errors are shown in Figure 4.10, 4.11, 4.12.    

4.2.4 Path Planning Simulation 

The virtual map is 6 meters by 6 meters. The starting point is at the bottom left of the 
map, and the goal position is at the top right of the map.  

This simulates a robot lawn-mover moving on the lawn, where the obstacles (such as 
toys, chairs, trees) are randomly placed on the grass. 

In Figure 4.14, the obstacles are the circles which simulate the obstacles on the lawn. 
The simulated robot successfully avoids the obstacles and reaches the goal position. 

 

Figure 4.14 simulated potential field path planning 
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Chapter 5   

Conclusion  
Using 3D sensors, like TOF cameras, can be a good solution for robot mapping. It is a 
cheap alternative solution for 2D laser scanner, though the accuracy is lower.  

The feature-grid map method is suitable for both indoor and outdoor environment. It is 
straight forward, and easy to use. The feature extracting works well, it classifies the 
obstacles, and uses estimated ground plane as the projection reference. So the right 
border points can always be gotten, no matter at what pose the sensor is right now. The 
histogram map pruning works, it can improve the mismatching. The result depends on 
the real situation, some heuristic need to be used when doing the online map pruning. 

The occupancy grid map solution is suitable for large area like factory and outdoor 
environment. It can handle the dynamic environment. Moving objects, like walking 
people and vehicles will be removed during cell updating. The scan matching algorithm 
in occupancy grid map works somehow, but not as good as expected, because it can be 
easily trapped into local minimum. Building the likelihood field is also computational 
expensive.   

The ICP point map solution is suitable for both indoor and outdoor environment. It 
works somehow, but not robust when building the map incrementally online. In the test, 
one mismatching frame could affect the following frame a lot.     

Potential field path planning works in simulation. It can avoid simple discrete obstacles, 
but as to complex shape obstacle, it can easily trap into the local minimum.  

Each method has its own advantages and disadvantages. There is no one method that 
can solve all the problems in any situation. Specific application requires specific 
method.    
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Chapter 6   

Future work 
The three mapping methods used in this work have their own advantages and 
disadvantages. This thesis only touches the surface of each type of method. A lot of 
works still need to be done in each method. 

For feature-grid map, the improvement will be on the feature extraction. Instead of only 
using one feature describing all the obstacles, more features should be added. For 
example, the corner feature and line feature, which can make the map more readable.  

For occupancy-grid map, the improvement will be on the scan matching part. Instead of 
using the Thrun’s likelihood method, different likelihood computing methods should 
be tried. Normal Distribution method in (23) seems had good result. In order to cope 
with the local minimum problem, the method in (9) can be used. Instead of using just 
one map, multiple maps with different resolutions can be used to estimate the pose. 
Start from the map with lowest resolution, and use the estimated pose, as the initial 
guess of next level. 

For ICP point map, the most important part of ICP algorithm is the points 
corresponding part. The method used in this work is point to point classic ICP 
algorithm. The point to surface method is more suitable for register object which is lack 
of features, such as walls, etc. And another method worth trying is sensor fusion. The 
RGB images can be used at the same time. We can use the SIFT and SURF features in 
two consecutive scans, to find the corresponding points. RANSAC algorithm can be 
used in finding the right transform between corresponding points. 

For path-planning, potential field path planning is more suitable for feature-based map. 
Different type of potential fields can be built for different obstacles. The problem of 
avoiding local minimum need further study. Other path-planning like space 
decomposition, and Vorioni path-planning are also need study and implementation.  

        

ROS is a very famous robot framework. It is a combination of a lot of libraries. The 
next step could be to integrate the work with ROS. It would make the further 
development much easier.    
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