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ABSTRACT

In an act of sabotage or terrorism, hazardous material might be released deliberately into the atmosphere to threaten
individuals, e.g., those operating critical infrastructure. Hazardous materials in such a scenario include toxic
industrial chemicals (TICs), which are often invisible to the human eye, making it difficult to detect and respond to
releases in a timely manner. This contribution considers the scenario of an airborne hazardous release requiring rapid
and reliable assessment, with a chemical, biological, radiological, and nuclear (CBRN) sensor system providing
scarce and local measurements. We present a novel algorithm that couples these data with an advection—diffusion
model to detect, localize, and quantify a moving and time-varying contaminant source. Unlike many existing
methods, the approach identifies sources with unknown occurrence time and trajectory by incorporating spatial
sparsity as prior information. The feasibility of the approach is demonstrated in a two-dimensional computational
domain. To further increase the technology readiness level, we additionally propose a calibration methodology for
the required three-dimensional flow models based on wind tunnel experiments. Finally, a strategy for coupling the
framework with real-time sensor data within a digital twin environment is outlined to enable predictive decision
support in emergency scenarios.
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INTRODUCTION

Airborne transport of hazardous substances poses a serious threat to communities and critical infrastructure.
Releases of contaminants may occur accidentally, for example due to industrial leaks or spills, or intentionally in
acts of sabotage or terrorism (Boris 2002; Patnaik et al. 2012; von Danwitz et al. 2024). In emergency situations,
decision-makers require reliable and timely information about the current state of contamination in order to initiate
appropriate countermeasures.

Airborne contaminant monitoring relies primarily on sensor-based detection systems capable of identifying CBRN-
agents. Common approaches include electrochemical sensors (Madadelahi et al. 2025) for selective toxic gas
detection and mass spectrometry-based systems (Wang et al. 2025), which provide high sensitivity and specificity for
the analysis of complex chemical mixtures. Both technologies provide highly localized measurements and therefore
correspond to point observations in large-scale mathematical models. In contrast, hyperspectral optical detection
systems (Wilsenack et al. 2024; Harig et al. 2006) deliver spatially distributed information over comparatively large
areas. Despite their technological diversity, all these systems share a fundamental limitation: measurements are
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Figure 1. Computational domain Q (left) with highlighted inflow (I"_), outflow (I'";), and characteristic (Iy)
boundaries as well as the initial contaminant source (0, -) = m(-) and the estimated wind vector field v (right) of
benchmark scenario reproduced from Mattuschka, An der Lan, et al. 2026
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available only locally in space and over a restricted time interval. At the same time, contaminants are transported by
complex flow fields, often dominated by advection and turbulent mixing, which leads to highly nontrivial dispersion
patterns. Consequently, it is in general not possible to infer the global distribution of contaminants over a large
domain of interest directly from discrete sensor data without the support of a physics-based simulation model.

The objective of this work is therefore to extract actionable knowledge from spatio-temporally discrete measurements
by coupling them with a flow-based transport model. In particular, we aim at the algorithmic identification of
moving and time-varying contaminant sources and at providing reliable predictions of the resulting contaminant
fields.

Considering the current state of research in contaminant source detection, we propose a method that transfers
existing inverse modeling approaches towards practical emergency-response scenarios. A major limitation of many
transient identification methods, e.g., Villa et al. 2021; Mattuschka, Walter, et al. 2026; Casas and Kunisch 2019;
Leykekhman et al. 2020; Biccari et al. 2023; Monge and Zuazua 2020, is the assumption that the release time is
known a priori. In realistic scenarios, for instance in the case of an intentional attack, this information is typically
unavailable. The present work therefore addresses the challenging problem of identifying and predicting a transient
source with unknown activation time.

For example, Wang et al. 2025 present a promising measurement system based on mass spectrometry that has been
used to monitor ship emissions and to verify compliance with exhaust gas regulations. In that application, the
measured concentration data were correlated with known ship trajectories and atmospheric conditions. If such
trajectory information is not available and one attempts instead to reproduce the sensor measurements by testing all
possible source location candidates, the resulting inverse problem becomes severely ill-posed.

To obtain stable and physically meaningful solutions, prior information must be incorporated into the reconstruction
process. In the approach proposed here, this is achieved by assuming that the underlying sources are sparse in space.
This structural prior is enforced by an appropriate regularization term, and leads to a well-posed optimization
problem capable of identifying moving contaminant sources from limited sensor data.

