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Abstract. In this work we propose a source identification modelling that consists of the minimization of the Tikhonov reg-
ularization functional using the Particle Swarm Optimization technique. The objective function in the Tikhonov functional
considers the discrepancy between the observed and numerical pollutant concentrations. The numerical concentrations
are obtained as the solution of an adjoint advection-diffusion partial differential equation, jointly with a non-standard
RANS k-ϵ turbulence model to provide the wind flow field. We perform the simulations using the CEDVAL wind tunnel
experimental data A1-1 to provide the flow variables. The model implementation is performed within the framework of
the CFD open-source code OpenFOAM and the commercial software Ansys Fluent and their results are compared. The
proposed source estimation results were satisfactorily accurate.

Keywords: Source Identification, Particle Swarm Optimization, Computational Fluid Dynamics, Atmospheric Dispersion,
OpenFoam, Ansys Fluent.

1. INTRODUCTION

The source identification of atmospheric emissions is undoubtedly one of the most challenging subjects concerning at-
mospheric dispersion modelling. For emissions occurring over complex geometries, this task becomes even more difficult,
since the pollutant cloud interacts with complicated structures of the local wind flow.

In many real-life scenarios, it is necessary to determine the origin of atmospheric pollutant emissions and other related
parameters, such as the time of the releases, the amount of mass emitted, the source strength, etc. Whether a result of
long-term industrial releases or accidental leakage, the characterization of atmospheric emissions is of great environmen-
tal importance. The estimation of relevant source parameters can be performed using a net of sensors that sample pollutant
concentration, combined with meteorological monitoring data. However, obtaining accurate emission information with
this procedure can be practically unfeasible, since a dense grid of sampling units would be necessary. A less expensive
but effective alternative is to estimate the source parameters using inverse problem techniques from the measurements of
a less dense array of sensors. This approach has received considerable attention in the last few decades. In addition to
the environmental relevance of the problem, it is a challenging task owing to its intrinsic ill-posedness. Source identi-
fication models involve the coupled solution of forward and inverse problems. The forward problem usually considers
an advection-diffusion partial differential equation (PDE), whose solution provides the pollutant concentration distribu-
tion. The atmospheric physical processes must be accounted for in the forward problem. These are usually included via
boundary conditions, equation coefficients, and turbulence closure models. The main challenges for the source identifi-
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cation methodologies are to develop a good representation of the forward problem and a technique to solve the resulting
equations at a reasonable computational cost. In addition, the option for a methodology to solve the inverse problem is a
relevant step to handle the aforementioned high ill-posedness of the source identification problem.

No technique offers optimal results in all possible situations. Thus, due to the relevance and difficulties underlying
source identification problems, significant research has been dedicated to the development of methodologies for source
estimation via inverse problems. The source identification approaches for considering releases underlying urban or other
complex geometries generally use Computational Fluid Dynamics (CFD) to solve the forward model. Several researchers
proposed source identification methodologies considering CFD-based dispersion models (Kumar et al., 2015; Xue et al.,
2018). Concerning the inverse problem, the methodologies involved deterministic (Singh and Rani, 2015; Albani and
Albani, 2019, 2020) or stochastic techniques (Addepalli et al., 2011; Ma et al., 2018; Albani et al., 2021, 2023).

The proposed approach to address the source estimation problem is based on the Tikhonov-type regularization in com-
bination with the stochastic Particle Swarm Optimization (PSO) method, yielding an efficient and robust estimation tool
for urban-like environments. We apply an adjoint-state advection-diffusion PDE to provide the pollutant concentration
distribution, which is solved only once, saving computational time. In addition, the non-standard k-epsilon model, appro-
priately designed to model atmospheric boundary layer (ABL) flow, proposed by Parente et al. (2011a), is applied as the
turbulence closure model in the computation of the wind flow field. The model implementation is performed within the
framework of the CFD open-source code OpenFOAM (Weller et al., 1998) and the commercial software Ansys Fluent
and their results are compared.

