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Abstract— Time-effective and accurate source localization
with mobile robots is crucial in safety-critical scenarios, e.g.
leakage detection. This becomes particular challenging in real-
istic cluttered scenarios, i. e. in the presence of complex current
flows or wind. Traditional methods often fall short due to
simplifications or limited onboard resources.

We propose to combine source localization with a Gaussian
Markov Random Field (GMRF). This allows to improve source
localization hypotheses by building on the GMRF’s concen-
tration and flow field belief that are continuously updated by
gathered measurements. We introduce the upstream source
proximity (USP) as a natural metric that exploits the joint
knowledge represented in the field belief’s concentration and
flow field, i.e. predicting sources upstream. As a result, our
method yields a computationally efficient source localization
and field belief module providing substantially more stable gra-
dients than conventional concentration gradient-based methods.

We demonstrate the suitability of our approach in a series
of numerical experiments covering complex source location
scenarios. With regard to computational requirements, the
method achieves update rates of 10 Hz on a RaspberryPi4B.

I. INTRODUCTION

A. Motivation

Rapid and accurate localization of pollution sources con-
stitutes a challenging and complex task to be performed by
mobile robotic platforms [1]. Consequently, it has been an
active area of research across all robotic domains ranging
from air over ground to underwater. Their well-known source
localization scenarios include gas leakage and oil spills.

While source localization in open spaces without obstacles
is already hard, tracing sources within confined and cluttered
scenarios heavily increases the complexity of this task. For
instance, flows are deflected by wall and obstacle boundaries.
This results in complex pollutant fields that have to be
handled by the source localization algorithm. At the same
time, within cluttered scenarios communication performance
is usually weak and even worse for aquatic domains [2].
Hence, offloading of computationally heavy tasks from the
mobile robot towards a base station cannot be guaranteed.
Hence, suitable methods need to be lightweight enough to
run on-board robot’s hardware.
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Fig. 1: A mobile robot aims to localize a pollution source
within a confined and cluttered environment that is subject
to flow. The environment is polluted by a contaminant
(yellow). The mobile robot gathers flow and concentration
measurements that are utilized by the field estimation model
to construct a field belief. Using the field belief of both,
pollution concentration and flow, the source localization
algorithm predicts possible source locations.

B. Related Work

Source localization has been traditionally framed as a
navigation problem, where the source is located by follow-
ing simple, reactive rules, e.g. following airflow-following
Anemotaxis [3], [4] or source search based on the quantity
gradient [5]. For this, measurements on quantity and flow
field are directly used to compute suitable control actions.
We refer the reader to the works [6], [7] for a helpful
overview on these approaches. However, as pointed out in
[8], these simple control rules are usually limited to simple
scenarios and fail in settings that include e. g. complex flows
and obstacles, due to locality of the information used for
navigation.

In order to overcome this short-coming, elaborated ob-
servation models have been introduced that allow to update
the predicted source location belief based on incoming mea-
surements and available prior knowledge on the environment.
However, this comes with numerous challenges. For instance,
source location cannot be observed directly and the relation
of the flow measurement on the source location belief is
hard to express analytically [9]. Hence, various simplify-
ing assumptions are required, e.g. homogeneous flow and
absence of obstacles. As a consequence, observation model
approaches typically fall short in complex scenarios. Models
based on computational fluid dynamics (CFD) simulation
are usually computational intractable for embedded deploy-
ment. However, recent works [10], [11] propose using pre-
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computed libraries of CFD-simulations with candidate source
locations which lowers the computational burden during
runtime.

For source localization, models that effectively incorporate
concentration and flow remains a bottleneck. Limitations
range from the simplifying assumptions to the high com-
putational effortThis motivates to review the domain of
field belief models which aim to construct meaningful field
representations based on gathered measurements.

