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Abstract: Greenhouse gases such as methane will be generated from the landfilling of
municipal waste. The emissions of noxious gas from landfills and other waste disposal
areas can present a significant hazard to the environment and to the health of the population
if not properly controlled. In order to have the harmful gas controlled and mitigate the
environmental pollution, the extent to which the gas will be transported into the air at
some time in the future must be estimated. The emission estimates (inventories) are
combined with atmospheric observations and modeling techniques. In this work, large
eddy simulation (LES) is used to determine the dispersion of methane in the atmosphere at
large distances from the landfill. The methane is modeled as an active scalar, which diffuses
from the landfill with a given mass flux. The Boussinesq approximation has been used to
embed the effect of the buoyancy in the momentum equation. A logarithmic velocity profile
has been used to model the wind velocity. The results in the far field show that the mean
concentration and concentration rms of methane, appropriately scaled, are self-similar
functions of a certain combination of the coordinates. Furthermore, the LES results are used
to fit the parameters of the Gaussian plume model. This result can be used to optimize the
placement of the atmospheric receptors and reduce their numbers in the far-field region, to
improve emissions estimates and reduce the costs.

Keywords: LES; self-similarity; methane; atmospheric receptors; landfill; emissions

1. New Introduction
Landfilling is one of the most common and economical techniques for managing munic-

ipal solid waste (MSW) and remains popular in many countries [1]. However, most landfill
operations are characterized by insufficient funding and suboptimal engineering designs,
resulting in the inappropriate implementation of control measures, including hazardous
pollutants, VOCs, and methane (FCH4) monitoring and mitigations [1,2]. These factors
have resulted in the ranking of landfills as the second-largest source of anthropogenic
methane emissions after agriculture (ruminant livestock), contributing to 87–84 million
tons of methane annually [3]. Consequently, methane (CH4) emissions contribute to en-
vironmental pollution and global warming effects, considering that methane is a potent
greenhouse gas (GHG) with a 20-year global warming potential (GWP20) that is 80 times
greater than that of carbon dioxide (CO2) (IPCC, 2021).

The landfill biochemical analysis is characterized by three processes, including bacte-
rial decomposition (anaerobic digestion), volatilization, and chemical reactions of organic
materials mainly from municipal solid waste to produce biogas, leachates, and volatile
organic compounds (VOCs) [4–6]. According to [1,7], the main components of landfill
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biogas are mainly methane (CH4) and carbon dioxide (CO2), with additional traces of
gases including nitrogen oxide (N2O), hydrogen sulphide (H2S), and ammonia (NH3) [8].
Notably, noxious gases are toxic and can be liable for environmental risks and human health
hazards if not adequately controlled [5,9]. Hence, implementing effective landfill control
measures, including monitoring, emission quantification, and mitigations, is required to
minimize the potential harm to the environment [9,10]. However, as aforementioned,
implementing such measures is time consuming and expensive, causing unsustainable
landfill operational management [1].

Therefore, to control harmful gas and mitigate environmental pollution, appropriate
measures must be taken, including understanding quantitatively the landfill’s underlying
mechanisms involved in gas generation, pathways, and transportation [11]. Landfill under-
lying factors include waste decomposition, gas production rate, gas transportation, and
leachate attenuations [12]. In addition, soil permeability and engineering design, including
geotextiles, geomembranes, and gas collection mechanisms, are also important underlying
factors that influence landfill gas transportation, VOCs, and emissions release [13]. These
underlying factors are important in predicting landfill gas (LFG, leachates, VOCs, dust,
and emissions patterns [14]. Moreover, they significantly contribute to sustainable landfill
operations, as they inform landfill engineers, operators, and regulators in making informed
decisions on implementing landfill designs, safety mechanisms, operations, and emission
monitoring strategies [7,8,15]. However, currently, it is not practical or even feasible to
make landfill gas control judgements due to the high costs of landfill monitoring and
existing knowledge gaps in predicting landfill gas biochemical processes, including gas
generation and gas transportation, resulting in gas monitoring and emissions quantification
uncertainties [2,4,7].

Methane emission estimates (inventories) are submitted by individual countries to the
United Nations Framework Convention on Climate Change (UNFCCC) [16]. The inventories
are produced using a combination of activity data; for example, for the enteric methane (CH4)
inventory, these would include the number of dairy cows, the number of beef cows, dietary
composition, feed intake, and digestibility [17]. For landfill methane quantification, factors
under consideration include the number and type of landfills, design, and natural gas usage,
etc., and empirical emission factors that link operational activities to emissions [7].

