2026 IEEE International Conference on Robotics and Automation (ICRA 2026)

June 1-5, 2026. Vienna, Austria

Calibration-Free Gas Source Localization with Mobile Robots: Source
Term Estimation Based on Concentration Measurement Ranking

Wanting Jin, Agatha Duranceau, [zzet Kagan Eriinsal and Alcherio Martinoli

Abstract— Efficient Gas Source Localization (GSL) in real-
world settings is crucial, especially in emergency scenarios.
Mobile robots equipped with low-cost, in-situ gas sensors
offer a safer alternative to human inspection in hazardous
environments. Probabilistic algorithms enhance GSL efficiency
with scattered gas measurements by comparing gas concentra-
tion measurements gathered by robots to physical dispersion
models. However, accurately deriving gas concentrations from
data acquired with low-cost sensors is challenging due to the
nonlinear sensor response, environmental dependencies (e.g.,
humidity, temperature, and other gas influences), and robot
motion. Mitigating these disturbance factors requires frequent
sensor calibration in controlled environments, which is often
impractical for real-world deployments. To overcome these
issues, we propose a novel feature extraction algorithm that
leverages the relative ranking of gas measurements within
the dynamically accumulated dataset. By comparing the rank
differences between gathered and modeled values, we estimate
the probabilistic distribution of source locations across the
entire environment. We validate our approach in high-fidelity
simulations and physical experiments, demonstrating consistent
localization accuracy with uncalibrated gas sensors. Compared
to existing methods, our technique eliminates the need for
gas sensor calibration, making it well-suited for real-world
applications.

I. INTRODUCTION

Gas leak detection is critical for industrial safety, en-
vironmental protection, and public health [1]. Localizing
the source of the leak is often time-sensitive, especially in
emergency scenarios. However, measuring gas concentra-
tions in large areas is time-consuming, as in-situ gas sensors
provide only point measurements at specific locations and
times. Consequently, efficiently estimating the source with
only a limited number of measurements is of paramount
importance. Probabilistic algorithms facilitate Gas Source
Localization (GSL) with scattered gas measurements by
incorporating knowledge of gas plume models [2]. They
iteratively update the belief of each candidate source po-
sition by assessing the alignment between the measured
gas concentrations derived from the sensor readings and
the estimated gas concentrations derived from gas plume
models. However, real-world GSL is challenging because
of the limited faithfulness of plume models and reliability
of concentration measurements. In this work, we propose
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Fig. 1: Gas measurements collected using different sensor
boards (A and B) and gas sampling strategies (stop-sense-
go and sense-in-motion). The difference in sensor responses
highlights the impact of both sensor properties and robot
motion on gas measurement consistency.

addressing the model-to-measurement gap with a gas fea-
ture that reduces dependency on precise plume models while
effectively utilizing raw sensor readings to retain information
for probabilistic GSL algorithms.

Given the complexity of conducting GSL experiments in
the real world, many existing works are performed solely
in simulation [3]-[7]. However, two critical challenges are
often overlooked, which limits the transfer of these methods
to real-world applications: (i) complex environmental layouts
with obstacles, and (ii) the slow, nonlinear response of phys-
ical gas sensors to changes in gas concentration. In [3] [4],
the environment is assumed to be obstacle-free, and therefore
the gas dispersion can be modeled analytically under a steady
regime assumption. In realistic settings, however, obstacles
can significantly influence the gas dispersion pattern, making
analytical solutions infeasible. To address challenge (i), one
promising approach proposed in our previous work is to use a
Data-Driven Plume Model (DDPM) as a surrogate gas plume
model for built environments [8]. DDPM is a learning-based
method that predicts the gas concentration distribution given
a hypothesized source location and environmental layout.
Regarding challenge (ii), in [5]-[7] gas sensor outputs are
treated as accurate concentration measurements perturbed
only by white noise. In practice, however, physical gas
sensors such as Metal OXide (MOX) sensors, depend on
direct exposure and chemical interaction with the target
gas, and therefore exhibit slow and nonlinear response to
concentration changes. In addition, these sensors usually
have slow response and recovery dynamics, which can lead to
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spatial misalignment when measurements are collected while
the robot is moving.

