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ABSTRACT

The efficient localization of scalar sources is critical for
environmental monitoring and disaster assessment, which re-
quires the reconstruction of dispersive scalar fields from lim-
ited measurements. Although various algorithms have been
proposed, most studies rely on numerical simulations, while
experimental validations remain limited. In this study, a scalar
source estimation framework combining Active Learning (AL)
and Physics-Informed Neural Networks (PINN) is developed
and implemented in a wind-tunnel experiment. The PINN re-
constructs the scalar field from sparse measurements obtained
by a mobile robot, while AL guides the sequential sensor
placement. The results demonstrate that the framework can
successfully identify the source online. Furthermore, the per-
formance strongly depends on the stopping criterion and the
amount of initial sensing information, highlighting the impor-
tance of appropriate stopping criteria and sensor initialization
for reliable and efficient localization.

1 INTRODUCTION

Rapid and reliable localization of pollutant or hazardous
gas sources, together with dispersion characterization, is es-
sential for environmental monitoring, disaster response, and
industrial leakage control (Liu and Zhai, 2007). Mobile robots
provide particular advantages in such scenarios where human
access is restricted or unsafe (Wang et al., 2019).

Various approaches have been proposed for scalar source
estimation, and they are usually categorized by analytical
method (Liu and Zhai, 2007), inverse optimization method
(Gorelick et al., 1983; Mahar and Datta, 1997), and heuris-
tic methods (Liu and Zhai, 2007). The latter two are more
attractive because of their accuracy and robustness, while the
computational cost can also be high. Machine learning tech-
niques, typified by physics-informed neural networks (PINNs)
(Raissi et al., 2019; Karniadakis et al., 2021), have emerged

as a promising framework, enabling efficient reconstruction of
flow and associated scalar fields.

The reconstruction of scalar fields and the identification
of the resultant sources strongly depend on the number and
placement of the sensors. Therefore, it is critical to determine
optimal sensor locations, and numerous strategies have been
proposed, such as information-theoretic criteria (Settles, 2012)
and heuristic exploration approaches. These methods aim to
maximize information gain with minimizing sampling effort,
yet practical constraints often limit their effectiveness in real
environments.

So far, most prior studies have been confined to numerical
simulations (Cerizza et al., 2016; Wang et al., 2019), while
the validation in experimental systems is relatively rare. To
this end, we implement a PINN-based scalar source estimation
framework enhanced with an active learning (AL) strategy in
a wind-tunnel experiment with a mobile robot.

2 METHODOLOGY
2.1 Problem description

We consider the advection—diffusion of a scalar field ¢
from a source in a two-dimensional turbulent flow. As illus-
trated in Fig. 1, a diagonal flow is imposed in a domain of 3.0m
x 2.0m, with the inlet and outlet located at (Om, [1.5,1.8]m)
and (3.0m, [0.2,0.5]m), respectively. A Dirichlet boundary
condition of ¢ = 0 is prescribed at the inlet, while an out-
flow condition is applied at the outlet. Zero-gradient condi-
tions are imposed on the remaining walls. Sensors are posi-
tioned downstream of the scalar source, and their measure-
ments are adopted to estimate the source location. In this
study, the velocity field is assumed to be known. The scalar
field is reconstructed using PINN with measured results, and
subsequent sensor locations are determined adaptively through
active learning.
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2.2 Physics-Informed Neural Network (PINN)

By introducing the Reynolds-Averaged assumption,
the scalar transport is formulated by the steady advec-
tion—diffusion equation

u-Ve=V-[(Det) V] + 9, ey

where the velocity field u is predetermined from a RANS sim-
ulation and used in the scalar equation. The effective diffu-
sivity Degr consists of molecular diffusivity D,, and the eddy
diffusivity D; = SLZ, where the eddy viscosity V; is obtained
from RANS simulations with S¢; = 1.

A PINN is adopted to reconstruct the scalar field from

sparse measurements, and the cost functional is defined as
J=oaLy,+ ﬁLpde + YLpe + 0L pen, 2

where Ly, Lpges Lpe, and Ly, denote losses due to the mea-
surement residual, the governing equation, the boundary con-
dition, and the regularization, respectively, and o, 3, ¥, and &
are corresponding weighting parameters. The weighting coef-
ficients are adaptively adjusted during training to balance the
magnitudes of each term, allowing the model to remain sensi-
tive to newly added measurements in the active learning itera-
tions while preserving physical consistency.

The network outputs both the scalar field c(x) and the es-
timated possibility of the source distribution ¢ (x). Then, the
source location is identified as the position with the maximum
¢. The network consists of three hidden layers with 30 neurons
and is trained sequentially using Adam followed by L-BFGS.

