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Abstract: This paper describes and discusses a research work on "DeliBOT — A Mobile Robot with
Implementation of SLAM utilizing Computer Vision/Machine Learning Techniques™. The principle
objective is to study about the utilization of Kinect in mobile robotics and use it to assemble an integrated
system framework equipped for building a map of environment, and localizing mobile robot with respect
to the map using visual cues. There were four principle work stages. The initial step was studying and
testing solutions for mapping and navigation with a RGB-D sensor, the Kinect. The accompanying stage
was implementing a system framework equipped for identifying and localizing objects from the point
cloud given by the Kinect, permitting the execution of further errands on the system framework, i.e.
considering the computational load. The third step was identifying the landmarks and the improvement
they can present in the framework. At last, the joining of the previous modules was led and experimental
evaluation and validation of the integrated system. The demand of substitution of human by a robot is
winding up noticeably more probable eager these days because of the likelihood of less mistakes that the
robot apparently makes. Amid the previous couple of years, the technology turn out to be more accurate
and legitimate outcomes with less errors, and researches started to consolidate more sensors. By utilizing
accessible sensors, robot will perceive and identify environment it is in and makes map. Additionally,
robot will have element of itself locating inside environment. Robot fundamental operations are
identification of objects and localization for conduction of the services. Robot conduct appropriate path
planning and avoidance of object by setting a target or determining goal [1]. Because of the outstanding
research and robotics applications in almost every segments of life of human's, from space surveillance to
health-care, solution is created for autonomous mobile robots direct tasks excluding human intervention
in indoor environment [2], a few applications like cleaning facilities and transportation fields. Robot
navigation in environment that is safe that performs profoundly, require environment map. Since in the
greater part of applications in real-life map is not given, exploration algorithm is used.

I.  INTRODUCTION

Mapping versatile mobile robots is generally
characterized by representation of map and basic
estimation technique. Representation of map is

likelihood map with historical backdrop sensor
building networks system which represent to
spatial limitations between robots poses [15,
16,17].

done using occupancy grid [9]. Grid methodologies
are costly, commonly require an immense memory,
for representing arbitrary objects. Representations
based on feature appeal as result of compactness. In
any case, it depends on highlight extractors, expect
few structures in environment conditions known
ahead of time. Estimation calculations are generally
classified by fundamental principle. Famous
methodologies include extended Kalman channels
(EKFs), max likelihood technique; sparse extended
information filters (SEIFs), and Rao-Blackwellized
particle filters. Viability of EKF originates with
way of gauging correlated posterior with point of
interest landmark map, robot postures [10, 11].
Shortcoming is solid presumptions made on robot
motion mode, sensor commotion. Also, landmarks
are extraordinarily identifiable. Strategies [12] for
managing data association information that are
unknown of SLAM are disregarded, EKF filter will
probably going to diverge [13]. Comparable
perceptions accounted for by Julier [14] and
Uhlmann. Kalman filter portrayed is for better
managing non-linearities motion model of vehicle.
Well-known max likelihood algorithm calculates
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Gutmann [18] proposed a viable path of building
network and recognizing loops, running max
likelihood algorithm. At the point when loop is
recognized, global optimization network system is
done.As of late, Hahnel [19], proposed approach
that track a few hypotheses of map utilizing tree
association. Vital developments of tree keep
approach doable for real operation. Thrun [20]
proposed technique of revising robots pose in
covariance inversion framework. Sparse extended
information filters (SEIFs) use approximate
sparsity data matrix and thus make prediction and
update with consistent time. A technique presented
by Eustice in delayed-state structure use precisely
sparse information matrices. Paskin [21] displayed
method for SLAM issue utilizing dainty trees.
Along these lines, can decrease the complexity
contrasted with EKF as diminished trees give linear
time sifting operation. Folkessen [22] gave a
powerful managing symmetries and invariants
found with point of interest landmark
representation. Accomplished representing every
component or in metric space. Measurement
subspace catches invariant of point of interest
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landmark; metric space speaks to feature of data.
Mapping among measurement subspace, metric
space is progressively assessed and new
observations are procured. Mapping considers
spatial constraints among various components. This
enables to regard relations to update of map
estimate.

