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Abstract— Gas Source Localization (GSL) is a challenging
field of research within the robotics community, with high-
stakes search-and-rescue applications. Existing methods vary
widely and each has its strengths and weaknesses. Comparisons
of different methods are limited due to the lack of a broadly
adopted and standardized testing methodology. Existing GSL
evaluations vary in environment size, wind conditions, and gas
simulation fidelity. They also lack photo-realistic rendering for
the integration of obstacle avoidance. In this paper, we propose
GSL-Bench, a benchmarking tool that can evaluate the perfor-
mance of existing GSL algorithms. GSL-Bench features high-
fidelity graphics and gas simulation, featuring NVIDIA’s R© Isaac
Sim and OpenFOAM computational fluid dynamics software
(CFD). Realism is further increased by simulating relevant
gas and wind sensors. Scene generation is simplified with the
introduction of AutoGDM+, capable of procedural environment
generation, CFD and particle-based gas dispersion simulation.
To illustrate GSL-Bench’s capabilities, three algorithms are
compared in six warehouse settings of increasing complexity:
E. Coli, dung beetle, and a random walker. Our results
demonstrate GSL-Bench’s ability to provide valuable insights
into algorithm performance.
Site: https://sites.google.com/view/gslbench/

I. INTRODUCTION

Gas Source Localization (GSL) poses a challenging task
for robotics. From simulation to experimentation a wide
variety of GSL methods are deployed on different platforms
such as rovers [1], [2], unmanned aerial vehicles (UAVs)
[3], [4] or even autonomous underwater vehicles [5] (AUVs).
Currently, emergency response to gas leaks involves humans
localizing the source. Robots can alleviate risk in such critical
and dangerous tasks. Additionally, they can monitor a site
continuously in the case of large chemical plants.

The research field of GSL can only progress if differ-
ent methods are to be objectively compared. This poses a
substantial challenge as researchers develop and use their
custom simulators for testing and evaluation. Simulations
can differ in many ways thereby complicating objective
comparison. The implementation of the physics, especially
the gas dispersion model, largely influences the difficulty of
the task. For example, an environment featuring a Gaussian
plume model without obstacles [6], [7] is less challenging
than an environment with obstacles and a turbulent plume
[8], [9]. Moreover, a large portion of research evaluates
methods in a relatively small, open environment [10], [11],
[12], while only a few include obstacles. Even if envi-
ronments are comparable, the performance metrics might
still differ. Experimental repeatability can be complicated
by the many environmental variables involved [1]. Some
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Fig. 1. System architecture of GSL-Bench. AutoGDM+ prepares the
environments, wind and gas dispersion data. GSL-Bench performs the
specified benchmark with the supplied GSL algorithm in Isaac Sim (gas
filaments depicted as green dots), resulting in the metrics of interest.

experiments therefore take part in a wind tunnel [4], [13],
[14].

Our contribution aims to alleviate these issues by making
benchmarking more reliable, quicker, and simpler. In this
paper, we present GSL-Bench, a benchmarking tool capable
of benchmarking GSL algorithms, see Figure 1. Created
with NVIDIA’s R© Isaac Sim [15] it features photorealistic
environments and GPU-accelerated rendering and physics.
Gas and wind sensors are simulated using the same tech-
niques presented by GADEN [16], a well-established gas
dispersal simulator for ROS. Multiple simulation runs can
be performed while metrics of interest are logged. New GSL
algorithms are easily implemented in Python and do not have
to account for obstacles due to the included obstacle avoid-
ance module. Gas Dispersion Modelling (GDM) is simplified
with the introduction of AutoGDM+ which is based on its
predecessor AutoGDM [3]. AutoGDM+ automatically com-
poses environments, generates (turbulent) wind data using
OpenFOAM [17], and models the gas dispersion. Besides
benchmarking, the automatic creation of environments is also
useful for reinforcement learning or evolutionary learning of
GSL policies. This leads to the following contributions:

1) The first Gas Source Localization benchmarking tool
featuring photo-realistic visuals with Isaac Sim and
high-fidelity wind and gas simulation by AutoGDM+.
We release GSL-Bench open source for the benefit of
the community.

