VOL. 21, NO. 12, JUNE 2026 ISSN 1819-6608

ARPN Journal of Engineering and Applied Sciences i ;,\E.

©2006-2026 Asian Research Publishing Network (ARPN). All rights reserved.

www.arpnjournals.com

IMPROVED MOBILE ROBOT BASED GAS DISTRIBUTION MAPPING
THROUGH AMBIENT TEMPERATURE INFORMATION FOR
INDOOR ENVIRONMENT

Zaffry Hadi Mohd Juffry', Kamarulzaman Kamarudin?, Abdul Hamid Adom?, Retnam Visvanathan?,
Abdulnasser Nabil Abdullah?, Wan Abdul Syaqur Norzam*, Ahmad Hakimi Ahmad Sa'ahiry?,

Zairi Ismael Rizman® and Nasr Abdalmanan?

IFaculty of Artificial Intelligence and Cyber Security, Universiti Teknikal Malaysia Melaka, Malaysia
2Faculty of Electrical Engineering Technology, Universiti Malaysia Perlis, Malaysia
3Centre of Excellence for Advanced Sensor Technology (CEASTech), Universiti Malaysia Perlis, Malaysia
4School of Electrical and Electronic Engineering, Universiti Sains Malaysia, Penang, Malaysia
SFaculty of Information and Communication Technology, Universiti Tunku Abdul Rahman, Perak, Malaysia
SFaculty of Electrical Engineering, Universiti Teknologi MARA, Dungun, Terengganu, Malaysia
E-Mail: zaffry@utem.edu.my

ABSTRACT

Gas Distribution Mapping (GDM) is a method used to represent the dispersion of harmful gas and serves the
purpose of localizing the gas source within an environment. Basically, a mobile robot carrying a gas sensor, known as
Mobile Robot Olfaction (MRO), helps to collect important readings in the contaminated area and is used to generate the
GDM. There are many environmental factors that could affect gas dispersion that were reported in previous work, which
could also affect the quality of the GDM. However, one frequently neglected important environmental factor is ambient
temperature, which could influence the dispersion of gas within the indoor environment. This paper aims to improve the
original algorithm of GDM by incorporating ambient temperature information into the algorithm, which is known as the
Temperature-compensated Kernel DM+V algorithm. A solution was proposed to improve the original Kernel DM+V
algorithm by considering the ambient temperature reading within the environment. The original algorithm of GDM was
modified by altering the kernel width according to the ambient temperature reading. The proposed solution was observed
under both cooler and warmer environments, showing that the gas distribution in the warmer environment extended over a
larger area compared with its dispersion in the cooler environment. Compared to the conventional method, it seems to
represent a similar gas distribution even though there is a difference in ambient temperature level. This study demonstrates
that incorporating ambient temperature information into the original GDM algorithm results in a more realistic gas
distribution map that accurately reflects gas dispersion under varying environmental conditions.
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INTRODUCTION These incidents underscore the urgent need for

With the rapid growth of industrial sectors, the
use of dangerous chemical gases, such as Ammonia
(NH3), Chlorine (Cl), Carbon Dioxide (CO2), and other
harmful Volatile Organic Compounds (VOCs), has also
risen. These gases pose significant risks to public health
and safety, especially when accidental leaks occur. For
instance, in 2020, an incident of harmful gas leakage
occurred at a factory’s storeroom in the Kulim Hi-Tech,
Kedah, Malaysia. Even though no fatalities were reported,
59 individuals fell ill due to toxic ammonia inhalation [1].
The affected workers were first decontaminated to
neutralize the gas before they were handed over to the
hospital for further treatment. In the most recent incident
of 2023, a gas leak in Punjab, India, resulted in the tragic
loss of 11 lives, marking the latest fatal industrial accident
in the country. The rescue team attributes this unfortunate
event to the company's inadequate safety standards and
insufficient checking procedures, ultimately leading to the
incident [2].

more effective gas detection and localization systems.
Toxic gases are often odorless, colorless, and undetectable
by the human sensory system, making them especially
dangerous [3]. Prolonged exposure to such gases can cause
a variety of serious health issues, including respiratory
damage, neurological effects, and even death [4].
Currently, emergency responses to gas leaks involve
humans localizing the source, which exposes them to
potential hazards [5]. Additionally, the ability to localize
gas sources quickly and accurately is essential not only for
emergency response but also for applications such as air
quality monitoring, environmental protection, and drug
detection.

Many industries have adopted stationary gas
sensor systems to detect the presence of harmful gases.
These systems offer several advantages, such as providing
detailed information about harmful gases in a specific
environment and collecting essential data on a regular
basis. However, a major limitation of stationary systems is
their ability to gather gas concentration data only within a
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confined area which often incurs the problems of non-
detection zones and low-granularity monitoring, especially
in complex indoor scenarios where environmental factors
are dynamic and non-convex function [6]. Furthermore,
they lack flexibility, are costly, are time-consuming to
install, and remain incapable of performing gas source
localization [7]. Therefore, using a mobile robot carrying a
gas sensor is more practical since it is easier to deploy, can
do repetitive tasks without getting exhausted, and can
enter contaminated areas that human beings cannot reach.
Moreover, it can also provide a higher and adaptive
resolution than a stationary sensor network, further
offering accurate localization and creating a better gas
distribution model [8].