2.3 Active learning for sensor placement

To enhance source localization with sparse measure-
ments, an Active Learning (AL) strategy is adopted and com-
bined with PINN. AL adaptively selects the next sensor loca-
tion according to the acquisition function,

aCCI(X) = (avaLpde (X) + BacqqS (X)) fexc(x)a 3)

where fexc(X) is a binary coefficient that is set as 0 inside ex-
clusion zones and 1 elsewhere so as to avoid redundant sam-
pling near existing sensors. The exclusion zone is defined as
an ellipse centered at a sensor, with the major axis aligned to
the local flow direction. The axes lengths of the ellipse are
given by

, g _

ay(x™) = min (max (ame M min ) amax )
“4)

, g _
br(x™) = min (max (ﬁ 7|85/5§ | e M‘, bmin) ,bmax) ,
nlxm

5)
Ak

where k denotes iteration index, and the exponential term e~
introduces a dynamic decay so that the exclusion zones grad-
ually shrink as the AL proceeds. Here, ¢f = 0(¢(x)) is the
standard deviation of the estimated concentration field, which
is updated at each AL round. The terms &/ dxqqy, and 9¢/dx,
represent the concentration gradients along and perpendicular
to the local flow direction, respectively. The clipping operator

ensures that the ellipse sizes remain within predefined bounds
[@min, @max] and [bin, bmax], preventing extreme shapes.

The sensor is placed at the location with the maximum
acq(x), and the PINN is retrained with the newly acquired
measurement for 2000 iterations at each AL step. This process
is iteratively performed until the difference between the esti-
mated source locations in consecutive iterations satisfies a pre-
defined convergence criterion, i.e., a single-step or a double-
step stopping criterion.

2.4 Stopping criteria and performance indices
The source localization is regarded as converged when the
change between consecutive predictions satisfies

[ — Xe—1| < Astop, (6)

where x; denotes the predicted source location at the k-th AL
iteration. This is referred to as the single-step stopping crite-
rion. In addition, a double-step stopping criterion is also con-
sidered, in which convergence is stated only when two consec-
utive changes both satisfy

[Ixx — X1 < Astop  and (%41 — Xk || < Astop- (1)

This introduces temporal consistency and improves robustness
against noise and prediction oscillations.

The accuracy for source localization is evaluated using the
distance of maxima (DoM), which measures the distance be-
tween the predicted and true source locations. To further char-
acterize the robustness, a success rate is introduced. A trial
is regarded as success when the predicted source is within a
certain range around the true source, i.e., 20 cm. For each con-
figuration, 10 trails are performed, and the success rate among
the 10 trails is calculated accordingly.

To assess the time consumption of the present method, an
equivalent operating time is defined as

L
Toq = - + N tsample + ktiain, ®)

where L is the total robot path length, v the robot speed, N
the total number of sensing points, fsample the single sensing
time, k the number of active-learning iterations, and f,j, the
training time per iteration. In the present study, they are set as
v =0.05 m/s, tgample = 100 s, and fyyiy ~ 280 s. The defined
equivalent operating time allows for a fair comparison among
various configurations by combining the time consumptions
for the robot motion, the sensing, and the model training.

3 EXPERIMENTAL SETUP
3.1 Wind tunnel system

Experiments were conducted in a wind tunnel with di-
mensions of 3m x 2m x 0.25m, as shown in Fig. 2. The flow
is assumed as two-dimensional, since the length in z-direction
is relatively small compared to the other two directions. The
inflow from the inlet is supplied by an air compressor with
a fixed velocity of 0.8m/s. This corresponds to Re = 10582
where the half inlet width is taken as the reference length scale.
The saturated ethanol vapor is released from a source location
of (0.1m, 1.75m), slightly downstream of the inlet as shown in
Fig. 1, with a volumetric flow rate of 10 L/min.
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3.2 Mobile robots

A mobile robot equipped with an ethanol sensor is used to
measure the scalar concentration at target sensor locations. A
camera-based positioning system is mounted above the wind
tunnel to allow for real-time tracking. The platform integrates
an Arduino controller, motors, batteries, and Wi-Fi communi-
cation, while optical markers on the top plate allow position
tracking by the camera. During the experiment, the mobile
robot is dynamically moved to the next sensor location deter-
mined by AL. The schematic of the experimental system is
illustrated in Fig. 2.

4 RESULTS
4.1 Case summary

All the cases investigated in the present study are summa-
rized in Table 1. As shown in the first column of Table 1, the
Case ID is expressed by the stopping criterion, the stopping
threshold, and the number of initial sensors. With the present
experimental configurations, the influence of these three fac-
tors on the source localization results is studied. For each case,
10 repeated runs are conducted to ensure statistical reliability.
The mean distance of maxima (DoM) and the mean equivalent
time are computed as the averages over these runs. The error
bars represent one standard deviation from the mean, reflecting
the variability of the results across repeated trials.

Figure 3 presents the example of a successful localization
case, i.e., Case D-T15-N5, with double-step criterion, Astop =
15 cm, and njy; = 5. Figure 3(a) shows the robot route to-
gether with the consecutive sensor placement dertermined by
the active learning, while Figure 3(b) illustrates the evolution
of the predicted source location in each AL iteration until con-
vergence, and the labeled number denotes the iteration index.

