
Implementation of 
EKF-SLAM on NAO Humanoid Robot 

by 
Kamal M. Othman 

B.Sc., Umm Al-Qura University, 2004 

Thesis Submitted in Partial Fulfillment of the 

Requirements for the Degree of  

Master of Applied Science 

in the 

School of Mechatronic Systems Engineering 

Faculty of Applied Sciences 

©  Kamal M. Othman 2013 

SIMON FRASER UNIVERSITY  
Summer 2013 

 



 

ii 

Approval 

Name: Kamal M. Othman 

Degree: Master of Applied Science 

Title of Thesis: Implementation of EKF-SLAM on NAO Humanoid 
Robot 

Examining Committee: Chair: Woo Soo Kim, P. Eng. 
Assistance Professor 

Ahmad B. Rad, P. Eng. 
Senior Supervisor 
Professor 

 

Mehrdad Moallem, P. Eng. 
Supervisor 
Professor 

 

Krishna Vijayaraghavan, P. Eng. 
Internal Examiner 
Assistant Professor 

 

 
 

 
 

 
 

 
 

 
 

 
 

Date Defended/Approved: July 08, 2013 
 



 

iii 

Partial Copyright License 
 

  

 



 

iv 

Abstract 

Autonomous navigation is among the most important areas within the robotic community 

and has gained significant interest in the last three decades. At its core, autonomous 

navigation depends on whether or not the Simultaneous Localization And Mapping 

(SLAM) problem is properly addressed. SLAM is the mobile robot’s ability to navigate in 

an unknown (indoor or outdoor) environment. The process includes building a map of 

the environment while concurrently the mobile robot position is being updated.  This 

thesis focuses on the implementation of SLAM on NAO humanoid robot. The ubiquitous 

method of Extended Kalman Filter (EKF) is employed in this project. The central focus of 

the thesis is on simulation and the real time implementation of EKF-SLAM with the entire 

coding in python. I have adopted the feature-based map (landmarks) along with updating 

the robot position in an indoor area. The main contribution of this work is the real time 

implementation of EKF-SLAM on the NAO humanoid robot, which is manufactured by 

Aldebaran Robotics. The NAO humanoid robot has been programmed in python through 

the interfacing with the main software of NAO that is called NAOqi. The details of 

implementing EKF-SLAM on NAO are explained and discussed in this thesis. The main 

two sensors used for addressing SLAM on the NAO humanoid robot were odometry and 

laser sensors. In addition, this thesis has practically solved the data association problem, 

which is considered one of the main issues of EKF-SLAM, using Mahalanobis Distance 

likelihood technique. Data association is the ability of the robot to correspond the 

detected landmarks from sensors at any time with the pre-observed landmarks in the 

map. Throughout the experimental studies, I have detected and successfully resolved 

several problems. First, the deviation in NAO robot motion function is solved by 

designing a closed loop motion control of the robot. Second, the Agglomerative 

Hierarchical Clustering (AHC) method is used to let the laser sensor detects and 

differentiates between different landmarks at one time.  The laser in NAO generates the 

world around it via 683 points without differentiation between different objects in the 

scene. Third, a new function added to the real experiment to avoid obstacles using 

sonars of NAO. All algorithms introduced in this thesis have been tested and verified in 

real world experiments. 

Keywords:  SLAM; Extended Kalman Filter; NAO humanoid robot 
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1. Introduction 

It is not farfetched to suggest that the so-called Autonomous Mobile Robots 

(AMR) will become an integral part of human societies, and we will see robots 

everywhere from homes to offices, and libraries to hospitals in the next three decades.  

Among other abilities, an AMR should be able to navigate seamlessly in unknown, 

partially known, or known indoor and outdoor environments. Successful robotic 

navigation implies feasible solutions to important problems such as localization, 

mapping, exploration, and path planning. Researchers in the field of robotics have 

invested great effort and have reported significant results addressing different issues, 

including navigation, control, and path planning in the last three decades. However, 

arguably the most important AMR problem is the Simultaneous Localization and 

Mapping (SLAM). Despite considerable effort by research communities addressing 

SLAM, the problem remains still open for additional research, and is now the focus of 

this thesis. SLAM research is dominated by probability-based techniques in order to 

address the inherent uncertainty problem. An AMR should be equipped with appropriate 

onboard sensors to make sense of the outside world. The realization of SLAM on actual 

mobile and biped robot platforms is important in order to demonstrate and assess a 

particular SLAM design. The research reported in this thesis is one of the few real-time 

implementation of SLAM on a humanoid robot. 

The main objective of this thesis is to employ real-time SLAM on a humanoid 

robot equipped with a laser based on the Extended Kalman Filter (EKF). EKF is 

regarded as the most influential probabilistic technique in the literature. Most 

implementations of EKF in the literature have been applied on wheeled robots. However, 

in this project, the EKF has been applied on a bipedal robot called NAO humanoid robot. 

NAO is manufactured by Aldebaran robotics in France. It is a fully programmable 

human-like robot. NAO with laser sensor is a special version of NAO that has been 

employed in the project. The laser sensor has been used in order to build a map of the 

environment around the robot. Addressing SLAM problem on this affordable platform, 
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i.e. NAO, will open the door for researchers to employ NAO for various projects, or to 

improve the SLAM problem using other probabilistic algorithms or bio-inspired 

techniques alternative, such as RatSLAM algorithm.  

The main objectives of this project are detailed as follows: 

• Implementing EKF-SLAM in python - a default program language for 
NAO. 

• Implementing EKF-SLAM on NAO humanoid robot. 

• Testing and verifying the EKF-SLAM on the NAO humanoid robot through 
providing successful results of several real time experiments.  

1.1. Key features 

The studies undertaken in this project has led to the following contributions: 

• A detailed explanation of EKF-SLAM is presented in this thesis in order to 
facilitate its understanding for readers with no previous exposure to this 
algorithm. 

• A full python code of EKF-SLAM has been reported where the 
researchers are able to build upon for further applications. Furthermore, a 
concise description of the core hardware and software of NAO by 
focusing on what are used in the experiments is introduced in this thesis. 
The reader will be able to employ NAO as a platform in different projects. 

• A full python code of EKF-SLAM specifically designed for NAO humanoid 
robot is successfully completed.  

• The code of the real time experiments is improved by adding extra 
functions, such as a closed loop control motion for the motion model, 
clustering function for the observation model, and obstacle avoidance 
function. These functions are helpful to get more trustable results of EKF-
SLAM in real time. 

1.2. Organization of the thesis 

This thesis is presented in six chapters as follow: 
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An introduction and the overall presentation of the project of this thesis are 

provided in Chapter 1. 

In Chapter 2, the literature review is presented, and the relevance of knowledge 

that is found in the related literature is addressed in the thesis, which is then revised and 

updated. This chapter includes an overview and explanation of the concept of 

Simultaneous Localization And Mapping (SLAM) through providing terms of the primary 

mobile robotics components, models and challenges. In addition, the common 

algorithms found in the literature are explained briefly through an in depth focus on the 

state-of-the-art Extended Kalman Filter for SLAM (EKF-SLAM). 

Chapter 3 describes the mobile robot platform used in this project. This platform 

is known as NAO humanoid robot. The reader will find in this chapter a detailed 

description of NAO’s hardware and software, and how they are correlated to each other 

in terms of what this project requires to be successfully achieved. Furthermore, the 

chapter contains an abbreviated description of how NAO humanoid robots are involved 

in current researches. 

Chapter 4 reviews and elaborates the details of mathematical procedures of 

Extended Kalman Filter (EKF), which is the core algorithm applied on the NAO to 

address the SLAM problem. In order to further introduce and generally facilitate this 

algorithm to the reader, an explanation of frames transformation, and the motion and 

observation models of the system form a mathematical point of view are elucidated in 

this chapter. 

In Chapter 5, the results of EKF-SLAM simulation and real time implementation 

on NAO are verified and discussed. This chapter includes various experiments as well 

as the clarification of applying this algorithm on NAO humanoid robot using its main 

embedded software called NAOqi in details. 

Finally, the thesis is concluded with proposing further works derived from the 

results in Chapter 6. 
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2. Literature Review 

In this chapter, an overview of the Simultaneous Localization And Mapping 

(SLAM) problem in terms of its models, challenges and main approaches in the literature 

as well as the state-of-the-art of the Extended Kalman filter (EKF-SLAM) technique are 

introduced. The survey is very selective and does not include topics within robotic 

navigation that are deemed to be outside the scope of this thesis. The objective of the 

chapter is to present a concise yet comprehensive overview of SLAM. The chapter starts 

with the characteristics of an AMR and reviews the problems of mapping and localization 

before addressing the main SLAM problem. 

2.1. Autonomous Mobile Robot (AMR) 

An Autonomous Mobile Robot (AMR) is referred to a class of robots that are able 

to navigate through an unknown or partially known environment without human 

intervention. In order for the robot to complete the navigation task autonomously, it has 

to address some important questions of the navigation task [1]. The basic question is 

“How can I go from place A to place B?” which is referred to the exploration or path 

planning function. This function would never be achieved until going back to answer two 

additional essential questions: the first question “Where am I?” refers to localization 

function, and the second question “What does the environment look like?” refers to map 

building function of the area around the robot. The addressing of the two latter functions, 

i.e. localization and mapping, simultaneously refers to the one of the most important 

tasks in the AMR called SLAM, which is a short of Simultaneous Localization And 

Mapping. Figure 2-1 shows the essential AMR’s tasks, i.e. localization, mapping and 

exploration as well as the integration of localization and mapping that gives SLAM 

function, which is the scope of this thesis. 
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Figure 2-1. AMR's main Functions 

Some features must be available in any experiment to achieve SLAM function. 

The first feature is the “Mobility” of robots, which is defined as the capability of the robot 

to move into a certain point. This class of robots is referred to as mobile robots. Mobile 

robots are classified as wheeled robots and bipedal robots. In this project, I have 

adopted a biped humanoid robot as the test bed for experimental studies.  

“Perception of environment” is another feature for implementing SLAM in real 

time successfully. It is the capability of the robot to attain data from the environment 

using sensors. These sensors might be either internal sensors that provide the 

information about the robot, or external sensors that provide the information about the 

environment around the robot. 

The ”Real time processing” is another central and important feature for achieving 

SLAM function. It is the existence of software to deal with the robot’s hardware in a 

straightforward manner [2]. Using the software requires a trustable computational 

algorithm for addressing SLAM. Figure 2-2 provides the general requirements for 

Localization 

Mapping Exploration 

SLAM 
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addressing SLAM problem in real time. The shaded areas cover the scope of the thesis. 

The robot platform is NAO, the perception system includes laser and inertial sensors and 

EKF-SLAM is selected as the computational algorithm for the project. 

 

   

 

Figure 2-2. General requirements for addressing SLAM. The shaded boxes are 
the scope of this project. 

Now, I will give a brief explanation of AMR’s functions out of any mathematics.  

2.1.1. Localization 

Localization function is referred to as the ability of the mobile robot to determine 

its position and orientation, also known as the pose, with the assumption of a 100% 

known and precise map of the area, which is known as “a priori map”. The mobile robot 

pose would be determined practically by the basic form of localization called dead 

reckoning. The idea of dead reckoning is to estimate the future position of an object 

based on its last position and the projected movement over time using internal sensors 
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[3].  For instance, the inertial measurement unit (IMU) sensor can fulfill the robot dead 

reckoning function. This approach is generally prone to error due to accumulation of 

error over the time and is not sufficient. Thus, the estimated robot position will be 

subjected to uncertainty over the time. For this reason, “a priori map”, which has 

information of distinguishing objects position, is used to estimate the mobile robot 

position as well as to reduce the accumulated errors of dead reckoning. In this 

mechanism, the robot uses its sensors, such as laser, sonars or cameras in order to get 

its pose with respect to these objects position. 

Figure 2-3 depicts the localization problem with a given map. Let us assume that 

the given map is represented by stars that are considered the accurate positioning of 

objects, and the real robot moves from position 1 to position 2. The internal sensor gives 

very far measurement from the real position of the robot as represented in the dot-

shaped robot. However, integrating the accurate information of objects position in the 

environment with the internal sensor data assists to provide a better estimated position 

as shown as the dash-shaped robot. 

  
Figure 2-3. Localization problem 

Real pos.1 

Real pos. 2 

Odometry pos.2 

Estimated pos. 2 

Observation 1 

Observation 2 
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The existence of an accurate priori map is not possible all the time with different 

areas. Thus, the mobile robot needs to build a map of an unknown environment 

autonomously or to update the current known map. 

2.1.2. Map building problem 

Mapping function is the mobile robot ability to build a map of the environment 

around it by using sensors, such as sonars, laser or camera, in order to acquire a set of 

objects position, where these objects named landmarks, under the assumption of 

localization accuracy. As sensors are subject to errors, the position of objects may not 

be accurate. Assume the real robot moves from position 1 to 2 as shown in Figure 2-4 

with assuming precise information of its position. In each position, the robot builds a new 

map by acquiring the estimated position of landmarks as represented in dash-shaped 

stars. 

 
Figure 2-4. Mapping problem 

Landmarks can generally be represented either in the absolute form or relative 

form. The absolute form means that all landmark positions are related to one global 

Real pos.1 

Real pos. 2 

Real landmark 

Estimated landmark 
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point, while on the other hand, the relative form means the relationship of all landmarks 

positions to each other [4]. 

There are three common types of mapping methods used in an autonomous 

mapping: occupancy grid [5-7], feature-based maps [8] and topological maps [9, 10]. 

Figure 2-5 illustrates the difference between them. 

Occupancy grid method represents an environment, e.g. in 2D, as a net of 

consistent squares. Each square has a probability to be occupied by an object or a 

probability to be free from an object. The pioneers of this approach are Moravec and 

Elfes [5-7], and this approach is often utilized in research as in [11-13]. Occupancy grid 

is very helpful for combining data from different sensors, and it is very useful for path 

planning function due to the clearness of representing both occupied and free space. 

However, this approach has some disadvantages, such as its lacks representation in a 

large environment as well as its difficulty to solve the data association problem, which 

means corresponding data in an old map with data in a new map [14]. 

Feature-based maps represent parametric features, such as points, corners or 

lines, in the environment with regard to a global frame. Consequently, they form a 

sparse representation of select landmarks. This method needs a model for each kind of 

feature considered in the environment. This was first provided by Smith [8] for 

addressing SLAM (Simultaneous Localization And Mapping) problem. It is simple in 

representation, as the robot extracts the distance and angel between its position and 

objects’ position using its sensors. This approach is limited by some difficulties [14], such 

as data association and the high cost of computation, which refers to the time cost of 

computation. Both occupancy grid and feature-based maps represent landmarks by their 

Cartesian coordinates, hence they are considered metric maps. 

Topological maps do not employ a metric concept as in the two previous types; 

however, they use a graph concept by distinguishing places of the environment as 

nodes along with links between them. Brook [9] and Mataric [10] are considered the first 

in providing a graph-like map representation. The inspiration of using this sort of 

mapping method is the belief that human or animals do not create a precise map of the 

environment around them [15]. This approach is very useful for reliable navigation and 
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place recognition, but this might fail in a complex environment, as it does not aid the 

metric information measure [14]. For that reason, some research proposes a 

complement method between topological and metric called Hybrid Topological-Metric 

Maps [16-18]. 

Building an autonomous map of the environment under the assumption of a 

precise localization function is almost impossible. Hence, the autonomous exploration 

problem has to be solved, however, it is difficult without solving localization and mapping 

problems simultaneously [3] . 

      

      

      

      

      

A 

 

b 

 

c 

Figure 2-5. Different mapping representation: a) Occupancy grid. b) Feature-
based map. c) Topological map 
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2.1.3. SLAM 

Because of the difficulty of finding a priori map for any environment besides the 

uncertainty of the robot location, a new problem was posed in the robotics field in the 

last three decades. This problem is the so-called Simultaneous Localization And 

Mapping, or SLAM for short. When a mobile robot is placed in an unknown environment, 

it has to move and acquire data of landmarks in the environment by using its sensors, 

while at the same time it has to assign its position with respect to that created map. The 

main problem of SLAM is the uncertainty in a mobile robot position and landmarks 

position due to the inaccuracy of internal sensors, e.g. IMU (Inertial Measurement Unit), 

and external sensors, e.g. laser. Therefore, the data of the localization and mapping 

should be estimated. The seminal paper by Smith [8] introduced the SLAM problem that 

proposed stochastic or probabilistic algorithm to solve SLAM. SLAM is considered as a 

chicken and egg problem in the literature [19] since building a map of environment 

needs the robot position, as well assigning the robot position needs concurrently the 

map of the environment. Solving the SLAM problem is regarded as the key and the ‘Holy 

Grail’ of the AMR’s researchers’ community [20], as many of AMR’s functions, e.g. 

exploration, path planning and navigation to goal, cannot be executed well without SLAM 

problem being solved. The ability of solving SLAM problem opens the door to large 

range of applications, such as mobile mining robots, aerial vehicles, submersible robots, 

and planetary rovers [20]. 

2.1.4. Exploration 

Thrun defines the exploration problem as: 

“ It is the problem of controlling a robot so as to maximize its knowledge 
about the external world”. [21] 

When the robot is moving in an unknown area and seeking to build a map and assign its 

pose concurrently, which is referred to SLAM problem, the robot path is also controlled 

by maximizing the information of a particular landmark’s position that is gained by the 

robot’s sensors. See Figure 2-6. Thus, as an exploration problem involves localization, 

mapping and controlling or planning, many researches consider it the core problem of 
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AMR. Addressing the exploration problem successfully will ease the higher AMR’s tasks, 

such as navigation to a goal and adaptation to any change in the environment [22]. 