At this point, however, we must acknowledge that a sparsity-promoting regularization in space and time does not
constitute the most appropriate mathematical model for the problem under consideration. In the present setting, this
choice induces a systematic bias: later activation times are implicitly favored, and reconstructed source locations
tend to be shifted to the last possible time instance to cause the measurement signal. This work explicitly highlights
this limitation. Nevertheless, the numerical results demonstrate that, for a sufficiently dense sensor configuration,
the method still yields meaningful reconstructions. Even when the number of available sensors is significantly
reduced, the approach provides a rough estimate of the source location together with a reliable prediction of the
contaminant evolution. In emergency scenarios, such information already represents a substantial gain in actionable
knowledge, despite the identified modeling shortcomings.

MATHEMATICAL MODELING AND SOURCE IDENTIFICATION ALGORITHM
Numerical Modeling of Contaminant Sources and Dispersion

In the following, we investigate the dispersion of contaminants generated by a time-varying source. The source may
move and vary in intensity over time. For the numerical simulations, we adopt an established benchmark scenario,
cf. Villa et al. 2021; von Danwitz et al. 2024; Mattuschka, An der Lan, et al. 2026; Mattuschka, Walter, et al. 2026.
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Figure 2. Numerical simulation of contamination dispersion at the beginning of the release (+ = 0.5 s, top left), after
completion of the release (+ = 5.0 s) and the trajectory of the moving source (violet, top right), after the measurement
period (¢ = 10.0 s, bottom left) and at the final simulation time (r = 20.0 s, bottom right).

The underlying transport process is modeled with the advection-diffusion equation governed by the diffusion
coefficient x and a wind vector field v, which is assumed to be sufficiently smooth and divergence-free. The example
wind field considered here is shown in Figure 1. Depending on the orientation of v relative to the outward-pointing
boundary normal n, the boundary 02 is decomposed into three disjoint subsets: the outflow boundary I'y C 0%,
where v - n > 0; the characteristic (tangential) boundary Iy € 9Q, where v - n = 0; and the inflow boundary
I'_ € 0Q, where v - n < 0, following the convention in Elman and Su 2020.

A mathematical description of the transport of a contaminant concentration u in a bounded open domain Q € R”,
n € {2,3}, is given by the parameter-dependent forward problem

(ur — kAu+v - Vu)(t,x) = va(t) S(yx, (t),r,x) in(0,T) xQ,

kVu-n(t,x) =0 in (0,T) x (I'y UTY),
_ : (Px)
u(t,x) =0 in (0,7) xTI'_,
u(0,-) =0 in Q.

To model realizations of a time-varying and moving source, we introduce a parameter curve

Yy [0,T] - @xRso,  ¥(1) = (yx, (1), ¥2(2)),

where vy, (¢) its spatial location and y,(¢) denotes the source intensity at time ¢. In the present work, we restrict
ourselves to contaminant sources whose spatial distribution is described by a smooth, radially symmetric shape
function. Specifically, we consider the shape function

S(xg,7,y) = min {0.5,exp (ln(e) [ly - xs||% /rz)} , (1)

for the center x; € Q, radius of the source » > 0 and € > 0 as a given threshold. Alternative realizations of the
shape function S can be found in Mattuschka, Walter, et al. 2026. An example of such a time-dependent source and
the corresponding contaminant distribution obtained from Equation Py is shown in Figure 2.

The following describes how contaminant concentration measurements are obtained. To arrive at a formulation that
is as close as possible to the actual application, we model sensor measurements as spatial averages rather than point
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Figure 3. Numerical simulation of contaminant dispersion after the measurement period (r = 10 s), shown together
with three sensor configurations: a dense arrangement of 150 sensors (left), a reduced subset of 20 sensors (middle),
and a sparse configuration of 10 sensors (right). Sensor locations are indicated by green dots.

measurements, in contrast to Villa et al. 2021; Mattuschka, Walter, et al. 2026. To this end, we introduce a smooth,
radially symmetric basis function 77: R” — R such that > 0, supp(7) € B (0) and fQ ndx = 1.

