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Abstract—Gas source localization (GSL) enables robotic agents
to trace gas plumes and identify gas source locations. This paper
presents a three-dimensional (3D) GSL navigation algorithm
using an uncrewed aircraft system (UAS) to autonomously locate
an active gas source. Two search modes, SCAN and SEARCH,
are designed to guide the UAS motions. In the SCAN mode, the
UAS performs a multi-layer lawn-mower trajectory to explore the
environment and to detect initial plume signals. Once high gas
concentrations are detected, the system switches to the SEARCH
mode, in which the UAS follows local concentration gradients
to approach the gas source location. The proposed approach is
evaluated using a 3D Gaussian plume model and a quadrotor
UAS simulator. Simulation results demonstrate that the proposed
GSL navigation algorithm can reliably guide the UAS to the gas
source location with varying gas source and initial UAS locations.

Index Terms—gas source localization, uncrewed aircraft sys-
tems, chemotaxis.

I. INTRODUCTION

Gas source localization (GSL) enables robotic agents to
autonomously locate gas sources in unknown environments
[1]-[4]. The core challenge in GSL lies in designing effective
navigation algorithms that guide a robot to react to gas
plume measurements and progressively approach the source
location. By employing a robotic agent, GSL can replace
human operators in hazardous environments to reduce safety
risks and operational costs. Practical GSL applications include
wildfire localization [5], smoke monitoring [6], [7], air quality
monitoring [8], and hydrothermal vent localization [9].

Existing GSL navigation algorithms can be categorized
into three classes: (i) chemotaxis-based methods, (ii) bio-
inspired methods, and (iii) engineering-based (or probabilistic)
methods. Chemotaxis-based methods [10] guide robots by
following gas concentration gradients, directing the robot
moving toward regions with higher gas concentrations. Bio-
inspired methods mimic animal plume tracing strategies. A
classic example is the moth-inspired navigation method [11],
where the robot moves upwind with gas plume detection and
performs crosswind casting when the plume detection is lost.
Engineering-based methods rely on mathematical or physical
models of gas dispersion to estimate possible source locations.
Representative approaches include Gaussian inference [12],
particle filter [13], source term estimation [14], and partially
observable Markov decision processes (POMDPs) [15], [16].
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Fig. 1. Overview of the proposed chemotaxis-based GSL navigation algorithm
for using on a UAS. The proposed framework consists of two search modes:
SCAN and SEARCH. In the SCAN mode, the UAS follows a predefined
lawn-mower trajectory to detect initial gas plume signals. Once high gas
concentrations are detected, the system switches to the SEARCH mode, in w
hich the UAS follows the estimated gas concentration gradient to approach
the gas source.

While most existing GSL algorithms focus on ground robots
in 2D environments [17], [18], and prior 3D aerial approaches
often rely on computationally expensive probabilistic models
[19], this work targets a lightweight and efficient strategy
for 3D space. Compared to these previous approaches, the
proposed “Scan-then-Search” strategy offers a computationally
efficient solution for 3D GSL algorithm, as shown in Fig. 1. It
combines SCAN mode, which performs structured multi-layer
scanning, and SEARCH mode, which uses local gradient es-
timation to efficiently localize the source, making the method
suitable for real-time UAS operations.

In the SCAN mode, the UAS executes a lawn-mower
trajectory at multiple altitudes to explore the 3D search space
and detect initial plume signals. Upon detecting high gas
concentrations, the system switches to the SEARCH mode,
where the UAS motion is determined by a chemotaxis-based
method. Specifically, gas concentrations measured by the UAS
are collected to calculate the concentrate gradient, which is
used to direct the UAS toward higher concentration regions. In
experiments, the proposed approach is validated in a simulated
gas plume environment generated using a Gaussian plume
model. Simulation results demonstrate that the proposed navi-
gation strategy can effectively guide the UAS to the gas source



under varying source locations and initial UAS positions.

II. METHODOLOGY

A. The Overall Workflow

Algorithm 1 summarizes the proposed navigation strategy.
At each time step within the time limit 7},,x, the system
queries the UAS state &, including position p, velocity
v, orientation q, and angular velocity w. A gas concentra-
tion measurement c is obtained at the current UAS loca-
tion. Based on ¢, p, and v, the proposed navigation mod-
ule (NAVIGATIONCONTROLLER) computes the next target
way point ppex, Which is passed to the low-level controller
(DRONECONTROL) to generate motor commands that steer the
UAS toward the target. This process continues until the UAS
reaches the source vicinity, defined by a distance threshold dy,
or when the UAS moves out of the predefined search space.