Dellaert[23] presented strategy knows as square
root smoothing, mapping. Have few points of
interest contrasted as EKF as have nonlinearities
and compute fast. As opposed of SEIFs, gives a
precisely information matrix with  sparse
factorization. Murphy and partners [24, 25], gave
RBPF which acquainted to take care of SLAM
issue. Every particle of RBPF represent to
conceivable trajectory of robot. System have
consequently stretched out by Montemerlo [26, 27]
moving toward SLAM issue with maps. For
learning Precise grid maps, RBPFs utilized by
Eliazar and Parr and Hahnel [28]. Though principal
work depicts representation of map, then introduces
enhanced motion model which decreases particles
number. In light of Hahnel, Howard gave a way for
deal with grid maps of various robots [28].
Concentration is in how to consolidate data gotten
with robots. Bosse [29] portray general system
framework of SLAM with expansive scale
conditions. Utilize a graph of local maps using co-
ordinate outlines and uncertainty wrt. local frame is
represented always. Along these lines, they
diminish SLAM complexity problem. In this
specific situation, Modayil [30] exhibited method
that consolidates metrical and topological SLAM.
Topology take care of closing loop issue, while
metric data for neighborhood structures develop.
Comparable thoughts acknowledged by Lisien et
al. [31], present progressive guide with regards to
SLAM.

The SLAM used in the thesis is improved one
given by Hahnel [32]. Rather than utilizing settled
distribution, it will compute enhanced proposal
distribution for every particle. This
straightforwardly utilize data gotten by sensors
when particles evolve. This is likewise an
expansion of past approach [33], which does not
have the capacity of incorporating the odometry
data. Particularly, few circumstances where bad
laser feature to localization accessible, this perform
superior to past one. The proposal distribution
calculation is done correspondingly FastSLAM-2
introduced by Montemerlo [34]. As opposed by
FastSLAM-2, do not depend upon landmarks that
are predefined also use crude laser range
information to obtain exact grid map. Moralez
Men'endez [35] gave technique for all the reliable
estimate state condition to dynamic framework
with precise sensors accessible. Upside of approach
is more. Right off the bat, the algorithm will draw
the particles with most compelling way.
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Furthermore,  profoundly  precise  proposal
distributions enables for effective sample size with
vigorous pointer for choosing resampling. It
decreases danger with particle depletion.

High Level Design of Delibot with SLAM
Implementation

In product development, High-level plan (HLD)
assumes an essential part. It gives whole
framework's overview, components that are real
prerequisite for the framework will be recognized,
and so on. It gives review about design of the
project, architecture, system environment and
securities/ policies.

Il. DESIGN CONSIDERATIONS

Clean partition of the modules is an essential
outline thought as it permits extensibility of a
module without modifications to alternate modules.
Each of the modules should open interfaces to be
utilized by the dependent module. Some of
assumptions and constraints during implementation
of project are as follows: Robot should be
intelligent enough to choose best path with minimal
distance  with  training; Wide range of
understanding of  communication among
components to be considered; Detection of object
fails if the object is below kinect camera; For better
obstacles detection, there should be less
background clutter and light condition.

I11. DEVELOPMENT METHODS

There are a few software development methods
accessible like water-fall model, iterative approach,
spiral model, agile methodology and so forth. The
project is developed utilizing agile development
method. Every day stand-up meetings were
directed to keep updates about the advance being
made. This specific development enables changes
to be fused at any phase of project development,
this likewise helps in quick and adaptable response
to the progressions [56]. Figure demonstrates the
agile development methodology.

Tmplementation

Figure: Agile Development Methodology
Architectural Strategies

For the most part large systems are disintegrated
into various sub-systems where each of it performs
some related tasks. Architecture design manages
identifying the different sub-systems and designing
complete system for building up communication
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between sub frameworks and controlling them, the
output of this procedure is software architecture
description.

