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Abstract- To navigate in an unknown environment, a mobile robot needs to build a map of the environment and localize 
itself in the map at the same time. The process addressing this dual problem is called Simultaneous Localization And 
Mapping (SLAM). This paper presents a motion model for planar mobile robot equipped with vision sensor and encoders by 
applying SLAM method. Because of the nonlinearity of the motion model, Extended Kalman filter (EKF) is used, which has 
powerful per-formance under nonlinear and multi-modal conditions. A mobile robot with Kinect sensor mounted on it is 
used to perform Simultaneous Localization and Mapping, SLAM. The main goal is to build a 3D map from RGB and depth 
information provided by a camera, while the robot navigates avoiding obstacles. 
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I. INTRODUCTION 
 
Navigating robot in an unknown and dynamic 
environment has been a challenging research topic 
among researchers in the area of Robotics as well as 
in many institutions. In an indoor environment, 
localization is recognized as a problem of estimating 
the position and direction of a mobile robot, when the 
map of the environment is provided. Localization is 
the problem of using a map to interpret sensor data to 
determine the configuration of the robot. Mapping is 
the problem of exploring and sensing an unknown 
environment to construct a representation that is 
useful for navigation, coverage or lo-calization. 
Localization and mapping can be combined as in, 
SLAM. 
 
To implement SLAM, various kinds of sensors such 
as sonar, odometers, laser range finders, global 
positioning system (GPS) and cameras are used to 
make a robot capable of sensing a wide range of 
environments. The research area of SLAM has 
matured during the past years and the 2D-SLAM 
problem using a laser scanner has been implemented 
in so many cases that it may now be considered 
solved. The field of visual SLAM i.e. using visual 
images rather than using measurements from wheel 
sensors or IMUs (Inertial Measurement Unit) has 
increased over the last years. Contributing to this 
development is a large variety of open source 
components, aiming at separate tasks in the SLAM 
machinery. 
 
Over time and motion, locating and mapping errors 
build cumulatively. It results distortion of the map 
and therefore the robot’s ability to ascertain its exact 
location and heading with adequate accuracy. There 
are various techniques to compensate for errors such 
as recognizing features that it has come across 
previously using the following algorithms like data 

association or loop closure detection, and re-skewing 
present parts of the map to make sure the two 
instances of that feature become one. Statistical 
techniques used in SLAM include Kalman filters, 
particle filters, and Markov localization and scan 
matching of range data. They provide an estimation 
of the posterior probability function for the pose of 
the robot and for the parameters of the map. 
 
In this paper, an accurate and low cost mobile robot 
localization method using motion model and kinect 
sensor .The motion model used in this paper is 
capable of tracking any arbitrary robot motion. In the 
later stage the motion model and Kinect sensor 
measurements will be fused using the Extended 
Kalman Filter (EKF) to provide accurate localization 
results. 
 
II. PROPOSED SYSTEM  
 
A. Vision based SLAM  
Many vision sensor applications have been developed 
in recent years due to low cost, low power 
consumption and de-velopment of high speed 
processor. In this paper, conventional SLAM 
algorithm using the vision sensor (vSLAM) is 
adapted for the system integration. 

 
Fig. 1: Basic concept of vSLAM 

 
Using vision sensor, feature points are selected and 
tracked on continuous frames. Vision sensor also 
provides bearing elevation or range information of 
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feature point, which is deduced from feature points 
tracking data. Other sensor output goes to SLAM 
block with vision sensor data. Navigation information 
(position, velocity, attitude, etc.) and errors in sensors 
are estimated by integrating information from vision 
and other sensor. Assuming feature points are fixed 
and not movable in the local coordinate frame, 
navigation errors l dominantly comes from sensor 
outputs. Thus by compensating estimated errors from 
sensor output, navigation data can be calculated 
precisely. 
 