Traditional field models are usually physics-based and,
thus, require considerable computational resources. How-
ever, recent progress in data-driven methods boosted the
usage of probabilistic methods. As a plus, these direct
provide an uncertainty measure along with the field values
of interest, e.g. concentration and flow. While Gaussian
process (GP) regression constitutes a common first choice,
it becomes computational heavy with increasing number
of measurements [12]. Sparse formulations such as [13]
and [14] have been proposed to alleviate this flaw. The
Kernel DM+V method [15] constitute an effective alternative
and was applied in [16] for modeling a gas distribution that is
subject to simple wind flow. Gaussian Markov random field
(GMREFs) reduce computational burden associated with GPs
by exploiting the Markov property [17]. Thus, they constitute
a promising option for deployment on mobile robots with
limited computational resources, e. g. small-scale underwater
robots [18], [19]. Moreover, GMRFs have been successfully
extended to incorporate obstacles [20] and wind flows [21].

When viewing source localization and field modeling
methods together, very few approaches utilize field modeling
methods to predict source locations. One recent promising
approach is [1] which combines the field beliefs of concen-
tration and wind flow. The key idea is to forward simulate
candidate source locations using a simplified model. The
resulting map is then compared with the beliefs of concentra-
tion and wind flow to obtain a likelihood. However, forward
simulating every candidate location is computationally heavy.

Overall, we observe that most works on source localization
predict locations directly from measurements. For this, often
strong simplifications are required or the method renders
computationally heavy. In contrast, works that combine con-
centration and flow estimation models are rare. However,
recently proposed approaches such as Gongora etal. [22]
provide promising results and motivate further research in
this direction. In particular, it seems promising to investigate
whether source localization efficiency can be leveraged by
a simultaneously constructed field belief model from the
gathered field measurements.

C. Contribution

The contribution of this work is three-fold. First, we
propose a novel approach to source localization that builds on
a simultaneously constructed field belief estimate. This ap-
proach is computationally light since it leverages knowledge
from the explored flow field and available prior knowledge on
boundaries and obstacles. Second, we introduce the upstream
source proximity (USP) metric as a natural objective to

effectively find source locations in scenarios with complex
fluid flows. Third, our approach is evaluated in a series of
numerical experiments ranging from simple to complex field
scenarios.

Throughout the paper, we investigate three claims: (i)
field belief models can be used as an effective alternative to
observation models for source localization, (ii) the proposed
USP metric provides meaningful guidance to an autonomous
system, as opposed to unguided exploration, (iii) our com-
bined approach is computationally light enough to run online
on embedded hardware.

II. PROBLEM STATEMENT

Consider the exploration scenario of a confined cluttered
fluid environment subject to flow currents that is polluted
from a leakage source. At start, the underlying flow field is
unknown. The goal is to efficiently predict the leakage source
location from a series of spatially distributed field measure-
ments (pollution concentration and flow), e. g. gathered by a
mobile robot, as depicted in Fig. 1.

While existing literature mostly focuses on open spaces
with homogeneous flows, cluttered scenarios demand for
methods handling complex flow fields. Hence, it renders
appealing to incorporate flow information into the source
prediction strategy.

We propose to combine the source localization algorithm
with a stochastic field belief representation that jointly es-
timates the concentration and flow field. This is promising
since it allows to profit from estimated current flows when
predicting source locations. For this, we assume that the field
does not change significantly over time, i.e. the flow field
is developed. While our approach is capable of predicting
multiple sources, this proceeding’s scope lies on the case of
a single pollution source.

III. METHODOLOGY
A. Concept

The key idea of this paper is to leverage source localization
efficiency by incorporating information on the present com-
plex flow field. This can be broken down to the simple idea:
If we measure pollution, its source can be expected upstream
the estimated flow (and vice versa if no pollution is detected).
This motivates combining a stochastic field belief, in form
of a GMREF, that predicts the pollution concentration and the
flow field based on gathered field measurements. Instead of
using incoming measurements directly for source localization
we use these to simultaneously build-up a field model that
effectively provides insights in the surrounding field, e.g.
flow effects originating from boundary conditions. Figure 2
illustrates this advantageous effect using only a small number
of measurements. This belief of the concentration and flow
field is then used as an highly informative input for the source
localization problem, see Fig. 1.