2) A fully automated Gas Dispersion Modeling pipeline
capable of generating multiple environments to use
with GSL-Bench or any other simulation application.
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3) We demonstrate both the capabilities of GSL-Bench
and AutoGDM+ by generating environments and con-
ducting simulated experiments using existing GSL
algorithms.

II. RELATED WORK

GSL-Bench would not be how it is currently presented
without existing work. We highlight these contributions and
their respective strengths but also weaknesses that underscore
the need for GSL-Bench. Existing benchmarks and experi-
ments that inspired our work are further pointed out.

A. Simulation

Visual fidelity is crucial for robots that utilize vision for
their obstacle avoidance. We want to support robot systems
that rely on these techniques. However, the majority of
GSL research is simulated with 2D simulators lacking any
visuals such as Swarmulator [3], MATLAB [18], or a custom
simulation [19]. Wiedemann et al. used Gazebo for their GSL
simulation [20]. Gazebo is a 3D simulator that is commonly
used in conjunction with Robot Operating System (ROS) but
lacks visual fidelity [21].

The gas plume model is subject to various degrees of
fidelity as well. A Gaussian plume model depicts the time-
averaged gas concentration as a function of location. It is
straightforward in its implementation but assumes a non-
turbulent flow and is incompatible with the presence of
obstacles [6], [7]. Variations of the Gaussian plume model
such as the meandering model were introduced by Cabrita
et al. [22] for PlumeSim, a GSL simulator in Player/Stage.

A higher fidelity dispersion model is the ‘advection-
diffusion’ model introduced by Farrel et al. [23]. In contrast
to the Gaussian model, it produces different gas concentra-
tions over time for the same location and is compatible with
turbulent wind conditions. Monroy et al. [16] used this gas
model in GADEN: a 3D gas dispersion simulator for robot
applications. As GADEN’s simulations are only integrated
with Rviz, the visualization toolbox of ROS, it lacks visual
realism. It was therefore coupled with Unity, a game engine,
by Ojeda et al. [24] to combine realistic visuals with a high-
fidelity gas model.

A downside to Unity is the relatively high complexity
of its API [25]. On the other hand, Isaac Sim [15] is a
designated robotics simulator featuring a Python API that
can be considered less complex. Jacinto et al. [25] created
a framework to primarily simulate aerial vehicles with Isaac
Sim: Pegasus Simulator.

B. Benchmarking

The concept of GSL-Bench is partly inspired by Avoid-
bench: a vision-based obstacle avoidance benchmarking tool
[26]. The structure of AvoidBench allows for swift imple-
mentation of one’s obstacle avoidance algorithm and pro-
duces meaningful metrics based on some standardized tests.

Research by Voges et al. [27] serves as a good example
of such tests in the context of GSL. Their work presents
a thorough comparison of various algorithms by comparing

success rate, trajectory length, and deviation from the ideal
trajectory. Similarly, research by Neumann et al. [28] com-
pares three algorithms by simulation and experimentation
with meaningful metrics. However, both the environment
layouts and gas distributions used in these comparisons were
of limited complexity.

III. METHOD

To encourage the adoption of GSL-Bench our focus is
on accessibility, a small simulation-to-reality gap, and useful
performance metrics. The inclusion of pre-generated environ-
ments and implementation of GSL algorithms with Python
aid the accessibility of the benchmark. Additionally, the
combination of turbulent CFD, 3D filament gas modeling,
and high-fidelity visuals makes GSL-Bench one of the most
realistic GSL simulations currently available. The bench-
marking pipeline is split into two parts; the (optional) gen-
eration of environments with AutoGDM+ and the simulated
benchmarking with GSL-Bench.