GDM is a process of presenting the spatial
distribution of gases within the environment, providing
valuable insight into the gas dispersion pattern. One of the
key challenges in GDM is the unpredictable nature of
harmful gas dispersion. In actual indoor gas leakage
accidents, the process of gas diffusion is governed by
complex mechanisms that are influenced by a variety of
environmental factors, including temperature, pressure,
airflow, and obstacles [9, 10]. Failure to consider these
factors during the development of the GDM may lead to
misinterpretations and inaccurate representations of the
gas dispersion. Therefore, it is crucial to consider all
relevant environmental factors to ensure the gas map
accurately reflects the true dispersion of the gas.

Temperature is widely recognized as a critical

environmental parameter affecting gas dispersion. A study
has shown that higher ambient temperature can increase
gas diffusivity and spread distance in indoor
environments, indicating that temperature significantly
affects the dispersion process [11]. However, there are
currently no reports on the integration of temperature
effects within GDM algorithms. In practical gas leakage
scenarios, leaks may occur under varying ambient
temperature conditions influenced by ventilation systems,
external climate changes, and seasonal variations.
Neglecting these temperature-related factors can lead to
inaccuracies in predicting gas spread and behavior within
indoor spaces.
Overall, the development of a mobile robot-based gas
distribution mapping using ambient temperature
information is motivated by the growing need for more
effective, flexible, and accurate methods of representing
harmful gas spread in indoor environments. This research
proposes an enhancement to the Kernel DM+V algorithm
by incorporating ambient temperature information and
highlights the significant impact of considering
temperature on GDM representation.

RELATED WORK

Earlier sections outlined the relevance of gas
detection using mobile robots and highlighted why
environmental factors should be considered while
constructing GDM. More recently, GDM has attracted
growing interest among researchers, expanding the role of

mobile robots beyond source localization alone. As mobile
robotic systems continue to advance rapidly, an increasing
number of studies focusing on GDM have been published
over recent years.

In the early work on GDM, [12] developed a
robot capable of mapping gas distribution across a specific
area. A conductive polymer sensor was mounted on a
mobile robot, which conducted random walks throughout
the experiment. To facilitate data interpretation, the
number of ‘odor hits' (i.e., measurements exceeding a
predefined threshold) was recorded and displayed as a
two-dimensional (2D) histogram. However, for the robot
to generate a reliable representation of the gas distribution,
it needed to explore every part of the area, as no
extrapolation method was proposed. Consequently, this
approach is considered unsuitable for large-area
applications due to the extended time required.

Later, [13] proposed a probabilistic method to
cope with the extrapolation issue based on previous work
proposed by [12]. This method implements a statistical
approach on the grid cells to create gas concentration map
data. It represents an estimation of the gas distribution
mean and applies an extrapolation algorithm by
convolving a single point of gas sensor reading to a nearby
location (i.e., neighborhood cells) by using a symmetrical
Gaussian kernel, as shown in Figure-1. Therefore, each
cell on the map will have a predefined gas mean reading
from all measurements. The method assumes the robot's
position is known and the map is built to refer to the
GDM. This approach was later extended to a three-
dimensional (3D) GDM which implements a tri-variate
Gaussian kernel to extrapolate the gas sensor reading at a
different height [14]. A notable strength of this method is
that the robot is not required to explore each part of the
area to create a reliable gas distribution map. However,
this method relies on a fixed-size Gaussian kernel, as it
does not consider any environmental factor in the
algorithm.

x [m]

Figure-1. Sum of likelihood function Gaussian
extrapolation along a straight line [13]

Then, [15] enhanced the work by proposing a
method that integrates simultaneous localization and
mapping (SLAM) with GDM. This method displayed the
obstacles around the robot and the gas concentration in a
single grid map, allowing the robot to explore an unknown
environment. This work implemented the Rao-
Blackwellisation particle filter to estimate the robot's
position and then build the GDM while exploring the
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environment. This approach enables a mobile robotic
platform to construct gas distribution maps in real time by
employing SLAM as the positional framework for the
sequential map generation process.

Next, [16] presented a method that treated GDM
as a regression problem and applied Gaussian Process
Mixture (GPM), allowing GDM to precisely smooth the
background signal and the area with high concentration. It
also proves that the accuracy of gas source prediction can
be improved by variance computation. Following this
approach, the Kernel DM+V algorithm was proposed with
two parallel estimation processes using mean and variance
prediction of GDM [8]. The work shows that variability
lies with the gas sensor measurements, making the
variance map more accurate in estimating the gas source
location. In addition, the larger dataset can be handled by
Kernel DM+V with a more straightforward learning
procedure.

