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Abstract

The spatial quantification of multiple sources within the urban environment is crucial for
understanding urban air quality and implementing measures to mitigate air pollution
levels. At the same time, emissions from road traffic contribute significantly to these
concentrations. However, uncertainties arise when assessing the contribution of multiple
sources affecting a single receptor. This study aims to evaluate an inverse dispersion
modelling methodology that combines Computational Fluid Dynamics (CFD) simulations
with the Metropolis–Hastings Markov Chain Monte Carlo (MCMC) algorithm to quantify
multiple traffic emissions at the street scale. This approach relies solely on observational
data and prior information on each source’s emission rate range and is tested within the
Augsburg city centre. To address the absence of extensive measurement data of a real
pollutant correlated with traffic emissions, a synthetic observational dataset of a theoretical
pollutant, treated as a passive scalar, was generated from the forward dispersion model,
with added Gaussian noise. Furthermore, a sensitivity analysis also explores the influence
of sensor configuration and prior information on the accuracy of the emission estimates.
The results indicate that, when the potential emission rate range is narrow, high-quality
predictions can be achieved (ratio between true and estimated release rates, ∆q ≤ 2) even
with networks using data from only 10 sensors. In contrast, expanding the allowable
emission range leads to reduced accuracy (2 ≤ ∆q ≤ 6), particularly in networks with
fewer than 50 sensors. Further research is recommended to assess the methodology’s
performance using real-world measurements.

Keywords: inverse dispersion modelling; traffic emissions; multiple source quantification;
sensor configuration analysis; computational fluid dynamics; Bayesian inference;
urban environment

1. Introduction
Air pollution can cause serious health risks and negative impacts on populations

since it is one of the major environmental stressors [1,2]. According to the World Health
Organization (WHO), exposure to air pollutants is one of the major environmental risks
to child health. The WHO estimates that in 2019 outdoor air pollution caused 4.2 million
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premature deaths worldwide [3]. The same organization links exposure to airborne con-
taminants with several negative impacts on human health, which can lead to diseases,
such as ischemic heart disease, stroke, chronic obstructive pulmonary disease, acute lower
respiratory infections, and lung cancer [3].

Recognition and quantification of emissions from multiple sources are of great im-
portance, as they provide information about each source’s contribution to Air Quality
(AQ) levels. Such information is crucial for relevant authorities and policy makers to
adopt measures aimed at reducing air pollution and controlling AQ. At the same time, the
estimation of emissions from multiple sources is essential for emission inventory purposes.
The quality of emission inventories is one of the most important factors that strongly affect
the accuracy and results of Atmospheric Transport and Dispersion (ATD) models.

The field of inverse dispersion modelling has been extensively studied in previous
research, primarily to identify one or a few unknown sources and estimate their release rates.
This process, known as Source Term Estimation (STE), has a wide range of applications
documented in the literature [4]. STE methods have been applied at various spatial scales,
from global [5] and regional [6,7] to urban [8] and street scale [9]. In parallel, several studies
have evaluated STE techniques using real-world applications [10,11] and datasets, as well
as using data from field [12–15] and wind tunnel experiments [16–18]. Additionally, in
many cases, synthetic observational datasets have been generated and used to test inverse
dispersion modelling techniques, addressing the lack of real measurements [11,19–21].

In urban environments, where complex structures significantly influence pollutant
dispersion due to strong turbulence caused by the interaction between wind flow and urban
geometry, Computational Fluid Dynamics (CFD) models are capable of providing accurate
street-scale pollutant concentration predictions. CFD has been employed in numerous
studies involving both forward [22–24] and inverse dispersion modelling [10,11,25].

An inverse dispersion modelling methodology involves the calculation of the source–
receptor relationship, which describes the sensitivity of receptor measurements to emissions
from potential source locations. The source receptor relationship can be calculated either
by applying the ATD model in terms of “forward” simulations by solving the advection-
diffusion equation for each source or by applying the ATD model in terms of “backward”
simulations by solving the adjoint advection-diffusion equation for every sensor as source.
The present work uses the “forward” mode of inverse modelling and solves the ATD model
for every road traffic source once.

To estimate the unknown parameters of air pollution sources, different types of meth-
ods and algorithms have been applied using datasets derived from both measured and
modelled concentrations. Most of the previous inverse dispersion modelling studies have
used optimization [12,26,27], probabilistic [10,25,28,29], or recently machine learning algo-
rithms [30,31]. In this work, the Metropolis–Hastings Markov Chain Monte Carlo (MCMC)
algorithm, which is based on Bayesian inference, is applied to estimate the emission rate of
each one of the multiple sources. In the following subsections are presented the source–
receptor relationship, the Bayesian inference and the Metropolis–Hastings MCMC as they
used in the present study.

