
June 2021 | Volume 40 | Issue 1 | Page 69

Journal of Engineering and Applied Sciences

Research Article

Introduction 

Mobile robots have achieved significant success 
since last three decades. They assist with several 

work processes and tasks in outdoor and indoor 
environments such as mine exploration, videography, 
industrial manufacturing, medical procedures, 
space exploration, agriculture and unmanned or 
autonomous vehicles (Fragapane et al., 2020; Song et 
al., 2018; De Ryck et al., 2020; Kato et al., 2018).

For travelling autonomously in an unknown 
environment, efficient and accurate navigation 
mechanism is essential for many safety applications. 
Therefore, localization and optimum path planning of 
mobile robots involving extraction of meaningful data 
from sensors, estimation of correct location, planning 
of necessary steps to the target and achieving the 

desired trajectory is important (Panigrahi and Bisoy, 
2021).

The techniques and systems for self-localization 
estimation are based on wheel odometery, global 
navigation satellite system (GNSS), global position 
system (GPS), inertial navigation system (INS), and 
visual odometery (VO) etc. However, each technique 
has its own strengths and weaknesses. Such as 
wheel odometery has been the most popular self-
localization method because of its simplicity and 
cost effectiveness, but perform poorly in uneven, 
slippery and complex terrain (Fernandez and Price, 
2004). Global Navigation Satellite System (GNSS) 
is widely used but GNSS data can only be acquired 
outdoor and its localization precision is inadequate. 
Likewise, the Global Positioning System (GPS) can 
provide absolute position but the signals are mostly 
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deteriorated in the urban environment (Okawa, 
2019; Wegener and Schnieder, 2012). High precision 
visual inertial navigation system (INS) is expensive 
and prone to drift accumulation (Leutenegger et al., 
2015).

Self-localization is one of the main part of autonomous 
robots for collision avoidance while moving in a 
facility (Sobreira et al., 2019). In fact, localization 
and mapping are dependent on one another and 
map-matching is by far the most popular approach 
for self-localization estimation. Self-localization 
and mapping both can be collectively achieved by 
Simultaneous Localization and Mapping (SLAM), 
proposed by R.C. Smith and further modified by 
M.G. Dissanayake (Smith and Cheeseman, 1986; 
Smith et al., 1990; Dissanayake et al., 2001). SLAM 
algorithm is based on the representation and 
estimation of spatial uncertainty. In this method the 
already stored map of any vicinity is matched with 
the data retrieved from the sensors. By using the data 
of joints and relative positioning of the parts, Chen et 
al. (2018) designed disaster response robots (DRRs). 
These DRRs performed SLAM task for terrain 
exploration in low light conditions with less number 
of sensors. The success of SLAM based self-driving 
cars have drawn the worldwide attention and SLAM 
based robots have attracted the mass market for home 
automation (Montemerlo et al., 2008; Knight, 2015).

In filtering techniques, Kalman filter is a commonly 
used technique for estimating vehicle positions. 
Jawanmardi et al. (2020) proposed a method in 
which the input scan of the LiDAR is matched to 
the prebuilt map to get high accuracy position of 
the vehicle. They identified error sources in self-
localization based on map matching and proposed 
a framework for pre-estimation of map-matching 
error. Extended Kalman Filter (EKF) and Particle 
Filter (Smith and Cheeseman, 1986) are two popular 
estimation methods commonly used in the SLAM 
algorithm (Aria, 2019). Yu et al. (2019) proposed an 
EKF and MM based hybrid dead reckoning error 
correction scheme to improve positioning accuracy for 
vehicle self-localization. Placin et al. (2020) employed 
an on board tilted scanning strategy of the sensors 
for the self-localization of mobile robots. The tilted 
down (push broom application) application helped 
in detecting and avoiding low-height obstacles and 
slopes in trajectory of mobile robot.

In another study Wang and Takahashi (2018) 
developed a low cost infrared LED emitters and 
receivers based system for the self-localization of 
mobile robots in indoor environment. The proposed 
system also solved the problem of limited IDs by using 
a combination of unique ID encoding landmarks and 
repeated ID encoding landmarks. Fu et al. (2007) 
designed an autonomous mobile robot SLAM system 
using laser range finders as primary sensors to collect 
information for indoor environment. The visual 
information received from laser range finder and CCD 
camera were found to be credible for recognition and 
judgement. For sparse natured problems, graph-based 
optimization techniques may be employed to solve 
the problem. Where a factor graph is used which 
represents variables and measurements between the 
nodes. Node and edge sparsification technique is 
also used to reduce overall size of graph or map by 
eliminating less informative nodes hence the overall 
computation complexity is reduced (Mazuran et al., 
2014).