Programming Language

1. The software of this robot is for the most part
implemented utilizing the Python programming
language and software frameworks, as Robot
Operating System (ROS), Open-CV, etc. ROS is
compatible with Python

2. Python is utilized for the designing of the robot
and robot's Ul. Programming Vision Sensors are
done using Python.

3. Python is used to make the robot interactive.
Autonomous navigation of the robot is done using
ROS and Python.

4. Python is an interpretive language, its prime
focus is ease of use.

5. Free libraries to implement basic functionalities
are there.

6. Python allows C/C++ code binding, where heavy
code part is implemented for avoiding the loss in
performance.

Future Plans

Upgrade of the present hardware setup, because of
the tight FoV of the Kinect which may cause
unreliable navigation. Likewise, framework can be
utilized to perform SaR missions, the robot ought
to have the capacity to explore and navigate
towards victims, and eventually interact with them.
Use second Kinect sensor to accomplish a more
extensive FoV. This change does not suggest
extraordinary expenses and should yield a more
secure navigation. Later on, likewise plan to exploit
different abilities of the Kinect sensor, for example,
handling sound data from its microphone array for
people detection. Enhance navigation stack and do
movement of TurtleBot faster in react with more
flexible

Error Detection and Recovery

Automated discovery of error and recovery from it
expands the reliability of the application [35].
Since this is as yet an exploration project and not
commercial one which should be deployed, it can't
identify errors and recover. However, this can be
incorporated into the when it turns into fully
fledged utilized by different frameworks for object
detection human computer interactions and so on.

Data Storage Management

Data is the fundamental vital piece of this project
which is utilized to train the new models for
obstacles detection. Data is captured utilizing
Kinect camera which would catch almost seventeen
frames for every second on average.
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Communication Mechanism

Communication between different modules is
completed by passing the output of one module to
the following module, which utilizes it as input, it
processes that information and returns some
outcome, result of this module is given to the
following and goes on, this can be checked by
reviewing intermediate results.

IV. SYSTEM ARCHITECTURE OF SLAM

Control system of the delibot has layered structure
and was acknowledged with a couple of
computations units. One of the requirements for
low level control system is operations in real-time.
Hence, time sensitive algorithms are run in
microcontroller Kinetis. The control system high
level part doesn't have to satisfy hard real time
requirements so non realtime interfaces were
utilized like an Ethernet or a USB. The fig. 4.2
shows the architecture of control system. The
higher layer of control framework was realized in
the ROS Indigo system. This environment for
development gives mechanisms to nodes of
software synchronization and communication. In
addition, ROS permits to simple run control
algorithms on few computers. Along these lines,
some portion of control framework was keep
running on Intel platform. Components are realized
as nodes which communicate with every others by
mechanism called topics. The control framework
comprises of following components:

=

Keyboard teleoperation
Velocities multiplexer
Velocities filter
Localization filter

User application with rviz
Navigation

Kinect Openni

Laser scan from Kinect
Hardware driver

©CoNO A WN

Figure: The Architecture Of High-Level Control
System Of Mobile Robot

Keyboard Teleoperation

The component permits to use specific keyboard
keys to control the platform. It is realized in Python
script where function of keys are determined.
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Velocities Multiplexer

The velocities multiplexer component permits to
switch between commands sources of velocities for
instance manual control or autonomous navigation.

Velocities Filter

The component filters-velocities send to the low
level controller. It permits to bound accelerations
and velocities of platform of mobile.

Localization Filter

To enhance odometry localization result, it utilized
inertial estimation unit (IMU). The information
combination based on Extended Kalman Filter
(EKF).

User Application With Rviz

The product software permits to control the
platform by user. It depends on ROS tool for
visualization — rviz. It shows robot map, picture
from Kinect RGB camera and gives elements to set
autonomous navigation objectives.

Navigation

Reconfigured standard ROS bundle for tasks of
navigation.

Kinect Openni

The OpenNI driver for Kinect. It permits to get
from Kinect sensor information like RGB picture
or depth image. The information are distributes to
specific topics.

Laser Scan from Kinect

The software changes Kinect sensor’ depth image
to 2D laserscan message (sensor_msgs/LaserScan).
Also it expel ground from depth image and
compensates tilt angle of sensor. The component
was distributed as a major aspect of a
depth_nav_tools bundle on ROS page.

Hardware Driver

The committed driver for hardware components of
robot. It gets information from sensors module,
motors controller which publishes them to ROS
topics.

V. DATAFLOW DIAGRAMS

Data Flow Diagram (DFD) gives visual portrayal
of the flow of data inside a system. It generally
goes about as a fundamental step for making an
overview of system without diving into details in
depth. It gives flow of data for any system or
process. The components utilized for DFD are data
store, process, and data flow.