As this thesis focuses on the SLAM task of mobile robot navigation, the next 

sections will provide further details. 

 
Figure 2-6. Exploration function 

2.2. SLAM Components & Models 

In this section, I explain some common terminologies and models that are 

involved in SLAM problem, regardless of a mobile robot platform type or an algorithm 

paradigm. The following points give a clear knowledge of SLAM components and terms, 

and all of them are illustrated in Figure 2-7: 

• Environment:  
It is an unknown or partially known area where the mobile robot roams around.  

• Features or landmarks:  

They are distinguished objects in the environment. Estimating their position is 

referred to the map building function. The set of landmarks are denoted by: 

{𝐿!, 𝐿!…   𝐿!} 

where 𝑛 denotes the number of landmarks in the environment. 

• Robot pose:  

It refers to the robot location in the environment. In 2D space, the robot pose 

is represented by three variables, i.e. 3 Degree of Freedom (D.O.F), two 

variables are for the position in Cartesian plane (𝑥! , 𝑦!), and one is for the 

orientation 𝜃!.  

A B C 
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𝑅 = [𝑥! , 𝑦! , 𝜃!]  

The position data of the robot can be imprecisely measured using an internal 

sensor, such as IMU (Inertial Measurement Unit). 

• Control motion:  

It is applied to the robot in order to achieve the motion function. Thus, the 

robot moves in the environment and changes its location in every period of 

time, t. The given control motion set is always denoted by: 

𝑈! = {𝑢!…   𝑢! …   𝑢!} 

As it is noticed that the capital 𝑈! is for all control motions over all the time, 𝑇, 

however, the small 𝑢! is for a particular time, 𝑡. 

• Map:  

As mentioned before, the map is the estimated position of all landmarks. While 

the robot moves, it uses its external sensors, such as range sensors or 

cameras, to detect landmarks and acquire their position within the 

environment. This map can be represented by: 

𝑚 = {𝐿!, 𝐿!…   𝐿!} 

where each landmark can be represented in Cartesian coordinates 

𝐿! = [𝑥!", 𝑦!"] 

• Observation:  

It is the relationship between the robot and landmarks position. The set of 

observations over the time, 𝑡, is denoted by: 

𝑍! = {𝑧!…   𝑧! …   𝑧!} 

where 𝑍! is all observations over all the time 𝑇, but 𝑧! is an observation at a 

certain time 𝑡. Each observation at any particular time, 𝑧!, might have more 

than one observed landmark. Thus, the observation of a particular observed 

landmark at a particular time, 𝑧!!!, is represented by distance and angle with 

respect to the robot position 

𝑧!!! = [𝑑!! ,∅!!] 

where 𝑖 is referred to the specific landmark form 1 to 𝑛. 

• A posterior:  

The posterior data refers to the estimated data of robot position and all 
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landmarks position together. It can be represented in one vector  

𝑋! = 𝑅! ,𝑚! = [𝑅! , 𝐿!! , 𝐿!! …   𝐿!"] 

and all posteriors over all the time 𝑇 can be denoted by 

𝑋! = 𝑋!…   𝑋! …   𝑋!  

 
Figure 2-7. The essential SLAM components. The idea is adopted from [23]. 

Based on these SLAM components, SLAM consists of two mathematical models, 

which reflect the interactions between the robot and the environment. These two models 

are correlated as shown graphically in Figure 2-8: 

• Motion model or Process model: 

It is a mathematical function, 𝑔  (), used to estimate the position of the robot at 

a certain time, 𝑅!, with uncertainty using given information of the previous 

robot position, 𝑅!!!, and a given control motion at time 𝑡, 𝑢!, as inputs for the 

motion function. 
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𝑅! = 𝑔(𝑅!!!, 𝑢!) 

Practically, this model shows how the robot influences the posterior through its 

actuators. 

• Observation model or Measurement model: 

It is a mathematical function,  ℎ  (), used to calculate the relationship between 

the robot position and the observed landmarks. Therefore, it calculates the 

distance and angle between the robot and all observed landmarks in a map, 

𝑚!, at a particular time, 𝑡. Inputs of this function are the information of robot 

position at the same time, 𝑅!, and all observed landmarks positions at the 

same time. 

𝑧! = ℎ 𝑅! ,𝑚!  

Practically, this model shows how the robot influences the posterior through its 

sensors. 

From these two SLAM models, the posterior, 𝑋! = 𝑅! ,𝑚! , can be predicted 

based on the given control, 𝑢!, and known observations, 𝑧!. 
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Figure 2-8. Graphical model of SLAM problem. It is adopted from[24] 

2.3. SLAM Challenges 

There are many issues or challenges correlated to the SLAM problem with some 

different degrees based on the various sort of algorithms. These common issues are as 

follow: dealing with uncertainties, high dimensionality & computational cost, and data 

association.  

2.3.1. Dealing with Uncertainties 

One of the most central challenges in SLAM process is that the robot is 

surrounded by noise and / or uncertainties. The most important type of noise arises from 

the nature of measurement noise in sensors [25]. All common sensors, and these 

include laser, sonar or camera, that are used for getting data of the environment have 

some limitation with some different degrees. Consider the case of a laser sensor, which 

𝑅!!! 𝑅! 𝑅!!! 

𝑢!!! 𝑢! 𝑢!!! 

𝑧!!! 𝑧! 𝑧!!! 

𝑚 
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is known as the most accurate and affordable sensor in robotics and used widely. It is 

still not 100% precise since it might be affected by glass walls or sunlight in outdoor 

applications, and would return incorrect data to the laser receiver. Consider also the 

situation of sonar that is worse than laser as its poor sound signal is affected by multiple 

surfaces, and absorbed by certain type of textures. As well, cameras have their 

limitations, for example when camera images are altered or vague by changes with 

illumination or other factors. Furthermore, the internal mobile robot sensors, such as 

IMU, are subject to the huge accumulative uncertainties over the time. If noise 

measurements are independent, we can obtain many and many data to reduce the 

uncertainty, but unfortunately all measurements are correlated, and any error of 

measurement affects others. When fusing many sensors data this can reduce the 

estimated measurement uncertainty, and improve the needed reliability and robustness 

[26]. Siegwart [27] explains the sensors’ drawbacks in details. 

The second type of noise comes from the ambiguity of the environment. The 

environment in nature is dynamic, and many changes can occur. These changes could 

be for long term, as repositioning of furniture, or for short term, as people moving in the 

robot’s area. 

In addition, there are other reasons of the uncertainties mentioned in [21], for 

example, the mechanical problem in the robot actuations, and within the error’s modeling 

in a robot’s software arises the uncertainty problem. 

2.3.2. High dimensionality & Computational Cost 

To understand the challenge of high dimensionality of SLAM, let us emphasize 

that the state vector composes the robot position and its orientation, i.e. 3 D.O.F, and 

the position of N landmarks, i.e. 2*N D.O.F in 2D. Thus, the dimension of state vector 

basically depends on the number of landmarks in the environment. If the map 

representation is a topological form, which has places such as corridor or rooms, the 

number of entities or landmarks would be a few dozens. Unlike, the number of entities, 

which would be hundreds, for 2D, or thousands, for 3D, if the representation of map is a 

feature-based map applied when dealing with the details of an environment [25]. 

Consequently, the high dimensionality alters the time process based on employed 
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algorithm, and this time process is known as computational cost, which shows the 

difficulty of applying different methods. 

2.3.3. Data Association 

Data association problem or sometimes referred to as correspondence problem 

is the robot’s ability to correspond the detected landmark from sensors at any time with 

the pre-observed landmarks in the map, and decide whether it is a new landmark or it is 

matched to a previous landmark. The reader might think it is a simple problem, but it is 

not. The reason is that features are not unique in the appearance with respect to the 

robot. It is like the entities that are closely characteristic of a blind human. Consequently, 

the robot has to make a decision related to the identity of individual features [28]. Many 

statistical techniques are discussed in [29] for addressing the data association problem. 

2.4. SLAM Algorithms 

There are two main approaches that research follows to solve SLAM problem: 

probabilistic approach and bio-inspired approach [22]. The intuitive difference between 

these two approaches is based on three general common functions in robotics “Sense, 

Plan & Act” as mentioned in [30]. In a probabilistic approach, which is a type of 

hierarchical paradigm, a robot senses the world using its sensors, then plans what it 

should do next, and then takes the action by sending commands to actuators and 

motors; in a sequence. This system was based on a human introspective view. 

However, this is not the case with people all the time where, for instance, they do not 

plan to move from one room to another at their home. Consequently, a bio-inspired 

approach, which is considered a reactive paradigm, emerged during the late eighties. 

The key idea of a reactive paradigm is to get rid of the plan function all together based 

on emulating specific animal behaviours.  

2.4.1. Probabilistic approach 

Today, the probabilistic approach is the dominant approach in AMR field to solve 

its main tasks, e.g. SLAM. The main reason for using the probabilistic approach in SLAM 
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is the existence of uncertainty in motion and observation models of the robot [25]. 

Therefore, the key concept of this approach is to represent the uncertainty of the two 

models clearly in probability distributions over a whole space, instead of a “best guess”, 

by using an extensive mathematical probability theory. Thus, the system uncertainties 

are most likely modeled by Gaussians. A probability law governs the two main models of 

SLAM problem, i.e. 𝑝 𝑅! 𝑅!!!, 𝑢!  for the motion model, and 𝑝 𝑧! 𝑅! ,𝑚!  for the 

observation model. For more details regarding the probability laws, see Appendix B. 

Furthermore, the posterior in general probabilistic methods can be computed based on a 

recursive Bayesian estimation filter, which is known as an algorithm to calculate the 

probability of multiple systems [21]. Bayes filter combines two main steps, prediction and 

correction. 

Probabilistic SLAM Taxonomy 

The probabilistic SLAM ways can be divided into two main important types in 

terms of the way of calculation the posterior [24], online SLAM and offline SLAM. An 

online SLAM way estimates the posterior probability of the present robot position, 𝑅!, 

along with the map, 𝑚, based on observation and control data, 𝑍! & 𝑈!, respectively. It 

can be represented stochastically by: 

𝑝 𝑅! ,𝑚 𝑍! ,𝑈! =   𝑝 𝑋! 𝑍! ,𝑈!  

However, an offline SLAM, or sometimes as it is known as a full SLAM way, is 

used to estimate the posterior probability of the whole previous path of the robot motion, 

𝑅!, besides the map, 𝑚, based on the data of the control and observation. It can be 

represented stochastically by: 

𝑝 𝑅! ,𝑚 𝑍! ,𝑈! =   𝑝 𝑋! 𝑍! ,𝑈!  

Figure 2-9 & Figure 2-10 illustrate the two ways of addressing the SLAM problem 

graphically. 
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Figure 2-9. Probabilistic online SLAM. It is adopted from[24] 

 
Figure 2-10. Probabilistic offline SLAM (also known as full SLAM). It is adopted 

from[24] 
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Three probabilistic algorithms of SLAM 

The central common three algorithms of probabilistic approach used for solving 

SLAM problem in literature are based on Extended Kalman Filter (EKF), Graph-Based 

Optimization Techniques and Particle Filter. The major difference between these 

approaches is shown in Table 1. At present, there are robust methods for SLAM with 

map limitations, such as static, structured, and limited size of map [24].  

The EKF-SLAM 

Kalman Filter (KF) was invented by Swerling [31] and Kalman [32]. KF is a 

technique for applying Bayes filters, i.e. has prediction and correction steps, in linear 

Gaussian systems. It represents its estimated data in the moment’s parameterization; in 

other word, it gives mean vector and covariance matrix. Extended Kalman Filter (EKF) is 

an extension technique of KF for applying filtering in nonlinear Gaussian systems. 

Therefore, the core difference of EKF is applying a linearization process, which is 

accomplished by Taylor expansion technique. EKF linearizes the system about the 

current mean and covariance for preserving the posterior in approximation Gaussian 

model, and then the rest of the technique has prediction and correction steps just like KF 

[33]. 

In the context of SLAM, EKF-SLAM algorithm employs EKF to solve the online 

estimation as shown in Figure 2-9, for a current time 𝑡, using the maximum Gaussian 

probability. The linearization process is applied on the two nonlinear functions, thus the 

robot motion model and the observation model. As the system is modeled by Gaussian 

noise, the mean of the system pertains to the posterior vector at time 𝑡, 𝑋!, and the 

covariance of the system pertains to the correlated uncertainties from the motion and 

observation. 

EKF-SLAM is considered the most influential algorithm in the probabilistic point 

of view, which was firstly developed by Smith [8]. However, it is subject to some 

limitations, such as the map representation is feature-based, and the Gaussian noise 

should be almost small to avoid an intolerable errors come from linearization process 

[21]. 
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Despite the benefits of EKF-SLAM algorithm in terms of the convergence as an 

estimator, however, it is subject to two main issues: data association problem and 

computational cost problem. EKF-SLAM needs an extra statistical function to solve the 

data association, such as Mahalanobis Distance [29]. The computational cost of EKF-

SLAM is quadratic with respect to a number of landmarks, i.e. 𝑂  (𝑁!). It is a result of 

maintaining a full covariance matrix of state estimate. Also, the correction step of EKF 

will touch every single element of the covariance matrix with a computation cost 

of  𝑂   𝑁! , which makes the problem intractable for hundreds of landmarks [34]. 

Furthermore, EKF-SLAM is subject to a non-linearity issue. As it is known, the motion 

and observation functions in EKF-SLAM process are non-linear functions. Therefore, 

EKF estimator is used to linearize them using Jacobians of functions. This step might 

lead to an inconsistence map, since the Jacobians of functions are inconstant over the 

time, and also they include uncertainties of distance and orientation values [35]. 

The Graph-SLAM 

Intuitively, this technique represents nonlinear Gaussian systems graphically 

from a set of data. It is basically a result of Lu & Milios’s work in their seminal paper [36]. 

Unlike EKF-SLAM, Graph-SLAM is mainly an information-theoretic approach, as it 

represents its estimated Gaussians in a canonical parameterization, which gives an 

information vector and information matrix graphically. However, EKF-SLAM represents 

them, as mentioned before, in a moment parameterization, mean and covariance. 

Another difference is that EKF-SLAM resolves any new information immediately, and 

that is the reason to name it as a “proactive” method. Whereas, Graph-SLAM collects 

information into its graph without resolving them directly, and that is why it is called a 

“lazy” method [21]. Graph-SLAM is a suitable technique to solve offline SLAM that 

estimates the posterior over the whole robot path along with the map, 𝑝 𝑅! ,𝑚 𝑍! ,𝑈! . 

This graph-based approach produces a more accurate map than the one in EKF-SLAM, 

as this technique repeats the main mapping steps: map building, correspondence 

calculation, and linearization of motion and observation model [21] . Furthermore, 

Graph-SLAM needs an extra “inference” technique to define the robot path and the map 

in mean and covariance representation from the graph information. The relationship 

between each consecutive robot poses (in motion model), and the relationship between 

each pose with its moment measurements (in observation model) are considered non-
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linear constraints. Graph-SLAM linearizes nonlinear motion and observation functions or 

constraints, and then obtains the maximum likelihood estimates of the posterior, robot 

path and map, by minimizing the summation of all constraints [24]. This technique is 

subject to data association and computational cost problems just like EKF-SLAM.  

Rao-Blackwellised Particle Filter (FastSLAM) 

Particle filter is another paradigm to represent Bayes filter, which can be traced 

back to [37]; it is also known as the Sequential Monte-Carlo (SMC) method. The key 

idea of particle filter is to estimate the posterior reliant on a finite number of values 

(random samples of states called particles) that are related to a region in state space, in 

contrast, the previous estimators are depended on the fixed functional form of the 

posterior [24]. Consequently, using a particle filter assists to represent the posterior in a 

much broader space of distribution non-parametrically, rather than the parametric 

representation in the previous techniques.  

In the context of SLAM, using only the particle filter for solving the problem is 

impossible, due to the large number of variables in map representation, which leads to 

the high dimensionality problem. However, research in robotics integrated the particle 

filter paradigm with a concept introduced in [38, 39] to come up with a new approach for 

solving SLAM problem called Rao-Blackwellised Particle Filter, or it is also known as 

FastSLAM. FastSLAM firstly is introduced by Montemerlo [40] where the structure of 

FastSLAM is based on a particle filter. FastSLAM method is used to estimate the whole 

robot path using a set of particles over the time, i.e. it addresses the full SLAM. Each 

particle at a certain time consists of the given information of a sample of the robot path 

at that time, and N samples (N is the landmarks’ number) of 2D Gaussians with means 

and covariance, one for each landmark. The main idea behind FastSLAM is that 

landmarks locations estimates are found independently, as the full path at the particular 

time is given. Therefore, FastSLAM predicts landmarks position by using a separate low-

dimensional EKF with a separate Gaussian for each individual landmark (multi-modal), 

unlike EKF-SLAM, which use a single Gaussian (uni-modal) for estimating landmarks 

position dependently. 

There are many advantages that make FastSLAM in robotics very popular [24]. 

First is that the problem of data association is solved over the time by using particles, 
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therefore there is no need for any maximum likelihood method to solve this issue. The 

second advantage is that FastSLAM is not suffered by linearization process, as it 

estimates the robot’s position by coping with a non-linear motion model accurately, 

unlike the EKF-SLAM approach. Third, the computation cost is logarithmic in the number 

of landmarks, i.e. 𝑂  (𝑙𝑜𝑔𝑁). In addition, the fourth advantage is that FastSLAM 

addresses an online SLAM problem along with a full SLAM where the update step needs 

only the moment pose. Yet, the main weakness of FastSLAM is the diversity in the 

particle set over all robot path, which is a result of resampling step of particle process. 