Quantification of air pollution sources has been widely investigated within the broader
research field of source apportionment. According to Coelho et al. [32] source apportion-
ment methods provide essential insights into the relative contributions of different emission
categories (e.g., transportation, residential heating, industrial activities) and emission areas
(e.g., local, urban, metropolitan, or regional scales) to ambient pollutant concentrations.
These techniques are primarily applied to quantify emissions from specific source sectors
or areas, rather than from individual sources within the same sector in the same region. On
the other hand, inverse dispersion algorithms, when combined with atmospheric transport
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and dispersion (ATD) models, can quantify the contributions of individual sources within a
specific sector. Feng et al. [33] employed Bayesian inference together with the WRF-CMAQ
chemical transport model to update the SO2 emission inventory for Chongqing, China.
Although that work focused on emissions at the urban scale, the WRF-CMAQ application
was conducted on a 5 × 5 km2 domain. Similarly, Cheng et al. [34] introduced an inverse
modelling methodology based on DDM-3D and 3DVAR techniques, coupled with WRF-
CMAQ simulations, to estimate SO2, NO2, and O3 emissions in the Beijing–Tianjin–Hebei
region, China at 1◦ × 1◦ resolution. Kumar et al. [35] applied an inverted Fixed Box Model
(FBM) to estimate emissions from regulated air pollutants in the Delhi, India.

In the road traffic sector, emissions from multiple roads can be quantified using inte-
grated tools such as COPERT [36]. These tools provide detailed estimates based on traffic
activity, vehicle fleet composition, speed, and other factors. However, while multiple-
source quantification is feasible, relatively few studies have explored this approach. For
instance, Carruthers et al. [37] combined an inverse modelling technique with the Gaus-
sian plume dispersion model ADMS-Urban to improve the traffic emission inventory in
Cambridge, UK.

The studies mentioned above, which address multiple-source emission estimation, ei-
ther use very coarse spatial resolution [33,34] or rely on simplified models [35,37]. From this
perspective, no prior research in the literature has demonstrated the ability to predict emis-
sions at street scale. This study addresses that gap by presenting a novel methodology for
estimating emission rates from multiple traffic-related road sources at very high resolution.
For this purpose, the OpenFOAM CFD model was combined with the Metropolis–Hastings
MCMC algorithm to calculate the emission rates of 69 traffic-related road sources in the
city centre of Augsburg, Germany. To address the absence of real measurements of a regu-
lated air pollutant, synthetic observations of a theoretical pollutant were generated using
the forward model concentrations with added Gaussian noise. The algorithm is applied
under various sensor configurations, wind directions, and levels of prior information to
evaluate the influence of sensor quantity and prior knowledge on the accuracy of estimated
release rates.

2. Materials and Methods
2.1. Methodology

The methodology of the current study involves the following computational steps:

• Airflow simulation is applied to calculate wind flow and turbulence parameters under
steady-state conditions for the wind directions of interest. A total of 36 wind direction
sectors is considered, ranging from 0◦ to 350◦ in 10-degree increments.

• The source–receptor relationships are calculated using a forward dispersion model for
each individual road traffic emission source.

• A synthetic observational dataset of a theoretical pollutant is generated by adding
Gaussian noise to the concentrations obtained from the forward dispersion model.

• The Metropolis–Hastings MCMC algorithm is employed to estimate the release rate of
each traffic source, based on both modelled and synthetic measured concentrations,
incorporating prior knowledge of the emission rate range for each source.

• The Metropolis–Hastings MCMC is applied across various sensor configurations,
involving different numbers of sensors and wind directions. Specific prior knowledge
is used for all algorithm runs to assess the impact of sensor quantity on the accuracy
of release rate estimations.

• The previous step is repeated using different emission rate ranges as prior informa-
tion to examine how variations in prior knowledge influence the resulting release
rate estimates.
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For clarity, Figure 1 provides a visual illustration of the computational steps in the
proposed methodology.

 

Figure 1. Flowchart of the computational steps in the methodology.

2.2. Source–Receptor Relationship

To simulate the transport and dispersion of an airborne pollutant within a specific
area, various ATD models can be applied. In CFD modelling, the advection–diffusion
equation is widely used due to its ability to accurately predict pollutant concentration fields
in three-dimensional discretized space.

Assume a line source r(l) = (x(l), y(l), z(l)), positioned in Cartesian space (x, y, z)
and continuously emitting a passive pollutant, treated as a scalar, at a rate qs. Here, l is a
parametric variable representing the length along the road. The transport of the scalar in
the spatial domain is governed by the advection–diffusion equation:

∂C
∂t

+ uj
∂C
∂xj

− ∂

∂xj
D

∂C
∂xj

= qsδ(r(l)) (1)
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where

• C is the concentration of the passive scalar;
• uj = (u, v, w) represents the velocity vector in Cartesian coordinates xj = (x, y, z);
• D is the diffusion coefficient;
• δ(·) is the Dirac delta function, representing the source.