Over recent years, the researchers have
acknowledged the necessity of integrating environmental
variables that affect gas dispersion, such as wind,
obstacles, pressure, temperature, and humidity, into the
GDM algorithm. Consequently, [17, 18] expanded the
Kernel DM+V to 2D and 3D Kernel DM+V/W, which
incorporated wind information into the algorithm. The
robot is equipped with a vertical array of gas sensors and
an ultrasonic anemometer to measure the environmental
wind vector. This vertical array of gas sensors, along with
the ultrasonic anemometer, collects wind data. The wind
vector information is then utilized to modify the shape of
the bivariate Gaussian kernel, as illustrated in Figure-2.
The kernel's shape and positioning correlate with the
nearby wind speed, enabling the algorithm to incorporate
data regarding the source and probable destination of the
chemical. The results of this study demonstrate an
enhancement in the mapping of gas dispersion compared
to earlier approaches.

Wind Correction

Ne Wind Correction

Figure-2. Gaussian kernel shape depending on the
wind vector [17]

Despite these advancements, the algorithm has
several drawbacks: firstly, it is time-consuming and
unsuitable for emergency applications; secondly, it fails to
include data obtained during movement, which, although
inherently noisy, can provide valuable insights [20]:
thirdly, the stretching parameter of the algorithm must be

set manually or empirically [21]. In addition, the algorithm
neglects the impact of airflow and inadequately
differentiates between the upwind and downwind
dispersion. To address this problem, a study has been
conducted by [22] that enhanced the method by
introducing the Kernel DM + V/W+ method. This method
introduces a local airflow correction term in the Kernel
DM + V method, which strengthens the influence of the
concentration reading on the downwind area and weakens
its influence on the upwind area.

Next, study in [23] pointed out the problem of
time-variant of gas measurement that is taken at the exact
location but at different instances of time. This is due to
the transient nature of the gas. To solve the problem, a
method called Gaussian Markov Random Field (GMRF)
was presented by accounting for obstacles and the
ephemeral character of gas concentration, suitable for
GDM. The current gas distribution measurement is more
faithful than the older one. Hence, the gas measurements
at different times but at various locations will be treated by
combining them according to their respective weight. The
approach produces better GDM in a structured indoor
environment.

Another notable study was reported in [24],
which continued the work done by [8, 14], improving the
performance of gas mapping using a real-time SLAM-
GDM combination as shown in Figure-3. In this work,
Hector SLAM was integrated with the Kernel DM+V
algorithm. The researchers produced real-time gas map
data that could accurately predict the gas source with a
displacement error in the range of 0.5 m-1.5 m [24]. The
predictions were accurate by considering the large
environment being tested and taking into account the
memory effect of the gas sensors.

SLAM

Ll-—-‘.

Gas Distribution
Map
(mean/variance)

Combined Map

Figure-3. Combination of SLAM and GDM [23].

The advancement of the GDM algorithm
continued when a study in [26] improved the system by
applying propagated Distance Transform (DT) as the
weighing function. The weighing function of Kernel
DM+V was improved using a propagated DT (i.e., City
Block) to obtain a ‘true’ correlation between cells if
obstacles are present in between. The estimated GDM is
more contained within the environment, thus providing a
better estimation of gas dispersion. Figure-4 illustrates a
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contrast between GDM when utilizing the DT algorithm
and when not employing the DT algorithm. However, this
algorithm has some drawbacks, as the computation of DT
is heavy and needs to use parallel computing, such as
using the Compute Unified Device Architecture (CUDA),
which is only available in the Graphics Processing Unit
(GPU). This will increase the computational power of the
mobile robot, which will consume more power than
previous methods, which could be only used by normal
CPU.

Figure-4. (a) GDM without distance propagation, and
(b) GDM with distance propagation [25]

From the literature on GDM works, various
environmental factors such as obstacles, wind, time-
variant, building layout, and surrounding structures have
been considered into the GDM algorithm. However, there
is still no work on the consideration of ambient
temperature information in the GDM algorithm. The
author believes that the algorithm should incorporate a
broader range of environmental factors influencing gas
dispersion to enhance the gas dispersion model. Hence, the
main contribution in this work is to incorporate ambient
temperature information to improve the conventional
GDM algorithm.

METHODOLOGY

This section presents the original Kernel DM+V
algorithm used to calculate the gas distribution mapping,
followed by the proposed Temperature-Compensated
Kernel DM+V approach that incorporates ambient
temperature readings. Then, the overall robot system
architecture is described and concludes with the
experimental setup used to generate GDM with both
approaches.