In this work, a solution for map matching and self-
localization in the indoor environment is proposed 
based on matrix matching. The problem may be 
framed in the context of obtaining simple, low 
cost, less computationally demanding solution to 
interprets the map of the environment, expressed by 
grid based model and generate an optimal or near 
optimal path. The proposed algorithm makes use 
of Nonlinear Graph Sparsification (NGS) method. 
The generated path is compared with the complete 
map of environment and the position of bot is 
determined with reference to the targeted position. 
The technique is demonstrated by simulation studies 
using MATLAB and VREP and verified by prototype 
robotic setup with three different maps. The proposed 
solution is a low cost sensor based definite solution 
with no conditional dependency on the lightening 
conditions.

This paper is organized as follows: A brief introduction 
is given in this section. In section-2 we have described 
model design, hardware design and kinematic model 
used in simulation work. Section 3 outlines the 
simulation setup used to verify the proposed model, 
trajectory generation and steps involved in map 
matching. Section 4 presents real experiments to 
demonstrate the working of the proposed algorithm. 
The results are compared in this section. Finally, 
Section 5 concludes this paper.
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Experimental setup design and modelling
Robot model design: To simulate and verify the 
proposed algorithm a line following robot model 
was designed in VREP to mimic the real world. The 
robot model was designed with three pairs of Infrared 
(IR) sensors to differentiate white surface and black 
line. Three additional sensors were attached on front, 
left and right sides for detecting T - junctions and + 
junctions. For differential drive mode, each wheel was 
connected to independent motor and turning effect 
was achieved with speed variations of wheels. The 
block diagram and final model with sensors, motors 
and on board controller is shown in Figure 1a, b. 
PID controller was used to achieve smooth motion. 
Position of robot on the line was estimated with the 
help of three IR sensors attached in the middle. At 
first three constant Kp, Ki and Kd were saved in the 
EEPROM of the controller. After initialization the 
robot was made to move on the line. The position 
feedback of robot with respect to line was obtained 
from IR sensors. Based on the feedback signal, auto 
set position and gain values saved in EEPROM, the 
PID loop generates PWM signal to the motors to 
drive the robot on the black line.

Figure 1: (a) Block diagram (b) Model developed in 
VREP (c) Prototype of Robot for algorithm verification.

Robot hardware design
To experimentally validate the algorithm a prototype 
of mobile robot has been developed. The image of 
robot is shown in Figure 1c. The model contains 
analogue QTR sensor array for the line following 
propose. Additional three digital IR sensor are used 
at the left, front and right side of the robot in order 
to detect the T-junction or + junction. The movement 
of robot is based on the differential drive mechanism. 
Bluetooth module HC-05 is used to establish wireless 
connection between the Arduino and MATLAB.

The mechanism used in VREP simulations is 
deployed in to the prototype model. After sensor 
calibration and initialization steps, the robot first 
generate trajectory in MATLAB workspace, after 
completion of map matching algorithm, MATLAB 
execute the path planning program. Once, the shortest 
path is calculated, robot starts moving on arena, 
whenever robot find the interception of multiple 
path, it generates an interrupt signal. On receiving the 
interrupt signal MATLAB transmits back the turn 
signal associated with the shortest path.
 
Kinematic model
The position of mobile robot is represented by its 
coordinates and Orientation. Its position in the world 
frame is represented by the coordinates of centre of 
mass i.e., X, Y, θ. Where X and Y represent the distance 
of robot from the reference frame and θ represents 
the robot pose as shown in Figure 2. The control input 
and speed of wheels are related as VR= r ×ωR and 
VL= r ×ωL. 

Figure 2: Kinematic model of differential drive model.

Where r is the radius of wheel, VL and VR are left 
and right wheel velocities and ωL and ωR are angular 
velocities of left and right wheels respectively. The 
kinematic model is based on the assumption that 
robot is moving on the plan surface, i.e., it does not 
include pitch or roll component and only rotate along 
Z-axis. The linear velocity(V) and angular velocity(ω) 
of robot are given by Equations 1 and 2.

2
LR VV +

=n   …(1)

d
VV LR �

=w   …(2)

Where, d is the distance between wheels. The 
tangential velocities along x axis and y axis are given 
by Equations 3 and 4.
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qn cos=
×
X    ...(3)

qn sin=
×

Y    ...(4) 

If the robot moves with the linear velocity of v and 
angular velocity of ω than the state matrix can be 
represented as [ẊẎθ] given by;
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The finalized kinematic model of differential derive 
robot is obtained from Equations 3, 4 and 5, as given 
below.
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This simulation work in this research is based on the 
kinematic model obtained in Equation 6. 