For a solution u of Equation Py, the sensor measurement at a space-time location (x?bs, tfbs) € QX [0, Tops], with
Tobs < T, is defined as

- T
Vi :=/ /u(y,t)n(y—X?bS,t—t?bs)dg(y)dt-
0 Q

At this point, we use the assumption that in the technical system under consideration, u(x?bs, t?bs) ~ y; for small
o is approximately satisfied, and this motivates the definition. This definition gives rise to a linear and bounded
space-time observation operator

Nobs
B(u) := Z yi e;, for a sequence of observation points (79 x;’bs), i=0,...,Nops.

i B
i=0

Consequently, we define the parameter-to-observable operator by K(y) = u and F (y) = B o K(y). Given a misfit
vector y € RNovs for example y = 1/02 (B(u) — d), where the measurements d are perturbed by independent,
zero-mean, additive Gaussian noise on sensor level, i.e., d; = y; + & with ¢ ~ N(O, 0'2). The associated
misfit-to-adjoint map is defined by Q(y) = q. Here, g denotes the solution of the final value problem

Nobs
—qr — kAq = div(qv) = Z yini in(0,T)xQ,
i=0
(vg+«kVq)-n=0 on (0,T) x (T'y UTY), (Pa)
q=0 on (0,T)xT_,
q(T,-) =0 in Q,

with the smooth right-hand side 7; = n(y — x9, 1 — 19%).

Remark 1 By replacing point-wise measurements with spatially averaged observations, Equation Pgq admits
a smooth solution. In earlier formulations, including Villa et al. 2021; von Danwitz et al. 2024, Mattuschka,
An der Lan, et al. 2026; Mattuschka, Walter, et al. 2026, point evaluations were employed, which introduce Dirac
distributions on the right-hand side of Equation Pq. When the unknown parameter corresponds to the initial
condition, sufficient regularity can be recovered by starting the measurement process at a time Ty > 0, exploiting
the strong smoothing properties of the Laplacian. However, this imposes a restriction on the admissible observation
window or modeled initial condition. The present formulation avoids this limitation by employing spatially averaged
measurements, thereby ensuring regularity of the adjoint solution without requiring a delayed measurement start.

A Sparse Inversion Framework for Source Detection

Before formulating the inverse problem for identifying a transient contaminant source, we describe the discretization
of the partial differential equations introduced in the first section. We employ a standard finite element discretization
of the advection—diffusion problem, which yields the following discrete counterpart of Equation P

(M + AtV +AtkK + At S+ V)™ = (M +17VT) (u” + At m™),

U, =0,

2
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where we use continuous Lagrange nodal basis functions defined by

(Vh = Span{¢07 e ¢’ld0f}

associated with the nodes {po, . . ., pn,;}. The mass matrix, stiffness matrix, and skew-symmetric advection matrix
are given by

My i= [ 000 8500000 Ky 1= [ (V106,905 0200, Vi = [ 6106 (V8;0.) do).
An implicit Euler time discretization is performed using the approximation
u, ~ (W —u") /At

at time instances (0, At,...,T = At Nr), yielding a solution in the discrete space—time space @f\g) Vi. The
implementation of the discrete observation operator 8" : @LI\Z) Vy, — RNobs works straightforwardly by projecting
the function 7 into the finite element space and evaluating the function by multiplying it with the mass matrix.
In %ummary, this gives us the discrete counterpart F” : @ﬁf) YV, — RNovs for a given right-hand side m =
(m°,...,mNT).

We employ the well-established SUPG stabilization technique (Brooks and Hughes 1982; Danwitz et al. 2023),
which introduces the matrix

iy 5= [ (Vau(,9) (V8;00.) = 0, 1)) d2),
together with the stabilization parameter
v = min (/26 i /11 )

where hg := sup, g |x — y| denotes the diameter of a finite element E.

In a very similar form, the discretization of the adjoint Equation P is given by
(M + ATVT + ATkK + ATrST +1V)g" = (M + V) g™ + My™! 3)

with initial ¢,—o = 0. This variant leads to the discrete operator Q" : RNos —s @?:TO V. For each time step
n € {0,...,Nr}, we denote by Q,’,‘ the projection onto the n-th component of this direct sum. The component Qf{
corresponds to the solution of the discrete adjoint problem Equation Pgq at time #,, = nAf.

To model the parameter m(t, x) := y(t) S(yx, (t),r,x) in Q, we employ the standard L>-projection of the source
term from Equation 1 onto the finite element space. In the discrete setting, this corresponds to the projection with
respect to the mass matrix M, i.e.,

S"(xg,r,+) = argmin || f = S(xs, 7, )13y
fe(vh

Its representation in coefficient form is denoted by the finite element vector S "(xy,r). Given a parameter curve
v:10,T] - Q X Ry, we define the discrete transient parameter m at time levels ¢, = At n by

m" =7/l(tn) Sh (sz(fn), r), ne {0,...,NT}.