Kernel DM+V Algorithm

The Kernel DM+V uses a uni-variate Gaussian
weighting function N to represent the importance of
measurement 7; gained from location x® across the grid
cells of the map. The initial step of the Kernel DM+V
formulation is to compute two temporary grid maps of the
cumulative important weight, 2% and the cumulative
weight reading, R® as shown in Equation (1) and
Equation (2).

o® = 51, (- £ 0) g
R®) = Z?=1N(|xi — x(k)|,0')-ri 2

where, x) denotes the center of cell k and x; represents a
neighboring measurement cell. The Euclidean distance
|x; — x®| is the distance difference between cell k and
the location of the measurement cell, which is always a
positive value. The kernel width, o plays an important
parameter that determines the amount of extrapolation of
the importance of measurement, 7;. Then, the confidence
map, a® will be introduced for the level of estimation of
every cell k and computed as in Equation (3).

a® =1 _ g-(2®) /o3 3)

The confidence map value, @®) is normalized and has a
value in the interval of (1,0) with a scaling parameter, og.
Then, it will be used to compute the predictive mean at the
respective cell, r*) as in Equation (4).

r()
rl =a® s+ {1 - a®)n )

The predictive mean is influenced by the
confidence level, where a higher confidence level leads to
)
PGk
Conversely, with a lower confidence level, the mean
estimation approaches to 1y (i.e. the average overall sensor
reading).

Then, the cumulative weight variance, V® of the
gas measurement is calculated as in Equation (5).

the estimation approaching the weighted mean,

Ve =31 N(|x; —x®)|, 0). (r; — r*k©)?2 5)

where k(i) is the nearby cell close to the measurement
point, which is x; and therefore r®*®) refers to the
predictive mean of cell k. Note that, Equation (5) is quite
similar to Equation (2), except that the r; is replaced by
(r; — r®*®))2 to measure the variability of the reading
with respect to the calculated mean. Lastly, the Predictive
variance map is computed as in Equation (6).

y@®
U(k) = (Z(k) m + {1 - (X(k)}. Vo (6)
. X v(®
A higher value of a® converges toward 5

while lower value of a® converge to v, (i.e. the average
overall variance computation). This algorithm measures
the variability of the gas reading with respect to the mean
each time a new reading is acquired.

Temperature-Compensated Kernel DM+V Algorithm
The original algorithm of Kernel DM+V does not

account for the surrounding conditions of an indoor

environment. As noted in the literature, gas dispersion can
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be affected by factors such as wind, ambient temperature,
pressure, and obstacles. Incorporating these environmental
conditions is therefore essential, particularly ambient
temperature, which has not yet been integrated into the
original algorithm.

This study proposes a Temperature-Compensated
Kernel DM+V, where ambient temperature information is
used to adjust the Gaussian kernel width, o for gas reading
extrapolation. By correlating the kernel width with
ambient temperature measurements, the information
content of the gas map will vary according to ambient
temperature levels. As illustrated in Figure-5, smaller
values of ¢ produce narrower bell-shaped kernels with
minimal extrapolation, while larger o values yield broader
kernels, allowing greater extrapolation of sensor readings.

0.8 1

N(|x; = x®|, 0)
°© o o o
= w ()] ~
:

o
W
L

-4 =2 0 2 4
Distance (m), |x; — x®)|

Figure-5. 1D Gaussian with variable kernel width, c.

The formulation of Temperature-compensated
Kernel DM+V is based on the cumulative important
weight, 2%, the cumulative weight reading R and the
cumulative weight variance, V) of original Kernel
DM+V as shown in Equations (1), (2) and (5). These
equations are modified to incorporate the Temperature-
compensated kernel width, o, as presented in Equations
(7)-(9). This algorithm assumes a linear dependency of the
kernel width, which dynamically changes in response to
varying ambient temperature readings.

'Q(k)(O-T) = ln=1 N(|xi - x(k)l,aT), (7)
R®(ar) = By N(|o; — x®|, 07).73 ®)
VO (or) = Ly N(Jo = x®),0p). ( —=r®D)2 - (9)

Then, from the Equation (7), the Temperature-
compensated confidence map is computed as Equation
(10):

a®(g,) = 1— e~(@¥6n) /o5 (10)

Finally, the Temperature-compensated predictive
mean map and variance map were obtained using Equation
(11) and Equation (12) respectively.

R (o)
r®(o) = «®(op) S+ (1 - a®(ap))ry (1)
v® () = a® (o )M+ (1—a®(op)}v (12)
T) — T .Q(k)(D'T) T)SY0

The Temperature-compensated kernel width, o
depends on five parameters: the minimum threshold of
kernel width, ay,, the maximum threshold of kernel
width, 0y, the minimum threshold of ambient
temperature, Ty,, the maximum threshold of ambient
temperature, Ty.e, and ambient temperature sensor
readings, Tg. All parameters, except the ambient
temperature sensor reading were determined heuristically.