Algorithm 1 The Overall Workflow

Require: Simulation Environment env, Max Simulation Time Tyq4, Time
Step At, UAS State &,, Gas Concentration ¢, UAS Position p, UAS
Velocity v, Gas Source Position psource, Source Declaration Distance d;.

. Initialize: ¢ < 0

. while t < Thqz do

// 1. Get UAS State

&, < GETDRONESTATUS(%)

p < &.]0 : 3] // Get UAS position

v < &,[3 : 6] / Get UAS velocity

// 2. Get Gas Concentration

¢ < SENSORREADING(p, t)

// 3. The Proposed GSL Navigation

10: Pnext < NAVIGATIONCONTROLLER(c, v, p)

11:  umotor — DRONECONTROL (Prext, &4, t)

12: env.STEP(Umotor )

13: // 4. Check Termination

14: if ||p — Psourcell2 < dio1 then

VRIDNE LN

15: break // Success: Source located
16:  else if OUTOFBOUND(p) then

17: break // Failure: Out Of Bound
18: end if

19: t<+t+ At
20: end while

The following sections describe the gas plume model, the
UAS simulator, and the proposed GSL navigation algorithm.

B. Gas Plume Model

The gas plume distribution is simulated using a Gaussian
gas plume model [20]. In this framework, discrete gas puffs
are released from the source at a constant rate and transported
downwind by the ambient wind. For a location (x,y,z) at
time ¢, the gas concentration ¢ is computed as the sum of
contributions from all active puffs in a set S;:
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Fig. 2. Simulated gas plume field. (a) the 3D gas distribution within the
search space; (b) Gas distribution slices at z = {2,4,6} m.

where k denotes the index of an individual puff. The concen-
tration contribution of the k-th puff, i.e., ¢, is given by:
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where m is the mass released per puff, (xx, yx, 2;) denotes the
k-th puff position, and o, and o, are dispersion coefficients
in the y and z directions, respectively.

Following [20], the puff advection is governed by winds.
In this work, the wind is assumed to blow along the positive
z-axis with the constant speed w. Each puff is initialized at
the gas source location, and the puff position is updated as

T < T + ulAt,

Yk < Yk, 3)
2 4 2 + Wpuoy AL,

where At is the simulation time step and wpuey denotes the
buoyancy velocity.

Fig. 2(a) presents the simulated gas distribution within a 3D
search space. In this environment, the gas source is located at
(0,0,4) m. The wind speed w is set as a constant of 2 m/s,
and the wind direction is in the positive x-direction. Fig. 2(b)
shows the horizontal cross sections of the gas concentration
field at different altitudes, with z € {2,4,6} m.

C. UAS Kinematics Simulation and Sensor Reading

In this work, RotorPy [21] is employed as the UAS
kinematics simulator. At each simulation time step ¢, the
simulator outputs the UAS state (i.e., GETDRONESTATUS) as

ét = [p7vaq7 w]tv (4)

where p € R3¥! denotes the position, v € R3*! is the linear
velocity, q € R**! represents the orientation in quaternion
form, and w € R3*! is the angular velocity. RotorPy also
provides a position-level control interface (i.e., DRONECON-
TROL): given a desired target way point, the current UAS state,



and the simulation time ¢, the controller computes motor speed
commands that drive the UAS toward the target.

The sensor reading module (i.e., SENSORREADING) takes
the current UAS position and simulation time as inputs and
computes the gas concentration at the UAS location using Eqn.
(1). This calculation will consider all active puffs generated so
far to emulate the gas sensor measurement at the UAS location.

D. The Proposed GSL Navigation Algorithm

The proposed GSL navigation algorithm governs UAS
flight through two operating modes, including the SCAN and
SEARCH modes. The navigation initializes in the SCAN
mode, in which the UAS follows a lawn-mower trajectory
across multiple altitude layers to explore the search space.
When the measured gas concentration exceeds a predefined
threshold, the UAS permanently switches to the SEARCH
mode. In this mode, recent gas measurements are stored in
a buffer and used to estimate the local gas concentration
gradient via the least-squares method [22], which determines
the flight direction toward increasing concentration. Algorithm
2 summarizes the proposed GSL navigation framework.