DFD Level 0 of SLAM

Single process gives brief depiction of the system
of all entities through DFD Level 0. It is the top
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level of DFD. The complete Data flow diagram
level0 of the application is portrayed in Figure
which shows the sensors and odometry input
modules are given to SLAM . Once these inputs are
provided, SLAM creates the map and estimates
pose of robot.

Sensor Data Map Data
Se:sw S Mapping &
Odometry data SLAM i

Figure: Level 0 Data Flow Diagram of SLAM
DFD Level 1 of SLAM

DFD Level 1 demonstrates how the whole
framework separated into sub systems where every
unit manages data-flow out and in via external
entity. Level-1 DFD for the proposed framework is
given in Figure .

Sensor &

Odometry Data
Sensor Data

0.0
o SLAM o%’b
sz“L’o‘ NS

Assign weight

%

0.1 0.1 . 0.1

Sampling Weghting Map Updato
oc,%’ Weights &
o% o
Mapping &
Localization

Figure: Level 1 DFD of SLAM

In figure the next level modules are explored.
These are a set of independent sub processes with
respect to SLAM. The sub processes performs task
such as Sampling, Weighting and Map Update for
creating the map and estimate the pose of robot.

DFD Level 2 of SLAM

DFD level 2 of SLAM as shown in Fig. is detailed
level-diagram further dividing processes of DFD -
level 1. The sensors and odometry input modules
are given to SLAM. Then sub-processes performs
task such as Particle Generation, Data Association
and re-sampling which performs sampling,
weighting and updation of map. Once these steps
are done, SLAM creates the map and estimates
pose of robot.
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Figure : Level 2 Data Flow Diagram of SLAM
Implementation of Delibot using SLAM

Implementation is an essential stride of SDLC after
detailed design of project, amid which programmer
codes the application utilizing an appropriate
programming language, platform and so on .Before
beginning the implementation a few vital choices
must be taken with respect to the choice of
programming language, platform and so on., a few
factors, for example real environment in which this
application works, security concerns, expected
speed and so on will have its impact.

Programming Language Selection

Programming language made use is discussed
below along with reason behind its use.

Python

1. The software of this robot is implemented the
Python programming language and ROS is
compatible with Python

2. Python is used for designing of robot's UI.
Programming Vision Sensors are programmed
using Python.

3. Autonomous navigation of robot is done
utilizing ROS and Python. Python is utilized to
make the robot interactive.

4. Python is used because of its convenience and
easy to use. There are number of free libraries to
execute essential functionalities.

5. Python decreases time in programming, for
example, casting and defining variable types.
Python permits bindings with C/C++ code and
reduce performance loss.

Platform Selection

Intel launched a minicomputer - Intel NUC. It has a
low form factor, is lightweight, and has a decent
computing processor with Intel Celeron, Core i3, or
Core i5. It supports up to 16 GB of RAM and has
incorporated Wi-Fi/Bluetooth. We are picking Intel
NUC on the grounds that of its performance,
lightweight and ultra small form factor. We are not
going for a mainstream board, for example,
Raspberry Pi  (http://www.raspberrypi.org/) or
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BeagleBone in light of the fact that we require high
processing power for this situation, which can't be
given by these. The NUC we are utilizing is Intel
DN2820FYKH. Here are the determinations of this
PC:

« Intel Celeron Dual Core processor with 2.39 GHz
*4 GB RAM

* Intel integrated graphics

* 500 GB hard plate

* 12 V supply

* Headphone/ microphone jack

Code Conventions

It is standard practice to embrace some coding
standard before the real implementation begins.
Since, it will have a great effect later amid
integration, testing and deployment stage. One such
case for Coding convention is GNU standard.
These convention additionally increment the
readability of the code. At long last, it helps in
understanding the code in the event that it is
handover to some other developer.

Naming Conventions

The name utilized for functions ought to be
agreeing the functionality they are doing and the
module which it part is of. Name of the variable
ought to be as per the sort of the data it holds. The
constants are in capital letters. Additionally, it is
basic to give the relevant names to files. Name of
record file to uncover the reason for writing that
code. Names have an imperative part inside ROS.
Each parameter, node, topic, and service has
distinctive name. Architecture takes into account
decoupled operation which permits substantial,
difficult frameworks for build. ROS underpins
command line renaming name, implies compiled
software reconfigured in runtime for working at
alternate topology. This suggests a comparable
center point can be run various conditions,
conveying refinement messages to confine
subjects.