The ambient temperature range has been set in
the range of Ty, = 278.15 K (i.e. 5 °C) to Tpyq, = 313.15
K (i.e. 40 °C), representing most possible real-world
indoor conditions. The kernel width size has been
constrained within the interval of gy, = 0.5 m to gy, =
1.5 m since it is seen to produce a more correct map
prediction. They emphasize the importance of avoiding
excessively narrow or wide kernel widths. A narrow width
leads to under-smoothing in the GDM, whereas an
excessively wide width results in over-smoothing [24].
The value of Temperature-compensated kernel width, o
is determined as shown in Equation (13):

JMax . TR > TMax
or=1390 1t Omin i Tyin < Tp < Tyax (13)
O-Min . TR < TMm

where the value of o; is determined based on ambient
temperature readings, Tr. If T exceeds the maximum
threshold, Tyqy, Or less than the minimum threshold, Ty,
the value of o7 is set to the maximum, oy, or minimum,
oyin respectively. However, if the, Ty lies within the range
of minimum and maximum threshold of ambient
temperature, or is calculated as the sum of the kernel
node, o, and minimum value of kernel width, o,.
Equation (14) presents the derivation used to obtain the
kernel node, gy.

o = ZMax=IMIn (T Tpin) (14)

TMmax—TMmin

It should be noted that this algorithm is suitable
only for indoor environments, where the effect of wind is
minimal. Applying it outdoors could lead to incorrect
interpretations of gas dispersion, as strong wind can
significantly alter the spread of gas. Figure-6 illustrates an
example of varying extrapolation sizes of kernel widths at
different ambient temperature levels (i.e. cool and warm
conditions) for both original and proposed GDM methods.
In the original method, the kernel width remains
consistent, regardless of changes in environmental
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conditions during mobile robot exploration. In contrast,
the proposed method dynamically adjusts the kernel width

Conventional Kernel DM+V

Warm
o
/
/
a. *———__ | similar size of
/ 1 o ~ extrapolation
/ / P
//_‘

in response to the surrounding environmental conditions.

Temperature-compensated Kernel DM+V

Warm
— —
\
N
/ dynamic
- size of
0'1 T e extrapolation
/ depend on
Cool ambient
temperature
/ \ /[
/ \ g, /
\ / \ /
\ g
\ L /

Figure-6. Example of varying extrapolation sizes at different ambient temperature levels
for the conventional and Temperature-compensated GDM methods.

Mobile Robot Architecture

The Bveeta Mini Type R robot was used in this
study to collect the data required for the experiments.
Figure-7 shows all the robot’s components and its label.

| Lidar sensor }\

‘ Aluminium

Front view Side view

Raspberry Pi
board S

Battery 12v
(2000mh)

Smart Drive
Duo(SDD)

‘ DC Motor(12v)

‘ Sensor Board
L -

. Arduino MEGA

15cm

Figure-7. Bveeta robot.

The robot comes with a dimension of 18 cm
(height) x 19 cm (width) x 15 cm (length), with the size of
the robot’s aluminum wheel 6 cm in diameter respectively.
Both wheels are attached to the 12 V Direct Current (DC)
motor with the encoder which is controlled via the Smart
Drive Duo (SDD) board and each of the DC motor can
reach up to 130 rpm. However, the robot was operated at a
maximum speed of 5 cm/s during the data collection
process since this speed had been commonly employed by
prior researchers to facilitate interaction between the gas
sensor and the released gas [8]. A 12 V battery with a
capacity of 2000 mAh was used to supply power to all
robot’s components, enabling the robot to operate with a
maximum time of 2.5 hours continuously. The Raspberry
Pi 4 Model B is the main component of the robot and acts
as a mini computer installed with the Ubuntu 18.04
operating system. The ROS master runs on this
microcomputer and oversees all the ROS nodes from both
the base station and the robot system. The Raspberry Pi
communicates with the Arduino MEGA via the ROS
bridge tool, which allows the Arduino board to acquire
sensor readings (e.g. from the sensor board and motor

encoder) and publish them to the Raspberry Pi. The robot
has been equipped with a sensor board to collect important
information in the contaminated area, especially
information on gas and ambient temperature. Figure-8
shows the customized sensor board installed on the robot.

Figure-8. Sensor board installed on the robot: (1) MOX 1,
(2) MOX 2, (3) humidity, and (4) temperature sensor.

The main function of the sensor board is to
measure the important information of the contaminated
area such as gas concentration, temperature, and
percentage of relative humidity reading. The sensor board
was equipped with two Figaro TGS 2600 gas sensors
(sensor 1 and sensor 2) to measure the VOCs
concentration reading, while ambient temperature and
relative humidity were measured by using a typical LM35
(sensor 4) and HIH-5030 (sensor 3) respectively. The
sensor board was positioned at the front of the robot, 5 cm
above ground level, as front-mounted configurations are
widely adopted in GSL applications [27]. This placement
is also appropriate because the ethanol used in this study is
denser than ambient air and tends to disperse near the
ground. In addition, the sensor board was directly exposed
to the environment rather than put inside a chamber with a
fan as implemented in the work [28-31]. This design could
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minimize the risk of altering the concentration,
temperature, humidity, and surrounding airflow that could
occur in a controlled chamber environment.