To stay consistent with the modeling of Mattuschka, Walter, et al. 2026, we extend the framework by searching for a
sparse representation of the source at each discrete point in time, i.e., sums of atoms represented as integrals of the
shape function S. This means that we search for each time step At n, N" source locations x” € QN" and intensities

At e Ri\’; . In summary, this results in the following form on the right side of Equation 2
Nn
m" = Z /1’} S(x;.l, -), where (x",A") € QN x Ri’o foreachn € {0,...,Nr}
j=0

and the inverse problem now consists of minimizing the following functional

Nt
+a Z [A"]¢, | for all admissible sources m = (m°,. .., mNT). (P(m))
n=0

min [1/(207) |F" (m) - d|i3,,
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Figure 4. Reconstruction of the contaminant sources at the beginning of the
considered sensor configurations (dense left, middle reduced, sparse right).
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Figure 5. Reconstruction of the contaminant sources at r = 3.5 s for the three considered sensor configurations
(dense left, middle reduced, sparse right).

Algorithm for Source Tracking

For the existence and uniqueness of a minimizer of Equation #(x), it is necessary to extend the space of admissible
sources in Equation # (m) to the convex cone of positive Radon measures. For a detailed discussion of the modeling
aspects and the corresponding proofs, we refer to Mattuschka, Walter, et al. 2026; Pieper and Walter 2021. As
a consequence, Equation # (m) is minimized only over a finite set of candidates. More precisely, given a set of

candidate locations x = (x°,...,x™7) and corresponding source intensities A = (2°, ..., ANT), we define
N NNt
mx,A] = Zz(;s(x;?),..., Z AT SN | @)
j=0 Jj=0
The finite-dimensional objective
. 1 h 2 & n
min | >— | (m L, A1) = dlfve, + D17 (P (x))

n=0

is then minimized. This problem can be solved using established semi-smooth Newton methods (Milzarek and
Ulbrich 2014). The candidate locations are determined by extracting the maxima of the field

ok = / S(-2) QUy) (At n.2) dQ2) 5)
Q

in each iteration. The entire algorithm is described in detail in Algorithm 1.

Remark 2 The three tolerance parameters are carefully chosen to balance accuracy and computational efficiency.
The small residual tolerance tol ensures reliable convergence in Step 5, while tolye,; controls the accuracy of the
semismooth Newton iterations in Step 6. Since some basis functions added early in the process become inactive in
later iterations, a third, much smaller tolerance 10l is used to safely eliminate negligible coefficients without
affecting the final solution. The hierarchy tol < tolyey; < tolyyune ensures that pruning does not compromise
accuracy, while significantly reducing computational cost.

NUMERICAL SIMULATION AS PROOF OF CONCEPT - MOVING CONTAMINANT SOURCE ON CAMPUS

To illustrate the capabilities and limitations of the proposed method, we consider the campus of the University
of the Bundeswehr Munich as a real-world test case. The corresponding wind field is depicted in Figure 1. The
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Algorithm 1 Primal-Dual-Active-Point-Strategy for Time-Varying Source Identification

Require: Nodal points {po,...,pndof}, shape function 8, my = (0,...,0), empty matrices and vectors

xo= (%9 ) A0 = (25, 4)")
for k =0,1,2...do
1. Given my = m[xy, Ax] according to Equation 4, compute misfity, = 1/0? (F"(my) — d) .
2. Compute convolution (cf. Equation 5)
o == ((MS (o) QK- (MS (pryy))” QA (30

3. Determine index of the maximum
iy € argmax ) foreachn € {0,...,Nr}.
4. Set Xk+1/2 = Xk-
S5.forn=0,...,Nr
Append p;» to x2+1/2 if (p})in > a + tol

if no point has been added, return

6. Solve the finite minimization problem and update source intensities
(Ak+1/2) € argmin (P (x41/2)) -

7. Update iterates
my = my[xri1/2, Adks1y2].

8. Obtain x41, Ax+1 by pruning all entries for which /l’]; 4 < tolprune is negligibly small.

end for
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Figure 6. Reconstruction of the contaminant sources at the end of the release (r = 5.0 s) for the three considered
sensor configurations (dense left, middle reduced, sparse right).
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Figure 7. Reconstruction of the contaminant dispersion at the end of the measurement period (+ = 10 s) for the
three considered sensor configurations (dense left, middle reduced, sparse right).
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Figure 9. Noisy measurements at five sensors (marked by crosses), together with the exact (simulated) concentration
(solid line) and the reconstructed concentration (dashed line) obtained using Algorithm 1 for the coarse sensor grid
and convergence behavior of the objective function (Equation £ (x)) and the maximum of the dual state 902 (see
Algorithm 1 step 5).

computational grid is generated by an automated pipeline that imports building footprints as obstacles directly from
OpenStreetMap (OSM) and constructs locally refined triangular meshes to ensure reliable numerical solutions of
Equation Py and Equation Pq, see Bonari et al. 2024. Both partial differential equations are discretized using
stabilized linear Lagrange finite elements and implemented within the software framework FEniCs (Baratta et al.
2023).