It is intuitive to expect the pollution source upstream a
flow. This motivates the definition of a new metric to which
we refer to as upstream source proximity (USP) distance
dysp. It incorporates both, the pollution concentration level
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Fig. 2: Effect of coupling the flow and concentration field
within the belief. The coupled estimate (center) based on six
randomly sampled measurements is more effective in captur-
ing the ground truth (left) compared to the decoupled case
(right). Furthermore, exploiting basic prior knowledge of the
flow field, e.g. mass-conservation and low flow velocities
perpendicular obstacles, allows to incorporate knowledge on
scenario structure. This allows constructing a comprehen-
sive flow field belief from very few measurements (center
bottom).

and the predicted flow field direction. Hence, by fusing both
information into one metric we expect to improve prediction
efficiency of the source location hypotheses. This is because
we receive a more stable gradient for source tracking and
identification in comparison to standard concentration gradi-
ents, see Fig. 3.

B. Field Estimation

Our field estimation module is based on the method
proposed by Gongara, Monroy, and Gonzalez-Jimenez [22].
The method employs a GMRF over the concentration g and
the flow velocities f*, fY in x and y-direction, respectively.
However, for the sake of brevity, we refer the reader to the
detailed derivation in [22] and rather point out adaptations
relevant to the scope of this work.

The GMREF is formulated as a factor graph, where factors
are specified by an energy function reading
1
- 20%
where r; is the residual of factor ¢ and is a function of
the estimation variable. Moreover, o2 is the factor’s variance
which scales the relative importance of the factors. The edge
factors E, connect neighboring nodes and the observation
factors I, connect observations to the observed node. They
read
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pair and ¢(y;) yields the concentration of the node related to

the observation y;. In order to encourage mass conservation
within the flow field we define
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Moreover the influence of obstacles on the flow,e. g. flow f;
perpendicular to obstacles n,, is close to 0, is captured by
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where 1, denotes the normal vector of an adjacent obstacle.
Finally, coupling between flow and concentration Ey¢(i, j)
reads
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resulting into a small concentration gradient along the flow
direction, Given this model, a field belief is constructed. For
a given node s, the belief is then characterized by the normal
distributions
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C. Source Prediction using Upstream Source Proximity

In particular in the beginning of an exploratory mission,
the available information is insufficient to predict source
locations. Moreover, the information is likely limited to
explored domains, e. g. the room where the exploration starts.

Thus, it is promising to extrapolate from information
available in vicinity. For instance, the surrounding fluid flow
is part of the overall flow system and may provide insights
on source search directions. Hence, instead of predicting the
actual source location, the revised objective is to predict
the points closest to the source within the stream of the
pollutant. Specifically, tracing the stream of the pollutant
upstream eventually leads to the actual source location and
thus provides guidance early on. For this, we introduce the
Upstream Source Proximity (USP) dygsp. It is defined as the
proximity of a given point to the source when following
the stream of the pollutant. This means that dysp — o©
for approaching the actual source and dygp — 0 for points
very far from the source. It is important to note, that the
USP does not correspond to any measurable distance. Rather
it describes the proximity of a point to the source, relative
to other points in the domain. Consider Fig. 3, where an
exemplary field is depicted together with four candidate
points. The USP for the four given points can be computed
by comparing them to one another. Following the flow field,
it becomes apparent that the blue point is situated upstream
of the red point and downstream of the green point, reading

dyusp(®) < dusp(e) < dusp(e). )]

To fulfill this inequality expression, it is sufficient to compare
each point to the points downstream of it and add to their
USPs. For instance, the blue point’s USP can be computed
by considering the red point only. The orange point is not
situated within the stream of pollutants and consequently
has a USP of 0. In a similar fashion, a grid of points can
be defined and the USP can be computed for all of them,
yielding a dense map of USP values for the domain. The
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dependence of each point’s USP on downstream neighbors
only renders each point independent of all other points, given
its direct neighbors. This allows formulating the problem in
a local fashion. In this work, we adopt the structure of the
GMREF formulation, placing a source candidate point at each
position. Furthermore, we utilize the concentration estimate
q to formulate the likelihood of a point being situated within
the stream of the pollutants and the flow field estimates
f%, fY to determine the points downstream of a given point
in a probabilistic fashion. We define the USP of a single
point s as

dysp(s) = Z p(s,s")[1 + dusp(s')],

sen(s)