File Organization

The filesystem was ROS association structure of
machine called package have ROS runtime
software as node, libraries, third-party software,
even datasets. With objective of giving efficient
easy functionalities for reusing for a wide range of
project. Alongside OO programming, enables
package for modules build, work together for
achieving end-state. Package regularly take after
typical  structure  which  normally  have
accompanying components: message types, service
types, package manifests, executable scripts,
headers, runtime processes, and build file. Package
gives metadata about a package, for example, the
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name, creator, description, dependencies, version,
and license information. It have type of messages,
that characterize information for messages structure
inside ROS. Likewise filesystem have repositories
that share a typical control framework. Repositories
also packages do ROS as modular framework.

Comments

Comments are added to make the code more
readable by including additional data. It is
constantly better to include comments as and when
it is coded instead of postponing it for future.
Points of interest of remarks are as underneath:
Used to legitimize decisions; ¢ To portray
limitations any ; To determine about the required
improvement

Integration of Components

ROS is configured for running on machine by
using setup step accessible as. Fig. represents the
general ROS integration architecture of our
framework. The essential framework operation
steps is represented underneath:

1. Issue motor cmd: utilizing console key, front,
left/right move is done. The motion_controler node
will publish wheel speeds to /motion.

2. Motion activation: on movement cmd, robot
motors  will be actuated. rosserial_python
configure, publish /odometry.

3. Odometry: perusing encoder of wheel utilizing
drive model, robot 2D posture estimate was gotten.
tf_frames gets odomtry information, publishing
frame estimated_pose. Node is created in light of
the methods, for publishing frame for/tf.

4. LRF scan: as robot translates with displace
determined according to linearUpdate,
angularUpdate gmapping parameters individually,
another laser publish /scanby gmapping.

5. SLAM: gmapping acquires odometry /tf, and
most recent laser uses to correct pose with update
mapping. Correct posture publish for correct_pose.

6. Visualization: rviz arrange for map, corrected,
estimated pose and most recent laser.

___PionRobot (Debian) PG (Ubuntu)

Registiation ROS Registiation

hokuya serial
_node fodometry < node

odomeiry_mag
Provimity IP\'\ N

I.RF Motars.

Figure : Integration of SLAM and ROS
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Openni Stack

Driver packages of vision sensor, convert over raw
RGBD into depth with point cloud using
openi_cam and openi_launch. openi_cam publish
camera_info information for vision and depth
sensor. Depth image have pixel of RGB picture as
in Fig .

Figure : Left picture caught by vision depth
sensor, that demonstrates pixels of most max
range set apart in purple, min with red. Other

picture shows depth

Commands for download, run openi_cam,
openi_launch, found at Fig 6.3. Data publish can be
seen utilizing Rviz as in Fig .

Install cpenni_camera, gpenni_launch, and openmi_tracker
3 SUd0 apt_get Tnstall Fos<ros.di5tro)-opennt camsra ros.cros_distro»-openni-launch ros-
<ros_distros-openni-tracker

# BuiLd opennt stock
$ cd ~/catkin_ws
$ catkin_make

# Run_openmi_Lounch
$ roslaunch openni_launch openni.launch camera:=kinect depth_registration:=true

pen acker separgte termingl window)
$ rosrun unen 1 trecxer upe ni_tracker

# View feed frr}f" Frrcmft Kinect (in o saporate terminol window)
$ rosrun riz

Figure : Command used for download, run
openni packages to vision sensor

Navigation Stack

The gmapping package inside the navigation stack
is in charge of giving SLAM laser. openi_cam
gives point-cloud information of vision sensor,
depthimg_to_laser is used for gmapping necessities
to laser information. depthimg_to_laser changes
over a point-cloud information to depth, arranged
by sensor_msg/LasrScan.msg as shown at Fig.