To illustrate this, Fig. 1 highlights the impact of sensor
properties and robot motion on gas measurements. The solid
red and blue lines show outputs from two MiCS-5521 MOX
sensor boards in a sfop-sense-go mode, where the robot
pauses at each sampling point. The orange dashed line shows
readings from the same sensor board as the blue line, but
in a sense-in-motion mode, where measurements are taken
continuously during motion. The difference across these
results highlights two key effects: (1) individual sensors can
produce different responses under identical conditions, and
(2) sampling in motion reduces signal magnitudes and shifts
peak position due to shorter gas contact time and slow sensor
dynamics [9] [10]. Therefore, a direct comparison between
estimated gas concentrations by DDPM and measured con-
centrations is nontrivial. While the absolute values of sensor
readings vary across conditions, the overall evolution remains
similar. These observations motivate us to consider the design
of alternative features that are robust to sensor variability and
motion-induced artifacts.

A. Related Work

Various gas features have been explored for GSL tasks,
with the most commonly used ones being absolute gas
concentration values and gas hit events. Several studies use
concentration values directly, assuming a linear relationship
between sensor output and actual concentration, modulated
by a scaling factor [11]-[14]. This model is only valid at low
concentrations, where sensor nonlinearity is negligible [15].
To address this point, [16] approximates the nonlinear
response between the output voltage reading with actual
gas concentration. However, this nonlinearity varies with
gas type, manufacturing variability, environmental conditions
(e.g., humidity, temperature, interfering gases), and sensor
aging [17]. As a result, each sensor must be calibrated
with known concentrations of gas mixture in controlled
conditions with a dedicated gas chamber to ensure accurate
concentration approximation [18] [19]. Frequent calibration
is required as the aforementioned environmental variations
are uncontrollable, which makes it impractical in real-world
settings. Gas hit events, binary indicators of gas presence or
absence, which can be triggered by fixed [20] [21] or adap-
tive [22] thresholds, offer an alternative feature. Compared
to gas concentration values, gas hit events are more robust
to sensor noise and drift. However, the binarization discards
the gradient information from the measurements, and their
accuracy depends heavily on the threshold selection.

B. Problem Statement

The objective of this work is to localize the 2D position
of a single gas leak source in indoor environments with
obstacles. We assume the leakage time is long enough for
the plume to reach a steady state. The environmental layout
and the inlet wind speed are assumed to be known. The
input of the system are the gas concentration measurements
gathered by a low-cost MOX sensor embedded on a mobile

robot. At each iteration, the algorithm outputs a belief map
indicating the likelihood of the source being in each part
of the environment. The algorithm is terminated when the
belief map converges or the maximum number of iterations is
reached, and the final output is the estimated source location.

C. Contribution

In this work, we address the problem of localizing a
single gas leak source with a ground robot equipped with
a MOX gas sensor. To eliminate the need for tedious sensor
calibration while preserving spatial gas intensity information,
we introduce a novel rank-based gas feature that incorporates
a probabilistic GSL algorithm. This method compares the
relative ranking sequence of measured and estimated gas
concentrations within their respective datasets, capturing
structural similarity under the assumption of a nonlinear but
monotonic relationship. By focusing on relative magnitude
evolution rather than absolute values, this approach enables
direct deployment on mobile robots endowed with uncali-
brated MOX sensors. More concretely, this paper presents
the following contributions.

« MOX sensor simulation: a faithful model that captures
the nonlinear response and slow dynamics of a MOX
sensor, integrated into the simulation pipeline.

o Rank-based gas feature: a novel gas feature that
encodes the relative rank of each concentration mea-
surement within the dataset.

o STE framework integration: the integration of the
proposed feature, along with three existing features, into
a probabilistic Source Term Estimation (STE) frame-
work [23], enabling comprehensive benchmarking of
the gas feature selection.

« Experimental validation: a comprehensive evaluation
of the resulting algorithmic pipeline through high-
fidelity simulations and real-world experiments with
different MOX sensors.

The outline of the paper is as follows: Section II presents the
proposed gas feature together with three alternative variants
typically leveraged in the literature and their integration
into a STE framework. Simulation and physical experiment
results are detailed in Sections III and IV, respectively.
Finally, Section V provides a discussion of the findings and
future research directions.

II. METHODOLOGY

The STE algorithm is designed to estimate key parameters
influencing the gas dispersion process, such as the source
position, based on an inverse modeling approach [23].