4.2 Comparison of single- and double-step
stopping criteria

Figure 4 plots the comparison of the performance indices,
i.e., DoM, Teq, and success rate, between the single-step and
double-step stopping criterion with two stopping thresholds
for cases S-T09-N5, D-T09-N5, S-T12-N5, and D-T12-N5.
Under a strict threshold, i.e., Agop = 9 cm, the performance
indices of DoM and success rate using the double-step strat-
egy is comparable to that using the single-step strategy, while
the operating time becomes longer. The variations of the DoM
and the success rate are also of a similar level between the
single-step and the double-step strategies. By comparison, the
double-step strategy exhibits a improvement in both reducing
the DoM and increasing the success rate under a more relaxed
threshold, i.e., Asiop = 12 cm, while it is at the cost of longer
operating time. Moreover, the variations of the DoM and the
operating time are also reduced when using the double-step
strategy compared to the single-strategy. The above compari-
son show that the double-strategy can improve both the accu-
racy and the robustness of the present algorithm with a relaxed
threshold, while a strict threshold can deteriorate the improve-
ment.

4.3 Influence of stopping thresholds

In this subsection, we fix the double-step strategy and fo-
cus on the influence of the stopping thresholds by cases D-
T12-N5, D-T15-N5, D-T18-N5, and D-T21-N5, where the
stopping threshold is systematically increased from 12 cm to
21 cm. The experimental results are plotted in Fig. 5. Gen-
erally, as the stopping threshold increases, the operating time

gradually reduces. Regarding the Dom and the success rate,
the best estimation performance, i.e., the minimum DoM of
10.1 cm, and the maximum success rate of 100%, is achieved
under Agop = 15 cm. These results indicate that excessively
relaxing the stopping threshold leads to early termination with-
out sufficient accuracy, whereas overly strict thresholds in-
crease computational cost without further performance gains.
Under the present conditions, the threshold of Agop = 15 cm
provides a balance among accuracy, robustness, and efficiency.

4.4 Influence of initial sensor configurations

The quantity and spatial distribution of initial sensors play
a critical role in determining the amount of information avail-
able for PINN learning at the early stage. To examine this ef-
fect, three values of the number of the initial sensors, i.e.,njyit
= 3, 5, and 8 are considered using the double-step strategy
with Agiop = 15 cm. As illustrated in Fig. 1, the corresponding
candidate sensor locations are marked with different symbols,
representing the configurations D-T15-N3, D-T15-N5, and D-
T15-N8, respectively.The experimental results with different
number of initial sensors are plotted in Fig. 6. When the num-
ber of the initial sensors is increased from 3 to 5, both the DoM
and the operating time reduces, and the success rate increases.
However, these three performance indices hardly changes as
ninit = 8 is further increased to 8. Although the averaged per-
formance indices is not improved from nj,;; = 5 to 8, their vari-
ations are still be reduced. These results suggest that 5 initial
sensors are sufficient to achieve a well source localization ac-
curacy, while further increase in the number of initial sensors
does not result in a performance improvement.

5 CONCLUSIONS

In this study, a scalar source localization framework com-
bining Physics-Informed Neural Networks and active learning
is developed and validated through wind-tunnel experiments
with a mobile robot. Unlike previous studies focusing mainly
on algorithm design, this work emphasizes how physical set-
tings and stopping criteria influence overall performance.

The results show that the proposed PINN framework with
active learning can successfully identify the source with lim-
ited measurements with proper configurations. The influences
of the stopping criterion, the stopping threshold, and the ini-
tial sensor configuration are systematically investigated in the
present study. The single-step criterion cannot ensure stable
convergence, whereas the double-step criterion provides more
reliable localization. Under the double-step criterion, both
overly strict and overly loose thresholds degrade performance,
while a moderate threshold achieves the best balance between
accuracy and efficiency. Sufficient initial sensor information is
essential for stable PINN learning, whereas overly sparse sen-
sor configurations may lead to unsuccessful localization and
large prediction fluctuations.

Despite these findings, the present study is limited to a fi-
nite set of experimental configurations. More fundamentally,
the effectiveness of sensing is not determined solely by the
number of sensors, but by the information they provide within
a given flow and concentration field. Understanding how sens-
ing locations interact with underlying physical structures re-
mains an open question. Future work will therefore focus on
exploring information-driven sensing strategies under more di-
verse flow conditions, aiming to establish more general princi-
ples for sensor placement and active learning design.
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Figure 2: Schematic of the wind-tunnel experiment with a mobile robot.

Table 1: Case definitions for different stopping criteria and initial sensor settings.

Case ID Stopping criterion  Agop (cm) i

S-T09-N5 single-step 9 5
S-T12-N5 single-step 12 5
D-T09-N5 double-step 9 5
D-T12-N5 double-step 12 5
D-T15-N5 double-step 15 5
D-T18-N5 double-step 18 5
D-T21-N5 double-step 21 5
D-T15-N3 double-step 15 3
D-T15-N8 double-step 15 8
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Figure 3: One successful D-T15-N5 case (double-step criterion with Ay, = 15¢m, njpi = 5) localization example. Number
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