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Abstract. Gas Distribution Mapping (GDM) can be defined as visualization for the spatial
distribution of gas concentration in an unknown indoor environment. Recently, incidents of gas
leakage have increased gradually worldwide. This will significantly increase the casualty rate
at the workplace. This paper focusses on the implementation of Kernel DM based SLAM-
GDM on Robot Operating System (ROS), a novel approach that will be useful in the effort of
localizing the gas source during gas leakage inspection. This approach has been conducted
successfully by using ROS-architecture implemented system, tested in simulation and on a
mobile robot. The result shows that this implementation achieved average accuracy of 0.71m
and 0.32m and therefore deemed suitable for gas source location prediction.

1. Introduction

Gas related research has been conducted for 25 years. To the authors’ knowledge, at least four gas
leakage incidents have occurred worldwide in the month of April 2019 [1]-[4]. These have indicated
the importance of the gas source localizing technique in this industry. With the advance of technology
and mobile robot, gas distribution modelling by integrating gas sensing capability on the mobile robot
is believed to provide promising result.

Moabile robot is emerging as a powerful and revolutionary technology for different industries. It is
now not only employed in production line [5] but also implemented for education [6], hospitality [7],
medical [8] and even household [9]. The adaptation of mobile robot in the industries has improved
their performances in different aspect [10]. This is due to mobile robot exhibits certain characteristics
better than human to accomplish certain tasks such as environmental monitoring. For an example, a
mobile robot can be exposed to dangerous environments. This enables human to access, analyze and
carry out the counter measurement for the condition of a lethal environment with lower casualties.
Besides that, with the implementation of a statistical approach algorithm such as Kernel DM on the
mobile robot, a gas distribution mapping of the environment can be obtained. Its 2D SLAM-GDM
representation will significantly assist the localization of the gas source which is very important
especially in Urban Search and Rescue (USAR) operation.
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This paper proposes an implementation of GDM in ROS environment using gas distribution
modelling algorithm, Kernel DM. The algorithm is then integrated with an open source non-odometry
dependent SLAM, Hector SLAM for real-time SLAM-GDM solution. The integration of SLAM and
GDM is implemented based on the approach proposed by [11]. The expected result would be a
representation of gas distribution modelling of mobile robot’s environment, capable to assist human to
predict and identify gas source location.

2. Related Work

2.1. Simultaneous Localization and Mapping (SLAM)

In a mobile robot related project, it is very important for the robot to be able to localize itself in an
unknown environment while building a map of it. Building a map is also known as mapping. It is a
task to visualize the geometry features of an unknown environment by using input from sensors such
as camera [12], [13], ultrasonic sensor [14], [15], laser scanner [16], [17], and RFID [20].

SLAM algorithm can be classified into various type depends on the sensor used as its input. This is
due to different SLAM algorithm will consider different assumption when interface with different kind
of sensor to improve the localization and mapping accuracy [18]. For example, Hector SLAM is part
of the laser-based SLAM that utilizes input from a laser scanner.

Hector SLAM works by combining both 2D SLAM system based on continuous scan matching and
3D navigation technique with the aid of a inertial sensing system. Besides that, unlike other SLAM
approaches such as Gmapping, Hector SLAM is non-odometry dependent. Hector SLAM algorithm is
based on occupancy grid maps [17]. This means the algorithms is processing the environment in the
form of cells and each cell will carry specific information (i.e unknown, occupied or free) [18].

2.2. Gas Distribution Mapping (GDM)

Gas distribution mapping (GDM) is the task to estimate and visualize the spatial gases distribution
with the assistant of a mobile robot. The first study on GDM is conducted by Hayes, Martinoli, and
Goodman in the year 2002 where a group of autonomous mobile robot is being used to investigate and
localize gas source [19]. However, it is believed that this approach is not suitable for real-world
implementation due to its high cost [20]. Besides that, when a group of autonomous mabile robot is
moving around, their movement will disturb the air flow in the environment. Hence, worsen the
difficulty to localize gas source accurately.

In the year 2003, a method known as Kernel DM has been introduced by A. Lilienthal and Duckett.
This proposed method “views” the surrounding as a grid cell and each of the cell consists of the
estimated gas distribution mean value. By referring to a single cell, Kernel DM estimates the value of
the neighbouring cells based on their distance with the single cell. This means that each of the cells at
any time will have the predictive mean for all the measurement. This method has eased the
performance of the robot because the robot does not need to move all the place to cover all the region
[21]. After six years, the similar authors have proposed an improved version of Kernel DM known as
Kernel DM+V which include the computation of predictive variance [22]. With the computation of
predictive variance, the accuracy of gas source location prediction improved, compared to solely
depends on predictive mean [22].