This problem should be solved in v.2 of FastSLAM with a limitation in a particles number. 

 EKF Graph-based Particle filter 

Uncertainty 
model 

Gaussian (moment’s 
parameterization) 

Gaussian (canonical 
parameterization) 

Non-Gaussian 

Type of 
models Needs linearization Needs linearization Handle nonlinearities 

Applicable 
methods For online SLAM For offline SLAM Offline & online SLAM 

Optimization Quadratic computation cost Quadratic computation cost 
Logarithmic computation 

cost 

Handling 
multi-

landmarks 
Data association problem Data association problem Handle the data association 

problem 

Table 1-1. Major differences between probabilistic approaches for SLAM 

2.4.2. Bio-Inspired approach 

The research tends toward this approach in order to avoid using expensive 

sensors and complex probability methods. It is used to solve the navigation tasks based 

on a daily basis. Basically, the key idea of a bio-inspired approach is to validate and 

develop models of the brain function in order to address AMR’s tasks as brought 

together, in contrast to the probabilistic approach, which often solves AMR’s tasks 

separately [22]. 

The research has studied the sensory functions in the navigation of rodents, 

primates or human, and attempted to emulate their functions. One of the most common 

techniques to solve the SLAM problem is so-called RatSLAM [41]. RatSLAM is a 
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biologically inspired technique based on navigation models in rodent hippocampus in 

order to address SLAM problem. Three major modules represent the RatSLAM method 

[42]. The first module is a vision system for solving the object recognition. The second 

module is a neural network, which is called pose cells module, for assigning robot poses 

(position & orientation). The last module is a graphical mapping method to build grid-

topological maps, which ease the pose cells representation. The basic model of 

RatSLAM is shown in Figure 2-11. It illustrates the integration of data from external 

sensor, i.e. camera’s data, and the internal sensor, i.e. odometry, in the pose cell 

through local view (LV) and path integration (PI), respectively, where LV & PI are 

represented in the cell-based not Cartesian-based [41]. See Figure 2-12. 

 
Figure 2-11. RatSLAM basic model [41] 
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Figure 2-12. Pose cells of the RatSLAM [42] 

2.5. EKF-SLAM State-of-the-art 

Since the early eighties, SLAM has advanced a huge evolution in the robotics 

field. This evolution can be divided into three stages. In the first stage, the research 

focused on addressing the map-building problem. In 1985, Moravec and Elfes [5] 

proposed an approach to build maps based on so-called occupancy or evidence grids. 

They discretized the map into small consistent cells where each cell represents the 

evidence of containing obstacle by storing 0 to 1. They used ultrasonic to provide the 

evidence grids. And another approach was based on features introduced by Brook [9]. 

Such feature-based approach composes a map from distinguished objects, and retains a 

graph that has relations between objects in terms of uncertainty. However, these 

approaches are not suitable for addressing SLAM as they did not come up with an 

estimation theoretic formulation of SLAM, i.e. the uncertainty of the robot pose can be 

represented concurrently. 

The second stage was very effectively demonstrated in AMR field after a 

publication [8] by Smith, Self, and Cheeseman in 1987. They realized the high 

correlation of uncertainties between landmarks due to accumulated errors from 

odometry. Thus, they proposed the first mathematical formula based on estimation 
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RatSLAM navigation 
RatSLAM is a biologically inspired SLAM system based on 
models of mapping and navigation processes in the rodent 
hippocampus. RatSLAM contains three major modules; a 
vision system for appearance-based scene recognition, a 
neural network that represents the location and orientation 
state of the robot, and a graphical mapping algorithm that 
creates semi-metric topological maps. This section provides a 
brief overview of RatSLAM; a more technical system 
description can be found in (Milford & Wyeth, 2008, 2009). 

Attractor Dynamics and Path Integration 
RatSLAM represents the location and orientation state of the 
robot using a three-dimensional continuous attractor network 
(CAN). Continuous attractor networks are a popular method 
of modeling the spatially responsive cells found in the rodent 
brain (Arleo & Gerstner, 2000; Samsonovich & McNaughton, 
1997; Stringer, Rolls, Trappenberg, & de Araujo, 2002; 
Stringer, Trappenberg, Rolls, & de Araujo, 2002). RatSLAM 
uses a rate-coded continuous attractor network. The network 
is arranged in a three-dimensional structure, where each of the 
three dimensions corresponds to one of the three spatial 
dimensions x', y', and θ'   (Fig 2). Each cell is connected to 
nearby cells by both excitatory and inhibitory connections, 
which   “wrap”   across   the   opposing   faces   of   the   network  
structure. The connectivity is designed such that during robot 
navigation, the pose cell network will usually have a single 
cluster  of  highly  active  units,  often  referred  to  as  an  “activity  
packet”  or  “activity  bump”.  The  centre  of  this  activity  packet  
encodes the robot’s   location  and  orientation.  Path integration 
is performed by shifting the activity in the pose cells based on 
self-motion information, such as wheel encoder counts. In a 
similar manner to the attractor dynamics, path integration can 
shift activity off one face of the pose cell structure, wrapping 

the activity around to the opposing face. Copying and shifting 
activity offers stable path integration performance over a 
wider range of movement speeds and under irregular system 
iteration rates, when compared with methods that shift activity 
through weighted connections (Arleo & Gerstner, 2000). 

Local View Cells and Visual Pose Recalibration 
The RatSLAM vision system learns a collection of visual 
templates representing what the robot sees at different 
locations in the environment. Each visual template is 
represented by a local view cell, which becomes active when 
the robot sees a visual scene similar to the template. To enable 
recalibration of the robot pose representation, connections are 
formed between co-active local view and pose cells. If the 
robot sees a familiar visual scene, the corresponding local 
view cell will activate, in turn activating the pose cells it is 
connected to. The activity packet will move towards the 
location associated with that visual scene, providing a means 
for correcting odometric drift and closing a loop.  

Experience Mapping 
The experience map is a semi-metric topological map driven 
by output from both the pose cells and local view cells. As a 
graphical map it contains representations of places, called 
experiences, and links between these experiences describing 
properties of the transition between them. Each experience is 
associated with a certain pose cell network state and local 
view cell network state, but exists in a separate co-ordinate 
space to the pose cell network, called experience map space. 
New experiences are generated when no current experiences 
sufficiently match the activity states in the pose and local 
view cell networks. A graph relaxation method distributes 
odometry errors throughout the map.  
 

Fig 2.  The  RatSLAM  system  consists  of  the  pose  cells,  which  encode  the  robot’s  location  and  orientation  state,  the  local  view  cells, 
which  encode  the  robot’s  visual  experience  in  the  environment,  and  the  experience  map,  which  provides a semi-metric topological map 
that is used for navigation (Milford & Wyeth, 2009). 
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theory, which so-called Extended Kalman Filter in order to build feature-based map. The 

uncertainties in motion and observation models are represented by Gaussians in EKF. 

They represent the robot and landmarks position in one state vector besides a full 

covariance matrix. The first implementation of EKF-SLAM was done by [19, 43]. Since 

then, the EKF-SLAM approach has been used widely in many numerous robotics 

disciplines with different sensors type [23], such as indoors using an ultrasonic [44], 

outdoors using laser range sensor [45], aerial using single vision camera [46], subsea 

using a range-only sensor (acoustic TOF) [47] , or with fusion sensors [26, 48]. 

In the last decade, research has brought a focus to the robotics field in order to 

modify EKF-SLAM in order to handle its limitations. The Unscented Kalman Filter (UKF) 

was proposed by Julier [49] and developed by Wan [50]. It brought a focus that was 

exploited to address the error that due to Taylor’s expansion for linearization in EKF. It is 

basically similar to EKF in terms of representing by Gaussian, but it uses unscented 

transform for the linearization step. The key of unscented transform is to linearize the 

function at selected points. These points completely capture the true mean and 

covariance of Gaussian [51]. This filter is often referred to as derivative-free because it is 

implemented without requiring any Jacobians. Even though this is an accepted approach 

for improving estimated variables for nonlinear systems, the problem of complexity of 

high computation exists just like EKF [21]. 

Information Filter (IF) is another technique to represent Gaussians. It is known as 

a dual of KF. While KF represents Gaussian in the moments parameterization (mean 

vector & covariance matrix), IF represents Gaussians in the canonical parameterization 

(information vector & information matrix). IF can be extended to nonlinear system to get 

an approach called Extended Information Filter (EIF), similar to EKF in term of Kalman 

Filter. There are several advantages of using IF technique over KF, such as the updating 

step is easier than the one in KF [52], IF is more stable [53], and EIF is faster than EKF 

in estimating high dimensional map as at the time of a robot movement it does not effect 

all parameters of Gaussian unlike EKF [54]. Based on EIF technique, Thrun proposed 

GraphSLAM for solving an offline SLAM [55], and Sparse EIF (SEIF) for solving an 

online SLAM [56]. 

One of the EKF-SLAM modifications is Compressed EKF (CEKF) developed by 
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Guivant and Nebot [45, 57]. Their research defined the measurement of landmarks in 

the observation stage as based on a relative region instead of a broader global map. 

Thus, the computation time depends only on the number of landmark at that time within 

the range of the sensor, i.e. 𝑂  (𝐾!) where 𝐾 is a group of the 𝑁 landmarks within the 

sensor’s range. But, they will need to be accumulated to the full map in the update step. 

They grouped all landmarks into constellations, where each constellation has its own 

reference for all grouped-landmarks. Hence, they neglected the correlation between 

landmarks of distant constellation and the computation time of update step performed in 

𝑂  (𝐾 ∗ 𝑁!/!). 

The research of Montemerlo moved away from using Gaussian filters, which rely 

on a fixed functional form of the posterior, to use the nonparametric particle filter, which 

represents posteriors by finitely many samples [21]. Montemerlo [40] proposed a very 

popular method in SLAM field recently, which is called FastSLAM. FastSLAM is 

structured based on a particle filter. The reason of its popularity is because of its ability 

to address the data association within the method, and to decrease the computation time 

logarithmically as mentioned before. 

The most common platform used for implementation of SLAM has been wheeled 

robots, such as [44, 58]. In the meanwhile, research has started to consider SLAM 

theme within humanoid robotics systems, which is not used as widely as wheeled 

robots. Most of the work in this regard is based on visual SLAM (V-SLAM) using 

cameras, such as [59, 60] where the authors implement a real time experiment on the 

humanoid robot HRP-2. 

In this thesis, since the experiments are limited by the static and uncongested 

environment, I have adopted the EKF-SLAM in the experiments. The EKF-SLAM 

problem is implemented on an affordable humanoid robot called NAO, which will be 

explained in detail in chapter 3. 

2.6. Summary 

This chapter provided a literature review of Simultaneous Localization And 

Mapping (SLAM) problem, which is considered as one of the most significant and still 
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open problems of Autonomous Mobile Robots AMRs. Solving the SLAM problem is 

regarded as the key and the ‘Holy Grail’ of the AMR’s researchers’ community [20], as 

many of AMR’s functions cannot be executed well without SLAM problem being solved. 

SLAM has been discussed in this chapter by defining its main components, such as 

robot pose, map, posterior, control motion, landmarks, … etc., as well as its main two 

models, i.e. motion and observation, in order to be facilitated to readers and developers 

understanding. Furthermore, the common challenges of SLAM, namely the uncertainty, 

computational cost & high dimensionality, and data association problem, are explained. 

An overview description of the common algorithms in literature for addressing SLAM is 

given. Examples of probability-based techniques are provided with a brief explanation 

where these probabilistic techniques for addressing SLAM were EKF-SLAM, Graph-

SLAM and FastSLAM. As well, RatSLAM was a given example of bio-inspired algorithms 

in the literature. The chapter has been concluded by providing the evolutionary process 

of EKF-SLAM, which is the main research topic of this thesis, in the state of the art 

section. 

As the existence of a mobile robot with proper sensors is necessary to implement 

any SLAM algorithm, the Chapter 3 will provide details of NAO humanoid robot that has 

been employed in this project. 
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3. Humanoid Robot NAO 

It was previously mentioned that a NAO humanoid robot was the experimental 

platform selected for this project. NAO is a reasonably priced advanced humanoid robot 

with attractive features that make it an ideal platform for research in humanoid robots. It 

is designed based on an open architectural philosophy and can be programmed with 

several different programming environments. In this chapter, I aim to present an 

overview of NAO including its sensors, characteristics, and programming. As this 

platform is relatively new and in order to make the presentation self sufficient, this 

chapter includes a brief history, NAO’s hardware and software and NAO interface with 

the outside world. In addition, information about the spreading of NAO within research 

communities is included. 

3.1. History of NAO 

In 2005, Bruno Maisonnier launched Aldebaran Robotics, the first French 

company concentrating on humanoid robots. The first product of Aldebaran Robotics 

was the NAO robot; see Figure 3-1. This robot is introduced with numerous Application 

Programming Interfaces (API’s) modules in NAOqi software, which is the core software 

for controlling the robot. NAO robot is a human-like robot (humanoid) and is designed in 

an attractive platform in order to promote and market the product. Accordingly, the 

company continues to pursue ways to achieve their ultimate dream, which is to deliver 

their human-sized robots to a general public and at a reasonable price [61] . In 2007, 

NAO humanoid was selected the Standard Platform for Robocup League (SPL) 

replacing the Sony AIBO robots, and the first game that NAO played was in 2008. In the 

SPL competition, all teams use identical NAO robots [62] . 

Currently, Aldebaran has released two main versions of NAO: NAO humanoid 

and NAO torso. NAO humanoid is a bipedal robot. It is categorized as twenty-five (H25) 



 

31 

and twenty-one (H21) degree of freedom (D.O.F) types. However, NAO torso is a robot 

without legs, which is classified to fourteen D.O.F type (T14) and two D.O.F type (T2). 

The company keeps developing the hardware and software for NAO, consequently the 

last version of hardware is v.4.0, and last version of software is 1.14.3 [63] .  

NAO has spread rapidly in many application areas. For instance, it is used as a 

research platform in more than 450 universities. In addition, over 200 secondary schools 

worldwide were equipped with NAO robots in 2012. In the near future, versions of this 

robot will probably arrive at many residential homes as personal assistants, and this is 

considered one of marketing dreams [61] . 

 
Figure 3-1. NAO humanoid robot. 

3.2. NAO’s hardware 

NAO is a medium-sized humanoid robot and fully programmable to perform 

many tasks autonomously. The type of NAO in the thesis project is a humanoid robot 

with 25 D.O.F (H25), and its hardware version is v3.3. Its height is 573mm, and its 

weight is 5.18kg. It has x86 AMD GEODE 500MHz CPU, 256 MB SDRAM and 2 GB 

flash memory. The battery of the humanoid robot is a lithium ion. Figure 3-2 gives an 
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overview of NAO’s hardware. Twenty-five D.O.F of NAO humanoid robot means that it 

has twenty-five electric motors and actuators in their joints in order to be controlled. They 

are located in five main joints of NAO (head, arms, pelvis, legs and hands) as shown in 

Appendix A. It also contains many sensors, e.g. tactile sensors, sonars, video camera, 

infrared, etc. Also, NAO humanoid robot consists of many interaction devices, e.g. 

microphones, speakers, LEDs. NAO’s hardware can be easily controlled by using proper 

modules and methods in the NAOqi software, which will be explained in section 3.3.1. 

The user has to know the axes direction of the robot NAO in order to control the robot 

motion correctly. The positive direction of x axis is the forward direction of the robot, the 

positive direction of y axis is from right to left direction of the robot, and the positive 

direction of z axis is the up direction of the vertical axis as shown in Figure 3-2. 

 

  
Figure 3-2. NAO's hardware [63]  

z  

y 
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3.2.1. NAO’s sensors 

Sensors are the integral part of NAO’s hardware to interface with the outside 

environment. The sensors are classified to two main sources: proprioceptive and 

exteroceptive sensors sources  [64] . Proprioceptive sources are used to provide data 

related to the mobile robot itself. NAO humanoid robot is comprised of many 

proprioceptive sensors as follows: Inertial Unit (IU), Force Sensitive Resistors (FSR), 

and Magnetic Rotary Encoders (MRE). Exteroceptive sources, on the other hand, are 

employed to give data within an environment around the mobile robot. NAO humanoid 

robot consists of many exteroceptive sensors sources, as contact and tactile sensors, 

sonars, video cameras, infrared (IR) and laser sensor (an optional device ordered 

separately and known as Laser Head). Figure 3-3 summarizes these sensors in NAO 

robot. 

 

 
Figure 3-3. NAO's Sensors. 

NAO’s proprioceptive sensors 

Inertial Unit (IU) 

IU is a device that integrates the measurements of gyrometer and accelerometer 

in order to predict vehicle or mobile robot odometry (the perceived position). Gyrometer 

is utilized to maintain the angular velocity of the mobile robot, while the accelerometer is 

NAO's	  Sensors	  

Proprioceptive	  

IU	   FSR	   MRE	  

Exteroceptive	  	  

Contact	  
&	  Tactile	   Sonars	   Laser	   IR	   Cameras	  
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used to get the linear acceleration of the mobile robot [64] . The fundamental issue of IU 

is that it is subject to an uncertainty, or in other words, it is very sensitive to 

measurement errors in gyrometer and accelerometer. Thus, after a long time of 

movement, the position error grows enormously with the time passed. The drift in 

gyrometer and the twice integration of accelerometer measurements are considered the 

main reason of IU uncertainty. Consequently, other sensors should be used to solve the 

problem of localization or SLAM [27] . 