B. Odometry System 
As shown in Fig 2, the mobile robot has two drive 
wheels and two castors. The two drive wheels are 
connected to DC motors with 15-bit quadrature 
encoders. These encoders are capable of monitoring 
the revolutions and steering angles of the drive 
wheels. The main advantage offered by these 
encoders is their high resolution. The odometry is 
implemented using the results from these encoders. 
The two output channels of the quadrature encoder 
indicate both position and direction of rotation 

 

 
Fig. 2: Odometry system 

 
C. Kinect Sensor 
Kinect camera is a human motion tracking peripheral 
for Xbox 360 console which was first released by 
Microsoft on 4th November, 2010 in North America. 
Kinect cam- era has not just used in the gaming 
system. It has been implemented in various 
applications like unmanned aerial vehicle (UAV), 
human recognition, 3D model re- construction, 
ground mobile robot navigation and medical 
applications. The Kinect Camera (Figure 1) has a 640 
x 480 32-bit RGB color camera and a 320*240 16-bit 
depth camera both running at 30 frames per second. 
The field of view (FOV) of cameras are 57 
horizontally and 43 vertically. It has a motorized 
angle driver which can tile the both camera 27 
vertically and a microphone array which is used for 
detecting voice commands [12]. 
 
D. SLAM Algorithm  
Outline of the SLAM algorithm is as follows:  
     Data acquisition: In this step 
measurements from the sensors are gathered.  

     Feature association: Landmarks from 
previous mea-surements are associated with 
landmarks from the most recent measurement. 
     Pose estimation: The relative change 
between the landmarks and the position of the vehicle 
is used to estimate the new pose of the vehicle 
     Map adjustment: The map is updated 
according to the new pose and the corresponding 
measurements 
 

 
Fig. 3: Overview of the RGBDSLAM algorithm 

 
As a first step the depth and RGB-images are 
collected with synchronized timestamps. Then 
features are extracted from the RGB-image by a 
feature extraction algorithm. RGBDSLAM has 
multiple feature extraction algorithms implemented. 
The implementations have different pros and cons in 
different environments and they differ in computation 
time. 
 
In the next step of the algorithm extracted features are 
projected to the depth image. This step introduces 
some uncertainty into the chain of operations. Mainly 
due to the synchronization mismatch between depth 
and RGB-images, but also because of interpolation 
between points with large differences in depth. The 
fact that a minor mismatch of a feature lying on an 
object border on to the depth image can result in a big 
depth error makes features picked at object borders 
unreliable. 
 
To find a 6D transform for the camera position in this 
noise the RANSAC algorithm is used. Features are 
matched with earlier extracted features from a set of 
20 images in the standard configuration. The set 
consists of a subset including some of the most recent 
captured images and another subset including images 
randomly selected from the set of all formerly 
captured images. Three matched feature pairs are 
randomly selected and are used to calculate a 6D 
transform. All feature pairs are then evaluated by 
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their Euclidean distance to each other. Pairs whose 
Euclidian distance is below a certain threshold are 
counted as inliers. From these inliers a refined 6D 
transform will be calculated using GICP [14]. 
 
III. EXTENDED KALMAN FILTER  
 
In estimation theory, the extended Kalman filter 
(EKF) is the nonlinear version of the Kalman filter 
[15] which linearises about an estimate of the current 
mean and covariance. In the case of well defined 
transition models, the EKF has been considered. The 
estimated probability distribution evolves according to 
an Extended Kalman Filter (EKF), a Bayesian filter 
that updates our current belief according to the new 
observations as they are gathered by the robot in 
successive time steps [16]. At each sampling time, the 
EKF calculates the best estimate of the state vector in 
two phases: 
 The prediction phase uses system to predict 
the current state based on the previous state and on the 
applied input signals 
 The update phase uses system to correct the 
predicted state by verifying its compatibility with the 
actual sensor measurements. 
 
IV. MOTION MODEL 
 
Goal is to estimate the 6D pose of the robot equipped 
with vision sensor capable of detecting 3D landmarks 
in its environment. The solution aims for real-time 
localization while simultaneously building a map of 
the environment. This implementation will make use 
of 3D Cartesian coordinates and the three angles yaw, 
pitch and roll for attitudes. 
 
Due to lack of motion model there are no constraints 
to the estimated trajectory of the robot. The absence 
of a motion model also makes the algorithm heavily 
dependent on a continuous stream of images that 
contains sufficiently many and re-detectable 
landmarks. In this paper to decrease the dependency 
of landmarks well trimmed motion models are 
introduced. 
 