Experimental Setup

An experiment was conducted to investigate the
effects of cool and warm ambient temperature levels on
the proposed GDM method within a cabin room located at
the Faculty of Electrical Engineering & Technology,
Universiti Malaysia Perlis. The cabin room has
dimensions of 12 m (length) x 7 m (width) x 3 m (height).
It is equipped with five wall-mounted air-conditioning
units, each with a capacity of 2.5 hp, which can be
activated to cool the room as needed. Notably, the ambient
temperature within the cabin is influenced by external
weather conditions. On sunny days, when outdoor
temperatures are high, the ambient temperature inside the
room can rise to a maximum of 40 °C in the absence of
air-conditioning. Conversely, during the night, the ambient
temperature can drop to approximately 18 °C when the air-
conditioning units are in operation.

Five distinct and random locations were carefully
selected to represent a diverse range of scenarios. For each
of these locations, gas release experiments were conducted
under two specific ambient temperature conditions: cool
and warm environments. The spatial arrangement of the
gas sources within the room is illustrated in Figure-9,
while Table-1 provides precise coordinates of each gas
source location.

3 —— N ——

Location 2

Indicator

N smalireem

Closed door

Closed window

L |
mgm  Air-conditioner
A

Gas Source

A
Location 1 Location 3| Stage

Y-axis
im

Location 5

Location 4
>

12m
X-axis

o [0 e
-

Figure-9. Five different locations of gas sources inside the
cabin room.

Table-1. Different locations of the gas source.

Coordinate (m)
Location
X Y
1 4.32 3.44
2 4.32 5.63
3 8.13 3.75
4 4.32 0.91
5 0.71 2.78

For the purpose of this study, the gas source was
simulated using a container filled with a 95% ethanol

solution, which served as a representative medium for the
harmful gas released during the experiments. When the
gas is released, an increase in concentration in the local
surroundings of the source will be an immediate result.
Fluid dynamic effects like advection (wind) or diffusion
may then carry the increased concentration further into the
environment [32]. To maintain controlled experimental
conditions, all air gaps in the experimental room were
effectively sealed to prevent disturbances caused by strong
airflow that could influence the dispersion of the released
gas. Additionally, all windows and doors were closed
during the experiments, ensuring that gas distribution
remained unaffected by external factors.

In order to create distinct environmental
conditions for the experiment, specific measures were
taken. For the warm environment, the experimental trials
were conducted during the afternoon on a sunny day,
without any air-conditioning units being activated. This
approach ensured that the room was maintained at a warm
temperature. Conversely, for the cool environment, the
experiments were conducted at midnight, taking advantage
of the lower outdoor temperature. This step helped to
minimize the heat transfer process and facilitated easier
control of the cool temperature within the room.

To establish a cool environment, all five air-
conditioning units were activated and set to a temperature
of 16 °C for a duration of three hours, effectively cooling
the ambient temperature within the room. However, prior
to commencing the experiment, all air-conditioning units
were turned off to prevent significant airflow, thus
allowing for the natural dispersion of the gas after
exposure.

After five minutes of gas exposure, a mobile
robot equipped with sensors was deployed and controlled
by the operator to collect data measurements. The robot
followed a predefined trajectory at a maximum speed of 5
cm/s in a deliberate sweeping pattern within the
designated area, as depicted in Figure-10. This systematic
movement strategy ensured comprehensive data collection
across the entire spatial domain while simultaneously
recording real-time ambient temperature readings and
mapping the structure of the building. All procedures were
repeated for each of the five distinct locations mentioned
previously, enabling the acquisition of data from various
gas sources under different environmental conditions.

ST T Indicator
WP —mmmm e e ISmaII room

Closed door

—_—
Bt Closed window
* mgm  Air-conditioner

Robot move
direction

- Robot path

Figure-10. Robot path inside the cabin room for data
collection with manual control.
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RESULTS AND DISCUSSIONS

This section will discuss the experimental results
of GDM collected under different ambient temperatures in
both qualitative and quantitative aspects, highlighting the
difference in map representation and gas localization
accuracy.

Qualitative Results of GDM

Table-2 and Table-3 present the predictive mean
and predictive variance maps for Gas Location 5 and 4
under different ambient temperature conditions (cool and
warm), using two methods: Kernel DM+V and
Temperature-compensated Kernel DM+V. In the

predictive mean maps, gas concentration is visualized
using the ‘Jet’ color scale, where higher concentrations of
gas appear as intense red regions and lower concentrations
as intense blue regions. In contrast, the predictive variance
maps use the ‘Reds’ color scale. Areas with higher
variance are shown in deeper red tones, whereas lighter
red tones indicate lower variance. The Black regions in all
maps denote walls and obstacles encountered along the
robot’s trajectory. Furthermore, each gas map is plotted
with the actual and predicted locations of the gas source,
where the green square indicates the actual gas source, and
the yellow square marks the location predicted by the
global maximum.