The IU of NAO humanoid robot contains two 1-axis gyrometers and one 3-axis 

accelerometer, where are placed in the center of the NAO’s body. 1-axis gyrometer 

provides users with the torso angular velocity in x direction, and the other one is for y 

direction. While a 3-axes accelerometer provides users with the torso linear acceleration 

in three directions. Aldebaran programmed the IU to compute the torso angle by 

integrating data from both accelerometer and gyrometer sensors. 

FSR & MRE 

FSR stands for Force Sensitive Resistors. The resistance of FSR changes when 

a force is applied. NAO has four FSRs located in each foot, which aim to determine 

whether NAO’s feet are touching the floor or not. These sensors are useful while NAO is 

walking where the robot immediately stops executing the motion function if someone lifts 

it up.  

MRE stands for Magnetic Rotary Encoders, which determine the changes of 

magnetic field around its chip. This chip measures the rotational motion of motors shaft 

or joints [65] . NAO humanoid robot has 36 MREs distributed on all joints and some 

motors. 

NAO’s exteroceptive sensors 

Contact & tactile sensors 

Tactile sensors in robotics are basically similar to touch sensing in humans. The 

Siciliano & Khatib [64] summarized the purpose of using tactile sensors into three main 

objectives: manipulation, e.g. grasping an object control, exploration, e.g. knowing 
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surface texture, and response, e.g. detecting and reacting to contacts from external 

obstacles. 

Referring to Figure 3-2, NAO has four main touch sensors: head tactile, chest 

button, hands tactile and feet bumpers. They are mainly used for the response objective, 

where the robot can touch and detect any object and then take an appropriate reaction. 

Sonars 

Sonar or ultrasonic sensor is one of the most common sensors in robotics. It 

operates by emitting a cone of ultrasound to an obstacle and receiving a reflected echo 

signal from that obstacle in order to measure the distance to it. This distance is 

computed by using time-of-flight (TOF) of the sound signal and the known speed of 

sound, therefore sonars are regarded as a time-of-flight ranging sensor. Ultrasonic 

sensors are employed in robotics for three different objectives: obstacle avoidance, 

sonar mapping and object recognition based on a sequence of echoes [64] . Even 

though sonars are regarded as a popular sensor in robotic due to its low cost, low power 

consumption, low computational effort and its light weight [64], it still has many 

limitations and disadvantages. One of these limitations is that sonars sometimes do not 

receive a reflected sound from an uneven surface, which causes a deflection of the 

signal. Another limitation is the multiple reflections, which means that the reflected echo 

hits another obstacle and then is received late by sonars to measure longer and 

incorrect distance. In addition, objects with soft material, e.g. pillows, absorb the signal 

from sonars; thus, sonars are not able to detect them [2] . 

Figure 3-2 shows two sonar sensors in the NAO robot, each has an emitter and 

receiver that are set in the chest of NAO. They are able to detect and measure the 

distance to obstacles in meters within the ultrasound range, which is between 0.25 m to 

2.55 m and an effective cone 60°. The existence of two sonars gives a capability for 

NAO robot to detect obstacles in a wider range instead of using one sonar with the same 

range of the two sonars that may lead to poor information. The main goal of using 

sonars in my project is to avoid obstacles. There are four different scenarios to know 

how sonars work as shown in Figure 3-4. Case a and b in Figure 3-4 illustrate if an 

object exists in front of the robot within the sonar ranges, then the NAO robot should 

stop and make a decision to turn left or right in order to avoid a collision to an object. 
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While, if an object is out of the range, then sonars cannot detect it, and NAO will be able 

to move forward as shown in c and d of Figure 3-4. 

 
a 

 
b 

 
c 

 
d 

Figure 3-4. Sonars functionality scenarios [63]  

Laser 

The Laser sensor is one of the most popular sensors used in robotics since it is 

an affordable and more accurate than sonars. It is a type of time-of-flight (TOF) ranging 

sensors as sonars. The difference of the sonar from the laser sensors is that the later 

bounces off a broad beam of light in contrast to sound in sonars. Therefore, the distance 

and angle between the laser sensor and any object can be computed from the speed of 

light and the time from emitting to receiving the light by the laser sensor. Using laser 

sensors in robotics is very important for advanced research, such as SLAM 

(Simultaneous Localization And Mapping) & navigation of mobile robots. Still, there are 

some limitations of using laser that will be illustrated. Specular reflection is one of laser’s 

disadvantages. It implies that when the surface in front of the laser is a glass or water, 

then the light signal will deflect in unpredictable directions. Consequently, if the laser 

receives a signal in that situation, it most likely gives incorrect measurements. Another 

problem of laser sensors is that they give incorrect data of surface edges. Namely, when 

the light beam hits the edge, probably part of the beam reaches a farther away surface, 

which means the laser gives data between the two surfaces although it is an empty area. 

This problem is called the laser footprint [64] .  
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Laser sensor on NAO is an optional device, which is not available in all versions 

of NAO. It is manufactured by HOKUYO AUTOMATIC COMPANY, and it is mounted on 

the NAO’s head as shown in Figure 3-5. I have used the laser in my thesis project for 

addressing the SLAM problem by detecting landmarks in a small environment. Laser 

sensor’s detection range is 0.2m to 5.6m, while its angular range is 240° started from -

120° to +120° with respect to x direction. The laser wavelength is 785nm, as well its 

resolution is 0.36°, which means it is able to detect 683 points at the moment. The laser 

data is refreshed every 100ms [63] .  

 
Figure 3-5. Laser sensor on NAO 

Infra-red (IR)  

NAO humanoid robot comprises of two IRs with 940nm of a wavelength and +/- 

60° of an emission angle. They are located on NAO’s eyes. The main purposes of 

setting IRs on NAO robot are to receive orders from remote control or designate NAO as 

a remote control. In addition, IR can be used to make many NAOs communicate 

together, however, using Wi-Fi is more convenient and safe for this purpose. In fact, I did 

not use the IR in my project as its applied purposes are far from my project objectives. 

120° 
−120° 
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Cameras 

Vision system in robotics is the most powerful sense, as it has been developed to 

mimic human eyes in many robotic applications.  It gives users a huge amount of data 

about the environment and allows an intelligent interaction in a dynamic environment. 

Vision system in robotics can be classified into stereo-based and monocular-based 

techniques. Stereo-based techniques possess a clear computation of depth and 

distance of objects in 3D environment by overlapping data from two cameras, but they 

require a high cost at runtime. Monocular-based techniques, in contrast, use only one 

camera to deal with an image plane, which means it provides only distance data of 

objects. Nonetheless, Monocular-based techniques have advantages of low cost at 

runtime [66] . 

The vision system of NAO humanoid robot consists of two identical cameras. The 

first one is mounted on NAO’s forehead in order to scan the horizon, while the second 

one is mounted on the NAO’s mouth in order to scan close entities on the floor, see 

Figure 3-6. Therefore, the vision system on NAO is considered a monocular-based 

system although it has two cameras, since no data can overlap between them. The two 

cameras give a 640x480 resolution at 30 frames per second (fps). 

 
Figure 3-6. NAO's identical cameras in Head v3.3 [63]  
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3.3. NAO software 

NAO is a fully programmable humanoid robot. It is designed to be accessible 

when used by programmers at various levels from unskilled to experts, and to be stress-

free for learning the robotics fundamentals by students at different levels both at schools 

and universities. 

To develop functions and control the robot properly, the user needs to know and 

understand all compatible software with NAO humanoid robot, and how they are 

correlated to each other. NAO humanoid consists of three related software: in-robot 

software, out-robot software and programming tools. In-robot software refers to software 

run in the robot’s motherboard to accomplish autonomous behaviours. The main 

software that stores all modules is NAOqi, which runs under the robot operating system 

called OpenNAO. On the other hand, out-robot software means that all well matched 

software with NAO must be installed in computers, such as Aldebaran’s software 

(Choregraphe & Monitor) or third party software (e.g. Webots for NAO). Finally, 

programming tools point to the ability of users to create their own code, which is doable 

by coding in Choregraphe and/or using available SDKs (Software Development Kits) in 

at least 8 languages with the identical API’s modules. Figure 3-7 summarizes the 

interaction of all NAO’s software. The shaded boxes are the main software that used in 

this project.  
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Figure 3-7. NAO's software's interaction. 

In the next subsections, I mainly present these key features of NAO’s software in 

some of details based on [63] . 

3.3.1. NAOqi framework 

NAOqi is considered as a brain of NAO humanoid robots. It is the core 

embedded software in NAO that is used to control NAO and develop its functions. The 

most important feature of NAOqi is the possibility of developing NAO’s functions under 

different operating systems, i.e. Windows, Linux or Mac, and with coding in different 

programming languages. Thus, it is very flexible to be employed by various users.  

NAOqi is the warehouse of all modules APIs. It comes with many preprogramed 

modules for various functions, e.g. motion, audio, vision, etc., and each module contains 

a list of methods and/or events. For instance, NAOqi has a module named 

ALTextToSpeech, which belongs to the audio functions of the robot. This module has a 
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list of methods, such as say () method that makes the robot say a particular string of 

character, and has a list of events, such as TextStarted () that is raised when the current 

sentence starts. Figure 3-8 is a simple example of python code, which explains to users 

how modules and methods are called. In line 1 of the example, the user should import 

ALProxy class that is the key to accessing all methods of any module. In line 2, the 

object A is defined for the module “ALTextToSpeech”. Then, in the last line, the user 

should use the defined object A in order to call say () method, which makes the robot 

pronounces the string “Hello, KAMAL”. However, it is a bit different making a python 

module react to an event, which needs to subscribe modules and methods to that 

predefined event by using subscribeToEvent () method under ALMemory module.  

 
Figure 3-8. Simple python code for NAO 

The NAOqi modules are connected to each other through an object called a 

broker. A broker allows users to find modules and methods. Thus, when any method is 

presented, the loading process occurs in a tree-form as shown in Figure 3-9. In other 

word, a collection of methods connected to modules, and modules connected to a 

broker. 

from naoqi import ALProxy 

A = ALProxy("ALTextToSpeech", "<IP of your robot>", 9559) 

A.say("Hello, KAMAL") 
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Figure 3-9. Tree-formed connection of methods, modules & broker. It is adopted 

from [63]. 

Developers can create their own modules, and these are either local or remote 

modules. Local modules mean that the new developed module can be uploaded to the 

brain of NAO, thus NAOqi, without needing any external computer running them. This 

type of modules is stuck with coding them in C++ or python by using their SDKs only, but 

it is very efficient in terms of performance and speed. In contrast, remote modules mean 

that the module can be run from computers to the robot through a network. Remote 

modules are distinctive as they can be coded in any available SDK of various languages; 

however, they are lees efficient than local modules. Any module can be tested in the real 

environment, thus the NAO robot itself, or in the virtual environment by using any 

convenient simulator. 

The specific modules and methods that control NAO’s joints, which mentioned in 

Appendix A, and sensors, which mentioned in 3.2, will be presented as follow: 

!
!
!

Methods(Modules(Broker(

NAOqi!

ALMotion!
MoveTo(...)!

setStiffness(...)!

other!

ALLaser!

laserON()!
setOpeningAngle(

)!
other!

ALMemory!
getData(...)!

removeData(...)!

other!

Other!modules!
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• NAOqi with NAO’s joints 

NAOqi software has joint control APIs under ALMotion module, which is 

responsible to control NAOs’ joints. This module composes many methods, 

such as angleInterpolation (), setAngles (), or changeAngles (), which are 

used for controlling one or many joints at the same time. These variety joint 

control methods that give the user an ability to create many different postures 

of NAO, such as stand up or sit down functions. 

• NAOqi with the proprioceptive sensors 

NAOqi gives users an access to obtain inertial unit’s (IU) data by using 

getdata () method under ALMemory module. For example, the user can return 

the linear acceleration value in z-axis by using 

getData(“Device/SubDeviceList/InertialSensor/AccZ/Sensor/Value”) method. 

The reader may refer to [63] for more information about getting gyrometers 

and angles values with the same method getData (). If the user needs to get 

torso angle of 3-axes, he/she must have the 1.14 software version or later, 

and a new head of v4.0. Otherwise, the getData() method gives only torso 

angles in x and y directions, as the humanoid robot in our lab. 

Regarding FSR sensors, the user is able to get data of the total weight of 

whether the right or left foot in kg as well as to get an information of foot 

touching the floor by using the getData () method in ALMemory API. However, 

there is no other method for MRE sensors. 

• NAOqi with the exteroceptive sensors 

The responsible module in NAOqi for controlling tactile sensors is ALSensor 

module. The user may use some methods in this module for raising events, 

such as RightBumperPressed () or FrontTactileTouch (), corresponding to its 

proper tactile sensor [63] . 

The user may incorporate functions under ALSonar API modules to control 

ultrasonic sensors of NAO as well as to achieve the four events of sonars as 

previously mentioned in section 3.2.1. The NAO humanoid is able to raise only 

one event at the same time because both sonars are employed 

simultaneously, where the software threshold of obstacle detection is 0.5m. 

Furthermore, the user can use ALMemory modules for acquiring data from 
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sonars. For instance, to get data from the left sonar, the user should use 

getData ("Device/SubDeviceList/US/Left/Sensor/Value") [63] . 

ALLaser module is a principal module for controlling and adjusting laser 

settings. The angle can be adjusted by using setOpeningAngle() method, 

whereas, setDetectingLength() method is used for adjusting the laser 

detection distance. The user may need to use getData ("Device/Laser/Value") 

method under ALMemory modules in order to acquire 683 points at current 

time. Each point consists of four data of the obstacle (polar coordinates: length 

& angle, and Cartesian coordinates: x & y) [63] . 

To accomplish IR’s events of sending and receiving commands from/to remote 

controls or many NAOs, the user should use ALInfrared module beside LIRC 

(Linux Infrared Remote Control), which is a package to decode and emit 

infrared signals of many ordinarily used remote controls [63] . 

NAOqi contains many modules for vision system, which provide users with 

access to implement several functions. For instance, the user can use 

methods in ALFaceDetection module to give NAO the ability for detecting and 

recognizing human faces. Furthermore, NAOqi has ALVideoRecord and 

ALVisionRecognition modules to provide video recording methods and 

capabilities of learning and recognition of objects, respectively. For more 

details, see [63] . 

3.3.2. Choregraphe and Monitor Simulators 

Choregraphe, which is released by Aldebaran robotics, is a software program 

designed to be installed in computers. It is a special graphical environment simulator that 

allows NAO robot to be programmed in a simple way. It is easily connected to the NAO 

robot whether in real or virtual environments, e.g. Webots for NAO simulator.  

Figure 3-10 shows a graphical interface window of Choregraphe, which is 

classified into three core zones: Box Libraries, which has many predefined functions in 

high or low levels; Flow Diagram, which is considered as the main area to create 

animations or behaviours; and Robot View, which displays NAO robot in 3D. In addition, 

Choregraphe has extra windows, such as video monitor, pose library, debug window, … 

etc. Preprogramed behaviour boxes vary from high level functions, such as stand up, sit 
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down, dance, move, … etc., to low level functions, as reading sensors and switching 

LEDs off or on. As the Choregraphe software has box-based behaviour, thus they are 

simply used by dragging and dropping them to the flow diagram in the Choregraphe 

window. Then, the user is able to create a sophisticated animation project by assembling 

those predefined behaviour boxes. Moreover, the user is able to create a new behaviour 

box by programming it only in a low-level code of python language. Choregraphe 

projects can be easily tested either on the Choregraphe software itself by showing their 

performance in the 3D NAO graphical representation or on any other simulator, as 

Webots for NAO. If this test works well, then it can be safely implemented on the real 

robot NAO by connecting through a network. 

Choregraphe is really a powerful graphical interface program that avoids the 

complexity of programming, and becomes usable even by beginners [62] .  

 
Figure 3-10. Graphical interface window of the Choregraphe. 

Monitor software is installed at the same time with the Choregraphe. It is like the 

Choregraphe in terms of connection capability to real or virtual environment. Monitor’s 

function is to give feedback about the robot in terms of what the NAO robot is feeling and 
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seeing. Monitor allows users to plug in to Camera viewer, Laser Monitor and Memory 

viewer. Camera viewer plugin, as shown Figure 3-11 (a), can fulfill four functions: 

configuring of NAO’s cameras, displaying what the cameras see, getting pictures, and 

recording videos. The output of applying some method in vision APIs modules can be 

seen easily in the monitor software. Laser Monitor plugin is very useful in order to know 

what the robot sees when using its laser sensor. The laser monitor displays position of 

objects in the environment on a polar graph, see Figure 3-11 (b). This plugin is also 

useful to know if the laser sensor is still active or inactive. Unfortunately, this laser plugin 

is compatible only with the real environment, but not the virtual environment of the 

Webots for NAO software, and I hope some development will be achieved regarding so. 

The last plugin in the Monitor software is Memory Viewer, which is displayed in Figure 

3-11 (c). This helps the programmer to see data of different sensors and actuators held 

by ALMemory Module, which is connected to all other modules in order to read and write 

data. The user is able then to evaluate behaviours of the internal data based on the plot 

in the Monitor window [63] . 
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a 

 

B 

 

C 

Figure 3-11. Monitor’s software. 

3.3.3. Other Simulators 

Using simulators in robotics is very important for developers to test their modules 

and code safely before any real time experiments. NAO humanoid robot is compatible 

with most software. For instance, one of the most common software frameworks is 

Robotic Operating System (ROS) [67] . It is an open source and free software that 

provides libraries and tools to assist developers to design new robot application. Various 

operating systems are supported by ROS. Microsoft Robotic Developer Studio (MRDS) 

[68] is another alternative of software released by Microsoft for helping programmers to 

create new applications in robotics. It supports only the Windows operating system. 
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Moreover, Webots  [69] is one of popular simulation for a mobile robot that is released 

by Cyberbotics Company. It supports all operating systems, but is not free software. 

