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Numerical simulations of accidental contaminant releases, such as gas leaks at chemical plants, can provide
meaningful information about the dispersion of hazardous substances during emergency response actions and
in preparatory studies involving many different ”what-if” scenarios. Common models couple the incompressible
Navier–Stokes equations for the assessment of the wind field with an advection–diffusion problem for evaluating
the contaminant transport from an instantaneous source. However, computational times required to evaluate such
high-fidelity models grow substantially with increasing model complexity. This limits their feasibility for time-
critical applications, and motivates the use of model-order reduction techniques for rapid yet reliable online
predictions based on prior offline computations. Therefore, a non-intrusive, purely data-driven reduced-order model
(ROM) is developed that accounts for different wind conditions. The ROM is built for a two-dimensional domain
that reproduces realistic building footprints, preserving key features necessary for studying the dispersion across
developed areas. Due to the complexity of the problem, a global ROM covering the complete parameter space
provides insufficient approximations. Thus, a localized approach is employed, setting up and aggregating local
reduced-order models each corresponding to a sub-range of a split-up parameter space. Ultimately, the developed
model approximates the spatio-temporal concentration field for a certain time frame with a mean relative error below
3%, while providing predictions around 100 times faster than the original full-order high-fidelity model.

Keywords: airborne contaminant transport, crisis management, reduced-order modeling, proper orthogonal decom-
position with interpolation, parameter space splitting.

1. Introduction

Chemical incidents pose significant risks to pub-

lic safety and infrastructures with many reported

incidents over the years. Computational model-

ing of contaminant dispersion can support both

preparatory analysis and emergency response.

While Gaussian plume models (Snoun et al.,

2023) are widely used for their computational

efficiency, they rely, in their basic form, on sim-

plifying assumptions such as continuous point-

source emissions and downwind dispersion fol-

lowing a normal distribution. These idealizations

limit their reliability in urban environments, where

buildings and complex topographies significantly

alter flows and dispersion patterns. To address

these shortcomings, high-fidelity computational

fluid dynamics (CFD) models solve steady-state

incompressible Navier-Stokes (INS) equations for

more realistic wind field predictions and couple

them with an advection-diffusion (AD) problem

to simulate contaminant transport (Hinsen et al.,

2023). Although these models can offer superior

accuracy, their high computational cost quickly

restrict their use for time-critical applications such

as emergency response or multi-query risk as-

sessments for complex geometries. Model order

reduction (MOR) can provide a promising way to

enable fast and accurate predictions by deriving

a reduced-order model (ROM) that approximates

the full-order model (FOM), such as the afore-

mentioned CFD-based dispersion process, with

much lower computational cost than the FOM.

To this end, the process is separated into two

phases: (i) an offline phase, where high-fidelity

FOM simulations are computed, based on which

the ROM is set up, and (ii) an online phase,

where the ROM is evaluated independently of

the FOM. Two main strategies exist: (i) intrusive

methods, e.g., proper orthogonal decomposition
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(POD) followed by a Galerkin projection of the

FOM operators (PODG) (Quarteroni et al., 2015),

and (ii) non-intrusive methods such as POD with

interpolation (PODI) (Bui-Thanh et al., 2003) or

other purely data-driven machine-learning based

methods. Whereas the first approach exploits the

underlying physics of the system, yet requiring

access to FOM operators, non-intrusive methods

solely rely on FOM data, thus avoiding solver

dependencies. Non-intrusive ROMs are thereby

particularly attractive in some cases, as they com-

monly provide large speed-ups, bypass the need

for explicit hyper-reduction and are compatible

with legacy or proprietary solvers. However, they

often require large training data sets and, depend-

ing on the used method, can suffer from overfitting

or sensitivity to hyper-parameters (Czech et al.,

2022). Moreover, POD-based methods approxi-

mate the FOM solution space with a linear sub-

space making it difficult to approximate nonlinear

solutions on a low-dimensional subspace. Such

problems can be identified by a slow decay of

the Kolmogorov n-width, as is the case for highly

advection-dominated problems (Quarteroni et al.,

2015). To overcome this, techniques such as au-

toencoders (Maulik et al., 2021), operator learn-

ing (Melchers et al., 2026), nonlinear manifold

methods (Schwerdtner and Peherstorfer, 2024), or

piecewise linear subpaces (Amsallem et al., 2012),

as applied here, are increasingly employed.