2. SOURCE IDENTIFICATION MODELING

In this work, we propose an inverse model to estimate the source location using a combination of an adjoint advection-
diffusion PDE coupled with a non-standard k-ϵ turbulence model and the PSO technique. The estimation procedure
consists of the minimization of an objective function using PSO. The objective function accounts for the discrepancy
between the observed or experimental data and the numerical concentration distribution obtained from simulations. Next,
we describe briefly these methodologies.

2.1 Inverse Modeling

To address the problem of estimating the source coordinates from observed concentrations, an inverse modelling
technique is applied. Let Cobs denote the vector containing the set of experimental concentrations observed at each sensor
position xk = (xk, yk, zk) with k = 1, ..., n, xs = (xs, ys, zs) denote the source coordinates, and C∗(xs) stands for the
solution of the adjoint dispersion model. Thus, we must find xk such that

Cobs(xk) = C∗
k(xs), k = 1, . . . , n. (1)

Equation (1) represents the so-called inverse problem (IP) of estimating the source location from observed concentrations.
The IP is solved using Tikhonov’s regularization, i.e., by finding the minimizers of the functional

F(xs) = ∥ ln(a+ Cobs)− ln(a+ C∗)∥2ℓ2 + 10−7∥xs∥ℓ1 , (2)

where a is a scalar constant to avoid zero arguments in the logarithmic function. The minimization of the functional F
will be performed with the PSO. The PSO technique belongs to the category of swarm intelligence methods. It tries to
emulate the social behaviour of flocks of birds and schools of fish from cognitive aspects considering the best position an
individual ever had, besides the information exchange considering the best group position. The main objective of PSO is
to provide information exchange between the group of individuals (or swarms) considering the aforementioned principles.
PSO is considered a robust metaheuristic optimization algorithm with a simple computational implementation. The PSO
accuracy is well documented, with applications in different problems arising in many areas of science and engineering.
Moreover, they are simple to implement, with a vast number of pre-programmed codes available in different computing
languages. For a precise description of these techniques, the reader can look for the references Camps Echevarría et al.
(2019) and Gendreau and Potvin (2010).

2.2 Dispersion model

The solution of the following the PDE,

u ·∇C −∇ · (Keff∇C) = Q(x)δ(x− xs), (3)

provides the steady-state spatial distribution of a species concentration C for any position x over the computational
domain Ω for a source located at xs. The vector u stands for the wind field given by the solution of the Navier-Stokes
equations. Detailed information considering the wind flow and turbulence modelling can be found in the next subsection.
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The diffusion coefficient Keff is given by Keff = µ/Sc+µT /ScT , where µ and Sc are the laminar viscosity and Schmidt
numbers, respectively. The turbulent counterparts are denoted by µT and ScT . Further, Q stands for the emission rate
and δ is the Dirac delta function. To complete the dispersion model in Eq. (3) the following boundary conditions are
considered:

n ·∇C = 0 on the boundaries of Ω at z = 0, z = H , and obstacle surfaces, (4)
C = 0 elsewhere (Ansys Fluent) and at the inlet (OpenFOAM), (5)

u ·∇C = 0 at the outlet (OpenFOAM). (6)

where the vector n stands for the outward normal of a given surface. Equation (4) assumes no flux across the correspond-
ing boundaries, Eq. (5) indicates that the pollutant concentration goes to zero far away from the source of emission and
Eq. (6) gives a convective outflow condition.

A usual procedure in source identification problems is to substitute Eq. (3) by an adjoint one Albani and Albani (2019).
This procedure is performed to avoid solving the dispersion model in Eqs. (3)-(6) at each step of the PSO algorithm. The
adjoint PDEs need to be solved only once, for each concentration measurement. Such a procedure results in significant
savings in computational cost.

Considering the linearity of Eq. (3), it is possible to establish a direct relationship between the source and the sensors
following the adjoint state PDE. Denoting the observed concentration at the k-th sensor by Cobs(xk), it follows that,

Cobs(xk) =

∫
Ω

C∗
kSdΩ = ⟨C∗

k ,S⟩, (7)

wherein C∗
k represents the solution of the following adjoint-state PDE (Mamonov and Tsai, 2013):

−u ·∇C∗
k −∇ (Keff∇C∗

k) = Sk, (8)

wherein Sk represents the kth sensor, defined as

Sk(x, y, z, t) = δ(x− xk)δ(y − yk)δ(z − zk),

where (xk, yk, zk) is the spatial coordinate of the kth sensor location, considering a set of n sensors. The boundary
conditions for Eq. (8) are identical to the ones given by Eqs. (4)-(6), by substituting C by C∗

k and, also switching the
inlet/outlet boundary conditions.