Cyberbotics and Aldebaran cooperated to release a special version of Webots 

that is only workable with the NAO humanoid robot. This version is named Webots for 

NAO [63] . The feature of this simulator is the easiness of linking it with other 

Aldebaran’s software (Choregraphe & Monitor). The window of Webots for NAO is 

displayed in Figure 3-12. Customizing the environment in Webots for NAO is quite 

straightforward. It is very easy, useful and safe to test NAO’s behaviours and 

complicated functions in such virtual environments before any experiment in the real 

time  [61, 63] . One of the issues of this simulator is that the ALLaser module, which is 

used for laser functions, is not supported in it. 

 
Figure 3-12. Webots for NAO window. 

3.4. NAO in research 

NAO robot has reached many scientific areas in various laboratories and 

universities [70] . In terms of researches, NAO robots are used in many fields of inquiry 

such as navigation [71, 72] , cognition and perception [73] , and human robot interaction 

[74] . In addition, since 2007 NAO is considered one of the most popular robots used in 
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Standard Platform League (SPL), when the AIBO robot was replaced by NAO in the 

competition. 

In terms of the navigation problem, some studies in the literature use the NAO 

robot as a platform for solving some problems of navigation using its sensors. For 

instance, a work [75] introduces a solution of localization using a single camera in order 

to correct an uncertainty of the odometry-estimated data. In [71, 76],  Havlena and Fojtu 

used NAO’s cameras to address mapping and localization problems based on the 

Structure From Motion (SFM) method. The difference between the last two papers is that 

the author in  [76] has used a single low quality VGA camera. Whereas in  [71] the 

author has used the new v.4.0 head for NAO robot, which has two cameras mounted in 

the NAO’s eyes forming a synchronized stereo-pair in order to get better results. In 

addition, the obstacle avoidance is an attempt to solve the problem by using a 

monocular vision fused with laser sensor data in [77] . However, Hornung [72] used only 

a laser senor without cameras for acquiring data in order to address only the localization 

problem, in contrast to my project that is aiming to solve SLAM problem using only a 

laser sensor. 

3.5. Summary 

I presented in this chapter an overview about the NAO humanoid robot by 

facilitating the understanding of this platform for future various future works. The NAO 

humanoid robot is described in terms of its main hardware and software. In the 

hardware, the main sensors are elucidated, as they are very important for perception of 

the environment around NAO. In the software, on the other hand, the NAOqi embedded 

software is explained, as it is considered the key for working with NAO. The interaction 

between NAOqi and other software, such as Choregraphe, and several programming 

languages, such as python, are clarified in details through giving attention to the use of 

the predefined modules of NAO. 

After providing an overview of knowledge about the mobile robot platform in this 

thesis, I will introduce the mathematical perspective of EKF-SLAM algorithm in chapter 
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4. Then, the experiments and results of implementing this algorithm on the NAO platform 

will be discussed in chapter 5. 
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4. EKF-SLAM Algorithm 

This chapter presents a detailed description and implementation of EKF-SLAM, 

which is the most influential probabilistic algorithm that addresses the SLAM problem. 

The chapter also introduces the basics of coordinate transformation, and system models 

in order to simplify the understanding of EKF-SLAM calculus for the reader. Since the 

EKF-SLAM belongs to the class of probabilistic approaches, the basic calculus of 

probability theory is explained in Appendix B.  

4.1. Preliminary 

4.1.1. Transformation between robot frame and reference frame 

In this thesis, the discussion has been restricted to the planar area, i.e. two-

dimensional environment. There are two main frames in the environment: global frame 

and local frame. The global frame in SLAM is known as a reference frame, and it is 

always considered a fixed frame at the origin G = [0, 0, 0°]′ that is used in order to 

represent the environment entities, such as the robot, R = [x!, y!, θ!]′, or any landmark, 

L = [x!, y!]′, with respect to it. The local frame, however, is the movable frame within the 

global frame, and it is recognized in SLAM by the robot frame. Therefore, landmarks 

position can be represented with respect to the robot frame as well as the reference 

frame. The local frame can be translated, rotated, or both with respect to the global 

frame. The translation information can be identified from the Cartesian coordinate 

representation of R!"#$% = [x!, y!]′, and the rotation information can be known from the 

R!"#$% =   θ! of R. The transformation functions between the two frames will be illustrated 

in the following subsections. The concept of this clarification is explained in for 3D in  

[78] . 
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From Local to Global Transformation 

Translation case 

Let us assume that the robot is only translated from the global (reference) frame 

by 𝑅!"#$% = [𝑥! , 𝑦!]′ without any rotation, and also assume that there is a landmark 

defined with respect to the robot frame, 𝐿!"#$% = [𝑥! , 𝑦!]′!"#$%, as shown in Figure 4-1. 

Then, the computation of the landmark position with respect to the global frame is 

defined by the summation of the robot translation vector and the landmark position 

vector as shown in the following simple equation 

 𝐿!"#$%" =   𝐿!"#$% +   𝑅!"#$% =   
𝑥!
𝑦! !"#$%

+
𝑥!
𝑦!

 Eq. 4.1 

 
Figure 4-1. Translation description between local & global frames. 

Orientation (rotation) case 

Let us assume that the robot is only rotated around the z-axis of the global 

(reference) frame by the angle  𝜃! at the same position of the reference frame as 

G 

R 

L 

𝑅!"#$
% 

𝐿 !"#
$%
" 

𝐿 !"
#$
% 
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illustrated in Figure 4-2. If the position of the landmark given with respect to the robot 

frame, 𝐿!"#$% = [𝑥! , 𝑦!]′!"#$%, then the transformation of landmark position to the global 

frame would not be as easy as the translation case. The rotation matrix 𝑹𝒐𝒕 is used to 

transform the landmark from robot frame to global frame. 

 𝑹𝒐𝒕 = 𝑐𝜃! −𝑠𝜃!
𝑠𝜃! 𝑐𝜃!

 Eq. 4.2 

where 𝑐𝜃! = cos 𝜃! & 𝑠𝜃! = sin 𝜃! 

𝑹𝒐𝒕 rotation matrix, which describes the relation between the two different frames, 

consists of orthonormal columns; hence the inverse of this matrix equals its transpose  

[78] . The landmark in the robot frame can be transformed to the reference frame using 

𝑹𝒐𝒕 in Eq. 4.2 by the following equation.  

 𝐿!"#$%" =   𝑹𝒐𝒕 ∗ 𝐿!"#$% =
𝑐𝜃! −𝑠𝜃!
𝑠𝜃! 𝑐𝜃!

𝑥!
𝑦! !"#$%

 Eq. 4.3 

 
Figure 4-2. Rotation description between local & global frame 

L 

𝜃! 

R 

G 



 

54 

General case (translation & Orientation) 

The general case is that the robot can move with some orientation around the z-

axis. Hence, the transformation of the given position of landmark in the robot frame to 

the global frame can be computed by the following formula: 

                            𝐿!"#$%" =   𝑹𝒐𝒕 ∗ 𝐿!"#$% +   𝑅!"#$% =
𝑐𝜃! −𝑠𝜃!
𝑠𝜃! 𝑐𝜃!

𝑥!
𝑦! !"#$%

+
𝑥!
𝑦!

   Eq. 4.4 

Eq. 4.4 can be simplified to only multiplication by using the homogenous matrix, 

𝑻. The homogenous matrix consists of the information of the translation as well as the 

orientation of the robot frame with regard to the reference frame. It is regarded as a 3 by 

3 matrix in the planar area by adding a row of [0, 0, 1]’, thus the landmark position vector 

expands to 3 by 1 with adding 1 in order to maintain the appropriate transformation 

computation. 

 

𝐿!"#$%" =   𝑻 ∗
𝐿!"#$%
1

 

𝐿!"#$%" =
[𝑹𝒐𝒕] [𝑅!"#$%]′
[0] 1

𝐿!"#$%
1

 

𝐿!"#$%" =
𝑐𝜃! −𝑠𝜃! 𝑥!
𝑠𝜃! 𝑐𝜃! 𝑦!
0 0 1

𝑥!
𝑦!
1 !"#$%

 

Eq. 4.5 
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Figure 4-3. General Transformation between global and local frames. 

From Global to Local Transformation 

It is straightforward to derive the global-local transformation equations from all 

equations, Eq. 4.1 to Eq. 4.5, in local-global transformation illustrated below. 

Translation case 

 𝐿!"#$% =   𝐿!"#$%" −   𝑅!"#$% =   
𝑥!
𝑦! !"#$%"

−
𝑥!
𝑦!

 Eq. 4.6 

Orientation (rotation) case 

 

𝐿!"#$% =   𝑹𝒐𝒕! ∗ 𝐿!"#$%" 

𝐿!"#$% =
𝑐𝜃! 𝑠𝜃!
−𝑠𝜃! 𝑐𝜃!

𝑥!
𝑦! !"#$%"

 
Eq. 4.7 

G 

R 

L 

𝑅 !"#$
% 

𝐿 !"#
$%
" 

𝐿 !"
#$
% 

𝜃! 
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General case (translation & Orientation) 

 

𝐿!"#$% =   𝑹𝒐𝒕! ∗ (𝐿!"#$%" − 𝑅!"#$%) 

𝐿!"#$% =
𝑐𝜃! 𝑠𝜃!
−𝑠𝜃! 𝑐𝜃!

  
𝑥!
𝑦! !"#$%"

−
𝑥!
𝑦!

   
Eq. 4.8 

To simplify Eq. 4.8 by using the homogenous matrix 𝑻, it is rewritten as follows 

 

𝐿!"#$% =   𝑻!! ∗
𝐿!"#$%"
1

 

𝐿!"#$% =
[𝑹𝒐𝒕!] −𝑹𝒐𝒕! ∗ 𝑅!"#$% !

0 1
𝐿!"#$%"
1

  

=
𝑐𝜃! 𝑠𝜃! 𝑠𝜃!𝑦! − 𝑐𝜃!𝑥!
−𝑠𝜃! 𝑐𝜃! 𝑠𝜃!𝑥! − 𝑐𝜃!𝑦!
0 0 1

𝑥!
𝑦!
1 !"#$%"

 

Eq. 4.9 

Table 4-1 summarizes the two transformations functions between two frames in general 

cases. 
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Table 4-1. The two frames-transformations functions 

4.2. System models 

The main two models in any mobile robot navigation are the motion model and 

the observation model. They are explained in the following subsections in mathematics 

point of view. 

Function Local_To_Global (R, 𝐿!"#$%): 

1: 𝑅 = !!!"#$%!!
! = !

!!
!!
𝜃!
! 

2: 𝑹𝒐𝒕 = !𝑐𝜃! −𝑠𝜃!
𝑠𝜃! 𝑐𝜃!

! 

3: 𝐿!"#$%" =   𝑹𝒐𝒕 ∗ 𝐿!"#$% +   𝑅!"#$% 

4: return   𝐿!"#$%" 

 

Function Global_To_Local (R, 𝐿!"#$%"): 

1:  𝑅 = !!!"#$%!!
! = !

!!
!!
𝜃!
! 

2: 𝑹𝒐𝒕!! = 𝑹𝒐𝒕! = ! 𝑐𝜃! 𝑠𝜃!
−𝑠𝜃! 𝑐𝜃!

! 

3:  𝐿!"#$% =   𝑹𝒐𝒕! ∗ (𝐿!"!"#$ − 𝑅!"#$%) 

4:  return   𝐿!"#$% 
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4.2.1. Motion Model 𝒇  () 

The motion function 𝑓  (𝑅!!!, 𝑢! , 𝑛!) is known as a dead reckoning where it 

depends on the internal data of the robot. Thus, it is used for calculating the position of 

the robot at time 𝑡 with given information of the last robot position and the control motion 

with its noise at the current time 𝑡. The last robot position is represented by its translation 

and orientation with respect to the global frame at 𝑡 − 1 as 

𝑅!!! =
𝑅!"#$%
𝜃! !!!

=
𝑥!
𝑦!
𝜃! !!!

 

The control motion, which is in this thesis an odometry-based model, is applied in order 

to translate and rotate the robot, where it is denoted by 

𝑢! =
𝑢!"#$%
∆𝜃 !

=
∆𝑥
∆𝑦
∆𝜃 !

 

Since the motion control is imprecise, therefore its noise is modeled by Gaussian 

probability with zero mean and 𝑞 covariance values 

𝑛 = 𝒩  (0, 𝑞) 

Accordingly, the new robot position and orientation can be computed by: 

 

𝑅! = 𝑓   𝑅!!!, 𝑢! , 𝑛!  

𝑅!"#$%
𝜃! !

=
𝑅!"#$%
𝜃! !!!

+
𝑹𝒐𝒕 ∗ 𝑢!"#$%

∆𝜃
+ 𝑛 

Eq. 4.10 

Note the calculation of the new R!"#$% can be calculated using the Local_To_Global (R, 

𝑢!"#$%) Function that is discussed in section 4.1.1 of this chapter. Table 4-2 is the 

summary of the motion function by giving a meaningful name to the function; motion 

(𝑅, 𝑢, 𝑛). 
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Table 4-2. Motion function. 

4.2.2. Observation Model 

The observation model gives the information of the relation between the robot 

and the landmark positions using an external sensor. This model can be explained by 

talking about direct observation function, ℎ  (), and inverse observation function, 𝑔  (), in 

order to become more convenient and easily facilitated by the reader. The summary of 

these two functions is introduced in Table 4-3 and Table 4-4. 

Direct observation function 𝒉  () 

Let us assume the robot and landmark positions are represented in Cartesian 

coordinate of 2D with respect to the global frame 

𝑅 = !!"#$%
!!

=
𝑥!
𝑦!
𝜃!

  & 𝐿!!"#$! = !!_!"#$
!!_!"#$

 

Computing the observation ℎ 𝑅, 𝐿!"#$%  means giving the relationship between the robot 

and the landmark positions in 2D polar coordinate, and that can be achieved by 

Function motion (𝑅, 𝑢, 𝑛): 

1: 𝑅 = !!!"#$%!!
! = !

!!
!!
𝜃!
! 

2: 𝑢 = !!!"#$%∆! ! = !
∆𝑥
∆𝑦
∆𝜃
! 

3: 𝑅!"#$% = Local_To_Global (R, 𝑢!"#$%) 

4: 𝜃! = 𝜃! + 𝛿𝜃 

5: 𝑅! = !!!"#$%!!
!+ 𝑛 

6: return   𝑅! 
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transforming firstly the landmark representation from global frame to local or robot frame 

using the transformation function in Table 4-1.  

𝐿!"#$% =Global_To_Local (𝑅, 𝐿!"#$%")  = !!_!"#
!!_!"#

 

Then the observation can be calculated easily by using the following equation 

 𝑧 = ℎ 𝑅, 𝐿!"#$% = 𝑑
∅ =

𝑥!_!"# − 𝑥!
! + 𝑦!_!"# − 𝑦!

!

tan!!
𝑦!_!"# − 𝑦!
𝑥!_!"# − 𝑥!

+ 𝑣 Eq. 4.11 

where 𝑑,∅ are respectively the distance and angle between the robot and the landmark, 

and 𝑣 is a noise vector from sensors, where 𝑣 is modeled in Gaussian form 𝑣 = 𝒩  (0, 𝑠) 

with zero mean and 𝑠 covariance.  
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Table 4-3. Direct observation function 

Inverse observation function  𝒈  () 

This Inverse observation function 𝑔 𝑅, 𝑧  is important for representing the 

position of the landmark with respect to the global frame if the observation 𝑧 is given 

𝑧 = 𝑑
∅  

Firstly, the landmark should be converted to Cartesian coordinates in the local frame 

Function observation (𝑅, 𝐿!"#$%" , 𝑣): 

1: 𝑅 = !!!"#$%!!
! = !

!!
!!
𝜃!
! 

2: 𝐿!"#$%" = !!!_!"#$!!_!"#$
! 

3:  𝐿!"#$% =Global_To_Local (R, 𝐿!"#$%") 

4: 𝑥!"## = 𝑥!_!"# − 𝑥! 

5:  𝑦!"## = 𝑦!_!"# − 𝑦! 

6: 𝑑 = !𝑥!"##! + 𝑦!"##! 

7: ∅ = 𝑎𝑡𝑎𝑛 !!!"##
!!"##

! 

8: 𝑧 = !𝑑∅! + 𝑣 

9: return   𝑧 
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 𝐿!"#$% =
𝑥!_!"#
𝑦!_!"#

= 𝑑 cos∅
𝑑 sin∅  Eq. 4.12 

Then the local representation of landmark coordinates can be transformed to the global 

frame using the transformation function in Table 4-1. 

𝐿!"#$%" = Local _To_ Global (R, 𝐿!"#$%)  = !!_!"#$
!!_!"#$

 

 
Table 4-4. inverse observation function 

4.3. EKF-SLAM Procedure 

EKF-SLAM is mainly dependent on probabilities of the motion model and 

observation model in order to find the mean vector 𝑋 and the covariance matrix 𝑷. 

Figure 4-4 shows what are the main input and output of EKF-SLAM.  

Function inv_observation (𝑅, 𝑧): 

1: 𝑅 = !!!"#$%!!
! = !

!!
!!
𝜃!
! 

2: 𝑧 = !𝑑∅! 

3:  𝑥!_!"# = 𝑑 cos∅ 

4: 𝑦!_!"# = 𝑑 sin∅ 

5:  𝐿!"#$% = !!!_!"#!!_!"#
! 