D = Dm + Dt = Dm +
vt

Sct
(2)

Here

• Sct is the turbulent Schmidt number;
• vt is the eddy viscosity.

Substituting Equation (2) into Equation (1), the advection–diffusion equation becomes:

∂C
∂t

+ uj
∂C
∂xj

− ∂

∂xj

(
Dm +

vt

Sct

)
∂C
∂xj

= qsδ(r(l)) (3)

The source–receptor relationship quantifies the sensitivity of concentration observed
at each sensor in a monitoring network, based on a specific set of source parameters,
s = (r(l), qs). Using a forward dispersion model, the source–receptor relationship Cc

i for
each sensor i, located at (xn, yn, zn), is defined by the concentration of the passive scalar, C,
as follows:

Cc(s)i = C(xn, yn, zn)i (4)

2.3. Bayesian Inference

Bayesian inference is a probabilistic framework that combines prior knowledge with
both observed and simulated data to draw conclusions. It has been widely applied in
conjunction with Computational Fluid Dynamics (CFD) simulations to estimate unknown
source parameters [10,25,38,39]. These Bayesian methods, grounded in Bayes’ theorem,
calculate the posterior probability of source parameters by integrating the following:

• Existing knowledge about the source term;
• Uncertainties in sensor data;
• Possible inaccuracies in model predictions.

Let d represent the air pollutant concentration observations from a sensor network,
and s denote the source characteristics (including the release rate). According to the Bayes’
theorem, the posterior probability distribution p(s|d) describes the probability of the source
term s given the measurements d and is calculated as follows:

p(s|d) = p(d|s)p(s)
p(d)

∝ p(d|s)p(s) (5)

where

• p(d|s) is the likelihood, indicating the probability of observing d given source s;
• p(s) is the prior distribution, representing known information about s before

the analysis;
• p(d) is the evidence or normalization factor, which is independent of s and ensures

the posterior is a valid probability distribution.

2.3.1. Likelihood Function

In inverse dispersion modelling, the likelihood function expresses the probability
of observing a given set of sensor measurements di assuming a specific source term s.
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Practically, it measures the discrepancy between the model-predicted concentrations Ci(s)
and the actual measured concentrations di at sensor location i. The vector of the estimated
parameters can be defined as s = (xs, qs), where xs represents of the source location, and qs

denotes the release rate.
The following vectors are defined:

• Ctrue ∈ RN : the (unknown) true concentrations at the sensor locations;
• d ∈ RN : the observed concentrations from the sensor network;
• Cc(s) ∈ RN : the concentrations computed by the ATDM based on source term s;
• N: the overall number of sensors.

The observations and model predictions are linked to the true concentrations via the
following error terms:

d = Ctrue + εo (6)

Cc(s) = Ctrue + εc (7)

Here

• εo is the measurement error vector;
• εc is the model error vector.

Estimating these error components is particularly challenging [40]. According to
Yee et al. [10], the model error is generally the dominant source of uncertainty and is
difficult to characterize due to its complex origins. Consequently, a common assumption in
the literature is that both εo and εc follow a specific distribution. Although Wang et al. [41]
compared various assumptions about the error distribution and found no clear superiority
among them, in the inverse dispersion modelling literature [25,38,39,42], the simplest
and widely used assumption is that the errors εo and εc follow a Gaussian distribution
with a mean of zero and variances σ2

o and σ2
c , respectively. Under these assumptions, the

probabilities associated with the measurement and model errors are as follows:

p
(
d
∣∣Ctrue) ∝ exp

[
−1

2∑
(
di − Ctrue

i
)2

σ2
o,i

]
(8)

p
(
Ctrue∣∣s) ∝ exp

[
−1

2∑
(
Ctrue

i − Cc(s)i
)2

σ2
c,i

]
(9)

where i ∈ [1, N] is the index of each sensor. Using, the p
(
d
∣∣Ctrue) and p

(
Ctrue

∣∣s) probabili-
ties the likelihood function becomes:

p(d|s) ∝
∫

Ctrue
p
(
d
∣∣Ctrue)p

(
Ctrue∣∣s)dCtrue ∝ exp

[
−1

2∑
(Co

i − Cc(s)i)
2

σ2
o,i + σ2

c,i

]
(10)

2.3.2. Prior Probability

The prior probability incorporates any existing knowledge about the source charac-
teristics before performing inference. Prior information can improve both the speed and
accuracy of the inference process [42]. In the current study, the release rate is assumed to
take any value within a predefined range and must always remain positive. Under this
assumption, the prior probability is defined as follows:

p(s) =

{
constant, i f qs > 0 and qsmin < qs < qsmax

0, else
(11)
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Here, qsmin and qsmax represent the predefined minimum and maximum release rates,
respectively, specified prior to the inference process.