After Kernel DM+V has been introduced, several researchers have modified and improved the
algorithm of Kernel DM+V to suit for their application. For example, [23] has modified the existing
Kernel DM+V by replacing the Gaussian kernel function with Epanechnikov kernel. With the
implementation of the Epanechnikov kernel, the numbers of cells involved in each gas source
prediction will decrease and hence, the scope of prediction will be limited, and accuracy can be
increased with less assumption. Besides that, similar author has proposed a new approach, DM+V/T/H
that includes both temperature and humidity of the environment with the modified version of DM+V
[24]. Despite all the versions proposed [11], [19], [21], [22], there is no implementation made
available in ROS and made open source.
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2.3. SLAM-GDM Implementation

With the implementation of SLAM-GDM approach, the mobile robot will be capable to perform GDM
without prior knowledge about its environment and its position. This approach will enable the mobile
robot to perform SLAM and GDM simultaneously hence, output a single grid map based two-
dimensional representation consists of both obstacles in the environment and spatial distribution of gas
concentration. To the author’s knowledge, there are only two works that have implemented SLAM-
GDM approach: [11], [25]. A Rao-Blackwellised particle filter approach has been used by [25] to
combine both SLAM and GDM while [11] performs the SLAM-GDM approach by replacing the
unoccupied cells SLAM’s occupancy grid map with the gas distribution.

3. Methodologies

3.1. System Structure

There is a total of two systems required in this approach: the base station system and mobile robot
system. An Asus A555L Series laptop with 8GB of RAM and Raspberry Pi 3 Model B (raspi) have
been used as the base station and mobile robot, respectively. Both systems are installed with Linux
based operating system. Ubuntu 18.04 with ROS Melodic has been installed for base station while
Ubuntu Mate with ROS Kinetic for mobile robot.

There are two main components on top of the mobile robot: raspi and Arduino Nano. Raspi is
connected to three components:1) camera for teleoperation, 2) RPLIDAR for mobile robot localization
and mapping and 3) Arduino Nano. The Arduino Nano is used to control the motors and interface with
the gas sensor module. Both motors controlling task and gas sensor module interfacing task cannot be
accomplished by raspi. This is due to raspi consists of 3.3V logic signal voltage digital input and
output pins only. It cannot interface with the analogue signal as well as sensors and actuator that
require 5V logic signal voltage. Additional voltage level shifter and Analogue-to-Digital Converter
(ADC) are needed for raspi to be able to accomplish the task. However, to reduce the circuitry
complexity in this project, an Arduino Nano has been used to interface with both gas sensor module
and motor driver. Both RPLIDAR and gas sensor module data will then be transmitted to the base
station for SLAM and Kernel DM computation. Lastly, data fusion will be conducted to integrate
SLAM and GDM. Figure 1 shows the system architecture implemented in this project.
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Figure 1: System Architecture

There are three configurations that must be carried out when more than one ROS machine is
involved. First, all ROS machines used in this project must share a similar network. Second, only one
ROSmaster is allowed in one ROS operation, where the ROSmaster generally responsible for locating
and establishing peer-to-peer communication between ROS nodes. Lastly, Network Time Protocol
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(NTP) such as chrony and ntpdate must be used to synchronize system time of all ROS machines
involved in the project.

3.2. Base Station Configuration

Base station serves as the ROSmaster of this project and it is used to perform numeral tasks such as
control the movement of the mobile robot as well as processing and visualizing all the data received
from the mobile robot. Three main features of base station will be discussed in this section.

3.2.1. Simultaneous Localization and Mapping (SLAM). SLAM is often used in mobile robot
application to construct the landscape of an unknown environment and predict the location of the
mobile robot on the map. Hector SLAM, an Open-Source non-odometry dependent SLAM approach
has been implemented in this project. The advantages of Hector SLAM implementation including
SLAM performance will not be affected due to the surface condition the mobile robot moves on and
its performance will also not be affected by wheel slip [23]. Hector SLAM module in ROS works by
having one of its nodes known as hector_mapping to subscribe to the laser scan topic for calculating
and publish two important topics SLAM map topic and robot pose topic. SLAM map topic is a type of
OccupancyGrid type topic. It is used to describe the condition of a cell as free, occupied or unknown.
Meanwhile, robot pose topic is a PoseStamped type topic that provides an estimated position of the
mobile robot. Both topics will then be used by RVIZ to construct a map and locate the location of the
mobile robot within the map respectively.