2.3 Wind and turbulence modelling

This work applies the non-standard RANS k-ϵ turbulence model proposed by Parente et al. (2011a) to obtain the wind
field by solving Eq. (8). It is assumed that before reaching the obstacle, the atmospheric flow occurs over a flat and
homogeneous terrain with no changes in the meteorological conditions. In addition, no surface heat fluxes are considered,
and the atmosphere is neutral. According to Richards and Hoxey (1993) an incompressible, horizontally homogeneous,
stationary state, two-dimensional ABL flow can be described by the following hypotheses:

H.1 constant shear stress ,

H.2 null vertical component of the velocity,

H.3 constant pressure along the stream-wise (x) and the vertical (z) directions..

The k−ε model consists of the transport equations for the turbulent kinetic energy (TKE or k) and the turbulent dissipation
rate (TDR or ε). The aforementioned assumptions lead to equations for momentum, k and ε given respectively by

µT
∂u

∂z
= τ = ρu2

∗ , (9)

∂

∂z

(
µT

σk

∂k

∂z

)
+Gk − ρε = 0 , (10)

∂

∂z

(
µT

σε

∂ε

∂z

)
+

ε

k
Cε1Gk − ε2

k
ρCε2 = 0 , (11)

where u∗ ≡
√

τ/ρ is the friction velocity, Cε1 , Cε2 , σk, σε, and Cµ are the model empirical constants defined originally
by Launder and Spalding (1974). In addition, ρ is the air density, u is the wind velocity component in the x direction and
µT is the turbulent viscosity. In the k − ε model, the turbulent viscosity is defined as,

µT ≡ ρCµ
k2

ε
. (12)
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Finally, the mechanical production of TKE term Gk is given by,

Gk = µT

(
∂u

∂z

)2

. (13)

In this work, we have implemented the modified k − ϵ model proposed by Parente et al. (2011a). This model is
shortly outlined next. Assuming the equilibrium between production and dissipation in Eq. (10), we obtain the following
expression for the TDR:

ε = k
√
Cµ

∂u

∂z
. (14)

By combining Eqs. (9), (12) and (14), we obtain a relation for Cµ,

Cµ(z) =
u4
∗

k(z)2
, (15)

where the dependence on the z-coordinate has been made explicit. This variable Cµ(z) guarantees constant shear stress
throughout the boundary layer and was first proposed by Gorlé et al. (2009).

The solution of equations (9)-(11) requires appropriate boundary conditions. Following Richards and Hoxey (1993),
the inlet condition for velocity and TDR are given

ulog =
u∗

κ
ln

(
z + z0
z0

)
, (16)

where κ is the von Kármán constant and z0 is the aerodynamic roughness length. Combining the results from Eqs. (15),
(14) and the analytical derivative ∂u/∂z from Eq. (16), we obtain a relation for ε,

ε =
u3
∗

κ(z + z0)
. (17)

Equation (17) is consistent with the velocity profile given by Eq. (16) and satisfies the requirement of equilibrium between
production and dissipation of TKE within the ABL. However, to satisfy the TKE equation, the first term in Eq. (10) must
be identically zero, i.e.,

∂

∂z

(
µT

σk

∂k

∂z

)
= 0 . (18)

The solution of Eq. (18) considering Eqs. (12), (15) and the derivative of Eq. (16) respective to the z variable is given
by

k = A ln (z + z0) +B , (19)

where A and B are numerical constants that can be fitted to experimental data. The k inlet profile was previously proposed
by Parente et al. (2011a). This set of inlet boundary conditions satisfies Eqs. (9) and (10). However, the substitution of
Eqs. (9), (10)) and (14) in (11) results in an extra source term Sε given by,

Sε =
ρu4

∗
(z + z0)

[
(Cε2 − Cε1)