Overview of the STE: An overview of our STE algorithm
with gas feature extraction is shown in Fig. 2. The envi-
ronment is discretized into a grid, and each cell’s proba-
bility of containing the source is iteratively evaluated. At
each iteration, a steady-state gas dispersion model simu-
lates plumes from every candidate cell and estimates the
expected concentrations at the robot’s sampling positions.
The alignment between gas features extracted from the Gas
Sensing Module and those from the Gas Dispersion Model
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updates the probability of each cell containing the source.
The resulting Probability Distribution Function (PDF) over
source positions guides Informative Path Planning algorithm,
enabling more efficient data collection and accelerating
estimation convergence. A new iteration begins once the
robot reaches its goal and acquires a new batch of gas
measurements.

Let ® be a random variable representing the unknown
source location. The environment is discretized into N
grid cells, with candidate source locations represented by
{61,0,,...0y}, with ©; denotes the center coordinates of
cell j. For each iteration, let Dy.,, = {di,...,d,} represent
all the gas measurements gathered by the robots across
sampling locations denoted by Q1., = {q1,...,¢n}. For
each possible source location ©;, the gas dispersion model
simulates the gas plume with the gas source located at ©;
and derives the estimated gas concentrations represented by
Cy.n = {c1, ..., cn } across the same set of sampling positions
Q1.n. The gas features extracted from the measured gas con-
centration Dy, are denoted by M., = {my,...,m,}, while
those extracted from the estimated gas concentration Ci.,
are represented by FE1.,, = {e1,..., e, }. Each component of
the STE algorithm is detailed in the following sections.

A. Gas Dispersion Model

To incorporate the physical knowledge into the estimation
process, a gas plume (dispersion) model is essential for
predicting expected gas concentrations given a hypothesized
source location ©;. To extend the applicability of STE to
typical built environments, where closed-form model such as
the Pseudo-Gaussian plume model [24] can not be used, a
DDPM was proposed in [8] as a surrogate gas plume model.
This approach leverages a Convolutional Neural Network
(CNN) trained with gas dispersion maps under various en-
vironments with different obstacle configurations and source
locations. The DDPM takes the obstacle configuration and
hypothesized source location ©; as input and outputs the
corresponding estimated gas concentration values C'.,. The
same DDPM approach is leveraged in this work; for more
information about its structure and training process, please
refer to [8].

B. Gas Sensing Module in Simulation

The robot samples the gas concentration at 10 Hz with
an embedded MOX sensor. To have a faithful representation
of the physical MOX sensor, three key characteristics are
incorporated into the high-fidelity simulator. The simulated
sensor model and the sensor data processing flowchart is
shown in Fig. 3.

1) Nominal sensor model: The MOX sensor comprises a
heated metal oxide surface whose electrical resistance (R)
changes in response to the interaction with oxidizing gases.
A simple voltage divider circuit is used to measure Rj,
incorporating a supply voltage V1 and a load resistor Ry.
The sensor output V,,; is the voltage measured across Ry,
from which R can be computed using the voltage divider
equation. According to the sensor datasheet, the logarithm
of the ratio between R and its baseline resistance in clean
air IRy exhibits a linear relationship with the logarithm of the
gas concentration geop,.

R,
log(geon) = k * log(R—O) +b (1)

The parameters k and b define the nonlinear sensor response
and depend on gas type and sensor sensitivity. Due to
manufacturing variations, each sensor may have different
Ry and sensitivity values. Additionally, k,b, Ry are further
influenced by environmental factors such as humidity and
temperature. Combining these elements, the actual gas con-
centration ¢.,, can be approximated from the sensor output
Vout using:

RiVr — RpVous

con:y%uakvl%R :10b
feon = 7 Vo s, Rol) = 1005 (VT 2T

)k

2
The sensor model is nonlinear, and the parameters k, b and
Ry must be obtained through calibration. Let v; and d;
represent sensor output, which is voltage in our case, and
gas concentration measurement at the ¢th sampling position,
respectively. To calculate d;:

o For calibrated sensors, d; = % (v, [k, b, Ro]), where
Z (o) is the calibration function in Eq. 2. In this
case, gas concentration measurement corresponds to the
approximate gas concentration.

« For an uncalibrated sensor, no transformation is applied,
and the gas concentration measurement is obtained by
directly taking the value of the sensor output d; = v;.