ROMs for gas dispersion simulations across urban

areas have already proven effective for diverse

applications, especially with focus on air pollution

modeling (Khamlich et al., 2023). Furthermore,

ROMs have been investigated for wind fields in

urban settings, e.g., for drone routing (Veiga-

Piñeiro et al., 2024). Additionally, multiple stud-

ies were conducted introducing ROMs of the AD

problem for simple benchmark geometries, some

also under varying wind conditions as in Melchers

et al. (2026), and publications computing a ROM

for the AD problem with a fixed wind field (Ritter

et al., 2016; Mattuschka et al., 2026). For a vary-

ing wind field, a hybrid ROM combining PODG

and PODI was recently applied to the coupled

problem for air pollution prediction in Khamlich

et al. (2023). Yet, ROMs for chemical accidents

under varying wind conditions remain scarcely

studied. Based on a previous study in (Kühn

et al., 2026), this work therefore introduces a non-

intrusive ROM based on localized PODI to pre-

dict the spatio-temporal evolution of contaminant

concentration in built-up areas under changing

wind direction and velocity. By its non-intrusive

nature, the ROM avoids explicit hyper-reduction

schemes for nonlinear and non-affine terms as

needed for projection-based intrusive methods, as

well as it circumvents tuning hyper-parameters of

NN-based approaches. To further minimize the

number of parameters, time is treated as an ad-

ditional dimension rather than a separate param-

eter (Bērziņš et al., 2020). The framework is em-

ployed on a two-dimensional laminar flow over a

geometrically realistic domain derived from open-

access building footprints, capturing key disper-

sion features corresponding to neutrally buoy-

ant or gases denser than air. Despite the two-

dimensional simplification, the setup preserves es-

sential physical behavior and serves as a foun-

dation for future extensions to three-dimensional

geometries and state-of-the-art turbulence model-

ing. The paper is structured as follows: Section 2

outlines the governing equations for the FOM,

whereas Section 3 recapitulates PODI. Section 4

follows by presenting the ROM and its perfor-

mance on the chosen numerical example. The

article is concluded in Section 5.

2. Full-Order Model

To model the transport of airborne contaminants

in a two-dimensional bounded domain Ω ⊆ R
2,

the flow field is obtained in a first step by solving

the steady-state INS equations and subsequently

addressing the contaminant dynamics by means of

an AD problem. The INS equations for the veloc-

ity vector field u and pressure p, parametrized for

different inflow wind velocities and directions, are

given by:

−ν∇2u+ (u · ∇)u+∇p =0 in Ω,

∇ · u =0 in Ω,

u = gD(μ) on ΓD,

u =0 on Γ0.

(1)
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Herein, ν ∈ R
+ denotes the kinematic viscosity,

Γ0 the boundaries at the buildings, and the pa-

rameters μ ∈ D ⊂ (R+ × [0, 2π]) account for

variable inflow wind conditions via the Dirich-

let boundary condition. The latter is described

as gD = wi[cos(wd), sin(wd)]
ᵀ, parametrized

by the respective values for the inflow wind ve-

locity wi ∈ R
+ in ms−1 and the direction

wd ∈ [0, 2π]. This yields an enclosed INS prob-

lem without a Neumann boundary condition, cor-

responding to the formulation discussed in (El-

man et al., 2014, Sec. 9.3.5). Consequently, the

velocity u and pressure p are parametrized quan-

tities (u, p) =
(
u(x,μ), p(x,μ)

)
. Eventually,

the Reynolds number is computed from the peak

velocity umax, the characteristic size of the cumu-

lated building imprints l which is represented by

the diameter of the region of refined mesh around

the buildings in Fig. 1, and the viscosity ν.