# Install cepthisage_to_Laserscan package
$ sudo apt-get install ros-<ros_distro»-depthimage-to-laserscan

# Build depthimage_to_Laserscan pockage
$ cd ~/catkin_ws
$ catkin_make

& Run openmi_Launch
$ roslaunch openni_launch openni.launch camera:=kinect depth_registration:=true

# Run depthimage_to_Laserscon (in @ separte terminal window)
$ rosrun depthimage_to_laserscan depthimage_to_laserscan image:s/Kinect/depth/image_raw

# View feed from Microsoft Kinect (in a separate terminal window)
$ rosrun rviz rviz

Figure : depthimage_to_laserscan usage

The gmapping utilizes a Rao-Blackwellized. For
lessen of regular particle depletion related issue
gmapping utilizes resampling [61]. gmapping
utilized 2-D grid technique for map build.
GMapping  likewise uses scan  matching,
contrasting current laser checks with past laser
scans keeping in mind the end goal to lessen
odometry err. slam_gmaping find obstacle, with
low probability remove ocupancy grid. The
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commands used keeping in mind the end goal of
using gmapping appeared at Fig .

# Install gmapping package
$ sudo apt-get install ros-<ros_distro>-gnapping ros-<ros_distro>-slan-gapping

# Bulld geapping package
$ cd ~/catkin_ws
§ catkin_make

# Run slom_gmapping node
$ roslaunch gmapping slam_gmapping scan:=scan odom_frame:=odom

Figure : Command usage of gmapping
Autonomous Navigation

mov_base bundle is navigation stack part. Use
global also local costmap via costmap_2d to
accomplish global navigational task. A costmap is
a kind of occupancy grid, where every costmap cell
exclusively set apart free, unknown, occupied
additionally has 0 and 254 value of cost. The
depiction of costmaps, is in Figure cell set apart as
red obstacles, blue is obstacle of robot orientation,
grey thought is space. Keep away from obstacles,
robot not to cross blue cell. The global_planner
package can use a few diverse path plan, for
example, Dijkstra, or A* algorithm.

S €

Figure : Portrayal of a costmap,

Robot is wirelessly driven all through environment
with openi_cam with RGBD pictures of vision
sensor. openi_cam publish camera data through
/kinect/depth/img_raw, /depthimg_to_laser
subscribe  for  point  cloud information
sensr_msg/LasrScn.msg publish by means of /scan
shown in Fig . slam_gmapping node use scan
matching and particle filtering so as to direct
SLAM.

Figure : Communication amongst node with topic
using rqt_graphs

As mov base won’t give localization, AMCL
(Adaptive Monte Carlo Localization) is used. It
utilizes Monte Carlo localization that utilizes
particle filter for tracking robot pose with existing
map. With a specific end goal for autonomous
navigation and SLAM with environment,
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mov_base also slam_gmaping run all while. In
spite of the issues with odometry mistakes, the
robot could effectively autonomously navigate to
goal in dynamic and unknown environment while
leading SLAM. The commands for achieving
program cycle as fig step is finished with similar
request at terminal window.

Comnecting the USB of the TurtleBot 2 to the ASUS I

Determme the [P addresses of TurtleBot 1 and the worksation
(§ sudo ifconfiz). (3 sudo gedit /atc/hosts)

7

Initiate ROSCORE
(3§ roscare)

N
Bringup Turtlebot 2
(3 roslaunch turtlebot_bringup minimal launch)

7

interactive markers feleoperations of a TurtiBot 2
(5 roslaunch tarflebat_imteractive_markers
imeractive_markers lunch)

TILTIATE Geer SCANNME 208 §E£‘Emilh¢mt]t(§m ERporaneg
] 103l

(% rosinunch £ smapping_he launch fyp
amc]_hesham [aunck), (§ zoslunch frontier_exploration
zlobal map lunch)

L Y1
| Get Turi=bot 2 and the worksmton :mgu:znoenchomgr

Launch BVIZ tool
(3 roslaunch nurtlebot_rviz_aunchers view navigadon launch)

Save the map file
{3 rosun map_server map_saver)

FIG. 4 ALL R.OS COMMANDS LISTED IN ORDER. TORUN AS
DESCRIBED IN PROGRAM LIFECYCLE

Figure : ROS commands for program cycle

Experimental Analysis and Results of Delibot
with SLAM

With a specific end goal to illustrate impact of
systematic  strategy done using controlled
conditions named experiment. Analysis find effect
of input upon output, additionally find objective
input for required output.