E. Notation  
The state vector of the robot at time instance k is 
called kx  and holds a three dimensional pose, i.e. a 
three dimensional position and a three dimensional 
orientation.  

 Tkkkkkkk ZYXx =  (1) 

Here kX , kY  and kZ  represent the position of the 

robot in a world fixed coordinate system and k , k  

and k , the roll, pitch and yaw angles, are defined as 
rotations around the world fixed X, Y and Z axes, as 
shown in Fig 4. The robot speed is denoted kv  and is 

the speed in the case of 2D movement in X- and Y-
direction. The angular velocity around the world 
fixed Z axis, i.e the derivative with respect to time of 
the yaw angle is denoted k  .  

By using kv  and k  an extended state vector on the 
form can be formed 

 Tkkkkkkkkk vZYXx =  (2) 

 

 
Figure  4: Definitions of roll, pitch and yaw 

 
The sample time cannot be considered uniform and 
thus the sample time from event 1k  to k is denoted 

kT  . The system are modeled as a state space model, 
which on a generic form is  
 

kkkk wuxfx  ),(=1                                   (3) 

 

kkkk euxhy ),(=                                        (4) 

 
where kw  and ke  represent Gaussian noise with 
zero mean and covariances Q and R respectively, i.e 

)(0,QNk :                                                      (5) 

 
)(0,RNek :                                                       (6) 

and ku  is the direct input to the system. Inputs to the 
system are supplied using the state vector and there 
are not any direct inputs to the system. Therefore ku  
will onwards be disregarded. The measurement 
equation are in the forthcoming cases be linear and 
are consequently simplified as  

            kkk exhy )(= .= kk eCx                 (7) 
while the motion model remains non linear. 
F. Translational Velocity Model 
By using the extended state vector, a more dynamic 
but still relatively simple model is formed as: 
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As it is a 2D model all the values along Z axis 
becomes zero.This model describes a 2D motion 
where the robot is always in an upright position and 
travels with constant velocity 
 
G. Rotational Velocity model 
  The motion modelling is extended further 
by using the current yaw, k and the angular velocity 

k  in a more sophisticated way. This is conveniently 
done by a 2D discretized coordinated turn model 
using polar velocity [Gustafsson, 2010] 
 

 
 
H. Complete Motion Model 
By clubbing the translational velocity model and 
rotational velocity model, complete motion model has 
been determined. 

 
V. RESULTS AND DISCUSSION 
 
In Rviz(Simulator of Robot Operating System [13] ) 
different views of the Kinect sensor has been 
extracted as shown in below figures 5, 6 and 7 . 

 Disparity image as shown in Figure 5 refers to the 
apparent pixel difference or motion between a pair of 
stereo image. Color image as shown in Figure 6 is a 
digital image that includes color information for each 
pixel. RGB data is extracted in order to match it with 
depth image. Depth image as shown in Figure 7 is an 
image that contains information relating to the 
distance of the surfaces of scene objects from a 
viewpoint. The image shows luminance in proportion 
to the distance from the camera. Nearer surfaces are 
darker and further surfaces are lighter. 
    

 
Fig. 5: Disparity image 

 

 
Fig. 6: Color Image 

 

 
Fig. 7: Depth Image 

 
The unregistered point cloud Figure 8 has been 
extracted, where the RGB data and Depth data 
doesn’t match.In order to match both data, RANSAC 
algorithm has been used and the point cloud is 
registered as shown in Figure 9. 
 

     
Fig.  8: Unregistered Point Cloud 
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Fig. 9: Registered Point Cloud 

 
CONCLUSION AND OUTLOOK 
 
The odometric pose estimation accumulates errors 
with time. More accurate and precise mobile robot 
localization can be achieved by reducing the 
uncertainty and vagueness in the odometric pose 
estimation using a Kinect sensor to observe 
landmarks in an environment. The proposed motion 
model for the robot together with measurement model 
is capable of providing an accurate system model for 
a mobile robot. RGBDSLAM came with an 
implementation to measure the computation times for 
different steps. The extension with the filtering 
procedure is placed at intervals in such a way that it 
invalidates these measurements and it would be 
interesting to restore the order and be able to 
accurately measure computation times again. This 
might be a step towards optimizing the code. 
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