Materials and Methods

To drive the robot over the black line, basic code was 
written in threaded child scripts. The main program 
was written in MATLAB. The VREP model and 
scene were directly controlled by external applications 
with the help of application programming Interface 
(API). After establishing the connection, VREP and 
MATLAB communicated in the form of signals. The 
basic interfacing of MATLAB and VREP is shown 
in Figure 3. 

Figure 3: Interfacing MATLAB and VREP.

Trajectory generation 
In the beginning, robot has no prior knowledge of its 
location. When it starts moving in an initial direction 
then VREP generates specific signals corresponding 
to its movements. The path is updated if the robot 
takes left or right turn however it remains unchanged 
if moves straight. The covered trajectory is imported 
in MATLAB workspace for trajectory generation. 
A free running counter is monitored and the robot 
is stopped generating an interrupt signal, when a 
particular time is met. The trajectory generation 
process is shown by the flow chart in Figure 4.

Figure 4: Trajectory Generation in MATLAB.

Map matching for self localization
Self-localization is being done with the help of map 
matching algorithm for use in an indoor environment 
with no obstacles, within the defined range of allowed 
path. It makes use of lane markings or black lines 
on the floor, as the guided or allowed path to travel. 
The position estimation is done by matching feature 
of the generated sample map with the actual map 
of complete field. This approach allows the position 
estimation of robot with higher degree of precision. A 
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simple pattern and its trajectory in VREP are shown 
in Figure 5a, b.

Figure 5: (a) Generated pattern in MATLAB (b) 
Trajectory covered in VREP.

The specific pattern of data is recognized by 
comparing generated and segmented patterns. In this 
comparison the generated and segmented portion of 
whole image is thought of as sliding window rolling 
over the complete picture with predefined steps. It 
is performed row wise and after the completion of 
one row the window rolls back to the first column 
of next row. A pattern of order of 7×7 is compared 
with the same sized segment of main image and as a 
result an output matrix of order 5×5 is generated as 
shown in Figure 6a. The entities of this matrix, can 
be considered as the degree of similarity amongst the 
two, with 0 being non similarity and 1 means, both 
matrices are 100 percent similar. Pattern recognition 
techniques were used to find the correlation between 
the generated trajectory and the global map. Once, 
the data is gathered in the form of distance vector, it 
is first converted into a grey image. This image is then 
compared with the equal sized portion of global map. 
The algorithms mark the current segment as matched, 
if the similarity check is approximately 98.99 percent 
or greater. 

Figure 6: (a) Visualization of 3*3 convolutions around 
an input (b) Complete map matching algorithm.

The overall process is shown in flow chart in Figure 
6b. The algorithm starts with the input of the already 
recorded map and the generated trajectory fed the map 

mapping algorithm. Algorithm processed inputs on 
the basis of the algorithm running through MATLAB 
code. If the coordinates of both maps are matched, 
then program directs the main controller to guide the 
robot motors. The map matching algorithm involved 
in the decision process Figure 6b is shown in Figure 
7. In this process, at first an imaginary window of size 
m×n is considered over the upper left corner of the 
complete map. Where, m and n are the dimensions 
of the generated grey image. Then map-matching 
algorithm computes the similarity between the patterns 
formed by the covered trajectory against the same sized 
portion of the global map. If the similarity is greater 
than 98 % then selected portion of the global map is 
marked as the estimated position. If the similarity is 
less than 98 % then imaginary window in moved one 
step forward and again the similarity is computed. This 
cycle continues until one selected portion is matched 
with the generated trajectory. On the basis of this map-
matching algorithm the robot confirms its position and 
will localized itself in that environment. 

Results and Discussion 

The proposed algorithm and program has been tested 
and verified using two wheeled differential drive robot 
for a map of 35, 40 and 90 cells map as shown in Figure 
8a, b, c. Path is generated in forms of small segments 
and robot moves over black line. The robot stops after 
completing approximately two segments and lets main 
controller execute the map matching algorithm.