Gas Sensor Simulation
Ground truth gas Reverse | Sensor noise |_.. Senso.r
concentration sensor model [0, % | dynamics
F~1(k, b, R0) [Tres, Tree |
é Gas Sensing Module Gas
calibrated [ Sensor model concentration Gas feature
Sensor sensor F(k,b,R0) ement extraction
I output — Din [l
Vi q Measured gas features
: uncalibrated sensor ] Moo

Fig. 3: Data flow for the gas sensor simulation and gas
sensing module
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2) Sensor noise: The additive sensor noise o, is modeled
as the sum of two components: background noise o, which
has a fixed value, and gas intermittency noise o, which is
simulated as a proportional variation of the sensor output.

O'S:(Tb—‘ra'k*h)z" 3)

with o, and oy, are obtained via estimation from physical
sensor outputs.

3) Sensor dynamics: MOX sensors exhibit slow dynam-
ics, requiring a certain amount of time to transition from
a baseline reading to a stabilized value when exposed to
gas, and vice versa when exposed to clean air. Response
and recovery phases of a MOX sensor are modeled as first-
order systems, as described in [25] [26]. The parameters of
the simulated MOX sensor are calibrated to match the actual
deployed sensor (MiCS-5521), with a response time 7;..; and
recovery time 7,.. of 2.04 s and 4.57 s, respectively.

C. Gas Features

Gas features are used to evaluate the correlation between
measured and estimated gas concentration. In the following,
we present a novel gas feature based on concentration
ranking, together with three existing ones typically adopted
in previous studies.

1) Gas measurement value: The measured and estimated
gas concentration values are directly adopted as gas features,
which are defined as m; = d; and e; = ¢;.

2) Gas measurement hit: A gas measurement hit is de-
fined as a binary value determined by a threshold. It is
formulated as m; = 1 if d; > dipres and m; = 0 otherwise,
where dipres 1S the threshold for measured gas hits. The
same formulation is applied to the estimated gas hits using
a corresponding threshold cipcs-

This threshold can be either fixed or adaptive. We refer
to the feature as fixed gas hit, when a manually selected
threshold is applied and remains constant throughout the
experiments. In the case of an adaptive threshold, which
we refer to as adaptive gas hit, we adopt the formulation
proposed in [22]. The threshold Jthres’i is dynamically
updated using a moving window average:

7 )\Jthres,i—l + (1 - )\)dz if ¢ > 2,
dthres,i =

4
d if i =1, @

The parameter A € [0, 1) controls the smoothing factor. This
feature enables detecting the gas hits at the rising edges
of the smoothed gas concentration measurements. The same
formulation is applied to the estimated gas hits, with C;pres,i
computed from Ci.,. We choose A as 0.7 based on an
exhaustive search, selecting the value that yields the best
performance.

3) Gas measurement rank: We propose using the rela-
tive measurement rank as the gas feature to mitigate the
dependency on accurate gas concentration measurements
(as assumed by the gas measurement value feature) and
avoid the loss of relative magnitude variation (as resulting
from the gas measurement hit feature). To this purpose, we

compare the relative rankings of measured and estimated gas
concentrations across all sampling points. Specifically, for
a gas concentration measurement d; and its corresponding
estimate c; at the same location, we compute their ranks
within the respective datasets D;.,, and C.,. This ranking-
based approach captures the evolution of gas concentration
patterns and assesses the alignment between measured and
estimated values without relying on their absolute magni-
tudes. Because of this characteristic, it does not assume
any specific functional relationship between measured and
estimated gas concentration. It remain valid as long as a
positive monotonic relationship is maintained, which means
D;., is considered to be aligned with 4., as long as a
higher measured gas concentration corresponds to a higher
estimated gas concentration. To formalize this, we use the
Empirical Distribution Function (EDF), which assigns a nor-
malized rank to each measurement within the dataset without
specific assumptions about the underlying data distribution.
The EDF-based gas feature is defined as:

1 n
m n; d;<d; &)

where 14 is the indicator of event A, which returns 1 if
event A is true and O otherwise. Thus, m; represents the
proportion of measurements in D;., that are less than or
equal to d;, yielding a value in the range [0, 1]. This for-
mulation transforms gas measurements into scale-invariant,
rank-normalized features. The same procedure is applied to
the estimated gas concentrations C1.,, to compute the EDF-
based feature e;. Unlike the other three features, the EDF
values m; and e; are dynamically updated at each iteration
as new measurements are collected over successive iterations.
Regarding the computational complexity, we do not need to
resort the entire dataset at every iteration. Suppose L mea-
surements have been collected up to the previous iteration
and their values are maintained in sorted order, and suppose
P new measurements are acquired in the current iteration.
We first sort the P new measurements, and then merge the
two ranked lists. Therefore, the per-iteration computational
complexity is O(L + PlogP) (with L+ P = n). In practice,
when L > P, the update is dominated by the linear-time
merge step.