Algorithm 2 NavigationController Algorithm

Require: Gas Concentration ¢, Concentration Threshold c;,-¢sh, Navigation
Mode M, Sliding Window Buffer D, Buffer Size N, UAS Position p,
UAS Velocity v.

: Initialize: M < SCAN

if ¢ > ¢tpresn and M = SCAN then

M < SEARCH  // Permanently Switch to SEARCH mode
end if

if M = SCAN then

// SCAN Mode
// Check if a layer is complete and switch height
if ISLAYERCOMPLETE(p) then

Pnext < GETNEXTLAYER(pP)

10: else

11: Pnext < NEXTLAWNMOWERPOINT(p)

12: end if

13: else

14:  // SEARCH Mode

15:  D.append(p, ¢)

16: if D.size < N then
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17: // Wait for buffer to fill
18: Prext < P+ vV

19: else

20: // Least Squares

21: & < LEASTSQUARES(D)
22: // Normalize

23: d <« g/lgl2,

24: Pnext < p +d

25: end if

26: end if

27: return Ppuext / Output Next way point

1) SCAN Mode: The SCAN mode is designed to survey the
3D search space and detect the presence of gas plumes. In this
mode, the UAS executes a lawn-mower pattern on horizontal
planes at three distinct altitude layers, as shown in Fig.3. The
selection of these altitude layers depends on the initial height
of the UAS zj relative to a threshold of 6 m (i.e., mid-height):
if the UAS starts in the upper airspace (29 > 6 m), it follows
a descending sequence, stepping downward from zg in two
equal increments to cover the lower region. In contrast, if
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Fig. 3. The lawn-mower scanning trajectory for the SCAN mode: (a) from
high to low layers; (b) from low to high layers.

the UAS starts in the lower airspace (zp < 6 m), it follows
an ascending sequence, moving upward from z, toward the
operational ceiling of 11 m and partitioning the remaining
vertical span into two additional layers.

At each altitude layer, the lawn-mower path is oriented such
that its longer sweep direction aligns with the y-axis. The
lateral spacing between adjacent sweeps is fixed at 4 m. A
horizontal scan is considered complete when the UAS reaches
the left boundary of the search region. Upon completing a
scan at the current layer, the UAS returns to the initial (x,y)
position, transitions vertically to the next altitude layer, and
repeats the lawn-mower pattern. This process continues across
all three layers unless the measured gas concentration c ex-
ceeds the threshold cyesn, at which point the UAS permanently
transitions to the SEARCH mode.

2) SEARCH Mode: In SEARCH mode, we use a
chemotaxis-based method to direct the UAS motion based on
the local gas concentration gradient. To estimate this gradient,
a sliding window buffer D of size N is maintained to store
the most recent gas concentration measurements and their
corresponding UAS positions.

If the number of samples in D is fewer than N, the UAS
continues its motion along the current velocity direction:

Pnext <~ p + A4 (5)

where ppext denotes the next target way point. This process
continues until sufficient samples are collected to estimate the
concentration gradient.

Once the buffer stores enough gas concentrations, we esti-
mate the gas concentration field via a linear model:

(Pi —p)'g=(c; —2), (6)

where c; is the gas concentration measured at position p;, ¢
and p denote the mean concentration and mean position over
the buffer D, respectively, and g € R3*! represents the local
concentration gradient.

To solve for g, the position offsets and concentration
deviations of all buffered samples are stacked to form A =
[(pi —P)T]Y; and b = [(¢; —&)]~;. Then, Eqn. (6) can then
be expressed as Ag = b, and the gradient is estimated via a
least-squares solution [22]:

g=(ATA)"1ATb. (7)
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Fig. 4. Demonstration of varying source locations and initial UAS locations.
Three possible source locations are defined at (0, 0, 2) m, (0, 0, 6) m, and
(0, 0, 10) m, denoted as Source 1, 2, and 3, respectively. Five initial UAS
locations are defined as (15, -12, 4) m, (18, 12, 10) m, (16, 0, 8) m, (17, -8,
6) m, and (15, 10, 9) m, denoted as Initial 1, 2, 3, 4, and 5, respectively.