6: 𝐿!"#$%" = Local _To_ Global (R, 𝐿!"#$%)   

7: return   𝐿!"#$%" 
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Figure 4-4. The general relation of motion and observation function with EKF-

SLAM. 

The mean 𝑋 is the estimated state vector of the position of the robot and 

landmarks. Thus, its dimension is 3 + 2𝑁  as illustrated in Eq. 4.13, where 𝑁 is the 

number of landmarks in the environment.  

 

𝑋 = 𝑅
𝑀 !!!! ×!

 

𝑅 =
𝑥!
𝑦!
𝜃 !×!

  𝑎𝑛𝑑  𝑀 =

𝐿!
𝐿!
⋮
𝐿! !!×!

 
Eq. 4.13 

The covariance 𝑷 is the square matrix, which represents the uncertainty of the 

system or the deviation from the mean. This covariance matrix consists of many sub-

covariance matrices clarified in Eq. 4.14. 𝑷!! is the robot covariance, 𝑷!! is the 

landmarks covariance, 𝑷!" is covariance of the robot and all landmark correlation, and 

𝑷!" is the transpose of 𝑷!". 

 

EKF-SLAM 

Noise 𝑛 Noise 𝑣 

Motion 

e.g. IMU data 

Observation 

e.g. Laser data 

R z 

Covariance 𝑷 Mean 𝑋 
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𝑷 = 𝑷!! !×! 𝑷!" !×!!
𝑷!" !!×! 𝑷!! !!×!!

=  

Eq. 4.14 

The EKF-SLAM process extends over three main iterated steps: Prediction, 

Correction and State Augmentation. In addition, there are many important steps 

throughout the process, such as EKF-SLAM Initialization and Data Association [3, 20, 

21, 80] . In the next subsections, the calculus of EKF-SLAM procedure will be explained 

in details.  

4.3.1. EKF-SLAM Initialization 

The process starts with the mean and covariance initial values. Regarding the 

mean vector, we assume the initial position of the robot is the origin of the global frame, 

i.e. [0, 0, 0]’. Since the beginning of the process does not have any initial landmark, the 

initial covariance commences only with zeros in 𝑷!!, which means it has absolute 

certainty.   

 
𝑋 = 𝑅 =

𝑥!
𝑦!
𝜃

=
0
0
0

 

𝑷 = 𝑃!! = 0 !×! 

Eq. 4.15 

Note: The mean vector 𝑋 and covariance matrix 𝑷 will expand based on the number of 

detected landmarks throughout the process iteration. 
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4.3.2. Prediction 

The prediction step in SLAM is basically related to the motion model function 

𝑓  (). As the environment is assumed stationary, which means all landmarks do not move 

while the robot is moving, the only part that is effected in the mean vector 𝑋 is the robot 

part 𝑅, and the map part 𝑀 remains as it is. 

 𝑋 = 𝑅
𝑀 = 𝑓   𝑅, 𝑢, 𝑛

𝑀
= 𝑚𝑜𝑡𝑖𝑜𝑛   𝑅, 𝑢, 𝑛

𝑀
 Eq. 4.16 

After using 𝑚𝑜𝑡𝑖𝑜𝑛  () function in Table 4-2, the new position of the robot will be 

 𝑅 = 𝑓   𝑅, 𝑢, 𝑛 =
𝑥! + ∆𝑥𝑐𝜃! − ∆𝑦𝑠𝜃!
𝑦! + ∆𝑥𝑠𝜃! + ∆𝑦𝑐𝜃!

𝜃! + ∆𝜃
+ 𝑛 Eq. 4.17 

The covariance is computed in the prediction step by the following equation 

 𝑷 = 𝑭𝑷𝑭! + 𝑭!𝑸𝑭!!  Eq. 4.18 

where  𝑸 is the covariance matrix of the noise 𝑛, i.e. 𝒩  (0, 𝑞), and 𝑭 and 𝑭! are 

Jacobians of motion function, 𝑓  (), evaluated at mean value 𝑋!!! and control 𝑢! as 

follows: 

 𝑭 =
𝜕𝑓
𝜕𝑅 !!!!,!!

0

0 𝐼
      &      𝑭! =

𝜕𝑓
𝜕𝑢 !!!!,!!

0
 Eq. 4.19 

Where 
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𝜕𝑓
𝜕𝑅

=
1 0 −∆𝑥𝑠𝜃! − ∆𝑦𝑐𝜃!
0 1 ∆𝑥𝑐𝜃! − ∆𝑦𝑠𝜃!
0 0 1

 Eq. 4.20 

 
𝜕𝑓
𝜕𝑢

=
𝑐𝜃! −𝑠𝜃! 0
𝑠𝜃! 𝑐𝜃! 0
0 0 1

= 𝑹𝒐𝒕 Eq. 4.21 

Since the Jaocbians in Eq. 4.19 have many zeros and identity, the only parts are 

changed in the covariance matrix 𝑷 in prediction step are 𝑷!!, 𝑷!" and 𝑷!" as shown in 

Figure 4-5, and their equations are written as follow: 

 

𝑷!! =
𝜕𝑓
𝜕𝑅

𝑷!!
𝜕𝑓
𝜕𝑅

!

+
𝜕𝑓
𝜕𝑢

𝑸
𝜕𝑓
𝜕𝑢

!

 

𝑷!" =
𝜕𝑓
𝜕𝑅

𝑷!" 

𝑷!" = 𝑷!"!  

Eq. 4.22 

 
Figure 4-5. The changed parts of mean and covariance in the prediction step 

 

𝑋 =

⎣
⎢
⎢
⎢
⎡
𝑅
𝑙!
𝑙!
⋮
𝑙!⎦
⎥
⎥
⎥
⎤
  𝑷 =     
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4.3.3. Correction 

The correction step is correlated to the observation model function ℎ  () to 

minimize the uncertainty of the prediction step. The innovation of each current 

observation should be computed before updating the mean 𝑋 and the covariance 𝑷. 

Innovation step 

The objective of the innovation step is to calculate the innovation vector 𝑧!""#$, 

which is the difference between the actual and estimated observation, and the 

innovation covariance 𝑍!""#$, which is referred to the uncertainty of the estimated 

observation. This step is very significant for solving the data association problem in order 

to assign whether the current real observation is related to a previous observed 

landmark or it is a new landmark as will be explained in 4.3.5. Now, let’s assume the 

sensor of the robot gives an actual observation 𝑧!"#$!%, i.e. distance and angle, between 

the real position of the robot and a specific known landmark, 𝐿!_!"#$%" in the global frame. 

Then the innovation vector 𝑧!""!" can be found by getting the difference of the actual 

and estimated observations, which it can be computed by using the 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 function 

in Table 4-3. 

 

𝑧!""#$ = 𝑧!"#$!% + 𝑣 − 𝑧!"#$%&#!'    

𝑧!""#$ =    𝑧!"#$!% + 𝑣 − ℎ   𝑅, 𝐿!!"#$%" , 0  

𝑧!""#$ = 𝑧!"#$!% + 𝑣 −   𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛   𝑅, 𝐿!_!"#$%" , 0  

Eq. 4.23 

Where   𝑧!"#$%&#!' =
𝑑!"#
∅!"#

 

The innovation covariance 𝑍!""#$ are calculated by 

 𝒁!""#$ = 𝑯!𝑷𝑯!
! + 𝑺 Eq. 4.24 
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where  𝑺 is the covariance matrix of the observation noise 𝑣, i.e. 𝒩  (0, 𝑠), and 𝑯! is the 

jacobian of the estimated observation model, 𝑧!"#$%&#!'   , evaluated at mean value 𝑋! and 

the estimated landmark position 𝐿!_!"#$%". 𝑯! is composed of 𝑯! =
!!
!"

 and 𝑯!!_!"#$%" =

!!
!!!_!"#$%"

 as follow: 

𝑯! = 𝑯! !×!      0    …       0       𝑯!!_!"#$%" !×!
      0    …       0

!×(!!!!)
 Eq. 4.25 

Where 

 𝑯! =
𝜕ℎ
𝜕𝑅

=

𝑥! − 𝑥!!_!"#$%"
𝑑!"#

𝑦! − 𝑦!!_!"#$%"
𝑑!"#

0

𝑦!!_!"#$%" − 𝑦!
𝑑!"#!

𝑥!!_!"#$%" − 𝑥!
𝑑!"#! −1

 Eq. 4.26 

 

 𝑯!!_!"#$%" =
𝜕ℎ

𝜕𝐿!_!"#$%"
=

𝑥!!!"#$%" − 𝑥!
𝑑!"#

𝑦!!_!"#$%" − 𝑦!
𝑑!"#

𝑦! − 𝑦!!_!"#$%"
𝑑!"#!

𝑥! − 𝑥!!_!"#$%"
𝑑!"#!

 Eq. 4.27 

Since 𝑯! contains many zeros, hence Eq. 4.24 can be rewritten by taking the effective 

parts of the covariance 𝑷. See Figure 4-6.  

 𝒁!""#$ = 𝑯! 𝑯!!_!"#$%" !×!
𝑷!! 𝑷!!!
𝑷!!! 𝑷!!!! !×!

𝑯!
𝑯!!_!"#$%" !×!

+ 𝑺 Eq. 4.28 
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Figure 4-6. The effective parts of the mean and covariance in the innovation 

step. 

Update step 

To update the mean vector 𝑋 and the covariance 𝑷, we should compute the 

Kalman gain 𝑲 that is used to minimize the uncertainty of the system. 

 𝑲 = 𝑷𝑯!
!𝒁!""#$!!  Eq. 4.29 

As mentioned before, the observation Jacobian 𝑯! consists of 𝑯! & 𝑯!!_!"#$%" as well as 

many zeros, thus Kalman gain in Eq. 4.29 can be rewritten by getting the effective parts 

of 𝑷 as follow  

 𝑲 =
𝑷!! 𝑷!!!
𝑷!" 𝑷!!! (!!!!)×!

𝑯!
𝑯!!_!"#$%" !×!

𝒁!""#$!!  Eq. 4.30 

Therefore, all parts of mean and covariance will be updated by using the following 

equations:  

 𝑋 = 𝑋 + 𝑲𝑧!""#$ Eq. 4.31 

	  

𝑋 =

⎣
⎢
⎢
⎡
𝑅
⋮
⋮
𝐿!
⋮ ⎦
⎥
⎥
⎤
  𝑃 =     
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 𝑷 = 𝑷 − 𝑲𝒁!""#$𝑲! Eq. 4.32 

4.3.4. State Augmentation (Landmark initialization) 

State augmentation is used to add any new landmark detected by the robot, 

therefore, the mean vector 𝑋 and the covariance 𝑷 will expand. This step is mainly 

correlated to the inverse observation function, 𝑔  (), in Table 4-4. Let us assume the 

current mean state and the covariance are as follow 

𝑋 = 𝑅
𝑀    &  𝑷 = 𝑷!! 𝑷!"

𝑷!" 𝑷!!
 

The new actual observation at time 𝑡 between the robot and the new landmark is 𝑧!"#, 

which is got from the sensor raw data.  

𝑧!"# = 𝑑!"#
∅!"#

 

This new landmark should be represented in the Cartesian form with respect to the 

global frame by using the 𝑖𝑛𝑣_𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 function in Table 4-4: 

 

𝐿!!! = 𝑔 𝑅! , 𝑧!"# =   𝑖𝑛𝑣!"#$%&'()!* 𝑅! , 𝑧!"#  

𝐿!!! =
𝑑!"#𝑐∅!"#𝑐𝜃! − 𝑑!"#𝑠∅!"#𝑠𝜃! + 𝑥!
𝑑!"#𝑐∅!"#𝑠𝜃! + 𝑑!"#𝑠∅!"#𝑐𝜃! + 𝑦!

 
Eq. 4.33 

Therefore, the expanding in mean and covariance, see Figure 4-7, will be 

 𝑋 =
𝑅
𝑀
𝐿!!!

 Eq. 4.34 
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 𝑷 = 𝑷 𝑷!" !×!
𝑷!" !×! 𝑷!! !×!

 Eq. 4.35 

The new sub-covariance matrices 𝑷!!, 𝑷!", and 𝑷!" in P are computed by 

 
𝑷!! = 𝑮!𝑷!!𝑮!! + 𝑮!𝑺𝑮!! 

𝑷!" = 𝑮!𝑷!" = 𝑷!"!  
Eq. 4.36 

where 𝑺 is the covariance matrix of the observation noise 𝑣, i.e. 𝒩  (0, 𝑠), and 𝑮! & 𝑮! 

are Jacobians of inverse observation, 𝑔(), evaluated at mean value 𝑋! and new 

observation 𝑧!"# as follows: 

 𝑮! =
𝜕𝑔
𝜕𝑅 !!,!!"#

&        𝑮! =
𝜕𝑔
𝜕𝑧 !!,!!"#

 Eq. 4.37 

Where 

 
𝜕𝑔
𝜕𝑅

= 1 0 −𝑑!"#𝑐∅!"#𝑠𝜃! − 𝑑!"#𝑠∅!"#𝑐𝜃!
0 1 𝑑!"#𝑐∅!"#𝑐𝜃! − 𝑑!"#𝑠∅!"#𝑠𝜃! + 𝑦!

 Eq. 4.38 

 

𝜕𝑔
𝜕𝑧

= 𝑐∅!"#𝑐𝜃! − 𝑠∅!"#𝑠𝜃! −𝑑!"#𝑠∅!"#𝑐𝜃! − 𝑑!"#𝑐∅!"#𝑠𝜃!
𝑐∅!"#𝑠𝜃! + 𝑠∅!"#𝑐𝜃! −𝑑!"#𝑠∅!"#𝑠𝜃! + 𝑑!"#𝑐∅!"#𝑐𝜃!

 Eq. 4.39 
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Figure 4-7. The change parts of mean and covariance in the state augmented 

step 

4.3.5. Data Association 

As mentioned earlier, data association in EKF-SLAM is the problem to associate 

the observation data with the previously detected landmarks. This problem will be solved 

in this thesis by using a gate validation technique, which depends on so-called 

Mahalanobis Distance 𝑀𝐷 [29] . The 𝑀𝐷 is the probabilistic distance between real and 

estimated observations. 𝑀𝐷! is represented in the ellipse shape as the variance of the 

normal distribution in 2D, where its center is the estimated observation as shown in 

Figure 4-9. Then, the 𝑀𝐷! will be compared to the gate validation scalar threshold 𝜎! 

that gives a fixed acceptance area of the distribution, which often being 𝜎! = 2!𝑜𝑟  3! in 

order to surround more than 97% of the distribution in 2D [80] . If the 𝑀𝐷! between the 

real and estimated observation less than the validation gate 𝜎!, that means it is located 

within the previous detected landmark, and it will be recognized as a known landmark, 

which will be used in the correction step, see Figure 4-9. Otherwise, that observation will 

be ignored or considered as a new landmark, which should be added to the system. The 

Mahalanobis Distance 𝑀𝐷 can be computed by 

 𝑀𝐷! = 𝑧!""#$! 𝒁!""#$!! 𝑧!""#$ Eq. 4.40 

where 𝑧!""#$ & 𝒁!""#$ are mean and covariance innovation of the observation data, 

respectively, and they are calculated by Eq. 4.23 and Eq. 4.24. The step-by-step 

𝑋 =

⎣
⎢
⎢
⎢
⎡
𝑅
𝑙!
𝑙!
⋮

𝑙!!!⎦
⎥
⎥
⎥
⎤
  𝑷 =     



 

73 

procedure of mahalanobis distance for addressing data association problem in the EKF-

SLAM process is shown in Table 4-5. 

 
Figure 4-8. Mahalanobis distance between estimated and actual observations1 

 
Figure 4-9. Gate validation test: the ellipse is considered as the variance 𝝈𝟐 of 
the normal distribution in 2D. The variance 𝑴𝑫𝟐 of the normal distribution of the 

observation will be tested by comparing to 𝝈𝟐. 

 
1 The dimensions of any ellipse can be computed by using the Singular Value Decomposition (SVD) of its 

covariance matrix. See [81] for more details 

 

 

 

 

𝑧!"#$%&#!' 

𝑧!"#$!% 

𝑀𝐷! 

 

 

 

𝜎! 

 

𝑀𝐷! 
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Table 4-5. Step-by-step procedure of mahalanobis distance for addressing 

data association problem. 

The next chapter will present and discuss results of employing EKF-SLAM in 

simulation and real time experiment upon the NAO humanoid robot. 

4.4. Summary 

The objective of this chapter was to present the main algorithm in this thesis 

called EKF-SLAM. The chapter started with an introduction to preliminary concepts of 

coordinate transformation followed by presenting the system models, i.e. motion and 

observation, from mathematical points of view. The reason for beginning the chapter 

with them is because of their involvement in the computations of EKF-SLAM algorithm. 

Then, the calculus of EKF-SLAM method is explained by providing its procedure, i.e. 

initialization, prediction, data association test, state augmentation and correction steps, 

in mathematical point of view. The overview of EKF-SLAM process is demonstrated by 

the flowchart in Figure 4-10. The next chapter will introduce the core work of this project. 

The results of testing and verifying EKF-SLAM on the NAO humanoid robot will be 

presented as the main contribution in Chapter 5. 

1. Compute the innovation of the observation 𝑧!""#$  &  𝒁!""#$. 

2. Compute the mahalanobis distance by 

𝑀𝐷! = 𝑧!""#$! 𝒁!""#$!! 𝑧!""#$ 

3. If 𝑀𝐷! < 𝜎! (gate validation scalar threshold): 

 Execute the correction step of EKF-SLAM. 