A. AutoGDM+

The workflow of AutoGDM+ consists of three compo-
nents; 1) the layout generator, 2) CFD pipeline, and 3) gas
dispersal modeling as shown by the grey boxes in Figure 2.
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Fig. 2. Workflow of AutoGDM+. The respective asset placers create a
scene from a generated layout. The .stl scene is used for meshing and CFD
to generate wind fields and ultimately gas dispersion data. The .usd scene
is used directly with GSL-Bench in Isaac Sim.

Environment generation starts with specifying the desired
settings in a configuration file such as the type, size, and
number of environments to be generated. This allows for the
rapid generation of several variations of a given environment
type, which is advantageous for Machine Learning (ML)
applications [29], [30], [31]. Subsequently, ‘recipes’ are
generated for the so-called ‘asset placers’. One asset placer
directly creates a scene for GSL-Bench in the Universal
Scene Description (.usd) format that is used throughout
NVIDIA’s R© Omniverse platform. Isaac Sim’s high visual
fidelity is partly thanks to the high-resolution assets it is
bundled with. Because high-resolution assets complicate the
meshing and CFD process, corresponding ‘mockup assets’
are used with the second asset placer implemented with
Blender. These assets feature order of magnitudes less ver-
tices but still capture the geometrical essence of the asset
purely for CFD purposes. For now, the mockup assets are
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created manually but this process can easily be automated
with for example Blender.

The meshing and CFD processes create a wind field
according to the relevant settings in the configuration file.
Most notable are the end time and time range. With larger
indoor environments it takes time before the ‘wind’ has
propagated fully through the environment. Therefore the user
can directly select the wind fields that are of the most interest
for the gas dispersal simulation. The mesh is created with
openFOAM’s cartesianMesh and CFD is performed
with the pimpleFoam solver for transient, incompressible,
turbulent flow [17]. The meshing and CFD processes are
automatically multi-threaded for a significant speed increase.

The wind fields get passed to the gas dispersion modeling
component of AutoGDM+ which is performed with GADEN
[16]. GADEN makes use of the filament-based dispersion
model [23] and has been validated with real-world experi-
ments. The configuration file specifies the desired gas type,
source location, and intensity. Lastly, the output of GADEN
is automatically post-processed for ease of use with GSL-
Bench and other Python environments.

AutoGDM+ currently provides three indoor environment
types: an empty, simple or complex warehouse. All three
warehouse types make use of the same CFD setup featuring
a velocity inlet and a pressure outlet in the near and far corner
of the warehouse respectively, see Figure 3. The size of the
inlet and outlet are configurable, as is the inlet velocity.

xy

z

inlet

outlet

racks*

Fig. 3. CFD configuration of the warehouse environments. A velocity inlet
and pressure outlet are situated near and far from the origin respectively.
∗Racks are only placed for the simple and complex warehouse types.

As the name implies, the empty warehouse features no
interior. The simple warehouse includes rows of racks in the
y-direction. The number of rows, their height, and length
are adapted to the dimensions of the warehouse, inlet, and
outlet. Finally, the complex warehouse recipe orients the
racks differently and places extra assets such as forklifts,
pallets, piles of boxes, etc. in the scene. These environments
are well suited for this application because they can represent
a warehouse storing various chemicals.

For this study, six environments are generated. All environ-
ments are 15x15x8 meters in the XYZ direction respectively
and are of the empty, simple and complex warehouse types.
Parameters influencing the wind and gas simulation are
identical across all environments (except for the source
location), see Table I. A noteworthy parameter is the ‘least

percentage of filled racks’. There are nine different rack types
of which two are empty and seven are filled. Although the
layout generator chooses these types at random to introduce
variation in the generated environments, some control is
given back with this parameter. An overview of the different
parameters is presented in Table II.

TABLE I
RELEVANT PARAMETERS IDENTICAL FOR ALL ENVIRONMENTS.