3.2.2. Kernel DM. Kernel DM algorithm has been used in this project to achieve the goal of
generating GDM. Kernel DM is a statistical approached algorithm for gas distribution modelling
proposed by [22]. Kernel DM algorithm implementation involves four equations:

n
Wk = z N(|x; —x(k)l,a) (1)
i=1
n
RU) = z N(|x; - x(k)|,a) T @)
i=1
—(w®)? (3)

a®=1—¢ ow?

R (4)
K = g —__ —a®
r =a WO +{1-a®lr,

Uni-variate Gaussian weighting function ' has been used in Kernel DM to determine how
significant location x;’s sensor reading r; toward cell k when constructing gas distribution mapping.
W and R¥ are known as cell confidence summation and cell weighted reading summation,
respectively. x stands for cell k’s centre while the kernel width of the algorithm is represented by o.
Cell x that is located nearer to x® tends to have higher value for W) and vice versa. The result of
W s then normalized by using a®. Hence, all the reading normalized by a® will be scaled into
the range of 0 to 1. This result of a® will then be utilized to calculate the mean concentration estimate
r® where r, can be defined as the overall mean for all the gas concentration reading. Once the mean
concentration estimate is obtained for all the cells, a mean map will be obtained.

This has shown that to implement Kernel DM algorithm, several parameters such as robot position
and gas sensor reading, must be provided. This can be done by having the Kernel DM node to
subscribe to both sensors reading topic and robot pose topics. By computing Kernel DM algorithm, an
array of cells position with respective gas concentration level will be obtained.
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3.3. SLAM and GDM Integration

A SLAM-GDM map can be defined as a representation for the spatial distribution of gas concentration
level by combining both maps of Hector SLAM and Kernel DM. Therefore, it is very crucial to ensure
both Hector SLAM and Kernel DM obtain sufficient information for their computation. Figure 2
shows the software architecture of the ROS based environment to generate SLAM-GDM map.

ImplidarNode Jscan

/initialpose
Jslam_out pose [PointCloud_Mean Jpoint_cloud_mean_map
o)

Figure 2: Software Architecture of ROS based System

Imap

A ROS node known as rplidarNode has been deployed on the mobile robot’s raspi. By having
RPLIDAR’s data as its input, it will publish all the received data to a topic known as /scan. A ROS
node of Hector SLAM, hector_mapping will then subscribe to the /scan topic and /initialpose topic
(consists of the initial position of the mobile robot) to compute and publish SLAM map under /map
topic. Hector_mapping will also publish a /slam_out_pose topic that provides information about the
mobile robot’s position and it will be updated at the scan rate of the laser scanner used.

To control the movement of the mobile robot from the base station, a ROS node called car_teleop
has been deployed at the base station. It will publish the movement command to /car_teleop topic
subscribed by the Arduino (ROS node of Arduino Nano) and hence, the performance of the motors
can be controlled from the base station. Meanwhile, Arduino Nano will also publish a custom message
under the /sensors_data topic. Since it is a custom message, all the ROS machines involved must have
the custom message created to be able to recognize and extract data from it.

By having /map, /slam_out_pose and /sensors_data topics published, PointCloud Mean ROS node
that responsible to generate SLAM-GDM representation will begin its computation. There are two
possible approaches can be implemented to achieve the objective of SLAM and GDM integration: (1)
overlap the GDM on top of the global map generated by Hector SLAM; (2) reconstruct and merge the
global map with GDM to form a single global GDM map. The second approach will be used for this
project as it eases the process of data analysis since all the data is store within the same array. To
realize this approach, two steps are required: map type conversion and data fusion.

3.3.1. Map Type Conversion. The first step needs to be done to achieve this objective is to convert
the global map generated by the Hector SLAM in the type of Occupancy Grid map to Point Cloud.
This is due to the Occupancy Grid map consists of three states (free, occupied and unknown) only and
it is not suitable to be used to store any value of Kernel DM. Besides that, due to its nature to have
three states only, it cannot display other colours besides white (free cell), grey (unknown cell) and
black (occupied cell). Therefore, type conversion to Point Cloud type is necessary for the
representation able to provide useful information.

3.3.2. Data fusion. With both outputs of Kernel DM algorithm (cells coordinate with its gas
concentration level) and Point Cloud SLAM map are ready, both data can now be fused together to
generate a SLAM-GDM map based on the approach proposed by [11]. The process begins by storing
all the Point Cloud SLAM map data in an array, without publishing it. Next, the Point Cloud data



5th International Conference on Man Machine Systems IOP Publishing
IOP Conf. Series: Materials Science and Engineering 705 (2019) 012018 doi:10.1088/1757-899X/705/1/012018

generated from Kernel DM algorithm should be inserted into a similar array to replace the SLAM cells
that are free only. This will retain the structure of SLAM map while introducing gas concentration
level information onto free cell to achieve the objective of constructing SLAM-GDM representation.