As initial parameters, we employ the shape function defined in Equation 1 with radius r = 25 m and threshold
€ = 0.001. The source trajectory is described by a curve y : [0.55,5s] — Q X Ry, illustrated in Figure 2. The
forward simulation of the transient source is shown in Figure 2. To demonstrate the performance of the approach,
three sensor configurations are considered. The first configuration consists of a dense sensor grid with 149 sensors
measuring concentration values over the observation interval 7 = [0s, 10s]. The measurements are sampled at a
rate of 10 Hz.Synthetic measurement data d are generated by adding white Gaussian noise with a signal-to-noise
ratio of SNR ~ 33.3. Figure 3 additionally illustrates the contaminant distribution at the final measurement time
t = 10s. From this instant onward, the prediction of the contaminant concentration is performed.

We initialize Algorithm 1 with @ = 100 for all three examples, which yields robust performance for the given
signal-to-noise ratio. The tolerance parameters are set as tol = 0.1, tolnewt = 107%, and t0lprune = 10712, ensuring
a hierarchical balance between convergence accuracy, Newton solver precision, and efficient removal of negligible
basis functions. Figure 9 shows the performance of Algorithm 1. The values gof, serve as residuals, and the algorithm
stops when all n € {0, ..., N7 = 50} fall below the given threshold « + tol. To model the observation operator, we
employ a smooth cutoff function defined as

5 , llxll3
f(x) = min< 1, 2exp [In(g) — |-
r
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for = 1.0 and £ = 1073, This construction yields a smooth transition from full observation to negligible influence,
with the following behavior:

filx) =1 for ||lx||2 < 4/—=In2/Inem ~ 0.3m,
2e <fi(x) <1 fory/—In2/Inem < |x|] < 1.0m,

j(x) < 2e for ||x]l2 > 1.0m.

After normalization via n(x) = 7j(x)/ /Q 7i(x) dx , the function n defines a finite-element-compatible observation
operator.

We now assess the reconstruction results. Figure 4 displays the reconstructed contaminant distributions for all
sensor configurations alongside the true solution (cf. Figure 2). As outlined in the introduction, the algorithm is
required to recover not only the spatial source location but also its activation time, which in this example is r = 0.5 s.
For the dense sensor configuration, the reconstruction closely matches the prescribed parameter curve in both space
and time. In contrast, when only 10 sensors are available, the source location and intensity are recovered only
approximately, reflecting the reduced information content of the measurements. The behavior discussed in the
introduction is clearly visible in Figure 5. At time ¢t = 3.5 s, the dense sensor configuration correctly reconstructs the
parameter in both space and time. In contrast, for the sparse sensor configuration, the inferred source exhibits only a
weak contaminant intensity at this time. The concentrations required to adequately reproduce the sensor signals (cf.
Figure 9) are instead reconstructed by the algorithm at later time instances, reflecting the temporal shift induced by
the limited observational information and prior knowledge through the mathematical model. Nevertheless, Figure 9
shows that the measured sensor signals are reproduced very accurately, thereby enabling a reliable prediction
of future concentration distributions. At the final release time, t = 5s, the source trajectory is clearly resolved
using the dense sensor grid, whereas the sparse configuration again provides only a coarse estimate of the source
locations. This effect is shown in Figure 6. Finally, we examine the predicted contaminant distribution at the
end of the measurement interval, t = 10s, and at the final simulation time, for instance t = 20s. In both sensor
configurations, the predicted concentration fields show good qualitative agreement with the reference solution. This
demonstrates that the proposed method enables reliable forecasts for practical applications, even when the available
sensor network is significantly reduced.