Evaluation Metric

These are for the most part used to evaluate
development of software, metrics are utilized for
finding product quality. Numerous metrics are
there for different process. Inquires conveyed for
discovering relationship between metrics and issues
showing product quality. Following are the metrics
considered to evaluate the SLAM of delibot,

1. Estimation of the pose of the robot with the
information measured by sensors on the robot.

2. Estimation of landmark positions.

3. Correction of the position of the robot amid each
time step using landmark data acquired by sensors

4. Map of environment.
Experimental Dataset

The data set used are the odometry data of the
robot, ultrasonic sensors data and the Vision
camera data which are fed dynamically when the
robot is first trained. All these data are used by the
robot to estimate the position of it and the mapping
of environment. And 5 particles was used initially
which gave resampling limit of about 0.5 with step
among laser checks processed. In any case, these
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values may somewhat differ as environment length
to build map.

Performance Analysis of SLAM

The FastSLAM framework is utilized to reduce
computational complexity of the SLAM issue.
Updating posterior take O(MlogK) time, particle
no. is M also landmarks number is K. Here analysis
of framework performance got from tune
parameters of gmapping is presented. The analysis
concentrated on tuning resampling threshold,
particle number with step measure among
progressive laser scan. Moreover, the created maps
for each situation are likewise assessed visually for
map exactness.

1. Number of Particles

Despite the fact that realized increasing particles
number adds for improving SLAM precision,
presents high CPU load also memory utilization as
in Table .

TABLE . Impact as Increase RBPF Particles
Number

Particles CPULead | Memory (MB)

5 1T 54
30 T %
] I 3

It demonstrates gmapping system adequately
decreases particles number keeping map accurate
and resampling threshold legitimately. Obviously,
should remember particles required for deliver of
good outcomes depends upon environment mapped
length.

LinearUpdate Step

Gmapping  permits  modifying  processing
observations using parameters of angular and linear
update. Making parameters for large value
diminishes CPU caused while preparing process of
new scanned information. Then again, such setting
may bring about poor developed maps because
algorithm  miss vital environment feature.
Algorithm turns out to be highly uncertain about
right position of robot, when it’s static. Result is
recorded in Table underneath.

TABLE Effects on Increasing Laser Process Step

Step (m) CPULoad | Memory
(MB)
02 20% 39
0.4 17% 3l
0.7 16% 28

Resampling Threshold

Predetermined limit of Neff measurement is used
for resampling. Solid resampling impact "particles
depletion” [62], which is chosen for tuning
resampling threshold. This have the capacity for
catching impact of particles depletion, furthermore
assess impact on algorithm performance.
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TABLE Impacts of Tuning The Resampling

Threshold
Resample Particles | CPULoad | Memory
Threshold (MB)
0.1 30 15% 46
0.1 5 12% 42
1 30 13% 58
1 5 2% 54

The outcomes acquired in Table , demonstrate
assumption with respect to the impact of high
resample edge. As gets high, CPU also memory
consumption decrease with increase generally.
Outcomes are portrayed in Fig which represents
that an increase in number of landmarks gently
decreases error in map and the robot posture.
Outlines of 8.1, the bars relate to 95% certainty
intervals. Substantial landmark decreases localize
error. Red dotted line is the landmark position error
and blue solid line is the robot position error.

LT —

Foson Eror et mdard deviaion)

dossatons

Robot Position Error

1 b
l\(l: Landmark Position Error
ot 3

Fositon Erme fstmdast

Figure : Accuracy of the FastSLAM calculation
as an element of (a) landmark no. (b) particles no.

Inference from the Result

For performance regarding mapping and
computation, 5 particles gave resampling limit of
about 0.5 with step among laser checks processed
adequately little. In any case, these values may
somewhat differ as environment length to build
map. Speed of robot influences map accuracy.
While the robot should be operated adequately
slowly to effectively distinguish corner, quicker
when goes in one direction. In view of that, speed
strategy created for outcomes change speed to
diminish the general mapping time. FastSLAM
landmarks estimate need O(MlogK), M particles
also K landmarks. This is rather than the O(K2)
Kalman- filter way of dealing. Trial show
FastSLAM build map of greater number of
landmarks than past strategies. They additionally
exhibit that under specific conditions, few particles
do irrespective of landmarks.
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VI. CONCLUSIONS

The SLAM is concerned about buildingan
intelligent robot that identify its position in an
unknown environment, while incrementally build
the map of environment it is. The processof
integration of ROS with platform of mobile robot
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