Methane monitoring of landfill emissions involves measuring and reconciling methane
datasets from wide-ranging spatial and temporal scales to reflect the true representation
of emissions sources, which can be challenging [18–20]. Recent literature reviews on
landfill methane monitoring and estimations emphasize that accurate methane emission
quantifications are best conducted by combined methods involving top-down and bottom-
up approaches [21–23]. For example, according to [22], top-down methane surveys based
on remote sensing are characterized by high spatial resolutions and are more effective in
measuring actual methane emissions from target facilities, including landfills.

However, the top-down approaches experience various methane quantification lim-
itations, influenced by environmental parameters, a restricted flight range, and limited
detection limits (MLD), resulting in methane emissions quantification uncertainties [7,21].
Nevertheless, these limitations can be mitigated by implementing the Bayesian modeling
method and computational fluid dynamics (CFD) to effectively improve methane emis-
sions measurement and, consequently, minimize quantification uncertainty [24]. According
to [19,25], eddy covariance or static mass balance can be used in landfill methane emissions
quantification by combining continuous measurements and methane density analysis at
variable heights with plume dispersion models. However, these measurements are usually
difficult to perform, time-consuming, and expensive, limiting their applicability in methane
emissions quantifications [7,26].
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CFD models have been used in landfill management to estimate LFG concentra-
tions and investigate fluid dynamics [25,27–35]. The digital model of the landfield surface
through Light Detection and Ranging (LiDaR) technology has also been investigated [36,37].
Moreover, CFD effectively verifies fundamental hypotheses that are important in optimiz-
ing operational parameters such as gas collection systems, sampling time, gas sampling lo-
cation, and chamber volume [2]. Furthermore, CFD has been successfully used in sampling
landfill leachate distributions, chemical leaching, gas transportation, and odor emissions
measurements [2]. CFD is characterized by high spatial resolution, flexibility, and accuracy
compared to other atmospheric dispersal models.

Methane emissions from the landfill in the far field, which can be considered to start
at a distance equivalent to 5H where H is the square root of the landfill surface, are largely
investigated experimentally [38–41] but are not studied using CFD. This is due to the fact
that incorporating a topography for a wide area requires a large number of computational
cells, considerably increasing the computational costs. On the other hand, there is a need to
simulate the dispersion of CH4 and other landfill gasses in a large domain, to assess the impact
that these can have on urban areas and place the atmospheric receptors in optimal positions.

In this work, the emission of methane from a landfill is simulated using large eddy
simulations (LES), an instantaneous technique widely used in CFD since it is a compromise
between RANS, that resolves only the mean flow, and direct numerical simulations (DNS),
an instantaneous technique that solves all the scales of turbulence directly but which entails
high computational costs. Large eddy simulation, on the other hand, solves the large scales
of turbulence directly and models the small ones. A realistic, one-directional averaged
wind profile is used and the landfill is modeled as a square patch from which a constant
diffusive flux of methane is injected into the atmosphere. Methane’s buoyancy is taken
into account using the Boussinesq approximation. To the best of the author’s knowledge,
this approach has never been undertaken before and has the advantage of giving accurate
predictions at contained computational costs.

2. Materials and Methods
In this section, the mathematical model used for the simulations, the grid details, and

the boundary conditions used are discussed. The framework of this study is illustrated in
Figure 1. The landfill is a source of methane and is a brownish area. The characteristic size
of the landfill is denoted by the letter H and can be considered as a quarter of its perimeter.
A logarithmic wind profile is imposed at the boundary at a distance of 24.5H. This distance
allows for the adjustment of the velocity boundary layer, since the logarithmic profile is
an approximation. The distance downstream the landfill is larger since it is the region in
which the methane plume will form. The spanwise schematics are not reported since the
domain is symmetric with respect to the spanwise axis, except for the fact that the landfill
is a square and not a strip. Considering the size of the domain, the landfill behaves almost
as a point source.