Table-2. Gas distribution map result at location 4.
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Table-3. Gas distribution map result at location 4.
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Temperature-compensated Kernel DM+V
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The table highlights the differences between
methods that incorporate ambient temperature information
and those that do not. When ambient temperature is
considered, the algorithm dynamically adjusts the kernel
width in response to environmental conditions. For
example, in warmer environments, gas molecules gain
kinetic energy, leading to increased movement and
broader dispersion. This causes the gas concentration to
spread over a wider area, which the algorithm
compensates for by expanding the kernel width.
Consequently, the model can more accurately reflect the
larger dispersion area. Conversely, in cooler environments,
where gas molecules exhibit less kinetic energy and
remain more concentrated, a narrower kernel width is used
to match the smaller dispersion area.

In cases where ambient temperature is not
considered, the model uses a fixed kernel width, regardless
of temperature variations. This approach may perform
adequately in stable or moderate conditions, but it can lead
to errors when applied to highly variable environments.
For instance, in warm conditions, the fixed kernel width
may not fully capture the extent of gas dispersion,
potentially leading to an underestimation of the affected
area. On the other hand, in cooler conditions, a fixed
kernel width might overestimate dispersion.

For gas source localization, the global maximum
value in each gas map is used as the estimated source
position. Based on the observations, most predicted
locations fall within regions of high concentration, as the
global-maximum approach naturally identifies highly
concentrated cells as emission points. However, these
high-concentration regions often accumulate near walls,
which contributes to increased localization error. Overall,
both methods yield similar predictions for the gas source
location.

Quantitative Results of GDM

Qualitative observations indicate that gas
distribution maps generated under warmer ambient
conditions present a noticeably broader spread of gas
concentration compared to those produced in cooler
environments. This finding is further evaluated through
quantitative analysis, comparing the fluctuating percentage
changes in total white pixel values under both conditions.
Table-4 presents a comprehensive summary of the white
pixel readings for each gas map, considering the ambient
temperature information, as well as a separate analysis
without taking ambient temperature into account.
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Table-4. Summary of pixel binary number 1 (cell value > 0.9).

. With ambient temperature Without ambient temperature
Ga§ Amb_“?“t consideration consideration
location | condition Mean Map Var Map Mean Map Var Map
cool 1948 1049 1639 892
Loc. 1 +131% +72% +78% -8%
warm 4505 1806 2925 820
cool 491 561 486 748
Loc. 2 +71% +179% +10% +23%
warm 840 1566 535 918
cool 1151 911 1037 604
Loc.3 +48% +129% +8% +19%
warm 1709 2088 1119 718
cool 1052 684 1010 460
Loc. 4 +31% +33% +8% +8%
warm 1377 909 1090 496
cool 537 408 431 316
Loc. 5 +46% +79% -13% -10%
warm 784 730 376 349

According to the table, when there is no ambient
temperature consideration, the mean map and variance
map for all locations exhibit a minor difference in gas
spread, despite being released at different ambient levels.
For example, the difference in gas concentration for the
mean map in “Location 3” and “Location 4” exhibits only
+8% from a cool to a warm environment. In the worst case
by neglecting ambient temperature information, the mean
map and variance map in “Location 5” exhibit -13% and -
10% of concentration changing even though the
environment changes from cool to warm. This oversight
can lead to misinterpretations of the actual gas dispersion
behavior in real-world conditions, where gas in warmer
environments would typically spread over a broader area
compared to cooler environments. In general, most GDMs
without ambient temperature consideration show
insignificant and inconsistent percentage changes of gas
concentration in cool and warm environments which do
not reflect the environment condition.

Conversely, by taking the ambient temperature
into consideration, significant and consistent percentage
changes are observed across most GDMs for both cool and
warm environments. Each GDM result demonstrates a

positive, consistent increase in gas spread from cool to
warm conditions, aligning with the expected behavior of
gas dispersion in real-world settings. This indicates that
the proposed algorithm effectively adjusts gas spread in
response to specific environmental conditions, without
requiring manual adjustments to the kernel width. This
adaptability enables operators or rescuers to identify high-
risk areas accurately, thereby enhancing their capacity to
respond swiftly and efficiently to mitigate the hazards of
harmful gas exposure.

Figure-11 illustrates the result in Table-4 for
better visual interpretation. From the histogram chart, it
can be seen that the GDM algorithm with ambient
temperature considerations produces more consistently
wider gas dispersion under warmer conditions. In contrast,
the GDM algorithm without ambient temperature
consideration shows a noticeably smaller increase in
dispersion from cool to warm environments, and in some
locations even a reduction. This behavior does not
accurately reflect the fundamental principles of gas law,
where higher ambient temperatures are expected to
enhance gas diffusion and spread.
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Figure-11. Summary of pixel binary number 1 (cell value > 0.9) for (a) Mean map and (b) Variance map.