4. Else if 𝑀𝐷! > 𝜎!: 

Execute the state augmentation step of EKF-SLAM to add a 

new landmark. 
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Figure 4-10:  Flowchart of EKF-SLAM process. 
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5. Experiments and Results 

Any implementation of SLAM requires a mobile robot platform with sensors, and 

a suitable SLAM algorithm to succeed the real experiments. In my thesis, the mobile 

robot platform is NAO humanoid robot, which is covered in chapter 3. The adaption 

algorithm for addressing SLAM in this thesis is EKF-SLAM, which is provided in detail in 

chapter 4. In this chapter, I present simulation and experimental studies of EKF-SLAM 

on NAO humanoid robot. The entire code is written in Python programming language 

under the Linux Ubuntu 10.04 operating system. In the simulation part, I test and verify 

the uncertainty concept of the motion with different Gaussian noises. Then, I will show 

the effect of the observation model on the system as an external data. Then, two 

simulation experiments are introduced in order to show the effect of many landmarks 

and the addressing of the data association issue. In the implementation part, however, 

using the NAOqi software with its modules to implement the full EKF-SLAM will be 

clarified. While achieving the real experiments, there are some functions that are added 

to improve results, such as the closed loop motion control function for minimizing the 

NAO deviation, the clustering function for improving the laser sensor task in order to 

detect many landmarks at one time while also distinguishing between them, and lastly 

the avoidance function for the obstacle avoidance purpose. The calculus of EKF-SLAM 

algorithm is recapped by referring to proper equations in Table 5-1 for convenience.  



 

77 

 
Table 5-1.  EKF-SLAM step-by-step procedure 

5.1. EKF-SLAM Simulation Experiments 

The simulation experiments of EKF-SLAM shows results based on the procedure 

of EKF-SLAM in section 4.3 in the last chapter. The EKF-SLAM procedures are 

simplified in the flowchart of Figure 4-10 and the steps of Table 5-1. Accordingly, I 

present results of the uncertainty of motion function without the existence of landmarks, 

and these results will be given for different Gaussian noises in order to understand the 

effect of noise. Then, I will introduce the influence of the observation function in the EKF-

SLAM process. In addition, two different full experiments with their results will be 

presented in order to understand the effect of many landmarks as well as to test and 

verify the data association. 

1. Assign the initial values of the mean vector 𝑿 and the covariance 
matrix 𝑷.  
(See Eq. 4.15) 

2. Move the robot, and calculate the new 𝑿 and 𝑷 in the prediction step. 
(See Eq. 4.16 to Eq. 4.22) 

3. Using the laser sensor to acquire landmark observations, and 
calculate the innovation vector 𝑧!""#$ and the innovation covariance 
𝒁!""#$ in the innovation step.  
(See Eq. 4.23 to Eq. 4.28) 

4. Calculate the Mahalanobis Distance 𝑀𝐷!.  
(See Eq. 4.40) 

5. Test the observation with 𝑀𝐷!for addressing data association. 

Ø If 𝑀𝐷! < 𝜎!:  
calculate the updating 𝑿 and 𝑷 in the correction step.  
(See Eq. 4.29 to Eq. 4.32) 

Ø Else if 𝑀𝐷! > 𝜎!:  
Add a new landmark to the system based on the state 
augmentation step.  
(See Eq. 4.33 to Eq. 4.39) 

6. Iterate 2 to 5. 
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5.1.1. Uncertainty of motion 

The purpose of this experiment is to verify the uncertainty of the robot motion 

with different standard deviation noises by providing their results. Let us assume that the 

robot walks straight in an empty area where there are no landmarks. Accordingly, the 

estimated robot position will be given based on the robot odometry since there is no 

external data to correct the robot position throughout the EKF-SLAM process. Figure 5-1 

shows the uncertainty of the estimated robot motion, which is represented by an ellipse 

using the robot covariance, along with the error between the estimated and real robot 

position for two different Gaussian noises. The standard deviation of Figure 5-1(a) is 

𝑆𝐷1 = 0.05𝑚 0.05𝑚 0.05! !, however, the standard deviation of Figure 5-1(b) is 

𝑆𝐷2 = 0.01𝑚 0.01𝑚 0.01! !. After extensive simulation and real time experiments, 

these standard deviations are assigned to lead to results in Figure 5-1. Clearly, the case 

of 𝑆𝐷2 indicates much better results than the case of 𝑆𝐷1. See Table 5-2. The 

covariance with 𝑆𝐷2 are smaller than the covariance in 𝑆𝐷1, as well as the estimated 

mean of the robot position is closer to the real robot position at any time. Nevertheless, 

both the covariance and the estimated mean diverge after long time. 
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b 

Figure 5-1. Uncertainty of motion function: a) the uncertainty representation & 
the error between the real and the estimated robot position for the 𝑆𝐷1. b) the 

uncertainty representation & the error between the real and the estimated robot 
position for the 𝑆𝐷2. (Ellipses indicate the uncertainties) 

Estimated 

Real 

Steps  
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step=50 Real robot Estimated robot Norm-2 Covariance matrix 

𝑆𝐷1 
𝑅!

=
5
0
  0!

 

𝑅!"#

=
5.07041574
0.63540881
0.18510621!

 

 

≈0.6393 

𝑃!!

=
0.13799981 0.10719416 0.03109006
0.10719416 1.0276084 0.30846327
0.03109006 0.30846327 0.125

 

𝑆𝐷2 
𝑅!

=
5
0
  0!

 

𝑅!"#

=
4.98335348
0.16236201
0.08488716!

 ≈0.1632 

𝑃!!

=
0.00508658 0.00171989 0.00064204
0.00171989 0.04009691 0.0122033
0.00064204 0.0122033 0.005

 

 

Table 5-2. Results of mean and covariance at step=50 for SD1=0.05 & 
SD2=0.01. 

5.1.2. Observation affect 

This experiment will show the affect of adding a feature in the robot’s 

environment. The robot uses its laser to detect an unknown landmark, and the EKF-

SLAM integrates the estimated observation data with the robot estimates. Let us assume 

the real position of the landmark is 𝐿 = 4𝑚 1.5𝑚 ′ with respect to the global frame as 

represented in red square in Figure 5-2, and the robot uses its laser sensor to acquire an 

external data within a distance of 2𝑚  and angels of –𝝅/𝟐𝒓,𝝅/𝟐𝒓   ranges. The standard 

deviation of the motion and observation are 𝑆𝐷!"#$"% = 0.01𝑚 0.01𝑚 0.01! ! and 

𝑆𝐷!"# = 0.1𝑚 0.017453293! ! respectively. In Figure 5-2(a), we can notice at the place 

of the arrows the decreasing of the motion uncertainty as well as the drop of the error 

between the real and estimated robot while the robot detects the observed landmark. 

Simultaneously, the position of the landmark is estimated, and its error goes to stable 

case after many observations as depicted in Figure 5-2(b). However, one landmark is 

not sufficient to give a trustful estimation of the robot and landmark positions. See Table 

5-3. 
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Drop in error 

Steps  
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Figure 5-2. The effect of observation in EKF-SLAM: a) The EKF-SLAM with one 
landmark and the motion error. b) The zoom in of the landmark uncertainty (the 

red square is real landmark position, the green circles are the landmark estimates 
with their uncertainty ellipses) & The error between the real and estimated 

landmark positions throughout the process.   
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step=50 Real  Estimated Norm-2 Covariance matrix 

Robot 
𝑅!

=
5
0
  0!

 

𝑅!"#

=
4.95326474
−0.18242332
−0.08274087!

 

 

≈0.1883 

𝑃!!

=
2.7270𝑒 − 03 1.5821𝑒 − 03 1.0479𝑒 − 03
1.5821𝑒 − 03 2.7957𝑒 − 03 1.5584𝑒 − 03
1.0479𝑒 − 03 1.5584𝑒 − 03 1.7475𝑒 − 03

 

LM 
𝐿!
= 4

1.5  𝐿! =
3.97038403
1.29509139  ≈0.20704 𝑃!! =

3.7909𝑒 − 03 5.1623𝑒 − 04
5.1623𝑒 − 04 1.9093𝑒 − 03  

Table 5-3. Results of mean & covariance for the robot and landmark position at 
step=50. 

5.1.3. Experiments with many landmarks 

Now, I will provide two full different simulation experiments for EKF-SLAM with 

their results. The first experiment will show the influence of the existence of many 

landmarks in the environment. The other experiment, on the other hand, will show the 

addressing of the data association issue. 

Experiment 1:  Movement in a straight line 

Figure 5-3 illustrates that there are four landmarks placed in the robot path. While 

the robot moves straight between these landmarks, the estimated robot position is 

minimized when the robot detects any landmark in its route, but the estimated robot 

position is increased when there is no landmark within the robot observation. We notice 

in Figure 5-3 that the uncertainty of the robot motion after passing the first two 

landmarks increases, and then the EKF-SLAM process minimizes the error again when 

the system augmented by new landmarks. Furthermore, the estimated landmarks 

position is minimized for the multi-observation of the particular landmark. However, 

because of the high dimensionality issue that is mentioned in 2.3.2, the number of 

landmark must be limited. 
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Figure 5-3. EKF-SLAM: straight movement with many landmarks 

Experiment 2: Roaming movement 

In this experiment, the solution of data association is illustrated. There are seven 

landmarks in the environment, and the robot will roam in the area where it is possible to 

re-observe some of the landmarks. In the left top plot of Figure 5-4, the robot moves 

straight and detects the pointed landmark, 𝐿 = 1𝑚 2.5𝑚 ′, in a period of time. Figure 

5-4 (a) demonstrates the EKF-SLAM besides the zoom in of the uncertainty of that 

particular landmark. Then, the robot roams in the environment until detects the same 

landmark after a while, and the uncertainty ellipses of the same landmark shows the 

good data association through minimizing the error as shown in Figure 5-4 (b). Hence, 

the mahalanobis distance method is very sufficient for addressing the data association 

problem. Figure 5-4 (c) shows only the motion uncertainty. 
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c 

Figure 5-4. EKF-SLAM: roaming movement for testing data association problem 

5.2. EKF-SLAM Implementation on the humanoid robot 
NAO 

After presenting the simulation results of EKF-SLAM in the previous section 5.1, I 

introduce in this section the verification results of the real time implementation on the 

NAO humanoid robot. Basically, this chapter will explain the procedure of programming 

NAO using its main embedded software NAOqi in order to fulfill the all EKF-SLAM 

functions. Each function in the EKF-SLAM algorithm is achieved by calling proper 

methods from proper modules in the NAOqi software. The NAO robot has been 

programmed in python employing a special python SDK for NAO. 

5.2.1. Motion function on NAO robot 

The motion function in the NAO humanoid robot can be achieved by using 

suitable methods from ALMotion module. Table 5-4 shows the main specific methods of 

NAOqi written in python programming language to execute the motion function. Line 1 is 

used for calling the ALMotion module from NAOqi using the proper IP and port of NAO. 

Line 2 is used for applying the motion function by providing an input in Cartesian 

coordinates as well as the angle. Thus, the robot will move to x and y position, and 

rotate by the value of theta with respect to its last position. Line 3 is used for getting the 
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odometry data with respect to the global frame where the false argument is to avoid 

using the MRE (Magnetic Rotary Encoder) sensor values. 

 Function Python code 

1 Calling ALMotion module motionProxy = ALProxy ("ALMotion", robotIP, PORT) 

2 Moving NAO motionProxy.moveTo(x, y, theta) 

3 Getting odometry data odometry = motionProxy.getRobotPosition(false) 
Table 5-4. Main python code of motion function on NAO 

5.2.2. Observation function on NAO robot 

The observation function in NAO can be accomplished by exploiting the laser 

sensor. The user can control Laser sensor functions on NAO by calling its main module 

in the NAOqi called ALLaser. Referring to Table 5-5, line 1 is used for calling the 

ALLaser module from NAOqi using the same IP and port of NAO. This module is very 

significant for controlling laser ranges as illustrating in line 2 & 3. The laser distance 

range is assigned by using the setDetectingLength () method as shown in line 2 where 

this method gets the minimum and maximum distances in (mm) as inputs. The 

setOpeningAngle () method in step 3 is used for setting the angle range by getting inputs 

of the minimum and maximum angles in (radian). 

 Function  Python code 

1 Calling ALLaser module LaserProxy = ALProxy ("ALLaser", robotIP, PORT) 

2 Assigning the laser length range LaserProxy.setDetectingLength (min, max) 

3 Assigning the laser angle range LaserProxy.setOpeningAngle (𝑚𝑖𝑛! ,𝑚𝑎𝑥!) 
Table 5-5. Main python code of laser functions on NAO. 

However, the laser raw data that is taken from another module in the NAOqi is 

called ALMemory. Referring to Table 5-6, line 1 shows the calling of ALMemory module, 

which is considered an important module for getting data from NAO’s external sensors. 

The proper method of getting data is getData () method under ALMemory module as 

shown in line 2 of Table 5-6. The argument for using this method is the type of sensor, 

i.e. laser. This method returns 683 raw data, where each data provides four parameters. 

These parameters are two data for Cartesian coordinates (x, y), which are related to a 

point of feature position in (m) with respect to the robot, and two data of polar 
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coordinates (d, ∅), which are respectively related to the distance in (mm) and angle in 

(radian) between the robot and the feature. 

 Function  Python code 

1 Calling ALMemory module ALMemoryProxy = ALProxy ("ALMemory", robotIP, PORT) 

2 Getting laser raw data Laser_data = ALMemoryProxy.getData("Device/Laser/Value") 
Table 5-6. Main python code of getting laser raw data on NAO 

5.2.3. Implementation (Virtual & Real time) 

This section presents the verification of EKF-SLAM in virtual and real 

implementation after modifying the python codes functions of EKF-SLAM by using the 

proper motion and observation modules that are mentioned in section 5.2.1 and 5.2.2, 

and results will show the successful implementation in a small area with the existing two 

landmarks. 

The virtual implementation has been done on the Webots for NAO software. 

Webots for NAO is new software that I have used to test the EKF-SLAM functions. 

Unfortunately, I could not test the full experiment of EKF-SLAM in the virtual Experiment 

since Webots for NAO is not compatible with laser functions. Consequently, the only 

function of the EKF-SLAM tested in the Webots for NAO is the motion function2. Still, 

there is an advantage of testing this function virtually as the most risky function in the 

real time arising from the improper motion that causes the robot to fall down. Whereas, 

the observation function based on the laser sensor does not cause this risky problem. In 

order to implement the full experiment of EKF-SLAM in the virtual software, this depends 

on whether we improve our EKF-SLAM code to become compatible with the software by 

using another sensor for observation function, such as camera, or the company releases 

a new version of Webots for NAO that is compatible with the laser sensor. Figure 5-5 

shows the Webots for NAO software appearance during the motion experiment. 

 
2 The obstacle avoidance function is also tested in the virtual experiment. It is an extra function designed to avoid 

landmarks when the robot facing them [63]. 
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Figure 5-5. Virtual implementation in Webots for NAO 

In the real time experiments, I evaluated the EKF-SLAM system on the robot 

NAO using its laser sensor in a small area, and only with two features as shown in 

Figure 5-6 & Figure 5-9. As well, the real implementation experiments are done with 

limited range of laser sensor. The reason for the laser range and area limitations is the 

lack of finding a convenient place for testing the EKF-SLAM without any extra 

distirbance, such as an intensive area with objects or the presence of people. 

I present results of two different real time experiments. The first experiment is 

done by limiting the laser sensor ranges in order to detect only one landmark at one 

time. However, the second experiment is acheieved with a wider range of laser sensor in 

order to detect and differentatiate between many landmarks at one time after improving 

the python program with the clustering function. Table 5-7 describes the real time 

implementation on NAO robot.  
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Table 5-7. Step-by-step procedure of the real implementation of EKF-SLAM on 

NAO 

Experiment 1 

In this experiment, I will present the full EKF-SLAM for NAO with two unknown 

landmarks set in its area, where each landmark is observed individually. In other words, 

the assumption of this experiment is that only one landmark is detected in the 

observation function within the laser range during the EKF-SLAM process. Figure 5-6 (a) 

shows the scenario of this experiment where the first landmark is located on almost 0.6 

m from the robot position, and the other landmark is located on 1.2 m. The robot moves 

straight in the pointed path. The laser range settings throughout this real experiment 

were (20,500mm) for the length, and (−𝜋/2,𝜋/2) for the angle. 

1. Move the robot using the following method in ALMotion module in 
NAOqi 

moveTo(x, y, theta) 

2. Go to the prediction step 

3. Use the laser sensor and get its data by using the following method 
under the ALMemory module 

getData("Device/Laser/Value") 

4. If there are data from laser: 

(Test the observation with the previous seen landmarks with computing the 
mahalanobis distance 𝑀𝐷! and compare it with the threshold 𝜎!) 

Ø If 𝑀𝐷! < 𝜎!: 

Go to the correction step. 

Ø Else if 𝑀𝐷! > 𝜎!: 

Go to the state augmentation step. 

5. Iterate the EKF-SLAM loop in step 1 
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The experiment started with obtaining the initial robot position, which was [x ≈	  

0.1343, y ≈	  0.0790, 𝜃 ≈ 0.4196!]. The initial NAO’s position is always deviated from the 

origin of the global frame in the beginning of experiments. Regarding the observation 

function using the laser sensor, the raw data of laser is always given in 683 points. Since 

this experiment adopts the point-based model for the observation, the 683 points are 

simplified by getting their mean average. The estimated position of the robot and 

landmarks of this experiment are illustrated in Figure 5-6 (b). The main issue of this 

experiment was the mechanical problem in NAO’s legs, which cause the motion 

deviation. When the robot is asked to move to a certain position, it deviates from the 

given control motion. Consequently, a simple controller for the robot motion is designed 

in order to minimize the deviation of the robot. 
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a 

 

b 

Figure 5-6. Real implementation of EKF-SLAM with one observation at one time: 
a) a scenario. b) Estimated robot & landmark positions. 