To obtain a numerical solution for the flow

velocity field, Eq.(1) is first reformulated into its

weak form and then discretized using a Taylor-

Hood finite element scheme. The resulting nonlin-

ear system of equations is solved iteratively via the

Newton-Raphson method, as implemented in the

open-source finite element toolbox FEniCS (Al-

naes et al., 2015). Upon deriving the wind field

u(x,μ), the AD problem

∂c

∂t
− κ∇2c+u · ∇c = 0 in Ω× (0, T ) ,

κ∇c · n = 0 in (Γ+ ∪ Γ0)× (0, T ) ,

c(x, t) = 0 in Γ− × (0, T ) ,

c(x, 0) = m(x) in Ω,
(2)

can be solved for the spatio-temporal gas concen-

tration c(x, t;μ) ∈ R
+. The model is governed

by the diffusion coefficient κ ∈ R
+, while, fol-

lowing Elman et al. (2014), Γ+ ⊂ ∂Ω denotes

the outflow boundary with u · n > 0, Γ0 ⊂ ∂Ω

the boundaries tangential to the flow such that

u · n = 0 and Γ− ⊂ ∂Ω the inflow boundary

with u · n < 0. For the numerical solution of the

AD problem, a first-order Lagrange finite element

approach is selected with a SUPG-stabilized weak

form for the boundary value problem (von Dan-

witz et al., 2023), and an implicit backward Eu-

ler time-stepping algorithm (Elman et al., 2014),

Eq. (10.25). This yields the concentration field

c(t;μ) ∈ R
Nh with Nh denoting the degrees of

freedom of the FEM model.

3. Reduced-Order Model

The ROM is set up via POD to find a reduced

basis (RB), followed by an interpolation to map

unseen parameter values to a respective approx-

imate solution of Eq. (2). For a more extensive

description of the method, the interested reader is

pointed towards (Kühn et al., 2026).

3.1. Proper orthogonal decomposition

To create a RB, POD relies on snapshot solutions

of Eq. (2) for an a-priori chosen set of training

parameter values Ξs = {μ1, . . . ,μNs
}. These

Ns snapshots are collected within the snapshot

matrix S = [c1, . . . , cNs
] ∈ R

Nh,st×Ns . Hereby,

each snapshot solution ck ∈ R
Nh,st represents the

FOM concentration field in space-time format for

the kth parameter value pair (wk
d, w

k
i ) in Ξs:

ck = [c(t1;μk)
ᵀ, . . . , c(te;μk)

ᵀ]ᵀ. (3)

Based on these snapshots, POD identifies the low-

dimensional subspace V = span{V}, gener-

ated by the column-orthogonal basis matrix V =

[V1, . . . ,VNrb
] ∈ R

Nh,st×Nrb . For this purpose,

a singular value decomposition of the snapshot

matrix S = UΣZᵀ can be performed. The RB

vectors can then be derived from the orthogonal

matrix U = [Φ1, . . . ,ΦNh,st
] ∈ R

Nh,st×Nh,st

by selecting the modes Φi that correspond to

the largest Nrb � Nh,st eigenvalues σi in

Σ = diag (σ1, . . . , σr) ∈ R
Nh,st×Ns , where

σ1 ≥ . . . ≥ σr, and r ≤ min(Nh,st, Ns)

denotes the rank of S (Quarteroni et al., 2015).

With the basis matrix V = [Φ1, . . . ,ΦNrb
] ∈

R
Nh,st×Nrb , the concentration in space-time for-

mat can be approximated by a linear combina-

tion of parameter-independent POD modes and

parameter-dependent POD coefficients:

c(μ) ≈
Nrb∑

i=1

ai(μ)Φi = Va(μ). (4)

Ultimately, a direct relationship between the POD

error and the neglected eigenvalues can be de-
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rived, highlighting the importance of rapidly de-

caying eigenvalues. Accordingly, the energy re-

tained by the ROM can be expressed as:

Erb =

∑Nrb

i=1 σi∑r
k=1 σk

∈ [0, 1]. (5)