Different colour should be distributed to the Point Cloud geometry to indicate different cell
conditions. This will help the user performs a better analysis besides illustrating the relationship
between each of the cell. The colour assignation for each cell condition is as follow:

[0,0,0], Occupied, (5)
[r,g,b] = [220, 220, 220], Unknown,
[255 — H®, 255 — 1LY 0], Gas Concentration Level,
H(k) — {((r(k) - rave)(rmax - rave)_l) * 255' T(k) > Taver (6)
0, otherwise,
L(k) — {((rave - r(k))(rave - rmin)_l) * 255: T(k) < Tave, (7)
0, otherwise,

For occupied cells and unknown cells, the colour assigned is black and grey respectively. Colour
for free cell will depends on its gas concentration level reading. Equation (6) and Equation (7) show
the effect of gas concentration reading on the colour of free cell. The lower the gas concentration level
reading, the greener the free cell (Equation 7) while the higher the gas concentration level reading, the
redness of the free cell increase (Equation 6). The average reading for gas concentration level has been
used as the even point for this bipolar scaling approach. When the reading of the free cell is near to the
average value of gas concentration level, yellow colour will dominate.

4. Experimental Result

The first part of this section will be focusing on the performance analysis of online SLAM-GDM
algorithm by using Rosbag data collected in CEASTech as presented in [11]. Each of the rosbags used
has a different gas source location. Therefore, the predicted gas source location is expected not to be
similar. Table 1 illustrates the accuracy of the SLAM-GDM by calculating its error in prediction on
ethanol gas source location. The purple filled circle and blue filled circle indicate the actual location
for ethanol gas source and predicted gas source location respectively. In this work, an average
accuracy of below 1m is preferred. Based on the results, the average accuracy of SLAM-GDM
representation on predicting gas source location is approximately 0.71m. Hence, the proposed Kernel
DM based GDM algorithm is deemed suitable for gas source localization application.

Table 1: Accuracy of SLAM-GDM Representation on Gas Source Location Prediction

Rosbhag 1 Rosbag 2 Rosbag 3

= ) L " ¥l

8 ._7~r,1 J 4 R | - R

P LY IR ) ':‘» bl B 4

SLAM-GDM _J__@f"" L"-l - T i" -‘_zn ?'x.,::'fn- ‘
Map | | R R ||| RS i .
L —'«"»"?) ot e L-uv/]' Powsd s f'._\wA,‘ ey

Error (m) 0.61 0.79 0.74

The next experiment conducted is to evaluate the consistency of the SLAM-GDM map in
predicting ethanol gas source solution. The experiment is conducted in UniMAP Solution of Universiti
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Malaysia Perlis (UniMAP) by utilizing a mobile robot, where the ethanol gas source is fixed at a
location throughout the three experimental trials. Table 2 shows the consistency of SLAM-GDM
representation to predict a fixed gas source location. From the results of the experiment, the average
error in predicting the gas source location is approximately 0.32m. There are two factors detected that
have affected the result of this experiment. First, the area of gas dispersing increase with time. This led
to significant prediction difference between Trial 1 and Trial 2. Second, a trailing gas concentration
level is visualized after the mobile robot pass by the gas source location. This is caused by the memory
effect of TGS2600 gas sensor and the high mobile robot movement speed. Memory effect occurs due
to the gas sensor used in this project has a long recovery time. It takes several seconds for the gas
sensor to readjust its reading back to surrounding gas concentration level. By having a gas sensor
module with shorter recovery time and a robot with slower movement, the performance of SLAM-
GDM representation can be improved.

Table 2: Consistency of SLAM-GDM Representation on Gas Source Location Prediction

Trial 1 Trial 2 Trial 3
SLAM-GDM ' | L
Map | 3 P PR | NS |
LA 7 T
! =h L
Error (m) 0.10 0.28

5. Conclusion

Involvement of the mobile robot in the inspection of gas leakage incident surely will become very
beneficial for human. This allows the number of humans needed to be exposed to the harmful
environment will be reduced and hence, the number of casualties can be kept minimal. With the
implementation of SLAM-GDM algorithm on ROS, the mobile robot will also provide better gas
source location prediction in an unknown environment.

The conducted experiences have shown that the average accuracy and consistency of SLAM-GDM
map performance on predict gas source location are 0.71m and 0.32m respectively which fulfil
author’s requirement of below 1m. Therefore, the performance of SLAM-GDM representation is
reliable. The performance can be further improved by increasing number of sensors implemented such
as wind sensor to access the magnitude and direction of air flow surrounding the mobile robot or
introducing variance into the Kernel DM algorithm.
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