Path 

≈ 0.6 m 
≈ 1.2 m 

Real robot estimated 

Reference path 
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PI motion controller 

The purpose of designing a simple motion controller is to minimize the deviation 

problem of NAO in the real time experiments. The PI controller is added to the process 

as shown in Figure 5-7. Figure 5-8 shows the difference of the EKF-SLAM results with 

and without the motion controller. 

 
Figure 5-7. PI motion controller 

Laser data IU data 

𝑅!"# 

𝐾! = 5.5 

𝐾! = 0.5 

EKF-SLAM 

+ 
- 

+ 
+ 

∫ 𝑒(𝑡) 

𝑒 
𝑢! 𝑅!"# 
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A 

 

b 

Figure 5-8. a) EKF-SLAM without motion controller. b) EKF-SLAM with motion 
controller 

 

Experiment 2 

The objective of this experiment is to present results of EKF-SLAM on NAO 

humanoid robot by detecting many landmarks at one time. Figure 5-9 (a) shows the 

scenario of this experiment where the first landmark is located almost 0.6 m from the 

robot position, and the other landmark is located at 0.9 m. The robot moves straight in 

the appointed path. The laser ranges are set in a way to let the robot detect two 

landmarks at a particular time. The laser range settings throughout this real experiment 

were (20,900mm) for the length, and (−𝜋/2,𝜋/2) for the angle. 

The experiment is started with obtaining the initial deviated robot position, which 

was [x ≈	  0.1239, y ≈	  0.0941, 𝜃 ≈ 0.5463!] with respect to the origin of the global frame. In 

some particular time, the robot detects many landmarks at one time as shown in the 

results of EKF-SLAM in Figure 5-9 (b). 

The question that absolutely needs to asked is how the observation function is 

improved for detecting many landmarks at one time. In the previous experiment, the 

main reason of keeping the observation function only for one landmark was the disability 

Real robot estimated 

Reference path 

Real robot estimated 

Reference path 
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of differentiating between objects from the laser’s raw data. As mentioned before, the 

raw laser data is given in 683 by 4 array size with no clues of differentiating between the 

objects, unlike what is shown graphically in Figure 5-10 from the monitor software. In this 

experiment, the program is improved to make the observation function work with many 

observed landmarks at one time by adding a function of data clustering technique as 

explained below. 
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a 

 

b 

Figure 5-9. Real implementation area: two observations at one time. a) A 
scenario of the experiment. b) The EKF-SLAM results.  

≈ 0.9 m 

≈ 0.6 m 

Path 
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Figure 5-10. Laser raw data: Two landmarks (Left), Many Landmarks (Right). 

Laser raw data: (Clustering) 

The objective of using clustering technique in this experiment is to distinguish 

between different detected landmarks at one observation process based on the laser 

raw data. Clustering of the laser raw data means to classify them into groups where the 

data in one group are similar in a pattern, e.g. distance in this experiment. The 

Agglomerative Hierarchical Clustering (AHC) method is used in this experiment based 

on what mentioned in [82, 83] . The procedure in Table 5-8 explains the AHC algorithm 

on the laser raw data of NAO. [82]  
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Table 5-8. Step-by-step procedure of using Agglomerative Hierarchical 

Clustering on the laser raw data 

The results of AHC are always shown in dendrogram or a binary tree plot as depicted in 

Figure 5-11.  

1. Eliminate all zeros values in the laser raw data 

2. Consider all the other laser raw data as separated clusters. 

3. Calculate the distance between all clusters, and find the 
minimum distance 

4. Merge the two points or clusters to get one new cluster by 
getting the summation average of the two original points 

5. Iterate 2 & 3 

6. Stop the cluster method at a certain value of distance, and get 
the number of clusters with their set of data. 
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A 

 

b 

 

C 

 

d 

Figure 5-11. AHC clustering of NAO's laser raw data: a) Raw data from the 
monitor software. b) Comparing the clusters with the monitor. c & d) the 
dendrogram plot of AHC clustering, and the zoom in of it, respectively. 

Experimental issues 

In the last two experiments, I discussed two experimental issues. The first issue 

was the deviation of the robot motion, which is addressed by designing a close loop 

control for motion function. The second issue was the disability of differentiating between 

objects from laser’s raw data, which is solved by adding a clustering function. In this 

section, I discuss and explain one extra issue that has been encountered in the real time 

experiments. This issue is the existing of an object in front of NAO during its motion. This 
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issue is solved by designing a simple function based on using ALNavigation module in 

the NAOqi software. 

Obstacle in the robot path: (avoidance function) 

Throughout the motion process of NAO, the robot has to avoid a landmark when 

the robot encounters it. The key of addressing this issue is calling the ALNavigation 

module from NAOqi as shown in Table 5-9. This module assists the robot to use its 

sonars while in motion. By using sonars, the robot is able to stop moving if there are any 

obstacles located in the security area of sonars, see section 3.2.1.  

 Function  Python code 

1 Calling ALNavigation module navigationProxy = ALProxy("ALNavigation", robotIP, PORT) 

2 Moving NAO & use its sonars navigationProxy.moveTo(x, y, theta) 
Table 5-9. Main python code for using obstacle avoidance function 

A simple function is added to the experiment, and explained in Table 5-10 in order to 

arias the aforementioned events in 3.2.1. Based on the angle data between the robot 

and the object from the laser sensor, the robot makes a decision whether to turn left or 

right. If the angle from the laser is negative, the robot turns left; otherwise, it turns right. 

See Figure 5-12. 

 
Table 5-10. Step-by-step procedure of avoidance function 

1. If any obstacle in the security area of the NAO’s sonars, the robot 
stops. 

2. Use the angle value from the laser sensor. 

3. If the angle is (-ve), the robot turns left, or if the angle is (+ve), the 
robot turns right. 
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Figure 5-12. Obstacle avoidance experiment 

5.3. Summary 

In this chapter, I discussed the experiments of EKF-SLAM in simulation studies 

as well as during experimental implementation. In the simulation part, results verified 

with the uncertainty of motion and the effect of integrating the observation data. In 

addition, two full simulation experiments for EKF-SLAM are presented to demonstrate 

the effect of many existing landmarks, and for addressing and revealing data association 

problem. In the implementation part, which is considered as the main contribution of this 

project, the virtual and real time experiments on the NAO humanoid robot are 

introduced. Only the motion function is tested in the virtual experiment using Webots for 

NAO software, since this software is not compatible with the laser functions. Thus, either 

the project should be improved by using another sensor that is compatible with Webots 

for NAO software, or the software needs to be improved by developers so that it is 

compatible with the laser functions. The full EKF-SLAM is implemented on the NAO 

humanoid robot to successfully provide results. The main NAOqi modules are explained 

for achieving the motion and observation models, and for acquiring data from NAO’s 

sensors. Some experimental issues have been encountered while achieving 

experiments, such as NAO’s deviation motion, raw laser data, and facing obstacles, 

where they are addressed by designing closed loop motion control, clustering, and 

obstacle avoidance functions, respectively. All functions are written in a new language 

program called python. 
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6. Conclusion 

This thesis reported a complete set of simulation studies and experimental 

implementation of EKF-SLAM coded in python language. In addition, the EKF-SLAM is 

tested in the real time implementation on the NAO humanoid robot. The experiments are 

successfully achieved. The main topics of this thesis are as follow: 

• A literature review of one of the most significant areas in the Autonomous 

Mobile Robots AMRs, which is known as SLAM. It is presented in a facilitated 

way by providing an overview of its main components, models, challenges, 

and the other common approaches in the research. The main components of 

SLAM, such as robot pose, map, posterior, control motion, landmarks, … etc., 

are defined in points. The motion model and observation model are defined. 

The three main challenges of SLAM are explained. These challenges are the 

uncertainty, computational cost and high dimensionality, and data association 

problem. An overview description of the common algorithms in literature 

review for addressing SLAM is given with special attention to the main 

algorithm in this thesis EKF-SLAM. EKF-SLAM is an appropriate algorithm 

with the static and uncongested environment. (CHAPTER 2) 

• The knowledge of one of the most new human-like and affordable new robots 

in robotics, which is NAO, is introduced. The NAO humanoid robot is 

described in terms of its main hardware and software in order to simplify the 

understanding of its’ use in the real experiments. In the hardware part, the 

sensors are elucidated. On the other hand, the software part includes the 

details of the embedded software of NAO that is called NAOqi software as well 

as an overview explanation of Choregraphe & Monitor software that are 

shipped with NAO. Brief descriptions of some third parties software, and NAO 

in the research are mentioned. (CHAPTER 3) 
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• The EKF-SLAM fundamentals from a mathematical point of view are 

explained. These are presented, so the reader will be able to understand and 

program it under any convenient language. Many concepts, such as the frame 

transformation and probability laws, are presented to simplify the 

understanding of EKF-SLAM algorithm for the reader. Furthermore, the calculi 

of motion and observation models are explained. The chapter is ended by 

given the EKF-SLAM procedures with their mathematics. (CHAPTER 4) 

• The core and most essential contribution of this thesis is the full coding in 

python of EKF-SLAM with testing and verifying the successful real 

experiments conducted on NAO Humanoid robot, and then providing the 

results. The EKF-SLAM is an appropriate algorithm on my project, since the 

experiments are limited with some assumptions such as static and 

uncongested environment. Results are presented in simulation and real 

implementation with various experiments. (CHAPTER 5) 

6.1. Contributions 

Overall, this thesis has been prepared to provide a general contribution of 

understanding the most significant and influential algorithm, i.e. EKF, in order to address 

the Simultaneous Localization And Mapping (SLAM) problem with verifying the method 

on real time implementations. In particular, the contributions of this thesis are as follow: 

• A full python code of EKF-SLAM algorithm for 3 D.O.F with acquiring data via 

laser sensor is accomplished. 

• An organized knowledge of NAO humanoid robot is completed and presented 

in this thesis, in which developers are then able to either employ NAO in 

altered projects or improve this project. 

• The main contribution of this thesis is the full real time implementation of EKF-

SLAM on the NAO humanoid robot using its laser. It is fully coded under 

python programming language. This real time implementation is improved by 

adding extra functions, such as closed loop control for robot motion, 
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Agglomerative Hierarchical Clustering (AHC) method for the observation 

function, and obstacle avoidance function. 

6.2 Future studies 

There is ample room for extra work to contribute and improve this project as 

follows: 

• Using NAO’s Cameras: 

In this thesis, only the laser sensor of NAO has been used to address the 

observation model in the EKF-SLAM. Since cameras provide certain benefits 

and replicate human eyes, I recommend to apply NAO’s cameras to improve 

the observation function of EKF-SLAM by acquiring data via NAO’s cameras. 

Furthermore, this project can be enhanced by fusing data from many sensors, 

such as camera and laser, in order to minimize the estimation errors. 

• Improving the mapping function 

The mapping function in this thesis was restricted by the feature-based 

representation of mapping function. Such representation gives landmarks in 

point-based form. Therefore, mapping function can be improved by enriching 

the map with lines and corners based form in order to get a more consistent 

map. 

• Bio-inspired implementation 

This thesis focused on addressing SLAM based on the probabilistic approach, 

particularly Extended Kalman Filter (EKF). Since most of the programming 

keys of NAO humanoid robot are introduced and well explained, hence, it is 

doable to lead this project to bio-inspired SLAM navigation perspective. One of 

the bio-inspired algorithms in the literature that is recommended is RatSLAM. 
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Appendix A.  
 
NAO’s body 
The version of NAO humanoid robot in our lab is H25. The all twenty-five electric motors are 
located in five main joints of NAO (head, arms, pelvis, legs and hands). Each motor assists its 
particular joint to rotate either around x-axis (roll angle - R), y-axis (pitch angle - P) or z-axis (yaw 
angle - Y). They are distributed into these joints as shown in Table A-1. The shortcoming of 
NAO’s motors, in particular legs motors, is that they get very heated in a short time, which 
sometimes causes the robot to fall down. 

JOINTS # OF MOTORS COMMENTS 

1) Head 2 Head (Y & P) 

2) Arm (each) 5*2=10 

Shoulder (P & R) 

Elbow (Y & R) 

Wrist (Y) 

3) Pelvis 1 Hip-yaw-pitch 

4) Leg (each) 5*2=10 

Hip (R & P) 

Knee (P) 

Ankle (P & R) 

5) Hand (each) 1*2=2 Hand (Y) 

TOTAL =25 DOF 

Table A-1.  Distribution of motors on NAO's joints. R, P & Y are Roll, Pitch & 
Yaw angles, respectively. 
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Appendix B.  
 
Probability laws 
Since the EKF-SLAM belongs to class of probabilistic approaches, this part explains the calculus 
basics of probability theory, which is basically based on what discussed by Thrun in [21] . The 
Probability Density Function (PDF) of multivariate normal distributions is given by a Gaussian 
function as follow: 

 𝑝 𝑥 = det   2𝜋𝚺 !!! exp{−
1
2
(𝑥 − 𝜇)!𝚺!!(𝑥 − 𝜇)} Eq. B.1 

This basic probability equation is often abbreviated as 𝒩  (x;   µμ,𝚺), where x is the true state vector, 
µμ is the mean vector or the estimated value of x with the same dimension, and 𝚺 is the covariance 
matrix of x that gives an information of deviation from the mean vector. The covariance matrix is a 
square symmetric and positive semi-definite matrix. Figure B-1 shows the Gaussian normal 
distribution PDF. 
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Figure B-1. PDF Gaussian normal distribution: a) for 1D: 𝒙;   𝝁,𝜮 are scalars, b) 
for 2D: 𝒙  𝒂𝒏𝒅  𝝁  𝒂𝒓𝒆  𝒗𝒆𝒄𝒕𝒐𝒓𝒔,𝒂𝒏𝒅  𝜮  𝒊𝒔  𝒂  𝒎𝒂𝒕𝒓𝒊𝒙. They are plotted using examples in 

MATLAB.  

If we have two dependent vectors 𝑎 and 𝑏, the probability of vector 𝑎 conditioned on vector 𝑏 is 
given by the equation of the Bayes rule of a conditional probability as follows: 
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 𝑝 𝑎 𝑏 =
𝑝 𝑎 𝑝 𝑏 𝑎

𝑝 𝑏
 Eq. B.2 

where 𝑝 𝑎 𝑏  is the posterior probability, 𝑝 𝑎  is the prior probability, 𝑝 𝑏 𝑎  is the known 
conditional probability of 𝑎 vector 𝑏 conditioned on a vector 𝑎, and 𝑝 𝑏  is the normalization 
constant. The Eq. B.2 can be extended by another conditional vector 𝑐, and it can be rewritten as 

 𝑝 𝑎 𝑏, 𝑐 =
𝑝 𝑎 𝑐 𝑝 𝑏 𝑎, 𝑐

𝑝 𝑏 𝑐
 Eq. B.3 

In the context of SLAM, we are interested in computing 𝑝 𝑥! 𝑧!:!!!, 𝑥!:!!!, 𝑢!:! , which is identified 
as the conditional probability of system state vector 𝑥! that is conditioned on the all previous 
observations 𝑧!:!!!, all previous states 𝑥!:!!!, and all control motion 𝑢!:!, with taking in account 
that 𝑥! composes of robot position and map, 𝑥! =

!
! . By applying Bayes rule in Eq. B.3, the 

probability equation of the system will be  

 𝑝 𝑥! 𝑧!:! , 𝑥!:!!!, 𝑢!:! =
𝑝 𝑥! 𝑥!:!!!, 𝑢!:! 𝑝 𝑧!:! 𝑥!:! , 𝑢!:!

𝑝 𝑧!:! 𝑥!:!!!, 𝑢!:!
 Eq. B.4 

There are some assumptions that assist to simplify the Eq. B.4 [21] : 

1) The current state is only dependent on the last state, which is based on Markov process, 
p x! x!:!!! = p x! x!!!  with sufficiency of u!. Accordingly, 𝑥 can be replaced by R as the control 
motion 𝑢 affects the robot position. 

𝑝 𝑥! 𝑥!:!!!, 𝑢!:! → 𝑝 𝑥! 𝑥!!!, 𝑢! → 𝑝 𝑅! 𝑅!!!, 𝑢!  

2) The independency of the current observation neglects the all-previous observations, which 
means that 𝑧! is sufficient. 

𝑝 𝑧!:! 𝑥!:! , 𝑢!:! → 𝑝 𝑧! 𝑥! , 𝑢!  

3) 1 𝑝 𝑧!:! 𝑥!:!!!, 𝑢!:!  is the normalization constant, therefore it is can be replaced by η. 
1

𝑝 𝑧!:! 𝑥!:!!!, 𝑢!:!
→ 𝜂 

Therefore, Eq. B.4 can be rewritten as: 

 𝑝 𝑥! 𝑧!:!!!, 𝑥!:!!!, 𝑢!:! = 𝜂  𝑝 𝑅! 𝑅!!!, 𝑢! 𝑝 𝑧! 𝑥! , 𝑢!  Eq. B.5 

Eq. B.5 shows the two subsequent probabilities in robotics. The first probability 𝑝 𝑅! 𝑅!!!, 𝑢!  is 
called motion or transition model, whereas, the other probability 𝑝 𝑧! 𝑥! , 𝑢!  represents the 
measurement or observation model. Figure B-2 depicts the Gaussian normal distribution of the 
motion system and the observation system. 
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Figure B-2:  Motion & observation models in Gaussian normal distribution 

representation for 1D. 
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