Parameter Value
Inlet & Outlet Size (Y,Z) [m] 1.5, 2.4
Inlet Velocity (X,Y,Z) [m/s] 1.0, 0.0, 0.0
Least percentage of filled racks [-] 20%
CFD Cell Size [m] 0.2
CFD End Time [s] 5
Wind Steady-State True
Gas Type Ethanol
Gas Simulation End Time [s] 500
Gas Simulation Time Step [s] 0.2

TABLE II
DIFFERENT ENVIRONMENT PARAMETERS

Environment # 1 2 3 4 5 6
Type empty simple complex
Source Location
(X,Y,Z) [m] 5,1,2 1,10,2 5,1,2 1,10,2 5,1,2 1,10,2

B. GSL-Bench

GSL-Bench makes use of the Pegasus Simulator frame-
work [25] and features GSL-related sensors, easy implemen-
tation of GSL algorithms, and the necessary benchmarking
features, see Figure 4. Although Pegasus Simulator can be
used with a PX4 or ROS backend, GSL-Bench makes use of
the Python backend and the included non-linear controller.

1) Sensors: Currently, one of the most common gas sen-
sors are Metal Oxide (MOX) sensors due to their sensitivity
to Volatile Organic Compounds (VOCs) and low cost [16].
GSL-Bench features different MOX sensor models. The
downside of these sensors is their relatively slow response
to changes in the instantaneous gas concentration. This
behavior must therefore be accurately represented to keep
the simulation to reality gap small. This is achieved with a
low pass filter on the instant gas concentration with separate,
calibrated time constants for rise and decay phases from the
GADEN simulator [16]. For our experiments, we use the
simulated sensor model of the TGS2600.

In addition to the gas sensors, a wind sensor (anemometer)
is implemented. It reads the generated wind fields and
provides the wind heading and speed with the addition of
noise. The heading is set to be in a range of [−π, π],
positive to the right and 0 pointing to the north. Because
the Pegasus Simulator framework uses the ‘east, north, up’
(ENU) convention, north is in the positive y-direction of the
inertial simulation frame. If desired, the raw velocity vectors
of the wind field can also be provided.

2) Waypoint Logic & Obstacle Avoidance: Because the
focus of the benchmark is GSL algorithm performance it
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Fig. 4. System architecture of GSL-Bench. For Isaac Sim the Pegasus
Simulator framework is used with the Python Control backend [25]. The
generation of environments with AutoGDM+ is optional due to the avail-
ability of pre-generated environments. Only the GSL Algorithm (highlighted
in black) is supplied by the user.

comes equipped with waypoint logic and rudimentary ob-
stacle avoidance techniques. In its current implementation, a
multirotor first takes off to the desired starting/search height.
Then, the GSL algorithm provides a first goal waypoint. With
the occupancy grid provided by AutoGDM+, this waypoint
is checked for obstacles. If the path to the goal waypoint is
clear, a trajectory is generated for the nonlinear controller to
follow and the cycle repeats after a specified hold time. This
hold time can be convenient for the gas sensor to respond to
the new location and is set to 2 seconds for all algorithms.
If the goal waypoint is in an obstacle, a new waypoint just
outside of the obstacle is provided. If the goal waypoint is
behind an obstacle however, a path is generated using the A∗

algorithm which can consist of multiple waypoints called a
‘mission’, see Figure 5. GSL is resumed once the mission is
completed. Lastly, please note that users can make their own
real-time ’on-board’ obstacle avoidance with the help of the
sensors available in Isaac Sim.

C. GSL Algorithms

GSL-Bench currently features three algorithms; E. Coli,
dung beetle, and random walker. The E. Coli algorithm is
included because it is a rudimentary bio-inspired algorithm.
It is therefore featured in a fair share of research as a
’common denominator’ [3], [27]. The dung beetle algorithm
(also known as zig-zag) is considered the next step with
bio-inspired algorithms. It not only uses a chemical sensor
but also makes use of the wind direction. Although these
algorithms are quite elementary, they are well-suited to
demonstrate the capabilities of GSL-Bench.

Obstacle Avoidance at Z=4.0m

A *

start
goal
check
mission

Fig. 5. Obstacle avoidance built into GSL-Bench. If the check runs into
an obstacle, a mission is generated with an A∗ algorithm.