Figure 1. Schematic diagram.
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2.1. Mathematical Model

The system under investigation is composed of air and methane. Air is modeled as
a homogeneous mixture of gasses and the methane as a separate species. The system is
two-phase and the mixture density is given by the following expression:

1
ρ(c)

=
1 − c
ρair

+
c

ρCH4

(1)

where c is the methane mass fraction. Since cCH4 << 1, the density can be linearized
as follows:

ρ(c) ≃ ρair(1 − βc) (2)

where
β =

ρair − ρCH4

ρCH4

≃ 0.8 (3)

and the Boussinesq approximation can be used, along with the concentration transport
equation, making the concentration an active-scalar In this work, the turbulence of the air
has been taken into account through the large eddy simulation (LES) modeling. The LES
model has been validated with PIV experimental data in [42], with self-similar profiles from
the literature in [43,44] and experimental data from the literature in [45]. The simulations
run on the Cranfield Delta server on 8 processors, running for a total of 120 h. The
conservation equations solved are

∂ũj

∂xj
= 0 (4)

∂ũi
∂t

+
∂

∂xj

(
ūiūj +

(
p̄

ρair
+

2
3

ksgs

)
δij − 2

(
νsgs + ν

)
S̄ij

)
= (1 − βc̄)gi (5)

∂c̄
∂t

+
∂

∂xj

(
c̄ũj −

(
νsgs

σc
+ D

)
∂c̄
∂xj

)
= 0 (6)

where ūi is the filtered velocity, p̄ is the filtered pressure, gi is the gravity acceleration, and

S̄ij =
1
2

(
∂ũi
∂xj

+
∂ũj

∂xi

)
− 1

3
∂ũk
∂xk

δij (7)

is the rate of shear tensor. The model is complete once closure relationships for the sub-grid
viscosity, νsgs, the sub-grid kinetic energy, ksgs, and the sub-grid Schmidt number, σc are
provided. In this work, the simple Smagorinsky model has been used; therefore,

νsgs = CS∆̄2S̄ (8)

ksgs =

(
CS
CE

) 2
3
(∆̄S̄)2 (9)

where
S̄ =

√
2S̄ijS̄ij (10)

is the filtered shear-rate and ∆̄ is the filter size, which is proportional to the smallest cell
dimension. In the Smagorinsky model, CS, CE, ∆̄, and σc are constants.

2.2. Computational Grid

The computational grid is shown in Figure 2. The grid is uniform, made up of
5,340,168 hexahedra. The landfill is modeled as a square patch of size H. The domain
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dimensions are 25H in the vertical direction (z), 200H in the axial direction (x), and 40H
in the spanwise direction (y) directions. The grid is uniform with stencils, respectively,
δx = 0.33167H, δy = 0.3252H, and δz = 0.3472H.
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Figure 2. Computational grid.

In this work, the geometry of the topography has been neglected. This is due to
the fact that the domain studied is very large. The approximation made here is that the
characteristic landfill dimension H is much larger than the characteristic difference in
altitude of the topography, namely ϵ, so that ϵ/H << 1. This implies that the topography
behaves as a rugosity on the ground that has the effect of increasing vortex shedding from
the wall and can be taken into account by increasing the turbulent Schmidt numbers in the
LES model. However, this hypothesis is not always verified. The presence of a mountain or
a gorge nearby can make this hypothesis not realistic.

2.3. Boundary Conditions

At the inlet (x = 0), a uniform axial velocity has been set. The mass flux of methane is
defined as

J̄ = −D
∂c̄
∂z

∣∣∣∣
z=0

(11)

The methane flux J̄ is set to be zero everywhere except at a small, square surface of the
landfill. This condition could be problematic, as it is unable to limit the concentration to
physical values. However, if the mass flux is small enough, this problem is experienced
only after a long period of time, possibly smaller than the duration of the simulation. The
wind velocity profile has also been imposed at the inlet with the logarithmic formula

Uinlet =
uτ

κ
log
(

1 +
z
z0

)
(12)

where

uτ =

√
τ0

ρair
(13)

and, to be consistent with the shear stress on the ground,

z0 =
ν

uτκ
(14)

In conclusion, the basis for the roughness length z0 value is the boundary layer theory:
τ0 = ρairu2

τ .
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3. Results
The results will be organized in the following subsections: Section 3.1 describes

the instantaneous concentration field with the velocity vectors for illustrative purposes;
Section 3.2 discusses the velocity ad concentration vertical profiles and their properties; in
Section 3.3, the LES results are used to derive a Gaussian plume model. The simulations
used an adaptaive timestep. At each timestep, the maximum Courant number is set to
be < 0.5 for time stability, while the typical value of the resdiuals at each iteration for
the velocity and concentration was in the range [1 · 10−7 − 5 · 10−7], and the value of the
residuals for the pressure was in the range [1.5 · 10−5 − 2.5 · 10−5].