D. Estimation Process

For each candidate source location ©;, the likelihood
P(D1.,|©;) is calculated through the similarity across each
m; and e; at the ith sampling point. Here, o5; and op
represent the standard deviations of the measurement and
model estimation errors, respectively.

2
) o

1o 1 (ei(8y) —my)

p(D1:n|©;) exp( - =
2 z:zl n+1 O’% + 012\/[

Compared to the conventional likelihood function used

in many existing works [27] [12], we introduce in this

work an additional . term that accounts for the number

of measurements. This adjustment mitigates the risk of
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premature convergence when measurements are sparse and
scattered. Bayesian inference is used to update the posterior
PDF p(® | Dy.,,), representing the probability distribution
of the source position across ®. We consider the prior p(©)
to be a uniform distribution within the estimation area and
assume a zero value inside the obstacles and boundary areas.

E. Gas Sampling Strategy

The stop-sense-go strategy is commonly used in the lit-
erature due to gas plume intermittency and the slow sensor
response. However, it reduces efficiency by prolonging the
measurement process and discarding data collected during
motion. In previous work [28], the feasibility of employing
a sense-in-motion strategy is studied, where measurements
Dy, are continuously taken on the way points (1., while
the robot is moving. Despite increased noise in gas mea-
surements, the increased measurement density compensates
for reduced quality, resulting in a more efficient and robust
sensing system. Therefore, we adopt the sense-in-motion
strategy in this work as well.

F. Informative Path Planning

The posterior PDF is used to calculate the information gain
of the robot motion. Building on the sense-in-motion strat-
egy, we adopt in this work a previously proposed informative
path planning method called belief-clustering [28], which
considers the information gained along the entire trajectory.

G. Termination Condition

The algorithm terminates when the entropy of the posterior
PDF p(® | D;.,,) drops below a predefined threshold and
the set of candidate cells with high posterior probability is
confined to a small spatial region, or when the maximum
number of iterations is reached. Upon termination, the grid
cell with the highest posterior probability is taken as the
estimated source location. We set the maximum number of
iterations to 30 in simulation and 40 in physical experiments.
The higher limit in physical experiments accounts for the
greater intermittency of real plumes, which makes gas mea-
surements less reliable and slows convergence.

ITI. SIMULATION RESULTS

Simulations are conducted using the high-fidelity robotic
simulator Webots [29], with a dedicated gas dispersion plu-
gin [30]. The testing environment includes two rectangular
obstacles positioned centrally to create significant airflow
disturbances, thereby influencing the gas dispersion dynam-
ics, which is a typical environmental setup aligned with the
work reported in [28]. The simulation setup is shown in
Fig. 4. The performance of each feature is evaluated based
on GSL accuracy and efficiency. GSL accuracy is determined
by the source localization error, measured as the Euclidean
distance between the estimated and true source positions. At
each iteration, the robot updates its belief about the source
position and selects the next goal position. To evaluate the
GSL efficiency, the number of iterations required for the STE
to converge is analyzed. Each experimental trial consists of

) Khepera IV

Gas plume

Gas source

Fig. 4: A screenshot from the Webots simulator displaying
the environment with obstacles, gas plume and robot.

ten runs with randomized source locations and robot starting
positions. Out of brevity, we will use the terms “gas value”,
“gas rank”, “fixed gas hit” and “adaptive gas hit’ to refer
to the gas features in the following text.