1) E. Coli: E. Coli compares its current and previous
gas readings. If the current reading shows improvement the
agent surges with its previous heading. Otherwise, the agent
chooses a random heading for movement. By altering the
surge distance the behavior of the algorithm can be more
conservative or exploratory [32]. For these experiments, the
surge distance is set to 1 meter.

2) Dung Beetle: The dung beetle algorithm is analogous
to the one featured in the work of Russel et al. [33]. Before
any chemical detection, the agent moves in a direction 90
degrees to the left of the wind vector. Once gas is detected,
the agent initiates zig-zagging ±60 degrees to the wind
vector, switching direction when less gas is detected.

3) Random Walker: The random walker is implemented
as a variation of the E. Coli algorithm. In contrast to the E.
Coli, it does not sense any gas concentration and therefore
never surges with a repeated heading. This algorithm is
implemented to provide a baseline performance indicator.

D. Metrics & Stop Conditions

A variety of metrics is recorded by GSL-Bench to evaluate
the performance of algorithms in multiple ways. Currently,
six metrics are implemented: success rate, ground tracks,
distance to source, time to source, and gas sensor readings.
The definition of success is specified with the stop condition.
For example, it can activate when the GSL algorithm declares
the location of the source. In our case, the stop condition
is set to end the simulation after 300 seconds (of simulated
time) or when the agent is closer than 1.0 meter to the source.
If the stop condition was triggered due to its proximity to the
source, the run is considered a success. Each experiment is
repeated for 10 runs to determine the success rate. For every
environment, experiments are conducted from a grid of nine
starting positions, resulting in a total of 1620 simulated runs.
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Fig. 6. Top-down view of environment 1 and 2 on the left and right
respectively. The white arrows and dot indicate the in-/outlet, and source
location. The green dots depict the gas filaments.

IV. RESULTS

The results of this study are twofold: (1) the generated
environments and (2) algorithms performance. The generated
environments show that minor changes in environment pa-
rameters can lead to a diverse set of challenges. We highlight
various experiments to showcase the various metrics that
GSL-Bench offers.

A. Generated Environments

The generated environments present a diverse set of chal-
lenges. Each environment generation took approximately 90
seconds on a laptop with an 8-core AMD Ryzen 7 5800H
CPU. A top-down view of environment 1 and 2 is shown by
Figure 6. Intuitively, the gas dispersion is more pronounced
when the source location (depicted by the white dot) is in
front of the inlet. With slower wind speeds in the upper left
corner of the environment, the gas plume is less spread out
for the same duration of simulation time.

The simple warehouse type introduces storage racks in
the scene as shown left in Figure 7. The size of the
environment combined with the specified aisle dimensions
determine the number of rows, their length and height. Like
in a real warehouse, the aisles are situated in line with the
warehouse doors for easy transportation of goods (the doors
are not visually modelled). From the top-down view, the gas
seems noticeably less dispersed due to the obstruction of
the racks compared to the empty warehouse type. However,
the racks introduce more vertical dispersion due to the more
pronounced upward wind flows they cause. This can increase
the environment difficulty for algorithms that work only in
the XY-plane because it decreases the plume cross section
at the search height.

The complex warehouse type introduces assets such as
piles and a forklift as shown right in Figure 7. The middle
two rows of racks are rotated by 90 degrees resulting in
tighter passages within the environment. The presence of the
extra assets introduces even more turbulence into the scene.

B. Algorithm Performance Evaluation

We showcase various metrics with the data generated as
described by Section III. Common plots including ground
tracks or distance to source over time and more detailed
plots such as success rates per location are shown.

y

x
y

x

Fig. 7. Top-down view of environment 3 and 6 on the left and right
respectively. The white arrows and dots indicate the in-/outlet, and source
location. The green dots depict the gas filaments.
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Fig. 8. Position traces of 10 Dung beetle runs in environment 3 from
the upper right location. Obstacles are depicted as grey blocks. At first, the
agents are stuck at the outlet but start zigzagging once some gas is detected.