√
Cµ

κ2
− 1

σε

]
. (20)

This term needs to be added to Eq.(11) to satisfy the equality.
To avoid the unintended stream-wise gradient in the flow variables, the default wall function formulations implemented

in OpenFOAM and Ansys Fluent were also modified. The standard wall function implemented in Ansys Fluent was
substituted by

up =
u∗

κ
ln

(
zp + z0

z0

)
. (21)

In OpenFoam, the no-slip condition is set for the velocity at the wall and the wall adjacent centroid values are specified
for ε, Gk, µT and kp according to,

εp =
u3
∗

κ(zp + z0)
, (22)

Gkp =
ρu3

∗
κ(zp + z0)

, (23)

µT p =ρu∗κ(zp + z0) , (24)

kp =A ln (zp + z0) +B , (25)
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where the sub-index p indicates values evaluated at the first wall-adjacent cell centroid. These equations assume a constant
stream-wise experimentally prescribed value of u∗ and a prescribed value of kp fitted from experimental data. They are
consistent with the modelling assumptions made for the interior flow.

Finally, it is worth mentioning that we choose the model constant σε such that the source term in Eq. (20) is identically
zero at the wall adjacent cell centroid,

σε =
κ2

(Cε2 − Cε1)
√
Cµ(zp)

. (26)

This step eliminates the need to define σε.
In the flow region affected by the obstacle, the aforementioned formulation is not valid, since in this case hypothe-

ses H.1-H.3 cannot be made and Eqs. (9)-(11) are no longer an adequate model for the flow. To circumvent this issue, an
approach proposed by Parente et al. (2011a) that allows a gradual transition between the smooth and the disturbed ABL
flow is used. The difference between the local velocity profile and the inlet profile defined by Eq. (16), ulog, is considered
by the introduction of the following blending parameter,

∆ = min

[(
u− ulog

ulog

)
, 1

]
(27)

As in Parente et al. (2011a), the source term Sϵ and Cµ are then rewritten to provide a smooth transition between undis-
turbed and disturbed flow regime,

ϕ = ϕstd + (1−∆α)(ϕhom − ϕstd), (28)

where ϕ represents Sϵ and Cµ. The subscripts hom and std designate the homogeneous values of these variables, given
by Eq. (20) and (15) and the values for the standard k − ϵ model, namely Sϵ = 0 and Cµ = 0.09, respectively.

2.4 Test problem

We now give a brief description of the problem to be solved in this work. We try to identify the spatial coordinates
(xs, ys, zs) from a single source numerical tracer experiment. The synthetic tracer experiment consists of one single
source positioned at four different locations to produce different scenarios of concentration distribution. The sensors are
positioned downstream of the obstacle at 0.035 m above the ground level. The y coordinate of the sensors varies between
-0.05 and -0.3 m while the x coordinate assumes the values 0.1, 0.25, 0.5, 1.5 and 2 m. The relative position among source
and sensors for the numerical tracer experiment are shown in Fig. 1. Figure 1 also shows the bottom of the computational
domain. The computational domain is Ω = {(x, y, z) | x ∈ [−1.05, 4.05], y ∈ [−0.3125, 0], z ∈ [0, 1.0] m}. Noise was
added to emulate the experimental data sets according to,

Cnoise = (1 + ζ)C , (29)

where ζ ∼ N(0, 0.01). The numerical concentration C, given by the solution of Eq. (3) provide synthetic solution values
sampled at the sensor position to be used in the source estimation process.

3. RESULTS

To evaluate the accuracy of the ABL modelling assumptions, we compared flow simulations with the CEDVAL A1-1
experiment (Leitl, 1998). The comparison for the longitudinal and vertical wind components, u and w respectively, as
well as the TKE over different longitudinal positions, considering y = 0, are presented in Figs.2, 3 and 4. Overall, the
results for the flow variables considering the simulation performed by OpenFOAM and Ansys Fluent are very similar
to each other and in reasonable agreement with the experiment. The TKE overestimation by the k-ϵ model considering
both OpenFOAM and Fluent simulations are greater near the obstacles as observed by Parente et al. (2011b). The model
constants are presented in Tab. 1.