3.2. POD with interpolation

Based on the reduced basis, PODI (Bui-Thanh

et al., 2003) approximates the FOM solution for

unseen parameter values by evaluating an inter-

polation scheme for the POD coefficients. Since

PODI is a non-intrusive method, it relies only

on the snapshot data and, in a first step, projects

them onto the linear subspace. This derives an

approximation of the snapshot data as shown in

Eq. (4) and with it a set of known coefficients

ai(μk) = (Φi, c(μk))L2 ∈ R, k = 1, . . . , Ns, to

set up an interpolation scheme to approximate the

mapping of parameter values to POD coefficients

π : D −→ R
Nrb , ai(μ) ≈ πi(μ). For that

purpose, a thin-plate spline radial basis function

ϕ(d) = d2 log(d) is used:

π(μ) =

Ns∑

k=1

wkϕ(‖μ− μk‖), (6)

where πi(μk) = ai(μk), i = 1, . . . , Nrb and

d is the Euclidean distance between a sample

point μ and the parameter value pair μk evaluated

when computing the snapshots. Although the lack

of physical relations holds its drawbacks, PODI

allows for a flexible and straightforward applica-

tion that avoids hyper-reduction for the Dirichlet

boundary condition as well as the convective term,

and is applicable for closed-source solvers not

granting access to FOM operators. The implemen-

tation presented in this work is based on the open-

source toolbox EZyRB (Demo et al., 2018).

3.3. Parameter space splitting

To achieve significantly accelerated evaluations

via the ROM, a low-dimensional RB is essential.

However, as mentioned in Sec. 1, this cannot be

guaranteed for advection-dominated problems as

considered here. To facilitate the setup of ROMs

with a small RB, the parameter space can be split

and efficient local ROMs can be set up for the

respective sub-ranges (Bhat et al., 2025). Eventu-

ally, during the online phase, the respective local

ROM is chosen for the final evaluation by assess-

ing the given parameter value.

4. Numerical Example

4.1. Setup

The computational domain, representing an ex-

cerpt of a chemical site located in Düsseldorf,

Germany, is derived as described in Bonari et al.

(2024) and shown in Fig. 1 with its computational

mesh. Further details of the setup are provided

in Tab. 1, while Fig. 2a illustrates the parame-

ter space splitting. As shown in Fig. 2b, snap-

shots of the coupled problem are collected at (i)

equidistantly sampled wind directions and veloci-

ties wi ≥ 1.8 m s−1, and (ii) logarithmic samples

for lower velocities. Each snapshot spans 50 time

steps, resulting in a space-time solution vector as

defined in Eq. (3). The complexity of the time-

dependent, nonlinear coupled problem is evident

from the slow decay of the normalized eigenvalues

and the retained energy curves for different RB

sizes, shown in Fig. 3. To avoid requiring an ex-

tensive number of RB functions, eight local ROMs

are introduced, each trained for a 45◦ sub-range

of the inflow wind direction, thereby dividing the

full range into eight equal intervals, Fig. 2a. The

number of training snapshots per local ROM is

accordingly reduced to 23 × 45 as specified in

Tab. 1. By significantly reducing the complexity

each local ROM has to capture, the eigenvalues of

the correlation matrix in Fig. 3 decay much faster,

indicating that a smaller RB may be sufficient. To

evaluate the ROM performance, additional FOM

snapshots are generated at the same time steps as

before, but with wind velocities midway between

training values and wind directions coinciding

with training values. The rationale for the latter

lies in the assumption that, given typical sensor

accuracies, evaluations between already densely

sampled wind directions are of limited practical

interest. Nevertheless, the ROM remains func-

tional for such cases, though higher errors may

occur than those reported here.
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Fig. 1.: The considered geometry, additionally

featuring the employed mesh discretization.

Table 1.: Parameters of the full-order and reduced-

order model featuring a parametric dependence on

the inflow wind velocity and direction.

Parameter Value

Domain size (m) 750× 717
Time (s) t ∈ [0, 1, . . . , 50]

Degrees of freedom 21,616

Reynolds number Re ∈ [4, 180]

Inflow wind velocity (m s−1) wi ∈ [0.3, 10]
Inflow wind direction (deg) wd ∈ [0, 360]

Training set samples (global | local) wi 23 | 23
Training set samples (global | local) wd 360 | 45

Test set samples (global | local) wi 8 | 8
Test set samples (global | local) wd 72 | 9

4.2. Results

Evaluating the L2-error for varying sizes of the

RB in Fig. 4a confirms what was indicated by the

rapid decay of the eigenvalues of Fig. 3a. Com-

pared to the global ROM, the mean relative L2-

error of the local ROMs decreases significantly

faster as the RB size increases, achieving substan-

tially lower errors for the same RB dimension. The

relative L2-error is hereby computed across the

domain, while the mean averages the errors for

the different test parameter values. A second im-

portant quantity is the speed-up shown in Fig. 4b.