2.3.3. Posterior Probability

The posterior probability is derived by combining the likelihood function (Equation (10))
and the prior distribution (Equation (11)) in Equation (5) as follows:

p(s|d) ∝

exp
[
− 1

2 ∑
(Co

i−Cc(θ)i)
2

σ2
o,i+σ2

c,i

]
0, else

, if qs > 0 and qsmin < qs < qsmax (12)

2.3.4. Sampling Methods

The posterior probability can be evaluated for every possible release rate of each
source within the predefined prior range. However, this approach can significantly increase
the computational resources required to compute the posterior probabilities and identify
their maximum, potentially making the process impractical. To address this, sampling
methods are employed to generate representative samples and provide the final estimated
release rates in the form of probability density functions (PDFs).

There are different categories of sampling techniques, such as Markov Chain Monte
Carlo (MCMC) methods [43], Importance Sampling [44], Rejection Sampling [45], and
Sequential Monte Carlo [46]. Among them, the most widely used in source parameter
estimation is the MCMC method. Various MCMC algorithms have been used in previous
studies, but the most popular among them is the Metropolis–Hastings MCMC algorithm.

2.3.5. Metropolis–Hastings MCMC

MCMC algorithms generate a Markov chain of samples whose stationary distribution
is proportional to the target PDF (posterior distribution). Although MCMC tends to sample
more frequently from high-probability regions, it can still generate samples from low-
probability regions, particularly due to the stochastic nature of the process and the proposal
mechanism used in some MCMC algorithms, such as the widely used Metropolis–Hastings
algorithm [25]. A detailed description of the Metropolis–Hastings algorithm can be found
in [43,47]. The computational steps of the algorithm are as follows:

• Initialize: set the initial state x0.
• For i = 0, 1, 2, . . . ., N:

# Sample the proposal state x′ ∼ q(x′/x).

# Calculate the acceptance probability a = p(x′)q(x/x′)
p(x)q(x′/x) .

# A random number uniformly sampled between 0 and 1: u ∼ U(0, 1).
# If u < a:

■ Accept the proposal state xi+1= x′.

# Else:

■ Reject the proposal state xi+1 = xi.

• Store the sample x.

Here, N is the total number of iterations, p(x) is the target distribution and q(x′/x) is
the proposal distribution from which the candidate samples are drawn. In cases where a
symmetric distribution (e.g., Gaussian) is assumed, the acceptance probability is simplified
to a = p(x′)

p(x) . Therefore, in cases where the sample x′ has a higher posterior probability
p(x′), than x (p(x)), the acceptance probability a exceeds 1, and x′ is accepted. However,
even when p(x′) is lower than p(x), x′ may still be accepted if u < a. This criterion prevents
the algorithm from getting trapped in local optima.
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2.4. Case Study

For this study, the city centre of Augsburg, Germany, was selected as the case study
area due to its representative geometrical and topological features typical of Central Eu-
ropean cities. The actual city layout is presented in Figure 2a, while Figure 2b shows the
simplified geometry model used in the simulations. The 3D urban model was developed
using data from OpenStreetMap (OSM) [48], an open-source, community-driven platform
for collecting and sharing geographic information. OSM provides detailed 2D building
footprints and height data, and prior research [49–51] has demonstrated its reliability and
accuracy, often matching commercial data sources, particularly in urban settings.

Figure 2. Area of interest in Augsburg (a) and computational domain containing the city’s digital
model (b).

In this study, buildings were modelled with flat rooftops, and ventilation structures
were neglected. These simplifications, commonly applied in urban dispersion mod-
elling [52], are not expected to significantly impact simulation accuracy. A pre-processing
step was applied to the urban geometry to correct surface inconsistencies, ensuring that
the data could be directly used for generating the computational mesh without further
adjustments. Accurate representation of the urban structure is essential for CFD-based air
quality modelling [53]. Figure 2a outlines the 2 × 1.6 km2 study domain, where the maxi-
mum building height (Hmax) is 83.5 m. As shown in Figure 2b, the computational domain
extends beyond the immediate area of interest, with an upstream distance of 15Hmax, and a
vertical extent of 6Hmax [54].

The commercial pre-processor tool ANSA [55] was used to construct the computational
mesh, which incorporates the city’s geometrical characteristics. The resolution for the
buildings was set at 1 m, allowing for high spatial accuracy of the CFD outputs, with
increased refinement in the areas of street canyons. For the high refinement demands of
the traffic emission sources (used in the multiple traffic emission source quantification
application), the resolution was set at 0.25 m. The resolution at the boundaries of the
domain was set at 30 m.

The characteristics of the computational mesh are presented in Figure 3. Specifically,
Figure 3a shows the mesh elements and the higher-density region in the urban area in
the x − y plane, while Figure 3b illustrates the structure of the computational cells on the
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ground, building surfaces, and traffic sources. The total number of computational cells
is 48,046,100, and the mesh consists of unstructured tetrahedral cells. The dimensionless
parameter y+, which indicates mesh quality near wall surfaces, was calculated to be 255 for
the ground and 151 for the buildings, meaning that both values fall within the acceptable
range of 30 to 300 [56].