The source coordinates were estimated based on the minimization of the Tikhonov regularization functional given by
Eq. (2) using the PSO technique. The PSO function code from the global optimization toolbox of MATLAB was used,
with the following settings:

• Swarm size population of 100;

• Self Adjustment Weight = 1 and Social Adjustment Weight = 0.5;

• Inertial range of [0.1, 1.2];

• Function Tolerance of 10−30.



R. Albani, J.P. Salazar, V. Albani, D. Moreira and A. da Silva Neto
PSO and Tikhonov Regularization for Source Identification of Atmospheric Emissions Over Complex Regions

Figure 1. Representation of the numerical tracer experiment. Flow is from left to right. The empty rectangle represents
the obstacle’s horizontal dimensions. Source position, sensor position.

Table 1. Model parameters. u∗ and z0 are obtained from the CEDVAL A1-1 experiment (Leitl, 1998). A and B are fitting
parameters for the k inlet boundary condition (Eq. 19) obtained considering the CEDVAL datasets A1-1.

Parameter Value Units
u∗ 0.377 m/s
z0 0.0007 m
A -0.0437 m2/s2

B 0.3548 m2/s2

κ 0.4892 -
Cε1 1.44 -
Cε2 1.92 -
σε 1.9472 -
σk 1.0 -
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Figure 2. Normalized longitudinal wind component (u) along different downwind positions in the CEDVAL-A1-1 wind
tunnel experiment. Experiment, OpenFOAM, Fluent.

Figure 3. Normalized vertical wind component (w) along different downwind positions in the CEDVAL-A1-1 wind tunnel
experiment. Experiment, OpenFOAM, Fluent.
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Figure 4. Normalized vertical TKE profiles along different downwind positions in the CEDVAL-A1-1 wind tunnel exper-
iment. Experiment, OpenFOAM, Fluent.

A similar setting to the PSO technique was applied previously in Albani et al. (2020). The PSO algorithm was used to
perform the minimization a hundred times, to evaluate the solution sensitivity to the initial estimates. The solution of
the adjoint PDE C∗

k was calculated for all 30 sensors. The minimization of the functional F (Eq. 2) was performed in
two steps. First, consider the sampling points at rows 1, 2 and 3 and later for rows 2, 4 and 5, from left to right in the
computational domain.

The results are presented as the median of the inverse problem solution. Figures (5) and (6) shows the source identifi-
cation considering the rows of sensors for x = 0.1, 0.25, 0.5 m and x = 0.25, 1.5, 2 m respectively. The aim is to assess
the inverse problem methodology using sets of sensors near and relatively far away from the sources. The results show
that both OpenFOAM and Ansys Fluent performed satisfactorily. Considering the rows of sensors 1,2 and 3, OpenFOAM
and Ansys Fluent solutions are very similar. For the farthest rows, 2, 5 and 6, OpenFOAM results seem to be slightly
better. The underlying reasons for this require further investigation.

4. CONCLUSIONS

We modelled the inverse problem of atmospheric source location estimation using the Particle Swarm Optimization
technique applied to the minimization of the Tikhonov regularization functional. A non-standard k − ϵ model coupled
to an adjoint advection-diffusion PDE was applied to solve the forward problem. Although the well-known k − ϵ trend
for the TKE overestimation near obstacles was confirmed, the proposed methodology found the source locations with
satisfactory accuracy, especially for the OpenFOAM results of the forward problem. Despite efforts to model the problem
the same in both Fluent and OpenFoam, they are different software. However, the reason why the OpenFOAM and Fluent
results of the forward problem provided different trends in the inverse problem solutions needs further investigation.
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Figure 5. Source position estimation using PSO considering the forward problem obtained with OpenFoam and Fluent
with sensor rows 1, 2 and 3. The black rectangle represents the obstacle position in the computational domain. Actual

source position, OpenFOAM estimated source position, Fluent estimated source position, sensor position.

Figure 6. Source position estimation using PSO considering the forward problem obtained with OpenFoam and Fluent
at rows 2, 4 and 5. The black rectangle represents the obstacle position in the computational domain. Actual source

position, OpenFOAM estimated source position, Fluent estimated source position, sensor position.
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