1) Ground Tracks and Distance to Source: Ground track
plots give an intuitive indication of an algorithm’s behaviour.
A good example is shown by Figure 8. The algorithm seems
to struggle at first, but when the gas plume reaches closer
to the outlet the zigzagging is initiated. Depending on the
run, the zigzagging starts at around 30 to 50 seconds as
depicted by Figure 9. The distance to source plot illustrates
an algorithm’s time efficiency properly.

2) Success Rate: The success rate is ideal for benchmark-
ing because of its clear, quantitative nature. We make a few
observations from the success rate per environment in Figure
10. The performance of the dung beetle algorithm is heavily
dependent on the source location. This is attributed to its
initial 90 degree move to the left of the wind direction. Gen-
erally speaking, increased environment complexity decreases
the success rate for all algorithms as expected.

Figure 11 offers additional insight into the success rates
of environment 3. The success rate of E. Coli and the
random walker seem correlated with the proximity of their
starting location to the source. The E. Coli algorithm’s
underperformance can be attributed to the absence of a
plume near the actual source location at the specified search
height. This shows the importance of simulating gas plumes
in 3D for the realistic evaluation of GSL algorithms. We
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also observe how obstacles hinder the dung beetle algorithm
knowing that it first tries to move towards the lower right
corner of the environment due to the wind.

3) Average Time to source: The average time to source
is another quantitative measure of performance shown by
Figure 12. Runs that did not find the source are disregarded.
Therefore, this metric must be combined with the success
rate to provide a meaningful indication. The performance of
the dung beetle algorithm is consistent when it can find the
source. E. Coli and random walker are less uniform as can
be expected due to the randomness in their logic.

V. CONCLUSION

We have introduced GSL-Bench, a Gas Source Local-
ization benchmarking tool. We focus on accessibility and
simulation fidelity to promote widespread adoption. Due to
the built-in obstacle avoidance, waypoint logic, and sensors,
one can directly concentrate their efforts on only the GSL
algorithm. However, the built-in modules can easily be

0.0 2.5 5.0 7.5 10.0 12.5 15.0
x [m]

0

2

4

6

8

10

12

14

y 
[m

]

E: 0.2 E: 0.3 E: 0.0

E: 0.1 E: 0.1 E: 0.0

E: 0.0 E: 0.0 E: 0.0

B: 1.0 B: 1.0 B: 1.0

B: 0.2 B: 1.0 B: 1.0

B: 0.0 B: 0.0 B: 1.0

R: 0.8 R: 0.3 R: 0.2

R: 0.1 R: 0.2 R: 0.0

R: 0.0 R: 0.1 R: 0.0

Success Rates Per Location - Environment 3

start
source

0

1

2

3

4

5

6

7

8

ppm

Fig. 11. Success rates for E. Coli (E), dung beetle (B), and random walker
(R) for 10 runs per location in environment 3. Obstacles are depicted as
grey blocks
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omitted to keep development flexible. High fidelity of the
simulation is ensured with proper visuals and the introduction
of AutoGDM+: a fully automated environment generation
pipeline relying on validated software such as GADEN and
OpenFOAM. We generate six warehouse environments with
increasing complexity and benchmark three algorithms. The
results demonstrate GSL-Bench’s ability to thoroughly test
and visualize algorithm performance.

In future work, we continue further development of GSL-
Bench and AutoGDM+. We plan to introduce extra algo-
rithms. These include multi-agent algorithms and probabilis-
tic methods such as Particle Swarm Optimization (PSO)
and infotaxis respectively. Additionally, outdoor environment
types and more complex indoor environments will be added
to AutoGDM+. Ultimately, we aspire for GSL-Bench to
effectively support the research community and spark fresh
interest within the gas source localization field. Our website
will provide our most recent findings and host a leaderboard
showcasing results from diverse standardized tests.
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