The performance of different gas features is evaluated
using raw sensor voltage outputs from uncalibrated MOX
sensors. For comparison, we also report results obtained with
calibrated sensors. In the uncalibrated setting, we consider
two different samples of MOX sensors, referred to as Sensor
I and Sensor 11, which differ in their base resistances Ry and
thus capture different levels of nonlinearity in the relationship
between sensor output and actual gas concentration. We
simulate the output voltage reading of uncalibrated MOX
sensors through reverse sensor modeling, as demonstrated in
Fig. 3. Specifically, two values of R are considered: 100 k€2
and 1500 £X2, for Sensor I and II respectively, corresponding
to the minimum and maximum factory variations specified
in the sensor datasheet. The parameters £ = —1.58 and
b = 0.17 are fixed based on datasheet calibration for ethanol
detection under test conditions of 23 + 5°C and 50 = 10%
RH. In the calibrated setting, we use the same value of
[k,b, Ro] used for the reverse sensor modeling to calculate
the calibrated gas concentration measurements.

The results shown in Fig. 5 indicate that all features
achieve similar localization accuracy with the calibrated gas
sensor. The gas value feature converges faster by retain-
ing most information from gas measurements and directly

Estimation error (m) Iterations
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Fig. 5: Performance comparison of the four different gas
features with different gas sensors in simulation.
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leverages magnitude differences in the likelihood function.

When an approximated gas concentration closely matches

the expected value near the gas source, rapid convergence

occurs. In contrast, other features converge more slowly

since the information is more abstract. However, the gas
value feature lacks robustness with uncalibrated gas sensors,

as gas concentration measurements, corresponding to raw
sensor outputs in this case, no longer reflect actual gas
concentrations. A similar limitation occurs with the fixed
gas hit feature, where the manually selected threshold fails
to adapt to sensor models. In contrast, the adaptive gas
hit and gas rank features remain consistent across different
sensor models. They rely solely on a positive monotonic
relationship between sensor outputs and gas concentrations,
which preserves the rising edge and overall ranking of values
despite nonlinearity. Here, we demonstrate the robustness
of the proposed gas features under different sensor models
by varying Rp. In principle, the same features can also
generalize across different target gases, which would induce
different sensor response curves (captured by different values
of k and b). This is because these features only require a
positive monotonic relationship between sensor output and
gas concentration, which is preserved for arbitrary Ry, k
and b.

Among these features, gas rank outperforms adaptive
gas hit in localization accuracy and convergence efficiency.
This is because sensor noise can lead to incorrect gas hit
detections, and since adaptive gas hit captures only local
trends, it is more sensitive to these fluctuations. In contrast,
gas rank considers the entire data distribution, mitigating the
impact of local noise and enhancing robustness. Furthermore,
compared to adaptive gas hit, it requires no extra hyperpa-
rameter tuning (A in Eq. 4).

IV. PHYSICAL EXPERIMENTS RESULTS

This section evaluates the gas value (baseline) and gas
rank features employed with the STE algorithm for physical

GSL experiments.

A. Experimental Setup

The experiments were carried out within our wind tunnel
facility, ensuring consistent testing conditions across multiple
runs. The wind tunnel has a volume of 18 X 4 x 1.9 m
and is equipped with a Motion Capture System (MCS) for
accurate robot localization. The wind speed was maintained
at 0.75 m/s throughout all experiments. The gas dispersion
was generated using an electric pump vaporizing ethanol. We
configured the wind tunnel with the same obstacle layout
as in simulation, as shown in Fig. 6. A Khepera IV robot,
equipped with a gas sensing module featuring a MiCS-5521
MOX sensor sampled at 10 Hz, was used as the mobile
robotic platform. The robot’s maximum speed was set to
0.27 m/s. The STE algorithm was executed on a laptop with
an Intel Core 17-12700H processor. After each iteration, a
new goal position was sent to the robot. The robot navigated
to the goal point, collected gas samples continuously during

-

o
140 mm

=Sy ey
Motion Capture System

Khepera IV Robot!

Fig. 6: a) A Khepera IV robot equipped with the gas sensing
module. b) Gas source. c) Experimental arena in the wind
tunnel.

iteration 0 iteration 20

iteration 2

a o
12 J 12 0Bl 121 & o 1o
4 A o
¢ : e’ 3
Qo o X
| : & 08 5
10 4 10 A f ° 104 & o o
S S o
1 o o 06 €
H 8 g
- N -, @ - ;e 3
13 E s |E S 04 5
< = 5 > 5 7]
1 S $ ]
6 6 $ 6 S 025
— — LU,
44 4 S 44 s
S s
@oo0co @000 @000 @ Robot
2 2 2 ‘ o Gas Source
0 2 4 0 2 4 0 2 4
Y (m) Y (m) Y (m) o Gas Rank
0.00 0.0118 0.00 0.335 0.00 0.974

PDF
Entropy: 0.1325

PDF
Entropy: 1.8189

PDF

Entropy: 5.5966

Fig. 7: Tllustration of the estimation process of one experi-
mental run.

motion, and transmitted them back to the laptop. The robot
communicated with the laptop over high-speed WiFi.