 
(a) 

 
(b) 

Figure 3. Computational mesh in the overall area and higher-density region in the x − y plane (a)
and on the ground, building surfaces, and traffic sources (b).
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It should be noted that this computational grid has been used in previous studies
involving different CFD modelling applications in the Augsburg case study [11,24,53],
providing well-validated results. A more detailed description of the grid is given in
Ioannidis et al. [24], which was the study that constructed both the 3D geometry model
and the mesh.

To calculate pollutant concentrations within the spatial domain, emissions from
69 road traffic sources were used. The emission sources were selected on both major
arterial roads and smaller but highly active streets. This combination of traffic sources
was previously selected, utilized, and validated in the study by Ioannidis et al. [24] to
comprehensively represent the traffic emission activity within the area of interest. A net-
work of 81 measurement sensors was set up as the observational network for the current
application. The heights of the sensor locations range from 2 to 4 m. In Figure 4, the traffic
emission sources are illustrated in red lines, while the sensors are depicted in yellow dots
in the x − y plane.

 
Figure 4. The locations the traffic emission sources illustrated in red lines and the positions of the
sensors depicted in yellow dots in the x − y plane.

2.5. Settings
2.5.1. Numerical Simulations Set up

For the numerical CFD simulations, the RANS approach is combined with the two-
equation turbulence model k − ε via the SIMPLE (simpleFoam) solver in the OpenFOAM
v2112 CFD suite [57]. The solver was modified to resolve the forward advection-diffusion
equation (Equation (3)) for each traffic source, meaning that 69 equations were introduced
into the solver. In total, 36 numerical simulations were performed for a number of iterations
long enough to achieve convergence in steady state.

Regarding the meteorological conditions, the assumptions of negligible thermal heat
flux effects and neutral stability Atmospheric Boundary Layer (ABL) conditions were
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adopted. This assumption aligns with the main CFD modelling for pollutant dispersion
guidelines, such as those from the Association of German Engineers (Verein Deutscher
Ingenieure—VDI) and the COST 732 group [58–60], and has been adopted in previous
CFD pollutant dispersion implementations in real environments, providing accurate re-
sults [52,61,62]. For neutral stability conditions, the boundary conditions at the inlet can be
specified following the equations of Richards and Hoxey [63]. The inflow velocity profile,
U(z), was calculated from Equation (13), where u∗ is the friction velocity (Equation (14)),
κ = 0.41 is the von Karman constant, and z0 = 2 m is the aerodynamic roughness length.
The reference velocity, Ure f , was set to 1 m/s at the reference height, zre f , of 3 m. Therefore,
in each wind direction, the inlet velocity was calculated from as follows:

U(z) =
u∗

κ
ln
(

z + z0

z0

)
(13)

u∗ =
Ure f κ

ln (
zre f +z0

z0
)

(14)

The turbulent kinetic energy, k, and the turbulence dissipation rate, ε, at the inlet
boundaries were calculated from Equation (15) and Equation (16), respectively [63]:

k =
(u∗)2√

Cµ
(15)

ε(z) =
(u∗)3

κ(z + z0)
(16)

where Cµ = 0.09 is a model constant.
Regarding the dispersion model boundary conditions, a uniform release rate of

1 kg/m3 was set for each traffic source boundary and the Schmidt number was set to 0.7.

2.5.2. Metropolis–Hastings MCMC Set up

In each applied scenario, the Metropolis–Hastings MCMC algorithm was used to
estimate the samples of the PDFs of the target variables, which in this application are the
emission rates of the 69 road segments treated as individual traffic sources. Therefore, in
the current work a total of 69 PDFs were calculated by the algorithm. Initialization involves
a random estimate for each source release rate within a specific upper and lower bound.
The assumption that each release rate proposal value should be within these bounds was
followed in every iteration of the algorithm, since that assumption is the prior information
of the current Bayesian process, as described in Section 2.3.2.

To determine the measurement and model bias (σ2
o,i + σ2

c,i in Equation (3) the approach
from previous applications was followed, where t σ2

o,i + σ2
c,i = a × Co

i [25,42]. Here, a is
a constant specified by the user and is consistent across all sensors. In the present study,
the constant a was set to 0.5. The total number of iterations for each run of the Metropolis–
Hastings MCMC algorithm was 80,000, with a burn-in period of 20,000 iterations. The
subsequent 60,000 samples were used for the collection of PDF samples.