(10)

where n(s) denotes the set of the 8 neighboring points of s.
Hereby, we define the transition function p(s, s’) as

(an

p(S, SI> = pstream(s)pmigration(sa 51)7
where

pstream(s) = CDF(Q(S) > C)v (12)

denotes the likelihood of s being situated within the stream
of the concentration. We model this as the likelihood of s
exhibiting a larger concentration estimate than a threshold
value c, given by the cumulative distribution function of the
field belief CDF. Hereby, ¢ remains a tuning parameter. The
migration function pmigration (s, s”) incorporates the relative
proportions of concentration in s flowing to s, according
to the flow field estimates. We approximate the proportions
by sampling 200 transitions from the normal distribution of
the flow estimates at point s, see Eq. 8. The formulation
proposed in Eq. 10 can be interpreted as a Markov Decision
Process (MDP). To solve the MDP, we use Value Iteration
which, as discussed in [23], is an efficient method with
guaranteed convergence.

IV. ANALYSIS

We evaluate our proposed method responding to our
claims (i-iii) from Sec.I-C For this purpose, we investigate
the method in two studies in variations of the scenario
depicted in Figs.4 and 5.

A. Evaluation Scenarios

Throughout our investigation we consider the scenario
depicted in Fig.4 consisting of four rooms with two flow
inlets, one outlet, and the pollutant source at five different
locations, referred to as A to C. The ground truth of the
scenario is generated through a multiphase OpenFOAM
CFD simulation [24] where water constitutes the fluid and
the pollutant is gasoline. The resulting pollutant fields are
depicted in Fig.5.

For the guidance study, we employ a simple breadth-
first-search (BFS) planner that operates on the GMRF grid
and greedily searches for the shortest path from the robot’s
current position to the most probable source location. The
agent can move one step at a time on the grid, in either
a vertical or horizontal direction, with the constraint of not
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Fig. 3: Comparison of USP metric and the traditional con-
centration metric evaluated on an exemplary source location
scenario. The USP provides a more stable gradient compared
to the concentration level which dips, e.g. , in the vicinity
of doors.

penetrating obstacles, and starts at the outlet in the bottom
left. At each step, the robot collects a flow and concentration
measurement. The robot concludes the mission if it has been
stationary at the current source prediction for more than 5
steps.

191U]

Outlet

Inlet

Fig. 4: Exploration scenario consisting of four rooms, two
fluid inlets (blue), one outlet (gree). We investigate three
source locations of varying complexity. Location A has two
variations to investigate the sensitivity to small deviations in
the source location.

B. Uniform Sampling

In this first study, we investigate the method’s performance
under uniformly sampled random noisy measurements. The
goal is to evaluate the performance of the source localization
method independent of a connected planning algorithm.
Specifically, we respond to claim (i+iii). For this, the source
location algorithm is executed in all 5 location variants for
100 independent runs to obtain meaningful statistics. The
results are depicted in Fig.6. We observe that with increasing
number of measurement the source prediction error drops
rapidly. An interesting deviation is the error towards Loca-
tion C which drop fastest but has the highest remaining error.

6257



Fig. 5: Resulting simulated pollutant distribution for the
different source locations. The distributions for variants Al
and A2 are depicted in top right.

TABLE I: Computation times under varied number of nodes
evaluated on a Desktop PC with a Ryten 7 3700X CPU
and a RaspberryPi 4B. In all cases, the source localization
algorithm can be executed with an update frequency >10 Hz.

# of Nodes Type | Desktop PC RaspberryPi 4B
20 x 17 Source Loc. 6.1 ms 18.0 ms
GMRF 38.9ms 272.2ms

30 % 25 Source Loc. 14.7ms 41.1ms
GMRF 277.4ms 2120 ms

40 % 33 Source Loc. 26.7ms 73.2ms
GMRF 1101 ms 9126 ms

This can be explained when looking into Fig. 5 where we
observe that the whole room around C is covered with a high
concentration of the pollutant. When comparing Location A
and its variants Al and A2 we see a considerable sensitivity
on the resulting pollutant tail. However, in all cases, the
source location is determined accurately.