The estimated gradient vector g points in the direction of the
steepest local increase in gas concentration. The next target
way point is then computed as

g
I1&1l2

Prnext = P + 3
Once the navigation module computes the next target way-
point, it is passed to the low-level controller to generate motor
commands that drive the UAS toward the target.

III. EXPERIMENTS AND RESULTS

A. Experiment Design

In our simulation, the maximum search duration is set as
Tiax = 600 s. The UAS navigates within a defined 3D
boundary of x € [—10,20] m, y € [—15,15] m, and z € [1,11]
m. The gas environment simulates a continuous plume carried
by a constant horizontal wind field of 2 m/s and a vertical
buoyancy velocity of wyey = 0.15 m/s. The concentration
threshold for switching from the SCAN mode to the SEARCH
mode is set as ¢ipresn, = 0.05. For the gradient estimation, the
buffer size is set as N = 20 samples. The source declaration
distance is set as dyo; = 2 m.

Fig. 4 illustrates the layout of the gas source locations
and UAS initial positions. Three gas source locations are
considered: Source 1 at (0,0, 2) m, Source 2 at (0,0, 6) m, and
Source 3 at (0,0,10) m. Five different UAS initial locations
are evaluated: (15,—12,4) m, (18,12,10) m, (16,0,8) m,
(17,—8,6) m, and (15,10,9) m. In each experiment, one
gas source location and one UAS initial location are selected,
resulting in a total of 15 test cases.

TABLE I
FLIGHT TIME FOR DIFFERENT INITIALIZATION POINTS ACROSS DIFFERENT

GAS SOURCE.
Flight Time (s)
Initial 1 Initial 2 | Initial 3 | Initial 4 | Initial 5
Source 1 13.10 91.95 33.25 22.70 82.70
Source 2 19.65 23.45 14.75 17.30 19.50
Source 3 88.50 19.35 15.85 24.35 18.15

B. Sample Trials

Five representative trajectories are selected for detailed
analysis, as shown in Fig. 5 and Fig. 6. Specifically, Fig.
5 illustrates the UAS trajectories segmented by navigation
mode, i.e., SCAN and SEARCH, with each segment colored
according to its corresponding mode. Fig. 6 shows the same
trajectories colored by the measured gas concentration (red
indicating high concentration and blue indicating low concen-
tration).

Case 1 (Fig. 5(a) and Fig. 6(a)) demonstrates the algorithm’s
ability to handle large vertical offsets, where the UAS is
initialized at (15,10,9) m and the gas source is located
near the ground at (0,0,2) m. Since no valid concentration
signal is detected during the initial lawn-mower sweep, the
UAS descends and repeats the lawn-mower pattern at a lower
altitude. During this descent, high gas concentrations are
detected, activating the transition to the SEARCH mode. Then,
the UAS follows the concentration gradient and successfully
localizes the source at ¢ = 82.7 s.

Cases 2—4 (Fig. 5(b)-5(d) and Fig. 6(b)-6(d)) demonstrate
the algorithm’s ability to correct both lateral and vertical
offsets under different initial UAS positions. In Case 2, the
UAS starts at (15, —12,4) m and successfully corrects a 12 m
lateral displacement, reaching the source at £ = 13.1 s. Case 3
introduces an additional vertical offset, with the source located
at (0,0, 6) m. The UAS climbs after the initial plume detection
and reaches the source. In Case 4, the UAS is initialized
at (16,0,8) m, already aligned with the plume centerline,
while the source is positioned higher at (0,0, 10) m. Trajectory
shows that the UAS primarily climbs from 8 m to 10 m and
successfully completes the trial at ¢ = 15.85 s.

In Case 5 (Fig. 5(e) and Fig. 6(e)), the UAS begins at
(15,—12,4) m, whereas the source is located significantly
higher at (0,0, 10) m. No valid concentration signal is detected
at the 4 m layer, making the UAS to ascend to 6.33 m. The
plume is detected at ¢ = 77.25 s, when the UAS switches to
the SEARCH mode, and the source is successfully localized at
t = 88.50 s. Across all five scenarios, the results demonstrate
that the proposed navigation strategy is robust in the 3D
environment.