2.6. Synthetic Observational Dataset

To address the absence of measurements from a dense monitoring network of a
regulated air pollutant that is highly emitted by traffic activity, a synthetic observation
dataset of a theoretical pollutant was generated by utilizing the forward dispersion model’s
concentrations and adding Gaussian noise to them. For each individual plume from the
69 sources, noise was added to the concentrations at the 81 sensor positions for every wind
direction scenario. For the sensor configuration analysis, four wind direction scenarios were
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selected to represent various wind conditions. Specifically, the chosen scenarios were 50,
140, 230, and 320 degrees. In each scenario, the synthetic observation dataset was generated
such that the measured concentrations provide a FAC2 = 0.5 and FAC4 = 1, in comparison
to the corresponding modelled concentrations. This ensures that representative noise
was added for air pollution CFD modelling applications, with no extreme discrepancies
between the modelled and observed concentrations.

3. Results
As described in previous section, the forward advection–diffusion equation was solved

independently for each individual traffic source. Although this technique significantly
increases the computational cost of the simulation compared to the traditional forward
model, where pollutant dispersion was calculated within the same concentration field,
it is necessary to store the source–receptor relationship fields. Since the source–receptor
relationship describes the sensitivity of each source to every sensor position, this approach
is crucial for understanding the contribution of each source to sensor observations. To
illustrate this, pollutant concentration fields for some individual sources are presented.
Figure 5a–d depicts four individual sources within the computational domain that were
selected to visualize the independent plumes.

Figure 6a–d illustrates the corresponding concentration fields of the four sources for
the 50-degree wind direction case in the x − y plane at a height of 3 m. In all plume
visualizations, the sensors of the measurement network are depicted as green dots, making
the influence of each source on the various sensors apparent. Concentration fields are shown
on a logarithmic scale, ranging from 10−8 kg/m3 to 1 kg/m3. Note that the corresponding
plumes for the other investigated wind direction scenarios (140, 230, and 320 degrees) are
presented in Appendix A.

Having presented some individual pollutant plumes, it is useful to visualize the overall
concentration field as calculated from the forward dispersion model. Figure 7 shows the
concentration field in the x − y plane at a height of 1 m, combining contributions from all
69 sources and the corresponding measurement network (green dots) for the 50-degree
wind direction case. The concentration field is displayed on a logarithmic scale ranging
from 10−3 kg/m3 to 1 kg/m3. As indicated, the different sources (shown in Figure 6a–d)
contribute differently to the overall pollutant concentrations. Similarly to the individual
plumes, the overall concentration fields for the other three wind direction cases are also
presented in Appendix A.

To evaluate the ability of the present methodology to provide accurate emission rate
estimations and to investigate the impact of the number of sensors on these estimations,
the Metropolis–Hastings MCMC algorithm was applied to different sensor configurations.
The sensor configurations were divided into subgroups based on the number of sensors.
The first subgroup consists of 10 sensors randomly selected from the total 81 sensors in
each application of the algorithm. Each additional subgroup is formed by adding 10 more
sensors until the total number is reached. Therefore, the created subgroups consist of 10,
20, . . ., up to 80 sensors.

To minimize the influence of potential random effects arising from the application
parameters, which could result in either unusually high or lower quality solutions, the
algorithm was applied to multiple sensor location combinations within each sensor group
for every selected wind direction. Specifically, for each wind direction and sensor number
subgroup, the algorithm was run 20 times using different randomly selected positions,
resulting in a total of 80 PDF estimations for each of the 69 sources.
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(a) (b) 

  
(c) (d) 

Figure 5. The four individual traffic emission sources (a–d) selected for the pollutant plume visualization.

To assess the quality of the calculated estimations, the release rate ratio ∆q (Equation (17))
is determined based on the true and estimated release rates for each source. The target
value for the release rate ratio ∆q, it is unity (∆q = 1). It is important to note that the
estimated release rate is defined as the mean value of the corresponding PDF.

∆q = max[(qe/qt), (qt/qe)] (17)
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(a) (b) 

 
 

(c) (d) 

Figure 6. Pollutant plumes from four individual traffic emission sources (a–d) in x − y plane at 3 m
height for the 50 degrees wind direction scenario. The sensors are depicted with green dots.

Figures 8 and 9 present the findings of the analysis regarding how the number of
sensors influences the estimation of release rates for multiple sources under different
configurations and wind directions. Specifically, the boxplots depict the release rate ratios
(∆q), calculated based on the mean values of the PDFs estimations for all 69 traffic sources
across the 80 randomly selected configurations (20 configurations for each wind direction
case) within each sensor number subgroup. It should be noted that the evaluation metric
∆q is always greater than or equal to 1, with the ideal estimation being exactly 1. Figure 8
shows the results obtained using the Metropolis–Hastings MCMC algorithm with the
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assumption that each emission rate falls within the range of 0.01 to 20 kg/s. In contrast,
Figure 9 illustrates the results for a wider range, from 0.001 to 100 kg/s.

Figure 7. Overall pollutant concentration field from the 69 sources in x − y plane at 3 m height for
50 degrees wind direction scenario. Sensors are shown with green dots.