The occurrence of same pattern at multiple places may 
lead to false judgement of position. This is avoided 
by checking the number of matched patterns and if 
the central controller returns more than one pair of 
coordinates, the robot continues to move over the path 
for the allocated time. The complete program is re-
executed by the controller for searching the extended 
pattern. This cycle continues, unless a unique pair of 
coordinates is obtained. The shaded area represents 
the estimated position of robot as shown in Figure 
8. The number of iterations and execution times 
observed in the experimental run are listed in Table 1. 
For a sample trajectory, it is observed that in the very 
start the algorithm took large number of iterations 
and execution time in processing the maps and giving 
the exact location. However, the number of iterations 
and execution time is decreased in identifying the 
location when the number of cells are increased. 
Although, large trajectories take longer time.
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Table 1: Computational time and number of iterations performed by the algorithm.
No. of cells, covered in 
the sample trajectory

35 cells map 40 cells map 90 cells map
Iterations Execution time (sec) Iterations Execution time (sec) Iterations Execution time (sec)

1 cell - - 737 12.1 - -
2cells 582 10 622 10.1 617 10.3
4 cells 437 7.3 367 6.4 412 6.8
6 cells 385 7.04 362 7.3 207 3.5
8 cells 302 6.3 - - 223 6.5

Figure 7: Map Matching Algorithm.

The map matching percentage is set to 98% therefore 
the marking of the position will be executed only 
when the location maps and the generated maps are 
98% matched. Otherwise, the matrix window will 

shift from the location and search for other location. 
Thus, an accuracy of 98% is achievable in our low cost 
and simple computational algorithm for localization 
in the indoor environment.

Figure 8: Localization of robot in MATLAB using map 
matching (a) 35 (b) 40 (c) 90 cells.

These results show the improvement in the accuracy 
and computations compared to artificial landmark 
recognition reported in literature (Zhong el al., 
2017), where the system is based on camera and 
identification of the landmarks depends upon the 
light conditions. In the presence of artificial land 
marks, our proposed system can perform accurately 
in modest light conditions. Secondly, self-localization 
of a robot in an environment depends on algorithm 
as well as the data quality. Accurate estimation of 
correct path in indoor environment using refinement 
technique based on probabilistic approach (Vivacqua 
et al., 2017) may result in collison in case diverting 
from the main path. It requires higher sensorial data 
load used at superior computational scheme. However, 
the proposed scheme of this paper in presence of 
artificial tracks works on lower sensorial feed with 
very light computational algorithm as compare to the 
probabilistic localization approach. In our proposed 
algorithm the position estimation is done by matching 
the features of generated sample map with the actual 
map of the vicinity. This algorithm has solved the 
problem of local similarity of map as raised in other 
research studies (Xia and Tang, 2019). 
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In our work, features are converted to image file which 
is used by algorithm to confirm location of robot 
in the environment by matching it with generated 
sample of map. Although, rapid localization systems 
or probabilistic approach based on Bayes Filter (Chia 
et al., 2020; Maniscalco et al., 2017) are accurate 
but computationally expensive, where conversion 
of the entire field into the geometrical coordinates 
demands more computational power for running 
the algorithm. By using defined tracks, our proposed 
algorithm involves less computation procedures with 
satisfactory results.

In this research study a computational solution has 
been proposed for map-matching in the indoor 
environment to localize the robot in presence of pre-
defined tracks. The purpose of this work is to propose 
a low cost and a less computationally demanding 
solution for map-matching and localization 
as compared to the already proposed artificial 
intelligence based algorithms ( Jin el al., 2018). These 
algorithms are although well accurate but they are 
needed additional computational resources. Similarly, 
in another research study (Li et al., 2017), the accuracy 
has been proved for map-matching using neural 
networks but computational load is high compared to 
the presented solution and algorithm which is using 
simple matrix matching technique for the patterns of 
the map.

Conclusions and Recommendations

An algorithm is proposed for self-localization and map 
matching of mobile robots in indoor environment. 
Unlike other camera based algorithms, our proposed 
solution works on the direct sensorial feed. The 
complete navigation algorithm is demonstrated by 
simulation studies and verified on a prototype using 
three different maps. The position of robot is identified 
with 98 % accuracy. The proposed solution is low cost 
as compare to other expensive visualization process 
based solutions having conditional dependency on 
the lightening conditions. Because of its simplicity, 
it may be implemented easily as compared to other 
computationally demanding algorithms requiring 
more steps and additional computational resources. 
The algorithm can further be improved by introducing 
advanced machine learning techniques to enhance its 
accuracy for use in the outdoor environment.

Novelty Statement

In this paper, a simple and low cost algorithm is 
proposed which is based on an existing and proven 
algorithm.  The proposed algorithm is independent 
of lighting conditions and requires less computational 
steps to identify the exact location on the map.
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