C. Statistic Results

Table I summarizes the flight time for all 15 experimental
scenarios. The corresponding success rates are presented in
Table II. In particular, the proposed GSL navigation strategy
achieved a 100% success rate across all trials.
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TABLE II TABLE IIT
AVERAGE FLIGHT TIME AND SUCCESS RATE OF TRIALS FOR DIFFERENT SYSTEM PERFORMANCE UNDER VARYING ENVIRONMENTAL
GAS SOURCE AND ALGORITHMIC PARAMETERS (SOURCE 1).
Average Flight Time (s) | Success Rate
Source 1 1874 3/5 Parameter Flight Time (s)
Source 2 18.93 575 Settings ) i iy - -
Source 3 3304 55 Initial 1 Initial 2 | Initial 3 | Initial 4 | Initial 5
oetull | 300 | o195 | 3325 | 270 | 8270
ettings
As shown in the average performance metrics (i.e., Table II), u=3.0 12.40 93.45 75.55 23.65 86.15
Source 2 proved to be the most accessible target, recording Cth(r)egér =1 2070 9315 74.40 2405 88.25
the lowest average flight time of 18.93 s. This efficiency is -
attributed to its central position within the vertical search N =10 13.90 | 107.30 | 33.25 24.15 84.45
space, allowing the UAS to intercept the plume qulckly N =40 13.00 92.50 33.30 22.90 82.55

regardless of whether it started from a high or low altitude. In
contrast, scenarios with significant vertical disparities required
longer search durations.

Source 1 yielded the highest average time (48.74 s), a
figure heavily skewed by high-altitude initializations (e.g.,
Initial 2 and 5), where the UAS had to traverse multiple
layers downwards. Similarly, for Source 3, the low-altitude
start (Initial 1) resulted in a prolonged duration of 88.50 s
due to the necessary upward layer transition. However, even
in these extreme cases, the algorithm successfully converged
to the source, confirming that the strategy remains effective
regardless of the large initial gap.

D. Parameter Analysis

To validate the proposed framework, we conducted a pa-
rameter analysis. All experiments were carried out under a
low-altitude source scenario (Source 1). The default parameter
settings were defined as wind speed u = 2.0 m/s, concen-

tration threshold cpresn, = 0.05, and buffer size N = 20.
The results are summarized in Table III. As highlighted in
bold, the Default Settings yielded the shortest flight times for
most initial conditions (Initial 2, 3 and 4). In addition, we
change several parameter values to exam their impacts on the
search performance. Under a higher wind speed environment
(u = 3.0 m/s), the method achieved the fastest time for Initial 1
(12.40 s). The stronger wind advected the plume downstream
more quickly, and because the initial 1 (z = 4 m) is close
to the source height (z = 2 m), the UAS intercepted the
plume earlier. Similarly, when we increase the buffer size,
i.e., N = 40, the UAS can find the gas source slightly faster
for the initial position 5 (82.55 s). For this high-altitude start
that required a longer descent, the larger buffer smoothed the
gradient estimates.



I'V. CONCLUSION AND FUTURE WORKS

This paper presents a 3D GSL navigation algorithm that
enables a UAS to autonomously localize a gas source. The
proposed framework consists of two search modes, SCAN
and SEARCH. In the SCAN mode, the UAS executes lawn-
mower trajectories at multiple altitude layers to detect initial
gas plume signals. Upon detecting high gas concentrations, the
UAS transitions to the SEARCH mode and traces the plume by
following local gas concentration gradients. Simulation results
demonstrate that the proposed navigation algorithm is effective
across varying gas source locations and UAS initial conditions.

In this work, we used the RotorPy simulation and and
the Gaussian-based gas dispersion model to support a con-
trolled and repeatable evaluation. However, we acknowledge
the gap between the simulated environment and real-world
conditions. Real wind fields are uncertain and time-varying,
and atmospheric turbulence can cause strong plume intermit-
tency. In addition, sensor noise, response latency, and onboard
computational constraints can further affect the stability of
the proposed method. Future work will focus on evaluating
the proposed approach under more turbulent and time-varying
wind conditions. We also plan to incorporate more realistic
sensor models (e.g., gas sensor noises) and to evaluate the
approach under practical deployment constraints (e.g., drone
battery constraints). Moreover, extending the framework to in-
corporate multiple cooperative agents for plume tracing is also
a promising direction to further improve source localization
efficiency.
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