As expected, the results in Figure 8 highlight that better solutions were generally
achieved in subgroups utilizing a higher number of sensors. Specifically, for configurations
with more than 60 sensors, the majority of the estimations have ∆q values below 2, with
many approaching 1.5, indicating very high-quality solutions, approaching the ideal value.
Although the accuracy of most estimations decreases with a lower number of sensors, even
in the subgroup with only 10 sensors, the algorithm provides satisfactory results, with
most release rate ratios values been around 2.5. A notable observation is that increasing the
number of sensors leads to wider boxplots. Furthermore, in the higher-number subgroups,
some estimates exceed a ∆q value of 3, unlike the lower-number subgroups. Overall, the
fact that ∆q < 4 is observed across all cases indicates a high level of accuracy for the
entire application.

For a more comprehensive presentation of the results shown in Figures 8 and 9, Table 1
summarizes the statistics for each box in these figures.
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Figure 8. The release rate ratios ∆q between the mean estimated and true source emission rates which
range from 0.01 to 20 kg/s across all traffic sources in each sensor group. Each box illustrates the
results of 80 random configurations, while the diamonds indicate the outlier values of the overall
distribution. The red line represents the true values of the sources.

Figure 9. The release rate ratios ∆q between the mean estimated and true source emission rates which
range from 0.001 to 100 kg/s across all traffic sources in each sensor group. Each box illustrates the
results of 80 random configurations, while the diamonds indicate the outlier values of the overall
distribution. The red line represents the true values of the sources.
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Table 1. Statistics of the distributions of estimated release rate ratios for each sensor subgroup under
all applied scenarios.

Prior Knowledge Sensor’s Subgroup Mean Median Std Min Max Q 25% Q 75%

q range = 0.001–100 kg/s

10 5.94 6.33 1.48 1.00 8.74 5.91 6.71
20 5.51 6.20 1.88 1.00 8.82 5.43 6.71
30 5.18 6.01 2.06 1.00 9.19 2.83 6.69
40 4.64 5.45 2.25 1.00 9.44 2.34 6.54
50 4.05 3.29 2.30 1.00 10.85 1.95 6.20
60 3.38 2.47 2.17 1.00 12.13 1.65 5.17
70 2.90 2.20 1.93 1.00 12.27 1.52 3.50
80 2.76 2.15 1.79 1.00 12.07 1.53 3.14

q range = 0.01–20 kg/s

10 2.29 2.41 0.38 1.01 2.80 2.30 2.50
20 2.21 2.37 0.44 1.01 2.86 2.19 2.49
30 2.20 2.37 0.45 1.01 3.02 1.91 2.51
40 2.06 2.24 0.50 1.00 3.05 1.62 2.46
50 1.96 2.02 0.54 1.00 3.18 1.49 2.42
60 1.84 1.74 0.52 1.00 3.46 1.41 2.30
70 1.79 1.67 0.51 1.00 3.27 1.39 2.20
80 1.77 1.66 0.51 1.00 3.42 1.38 2.18

The outcomes illustrated in Figure 9 highlight that increasing the uncertainty in the
estimation of prior knowledge (by widening the permitted bounds for the release rates)
leads to lower accuracy, especially in subgroups with fewer sensors. Although the boxplots
of the subgroups show similar structures, significantly worse release rate estimations are
observed in subgroups that use configurations with fewer than 60 sensors. Specifically,
the lowest accuracy is observed in the 10 and 20 sensor subgroups, where the majority
of ∆q values lie around 6. On the other hand, higher quality solutions (with release rate
ratios near the value of 2) are indicated in the 70 and 80 sensors subgroups, although a few
estimates fail by providing a solution higher than an order of magnitude.

4. Discussion
In general, the findings of the application indicate that the novel methodology can

provide accurate release rate estimates from multiple traffic sources in an urban environ-
ment by combining CFD numerical simulations with the Metropolis–Hastings MCMC
algorithm. The only information used for the implementation is the data from the mea-
surement network and some elementary prior knowledge about the range of each source’s
emission rate. As highlighted, reducing the range of prior information and increasing
the number of sensors in the network leads to higher-quality solutions. The high perfor-
mance of the application is demonstrated by the fact that the vast majority of the emis-
sion rate estimations were within an order of magnitude of the true release rates in both
applied cases.