BRIDGING SIMULATION AND EXPERIMENT: MODEL CALIBRATION WITH 3D WIND TUNNEL DATA
Wind Tunnel Experiment

To test the presented algorithm in a more challenging and realistic scenario, the Authors plan to employ the
set-up used in recent experimental studies of gas propagation (Hinsen, Wiedemann, V. S. P. Ruiz, et al. 2024;
V. P. Ruiz et al. 2024). Here, a measurement campaign has been conducted in a low-speed wind tunnel containing a
small-scale model of a set of buildings that represents a hypothetical industrial facility. The cross section of the
wind tunnel is subjected to a constant inlet wind velocity of 1.2 ms~!, and a synthetic, continuous gas source is
placed in the upstream region; theatrical fog with a high concentration of propylene glycol to guarantee thickness
and compactness of the plume has been employed. To collect experimental data, a package composed of an array of
four sensors travels the whole domain sequentially, resulting in a regular Cartesian acquisition grid of about one
cubic decimeter in volume for each cell element. The whole experimental set-up is shown in Figure 10.

High Fidelity Numerical Simulation Set-up

The geometrical features of the computational domain are determined by the shape and arrangement of the scaled
buildings and the size of the buffer zone to be considered. While the former piece of information is provided in
CAD format, the latter represents a set of free parameters that can be categorized in cross-section of the wind
tunnel, whose dimensions have been inferred from Shutin et al. 2025, and upstream and downstream dimensions,
chosen, respectively, as [y = Shmax and lg = 15hnax, being hmax the maximum height of the buildings. According
to Blocken 2015, these dimensions guarantee a limited effect of the boundaries on the upstream and downstream
components of the wind flow.

Moreover, a uniform velocity of 1.2ms™! is also prescribed at the inlet of the numerical model, no slip conditions
are enforced on the surfaces of the buildings, of the ground, and of the wind tunnel. A standard pressure type
external-flow condition is prescribed at the outlet. The injection of the contaminant substance is modeled with an
additional small inlet surface in correspondence of one of the buildings, cf. Figure 10. Here, a unitary concentration
field is prescribed as Dirichlet boundary condition, together with an inlet velocity of 4.0ms~!'. Concentration
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Figure 10. Experimental set-up featuring the arrangement of scaled buildings, the synthetic gas plume, and the
package of sensors employed to gather data (Hinsen, Wiedemann, Shutin, et al. 2026). Figure a is reproduced with
authorization of (Hinsen, Wiedemann, V. S. P. Ruiz, et al. 2024). Plan view of the sampling process showing all
the points acquired at a given elevation of 7 = 0.265 m in Figure b. The difference in domain orientation between
Figure a and Figure b are due to data acquired for different wind directions, each obtained rotating the platform
underlying the buildings. Data employed in the analysis are related to a domain orientation in accordance with
Figure b.

values are set to zero on all the other surfaces, except for the global outlet, where a zero Neumann boundary
condition for the concentration field is enforced. The mesh is built using the Ansys-Fluent mosaic Poly-Hexcore
watertight meshing workflow, a hybrid meshing scheme that combines hexahedral and polyhedral elements to allow
an optimal structured mesh in the core region of the geometry, while relying on the adaptability of polyhedral
elements where regular meshing is not possible.

A staggered approach is employed to solve the dispersion problem. First, the wind field alone gets evaluated, based
on the aforementioned conditions and employing a k-w set of equations to model turbulence. In a subsequent
solution step, the AD equation alone is solved, providing the wind field as a known parameter and resulting in a
steady state contaminant cloud that aims at approximating the dispersion conditions of the experimental dispersion
process. This modular approach has the advantage that each component can be modified independently, e.g., the
contaminant transport problem can be easily extended towards transient conditions.

Identifying Model Parameters Best Explaining the Experimental Data

In the calibration stage, a tentative is made to acquire a realistic' value of the diffusion coefficient «. To this purpose,
a parameter space is defined considering different values spanning several orders of magnitude, collected in the
array:

k={10",i=-5,...,0} € RS, (6)

and a model run is performed for each of the «; values. With reference to the numerical solutions, concentration
values are virtually sampled on several points of the computational domain, coincident with a subset of sensor
readings in the experimental setting. More specifically, the acquisition is performed on n, = 11 points equally
spaced on a line parallel to the global x direction, with starting point x = [0.54m,0.18 m,0.27 m] and length
[ = 1.2m, cf. Figure 11. The values obtained at these points have been compared to the two sets of concentration
readings resulting from the experiments, each of the two sets being related to a different type of sensor employed
(Shutin et al. 2025). The value to be used is then found, among the tentative ones, as the minimizer of the discrete
cost objective expression:

l_[i,j = HLZP(C;(KI) - Cij)z’ J=m,p, (N

P =1

Here, the term realistic has the meaning of best explaining the experimental data given the AD model assumptions.
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Figure 11. Excerpt of the computational domain featuring a portion of the buildings arrangement, contour values of
wind on an exemplary section cut and the line where the concentration values have been sampled to compare with
results from the experiment. Simulated concentration values are superposed to the line element as additional plot
(left). Simulated contaminant dispersion in qualitative agreement with wind tunnel experiment (Figure 10) (right).
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Figure 12. Numerical evaluation of the objective expressions II for realizations of « = ;. The subscripts (m) and (p)
refer to the two experimental sets under examination, the first related to experimental data acquired through a SGX
Sensortech MiCS-5524 MOX sensor and the second through an Alphasense PID-AH?2 PID sensor.

