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INTRODUCTION 

The SLAM problem defines the possibility of a robot 
which has been placed in an unknown environment 
without any prior knowledge, can incrementally 
build a consistent map of this environment and 
simultaneously locate itself within the map it has 
created. A number of solutions and algorithms have 
been developed over the years with varying 
degrees of success. The information that the robot 
has at its disposal to autonomously locate itself can 
be of two types. One is the internal parameters that 
it can use to determine its movements- For 
example, the encoders in the wheels that can be 
used to analyze how much and in which direction it 
has moved which is called odometry. The second 
type includes external environment sensors such as 
LIDARs, cameras etc. Three notable algorithms for 
SLAM include mapping, hector mapping and 
Google cartographer, all of which use LIDAR 
sensors to make a map of the environment and 
navigate. Gmapping utilizes odometry information 
along with the LIDAR to perform SLAM whereas 
hector mapping omits odometry and relies solely 
on the LIDAR for mapping and localization. The 
algorithms can be implemented on the Robot 
Operating System(ROS) which has been designed 
to create a standardized framework for the field of 

robotics irrespective of the manufacturers of the 
components. ROS is widely being accepted because 
of how it simplifies complex robotic 
implementations. This Particular paper will focus on 
SLAM implementation and execution using 
gmapping which utilizes Adaptive Monte Carlo 
localization on the Robot Operating System (ROS). 

MATERIAL AND METHODOLOGY 

The Kobuki is a commercially available robot which 
has been designed to work with ROS and here we 
utilize a Hokuyo LIDAR sensor in combination to 
perform SLAM. A Raspberry Pi running the ROS 
framework works as the computing head and is 
controlled remotely by the operator. The gmapping 
node implemented in ROS will perform the actual 
SLAM navigation. 
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Fig 1: Kobuki SLAM setup 

Initially when the Kobuki is set in an unknown 
environment, it starts making a 2D map of the 
surrounding using the Hokuyo LIDAR sensor. As the 
robot is moved around, more and more sections 
will be constructed.Once the map is completed, this 
map of the environment will be used by the robot 
as reference for autonomous navigation. 

The localization function is of the following form: 

Robot pose x at time t = f(robot pose at time t-1, 
sensor data, map) 

Where f is a localization function that uses the 
previous position estimate (at time t-1), the latest 
noisy sensor data and the unreliable map.Pose of a 
robot is the current location and orientation. 
Instead, we aim to code a probabilistic function that 
looks like this: 

Probability of robot being at pose x at time t = 
p(robot pose at time t-1, sensor data, map) 

This function p tells us the probability that the 
robot is at  

a particular pose at time t, given our previous 
reading at t-1, the noisy sensor data and the 
unreliable map. This doesn’t tell us where the robot 
is, but it allows us to calculate the probability that it 

is at any point on our map. It is a probability 
distribution over the 2D floor map. 

 

Fig 2 : Map making process 

SLAM is done once when the process of map 
making is performed after which the robot can use 
the created map for autonomous navigation. 

 

Fig 3 : The created map along with particle filter 

The green haze is a particle filter. This is a technique 
for finding the point of maximum probability over 
the entire map, without calculating the probability 
at every single (x,y) coordinate, which would be 
unreasonably slow.It would be every single (x, y, 
theta) where theta is the orientation of the robot; a 
pose on a 2D floor is actually three dimensional. 
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Instead of doing this potentially slow calculation 
every cycle, the AMCL (Adaptive Monte Carlo 
Localization) node makes a number of guesses of 
the robot pose, each one of which is known as a 
particle and each one of which is represented on 
the map by a green arrow showing the robot (x,y) 
and orientation theta. 

Let’s say it maintains 1000 guesses or particles. On 
each cycle, for each particle, the code will work out 
the probability that the robot is actually there given 
the noisy sensor readings, the unreliable map and 
the previous best guess. The particle with the 
highest probability is the system’s best guess for 
the robot’s pose. There are a number of variations 
of the algorithm that change how the guesses are 
chosen and updated. In general, poor probability 
guesses are culled from the list each cycle and are 
replaced with new guesses closest to the current 
best guess. As time goes on, the guesses should get 
better and better. Hence the “adaptive” in Adaptive 
Monte Carlo Localization. The “Monte Carlo” refers 
to the dice-rolling random element involved in 
making guesses. 

RESULTS 

Once the human operator gives initial pose of the 
robot as an input, the robot can localize its own 
location in reference to the map created previously.  

 

Fig 4: Initial pose of the robot given by the 
operator 

After this point, the robot can map its own path 
through the surrounding and reach a destination 
all. The algorithm is smart enough to avoid 
obstacles and choose a path of least collision 
possibility.  

 

Fig 5: Robot mapping its way to destination 

There is one difficulty with this approach which is 
that if the robot is ever moved externally in this 
process, it loses its localization and it becomes very 
hard for it to relocalize itself with the map and 
sensor data. This is known as the kidnapped robot 
problem. This is an active field of extensive research 
in the present robotics community. 

CONCLUSION 

This paper has described the SLAM problem, the 
es- sential methods for solving the SLAM problem 
and has summarised key implementations and 
demonstrations of the method. While there are still 
many practical issues to overcome, especially in 
more complex outdoor environ- ments, the general 
SLAM method is now a well understood and 
established part of robotics.  
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