Given the effort required to conduct physical experiments
for GSL tasks, we choose the gas value feature as the
baseline, as it is the canonical choice in most state-of-the-art
STE methods [7] [28]. To thoroughly evaluate the robustness
of the gas rank feature, we use two uncalibrated gas sensor
boards (A and B) with distinct characteristics, as shown in
Fig. 1, and varying source locations. For each gas feature,
fifteen experiments were conducted, with the gas source fixed
along the z-axis, the y-axis varied across {1, 2, 3} meters
to ensure broad spatial coverage.

B. Results and Discussion

An illustration of the estimation process of one experimen-
tal run using the gas rank feature is shown in Fig. 7. The
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Fig. 8: Physical experiments with two sensor boards.

background color map in each subplot represents the cur-
rent PDF over potential source locations. The circles along
the robot’s trajectory represent gas measurements collected
during motion, with their color indicating the EDF value,
which is the rank-based gas feature. Over each iteration,
the robot incrementally augments its dataset by exploring
the environment. As new measurements are gathered, the
relative EDF values are updated accordingly. Initially, the
source belief is broadly distributed across the environment
(left), but as more measurements are collected, the distribu-
tion becomes increasingly concentrated (middle), ultimately
converging near the true source location (right).

The results in Fig. 8 show that the gas rank feature
successfully localizes the gas source with different gas sen-
sors, without requiring sensor calibration and any parameter
tuning. It performs consistently across sensor variations and
source positions. In contrast, gas value, which is typically
used in the literature, fails to converge to the true source
location with uncalibrated sensors. These findings align
with the results observed in simulations. However, a higher
localization error with some outliers is observed in real
experiments compared to simulation. This discrepancy may
be attributed to the increased intermittency due to turbulence
of the gas plume and the accumulation of the gas in some
region in the physical world, a phenomenon not faithfully
reproduced in simulation.

V. CONCLUSION AND OUTLOOK

In this paper, we address the challenge of GSL using low-
cost MOX gas sensors, which exhibit a nonlinear yet positive
monotonic relationship between sensor outputs and actual
gas concentrations. Due to their sensitivity to environmental
parameters (e.g., temperature, humidity, other interfering
gases), achieving and maintaining accurate sensor calibration
is not practical. To overcome this limitation, we propose a
novel gas rank feature. It ranks measured gas concentration
and compares the ranks to those of estimated concentrations
derived from a gas plume model. This approach eliminates
the need for sensor calibration to approximate the actual
gas concentration values, as it only considers the relative
shape of the data distribution across sampling locations. As
a consequence, the proposed feature is robust to differences

in magnitude and nonlinear mapping between sensor outputs
and actual gas concentrations.

The proposed method is evaluated in both simulation
and physical experiments and compared with three existing
gas features: gas value, fixed gas hit, and adaptive gas
hit. Results show that both the adaptive gas hit and gas
rank features demonstrate superior robustness to uncalibrated
sensors. Between these two robust features, the gas rank
outperforms adaptive gas hit in term of localization accuracy
and convergence speed. Additionally, unlike other features,
gas rank does not require additional parameter tuning, such
as the threshold for fixed gas hit or the smoothing parameter
(X) for adaptive gas hit.

Given the fact that the only assumption to use this fea-
ture is the positive monotonic relationship between sensor
outputs and actual concentration, this approach is adapt-
able to different sensor types and source estimation tasks.
Moreover, as it depends solely on the ranking sequence of
measurement values within respective datasets, it opens the
door for multi-robot systems with heterogeneous gas sensors.
In such settings, each robot can estimate source parameters
based on its own gas concentration measurements and share
probabilistic estimates with other robots without requiring
cross-calibration of sensors.

Further improvements could enhance the convergence
speed and reduce the outliers of the STE algorithm lever-
aging our novel gas rank feature. Currently, only the rank
of each measurement value is considered, but incorporating
the slope (steepness) of the EDF function could provide
additional information about how rapidly gas measurements
changes spatially. This could lead to faster convergence and
more robust localization of the source.
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