Additionally, we evaluate the computational effort required
for our method. For this, we run the algorithm on both a
full-fledged desktop computer and a RaspberryPi 4B single-
board computer as it is commonly used on mobile robotics
platforms. TableI depicts the update times for the source
localization and the GMREF field separately. We see that the
efforts for the USP source localization are for considerably
smaller than the GMRF computation times. It is worth
pointing out that the proposed source localization method is
light enough to run under all configurations with more than
10Hz on the RaspberryPi computer. The strong increase in
the computation time for the GMRF on the RaspberryPi is
most likely due to Pi-specific bottlenecks in the Eigen-library.
Overall, this study demonstrates the general suitability of the
combined approach for source localization.

C. Combination with Baseline Planner

In this second study, we evaluate the method’s capability
of guiding a mobile agent toward the source location. More-
over, we respond to claim (ii). During the derivation of the
method, we revised the goal of predicting source locations to
predicting the USP, in order to define a measure that can be
predicted in a meaningful way with heavily limited informa-
tion, and directs the agent towards the source location. We
simulate the agent controlled by the BFS planner 50 times

20
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Fig. 6: Distance to the source with uniformly sampled
measurements over 100 runs. The scenario’s dimensions are
50m x 20 m.
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Fig. 7: Box Plot of the Final error using BFS planner.
Whiskers at 1.5 x IQR.

for each setup as discussed in Sec.IV-A. The final errors for
all setups are depicted as box plots in Fig.7. We observe
that for all setups, the median error remains far below 10 m,
indicating successful source localization. Furthermore, as
expected, scenario C yields the largest median error.

In Fig. 8, we display a heatmap over visited areas of
the domain for case A. Hereby, it becomes apparent that
in all runs, the agents do not deviate far from the stream
of the pollutant, effectively tracing the stream to the source.
This indicates that the guidance provided by the algorithm
is effectively guiding the agents, which in turn avoids un-
necessary exploration into regions that do not lead to the
source.

A

Fig. 8: Heatmap of visited areas in Scenario A together with
the ground truth source location (red). The robot traces the
stream to the source by following the subsequent source
predictions, without exploring areas outside of the stream.
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Fig. 9: Snapshot sequence from one localization run using
the of a Breadth-First-Search-Planner. The source predictions
are subsequently refined as more information is gathered.

A sequence of time points for one exemplary simulation
together with the corresponding source predictions is shown
in Fig. 9. Here, we observe that the predictions directly lead
the agent from the initial position to the source. While
some initial predictions might be inaccurate in terms of
source locations, they nevertheless lead to the right direction,
allowing the agent to gather more meaningful information
and refine the predictions.

Overall, we conclude that the proposed method is capable
of accurately predicting source locations in complex, realistic
scenarios. By providing meaningful guidance to autonomous
systems, our approach enables efficient and fast source
localization, which is essential for rapid responses in critical
situations. Moreover, the method’s ability to circumvent local
minima by offering stable gradients represents a substantial
advantage over conventional concentration-gradient based
methods. This, coupled with its comparably low computa-
tional demands, makes the method well-suited for deploy-
ment in practical applications.

V. CONCLUSION

In this work, we study problem of source localization in
cluttered fluid environments that are subject to complex flow
fields. For this, we propose to combine source localization
with a probabilistic field belief model that simultaneously
constructs beliefs on the concentration and the surrounding
flow field. Furthermore, we propose the upstream source
proximity (USP) metric to exploit the information flow field
provided by the belief model. This allows to effectively
predict the source location upstream the current flow. We
demonstrate the performance in a series of numerical simu-
lation and its computational effort on a RaspberrryPi4 single
board computer achieving a update rate of 10 Hz.

Future work will include the extension to time-varying
flow fields and multi-source scenarios will be investigated
Moreover, the approach will be validated onboard a small-
scale mobile ground robot.
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