where the subscript j identifies the two types of sensors employed in the experiment, [ the collocation point in the
domain, and the arrays ¢* and CE(:1,2) collect the numerically computed (simulated) concentration values and measured
concentration readings in the wind tunnel experiment, respectively. The values of the objective expressions are
collected in the arrays Il and II,, respectively, and represented in Figure 12. This results show that a value of
k ~ 1072 m?/s is the best fit to approximate the data for both sets of sensor readings available. The result of the
preliminary study shows a good agreement between the identified optimal value of the diffusion coefficient and the

one identified in Hinsen, Wiedemann, V. S. P. Ruiz, et al. 2024.

A STRATEGY FOR REAL-TIME DATA COUPLING AND DIGITAL TWIN INTEGRATION

So far, a simple parameter sweep was performed to determine the diffusion coefficient k that represents best
the observed situation in the wind tunnel. In that initial study all observations were assumed to be available
simultaneously for model calibration. In a CBRN incident, however, data might become available only sequentially,
which precludes batch calibration and necessitates an online-identification framework. To address this, we plan to
employ sequential Bayesian inference (SBI) methods that update the parameter estimates as new measurements
arrive, as for instance Kalman filters. For parameter estimation based on SBI there are two common strategies: the
augmented-state approach and the dual-filtering approach. The augmented-state approach expands the state vector
to include the unknown parameters and treats them as additional dynamical variables (Asch 2022). Alternatively, a
dual-filtering scheme can be applied, where one filter propagates the physical state while a second filter estimates
the parameters (Chebbi et al. 2025). Because the advection—diffusion model yields a high-dimensional state
vector (Gioia et al. 2024) and its numerical evaluation is computationally expensive, we propose to use Ensemble
Kalman Filters (EnKF) in combination with one of the parameter estimation strategies described above. EnKFs
are particularly suited to high-dimensional, potentially nonlinear problems, as unlike the classical Kalman filter
they avoid repeated inversion of large covariance matrices and do not require explicit linearization of the model
(Asch 2022). Their effectiveness in comparable settings has already been demonstrated by (Gioia et al. 2024).
Comprehensive introductions and in-depth treatments of data assimilation can be found in Asch 2022; Asch et al.
2016. In addition, rapid parameter estimation in such high-dimensional contexts demands not only an efficient
data-assimilation scheme but also fast evaluations of the forward model. This can be accomplished, for instance,
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Figure 13. Wind field in the area of the port of Duisburg (meteoblue 2026) as example input for the contaminant
source identification algorithm.

by leveraging surrogate techniques from physics-informed machine learning (Griese et al. 2025) or by employing
reduced-order modeling (Asch 2022).

Moreover, the wind field was assumed to be constant during the source identification task. If the wind conditions
change during the course of the incident, a complete reevaluation of the high-fidelity (HF) CFD model is
computationally too expensive. To overcome this limitation, a parameterized reduced-order model (ROM) can be
derived from the corresponding HF model as an accurate approximation that can be evaluated in only a fraction
of the time required by the full-order simulation. Model order reduction methods are often distinguished into
intrusive and non-intrusive approaches, depending on whether access to the high-fidelity operators is required.
While intrusive methods are purely physics-based, they require access to the HF operators, which can be problematic
when closed-source or legacy solvers are used. Examples of such methods can be found in Quarteroni et al. 2015;
Rozza et al. 2022; Hesthaven et al. 2026. Non-intrusive methods are typically purely data-driven, which comes with
its own drawbacks; however, they often provide substantial speed-ups and enable applications in cases where no
access to the high-fidelity operators is available. Such methods can be found in Yu et al. 2019; Fresca and Manzoni
2022; Vinuesa and Brunton 2022. The prediction of wind fields under varying ambient wind conditions for the
considered application is treated, e.g., in Kiihn et al. 2026 and references therein.