Table-5 provides a comprehensive quantitative
evaluation of the Euclidean distance errors between actual
and predicted gas source locations for both the predictive
mean and variance maps across five specific locations

under two ambient conditions (i.e., cool and warm). This
table offers valuable insights into the accuracy of the gas
maps for each location under varying ambient temperature
settings.

Table-5. Euclidean distance error between the actual and predicted gas source location.

Map Ambient Euclidean distance Error (m) Average
condition | 1oc.1 | Loc.2 | Loc.3 Loc. 4 Loc. 5 Error (m)
With Mean Cold 1.78 1.53 2.27 1.32 0.64 1.51
ambient Map Warm 1.51 1.50 2.34 1.16 0.83 1.47
temperature Var Cold 1.13 1.41 2.33 1.18 1.04 1.42
consideration
Map Warm 0.57 1.44 1.80 1.04 0.94 1.16
. Mean Cold 1.75 1.50 2.07 1.45 0.68 1.49
without
ambient Map Warm 1.15 1.50 1.95 1.12 0.83 1.31
temperature Var Cold 1.17 1.40 2.23 1.27 0.74 1.36
consideration
Map Warm 0.61 1.03 1.30 0.96 0.81 0.94

From the table, it can be observed that cool and
warm conditions have minimal impact on the accuracy of
gas localization, with distances ranging from 0.57 m to
2.34 m. The average distance error between the actual and
predicted gas source locations was between 1.16 m to 1.51
m. This variance is attributed to predictions in “Location
3,” which show the largest distance error, as most of the
gas concentration accumulates along the building’s wall,
contributing to the overall increase in average distance
error. However, the distance error observed in this
experiment remains within an acceptable range, given the
extensive size of the test area. Figure-12 shows the
summary result from Table-5.

Average Euclidean Distance Error (m)

15 1

14

13

12

11

1.0

Mean (cool)

Comparison of Gas Source Localisation Average Error

—8— With Ambient Temp
—m- Without Ambient Temp

Mean (warm) Var (cool)
Map Type (Env. condition)

Var (warm)

Figure-12. Average Euclidean distance error for
gas localization.
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For the predictive mean map and variance map,
without considering ambient temperature in both cool and
warm environments, three out of five gas location
predictions are more accurate compared to those maps that
incorporate ambient temperature. However, the error rates
for both methods are comparable, with differences not
particularly pronounced. Overall, the average prediction
error for gas source localization for the GDM without
ambient temperature consideration is lower compared to
the GDM that accounts for ambient temperature.

The reason for this is that when ambient
temperature is taken into account, the GDM dynamically
increases the kernel width in warm environments to
accommodate the broader gas spread. While this
theoretically aligns with the larger dispersion, it can also
decrease localization accuracy. A larger kernel width
smooths the concentration gradient, reducing the model's
sensitivity to subtle concentration variations near the
source. This may result in the predicted gas source
position being less precise, as the larger kernel size
effectively ‘averages out’ nearby concentration peaks that
could otherwise help pinpoint the origin more accurately.
Thus, instead of sharply focusing on a localized peak, the
model spreads the effect over a larger area, making it
challenging to locate the true source.

Unlike models incorporating ambient
temperature, the GDM with a fixed kernel width does not
adjust for environmental changes. This narrower kernel
results in a concentrated distribution that accentuates high
concentration areas near the source, even In warmer
conditions. Consequently, the model’s predictions may
more accurately reflect the actual gas source location, as it
consistently applies uniform spatial parameters for
localization regardless of varying environmental factors.

CONCLUSIONS

As most existing studies on Gas Distribution
Mapping (GDM) often overlook the influence of ambient
temperature on gas dispersion in indoor environments, this
study demonstrates an improved version of Kernel DM+V
by incorporating ambient temperature information. The
improved algorithm, known as the Temperature-
compensated Kernel DM+V, was successfully developed
and tested in the controlled indoor environment under both
cool and warm conditions. Experimental results show that
the proposed algorithm could produce more realistic and
spatially  consistent gas  distribution  estimations,
particularly in areas affected by ambient temperature
differences. The algorithm allowed the system to adjust its
Gaussian convolution based on temperature, producing a
more realistic gas distribution map and preventing the
misinterpretation of gas behavior under varying thermal
conditions. However, the integration of ambient
temperature reduces sensitivity to kernel width and the
robustness of source localization predictions, as the larger
kernel size effectively ‘averages out’ nearby concentration
peaks that could otherwise help pinpoint the origin more
accurately. Thus, instead of sharply focusing on a

localized peak, the model spreads the effect over a larger
area, making it challenging to locate the true source.
Overall, the findings confirm that ambient temperature is a
critical factor in indoor gas dispersion. Incorporating
temperature information into the Kernel DM+V
framework substantially enhances the realism and
practical reliability of GDM, supporting its adoption in
real-world indoor monitoring and mobile robot olfaction
applications.
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