Here, it can be observed that the speed-up of

local and global ROMs decreases with the size of

the RB, enabling an evaluation which is around

100 times faster than the FOM. However, keeping

in mind the improved approximation quality of

the localized ROMs, they are preferable for the
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Fig. 2.: Visualization of the split up parameter

space (a) and sampling points for training and

testing of the ROM corresponding to the 7th sub-

range (b). Intersections of the grid lines mark the

training parameter values, circles indicate testing

parameter values.
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Fig. 3.: Normalized eigenvalues of the snapshot

correlation matrix (a), and retained energy (b) as

a function of the reduced basis size. The colorful

dashed lines represent data for the local ROMs,

while the black bold line represents the global

ROM.

presented case. An impression of the spatial con-

traction field obtained by FOM and ROM can be

seen in Fig. 5.

5. Conclusion and Outlook

In this paper, a ROM has been presented to accel-

erate accurate dispersion predictions of airborne

contaminants that originate from a known, in-

stantaneous source and get transported across a

built-up area according to current wind condi-

tions. The study focuses on a two-dimensional

cross-section of a chemical plant, incorporating
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Fig. 4.: Relative L2-error (a) and speed-up (b) for

varying RB sizes. Results of the global ROM are

shown in black, while local ROMs are represented

as colorful dashed lines. The mean values are in-

dicated by bold lines, while shaded areas indicate

the range between minimum and maximum error

or speed-up for the different test parameter values.

local building layouts. An aggregated ROM has

been introduced consisting of eight local ROMs,

each set up for a specific sub-range of the wind

direction. The temporal aspect of the transient

problem has been handled via a space-time data

format, thus reducing the number of parameters

during the reduction. Although not required here,

the approach preserves the possibility of evaluat-

ing the solution between precomputed time steps

via linear interpolation. Besides circumventing the

need for a dedicated approximation scheme for

nonlinear and non-affine terms, the proposed non-

intrusive ROM is set up without accessing the

FOM operators. The latter also allows for flexible

application to other scenarios like flooding as con-

sidered in (Schneider et al., 2026). The use of local

ROMs results in approximation errors below 3%

while providing a speed-up of approximately 100.

Compared to a look-up table of precomputed re-

sults, which requires less computational effort, but

for that only allows qualitative estimates for wind

velocities not included in the table, the proposed

ROM enables quantitative predictions across con-

tinuous parameter variations for the wind velocity,

offering greater flexibility and accuracy. Due to

the chosen approach, the temporal prediction is

limited to the predefined time span, making it

unfeasible for temporal extrapolation. It is also

reminded that the errors shown above are valid

for evaluating wind directions covered during the

ROM setup only, assuming that no evaluation is

needed in-between. Lastly, the approach poses

some requirements on the available memory to

load all eight local ROMs in parallel as it might

be needed during the online evaluation. This can

be troublesome, if larger RBs need to be cho-

sen for the local ROMs and light devices are

being used during the online phase. Because of

these points and to further increase the speed-

up, nonlinear methods that are able to provide

accurate predictions on smaller latent spaces as

well as accounting for temporal extrapolation are

research directions to be further investigated. Fu-

ture work will furthermore extend the ROM to

three-dimensional domains and apply it to source-

identification (Mattuschka et al., 2026). Moreover,

to support crisis management and preparatory

analysis, future studies will aim to make simula-

tion results easily accessible and well-integrated

into decision-supporting systems as in (Schneider

et al., 2025).
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Fig. 5.: Concentration fields at t = 50 s. FOM result at wd = 45◦, wi = 9.49m s−1 (a), ROM prediction
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E. B. Martin, and H. González-Jorge (2024).
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