Moreover, when the potential range of release rates was relatively narrow (e.g., from
0.01 to 20 kg/s), all emission rate estimates yield a release rate ratio below 4. In the study
by Kovalets et al. [64], a solution was considered of “good” quality when the release rate
ratio ∆q was less than 4. Therefore, in the present study, this criterion was satisfied for all
sources when the allowable range of release rates was relatively small. When the bounds
of the release rate range were expanded, there were numerous cases where the evaluation
criterion was not met, particularly when fewer sensors were used. However, when the
number of sensors exceeded 50, the vast majority of predictions result remained within a
release rate ratio value ∆q < 4.
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The main limitation of this work is that the current methodology is evaluated solely on
noisy synthetic observational datasets of a theoretical air pollutant, assuming the pollutant
is a passive, non-reactive contaminant. Additionally, the methodology was tested on real
measurement scenarios using observational data from the SmartAQnet [65] AQMN to
estimate PM10 emissions from the 69 sources at an hourly temporal resolution. However,
within the computational domain, real measurements were available from only five sensors.
A broad prior range, spanning approximately seven orders of magnitude, was used for
the release rate as prior knowledge of source emissions. However, the limited number of
real sensors and the wide range of allowable emissions per source prevented the algorithm
from converging to a solution.

To this end, further research is needed for AQ applications based on real measure-
ments of a regulated pollutant correlated with traffic emissions. The absence of a dense,
real-world AQMN within the area of interest makes it difficult to validate the present
methodology under real-world conditions. Although the synthetic observational dataset
was generated to represent real measurements (FAC2 = 0.5 and FAC4 = 1), and the
algorithm was applied across multiple AQMN configurations and wind directions to re-
duce biases, the use of a synthetic pollutant without accounting for physical or chemical
processes could still increase the uncertainties of the methodology. Moreover, since no
previous studies have investigated emissions from multiple sources at street scale using
CFD models, the results of this study cannot be directly compared with prior work. These
factors highlight the importance of further implementing and evaluating the methodol-
ogy against real observational datasets for regulated air pollutants, which is planned for
future investigation.

Moreover, even though the 70 and 80 sensor networks, which indicated highly accurate
solutions regardless of the prior knowledge of emission source rates, may seem like a very
high number for a real measurement network in an urban environment, the increasing
availability and accuracy of low-cost sensors, as well as the adoption of IoT policies within
the framework of Smart Cities may lead to the design of such networks in the near future.
Another interesting direction for further investigation is the utilization of several and
more sophisticated Bayesian inference-based algorithms within the methodology, and
comparison among their accuracy. Such work could provide useful insights about the
exploration of the best fitted algorithm for such applications.

5. Conclusions
The main outcomes of the present study highlight that the proposed methodology

is applicable for estimating emissions from multiple sources at street scale within real
urban environments. The methodology can provide valuable information for identify-
ing the primary air pollutant sources that contribute most to concentration levels and
can be used to improve emission inventories. Additionally, it offers useful insights
for the design of AQMNs in urban areas for inverse dispersion modelling applications.
However, the limitations and assumptions adopted in this work indicate the need for
further development, implementation, evaluation, and refinement of the methodology.
To this end, the methodology is planned to be applied to regulated pollutants released
from traffic sources and evaluated against real measurements. Furthermore, comparing
the performance of several Bayesian-based algorithms could provide information use-
ful for improving the accuracy of the methodology. Moreover, further investigation is
needed to examine the accuracy of the methodology in relation to spatial characteris-
tics and potential patterns that may lead to over- or underestimation of each source’s
release rate.
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Appendix A
This Appendix contains illustrations of the pollutant plumes for four individual road

traffic sources (Figure 6), as well as for the overall number of sources (Figure 7) for inflow
directions of 140, 230, and 320 degrees.

The individual sources plumes are shown in Figure A1a–d (for 140 degrees),
Figure A2a–d (for 230 degrees), and Figure A3a–d (for 320 degrees).

  

(a) (b) 

Figure A1. Cont.
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(c) (d) 

Figure A1. Pollutant plumes from four individual traffic emission sources (a–d) in x − y plane at 3 m
height for the 140 degrees wind direction scenario. The sensors are depicted with green dots.

  
(a) (b) 

Figure A2. Cont.
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(c) (d) 

Figure A2. Pollutant plumes from four individual traffic emission sources (a–d) in x − y plane at 3 m
height for the 230 degrees wind direction scenario. The sensors are depicted with green dots.

  
(a) (b) 

Figure A3. Cont.
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(c) (d) 

Figure A3. Pollutant plumes from four individual traffic emission sources (a–d) in x − y plane at 3 m
height for the 320 degrees wind direction scenario. The sensors are depicted with green dots.

Figures A4–A6 present the pollutant concentrations plumes from all sources for the
wind direction of 140 (Figure A4), 230 (Figure A5), and 320 (Figure A6) degrees.

 

Figure A4. Overall pollutant concentration field from the 69 sources in x − y plane at 3 m height for
the 140 degrees wind direction scenario. The sensors are shown with green dots.
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Figure A5. Overall pollutant concentration field from the 69 sources in x − y plane at 3 m height for
the 230 degrees wind direction scenario. The sensors are shown with green dots.

Figure A6. Overall pollutant concentration field from the 69 sources in x − y plane at 3 m height for
the 320 degrees wind direction scenario. The sensors are shown with green dots.
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