To have pre-computed data readily available in case of an incident, we plan to connect our simulations with an
automatically generated urban digital twin (Cao et al. 2024). For a detailed software workflow description of the
automatic generation of simulations from real-world data using component-based generalized system descriptions
we refer to Koch et al. 2024. Based on geo-referenced building data obtained from OpenStreetMap, the workflow
with automatic FEM-mesh generation and PDE-solution was successfully demonstrated (Bonari et al. 2024).
Extending the component-based digital twin framework (Franke et al. 2023) towards database-centric simulation
data management, we prepare the proposed algorithm for interactive digital twin applications in disaster management.

SUMMARY AND OUTLOOK

This work presents a novel algorithm for the rapid identification of moving contaminant sources from sparse sensor
measurements governed by an advection—diffusion model. Owing to the high efficiency of the proposed method
(see Mattuschka, Walter, et al. 2026), fewer than 100 iterations of Algorithm 1 are required to accurately reconstruct
the sources. Each iteration involves the solution of the forward problem Equation P and the corresponding adjoint
problem Equation $¢. In contrast, sampling-based approaches such as the Metropolis—Hastings algorithm typically
require on the order of 10.000 or more PDE solves, making highly efficient and intelligent surrogate modeling
indispensable (see, e.g., Ammar and Chinesta 2026).

The computational efficiency of the present formulation enables, for the first time, the identification of transient
sources on large spatial scales. In the numerical experiments, convergence is achieved after only seventeen iterations
for a dense sensor grid and 36 iterations for a coarse grid. Although each iteration of Algorithm 1 requires N7
forward solves Equation Py and one adjoint solve Equation Pgq, the forward computations are fully independent
and therefore straightforward to parallelize. Consequently, the overall computational cost is comparable to that
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of identifying an initial condition. Moreover, as demonstrated in Mattuschka, Walter, et al. 2026, the method
remains effective for multiple simultaneous sources while requiring only a limited number of PDE solves. To further
accelerate the computations, we have investigated a reduced-order modeling approach for the advection-diffusion
problem in Mattuschka, An der Lan, et al. 2026. Using singular value decomposition (SVD), a reduced-order
model can be constructed that enables efficient evaluation of the forward problem and can be exploited, for instance,
in the context of optimal sensor placement. In a comparable setting, the reduced model required only 6.25 ms per
forward solve or adjoint solve. Taking into account the potential for parallelization, overall runtimes of around 1 s
(i.e., 6.25ms x 17 + time to solve the finite minimization problem) appear feasible for the same data set. Provided
that the reduced models for the flow field and the advection-diffusion model have been precomputed.

The question of optimal sensor placement in complex urban environments naturally leads to a goal-oriented
formulation of the design problem (compare to Spantini et al. 2017; Attia et al. 2018). In particular, the selection
of informative measurement locations can be framed within the context of optimal experimental design (OED),
and more specifically, tailored to a prescribed quantity of interest (Qol). In Mattuschka, An der Lan, et al. 2026, it
is demonstrated how such an approach can be applied, for example, to the development of evacuation strategies,
including the identification of safe routes and suitable assembly points. However, the works cited above rely on
L2-regularization. An extension to Radon measure-valued formulations has been proposed in Huynh et al. 2024.
In case of stationary sources, an adaptation to large-scale settings is mainly related to computational challenges.
For the transient problem considered here, however, no suitable optimal experimental design can currently be
derived. This limitation is primarily due to the absence of an explicit temporal control in the formulation, which
leads to a bias toward later time points. As a consequence, it is not possible to obtain a meaningful or physically
reasonable optimal sensor placement in this setting. Addressing this issue would require additional methodological
developments, in particular the incorporation of temporal structure into the design framework. Promising directions
include extensions analogous to those developed for the heat conduction equation, compare to Kunisch et al. 2014;
Gong and Liang 2025.

To enable the application of the proposed method in realistic scenarios, the previous section outlined the necessary
methodological and modeling extensions. The next objective is to validate the approach in the context of real-world
wind fields, for example using an urban setting such as the city of Duisburg (see Figure 13), and to support the
numerical results with experimental data. Possible strategies for the required model calibration were discussed in
previous section and will form a central component of future research. In particular, the systematic validation and
adjustment of the flow and transport models are essential steps toward transferring the method from a controlled
computational environment to operational real-world applications. In a further application scenario an attack with
multiple drones could be considered. Assuming that drones are detected image-based (Lenhard et al. 2025), the
algorithm could also help to identify critical drones that are in fact contaminant sources and distinguish them from
others acting as camouflage.
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