3.1. Fields

In order to demonstrate the accuracy of the near-wall grid, the scaled sub-grid viscosity
is reported in Figure 3 in analogy with [44]. In an LES, the small scales are not resolved,
like in the DNS, but are accounted for by the subgrid modeling. The sub-grid correction
can be measured by the sub-grid viscosity: The bigger it is, the more the results are affected
by the LES model. In Figure 3, it can be clearly seen that νsgs/ν < 1 in the near-wall region.
This means that the turbulent scales are well resolved in this region and that the grid stencil
and shape are fit for purpose.

The iso-surfaces of the instantaneous concentration are shown in Figure 4. The re-
sults are reported at four dimensionless instants of time along with the instantaneous
velocity vectors.

The instantaneous field is reported to show the transient nature of the emissions, due
to turbulence instabilities in the boundary layer. The concentration field originates from
the landfill and propagates along the wind direction. Because methane is emitted in the
atmosphere through diffusion, most of it remains in the viscous sublayer for a long distance.
Considering U∞ the unperturbed wind speed, methane starts diffusing in the atmosphere
by convection at a distance equivalent to Re(x) ≃ U∞x/ν = 1,734,650.

10−1 100

νsgs/ν

0.0

0.2

0.4

0.6

0.8

1.0

z/
H

x = 40H

x = 50H

x = 80H

Figure 3. Sub-grid viscosity vs vertical coordinates at different distances from the landfill.
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(a)

(b)

Figure 4. Instantaneous concentration field at different timesteps. (a) U∞t/H = 1937; (b) U∞t/H = 7739.

3.2. Profiles

The mean velocity profile can be expressed in terms of the self-similar variable ηg,
defined as

ηg =

(
uτ

U∞

)
z

δ(x)
(15)



Atmosphere 2025, 16, 186 8 of 18

where δ(x) is the displacement thickness, defined as

δ(x) =
∫ ∞

0

(
1 − U

U∞

)
dz (16)

while the self-similar velocity is defined as

f ′(ηg) =
U∞ − U

uτ
(17)

The mean velocity profile is logarithmic in first approximation. However, as shown
in Figure 5b, there is a very slow axial evolution. The self-similar velocity f ′, defined in
Equation (17), is shown to be independent from the axial position. This definition has the
advantage of representing an infinite profile of a finite domain.

As far as turbulence is concerned, in Figure 5, two profiles are shown: the Reynolds
shear stress u′w′ in Figure 5c, and the turbulent kinetic energy k in Figure 5d. In Figure 5c,
the Reynolds shear-stress profile shows a growth with the distance from the landfill. The
Reynolds shear stress is null on the ground, because of the no-slip boundary condition,
and it is null in the free stream, since it is outside the boundary layer. The Reynolds shear
stress has its maximum close to the ground, moving outwards as the distance from the
landfill grows.
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0.03

0.04
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(b)
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η g

(c)
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(d)

x = 20H

x = 40H

x = 60H

x = 80H

Figure 5. Mean velocity profile at different distances from the landfill. (a) Self-similar velocity profile
vs. self-similar variable ηg between x = 10H and x = 100H; (b) axial velocity profile, scaled by the
free-stream velocity vs. height between x = 10H and x = 100H; (c) Reynolds shear-stress profile
vs. self-similar variable ηg between x = 30H and x = 45H; (d) turbulent kinetic energy profile vs.
self-similar variable ηg between x = 20H and x = 80H.
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On the other hand, the turbulent kinetic energy profile is essentially constant, as is the
mean velocity. This is due to the fact that the turbulent kinetic energy acts hydrostatically
on the flow and is balanced by the static pressure. The turbulent kinetic energy is positive
by definition, null on the ground, because of the no-slip boundary condition, and null in
the free stream, outside the boundary layer. Another interesting fact is that the turbulent
kinetic energy is concentrated in a thin sub-layer, near the ground.

The mean concentration profile, scaled by the concentration on the ground, which
can be referred to as the scaled concentration profile, is shown in Figure 6. The results
show that the scaled concentration profile is self-similar. However, between x = 70H and
x = 80H, the self-similarity law changes. This behavior is similar to what is observed in
the literature [42–45]. Closer to the landfill, the scaled-concentration profile is a function of
the coordinate η, defined as

η = z

√
U∞

νx
(18)

while further down, the scaled-concentration profile is a function of the variable ξ,
defined as

ξ =
z

ax
(19)

where a = 0.13. The dependency on the variable η indicates the region in which the
methane spreading is dominated by molecular diffusion, whereas the dependency on the
variable ξ indicates the region in which turbulent diffusion is dominant. The self-similar
profiles are compared with the profile along the vertical axis.
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Figure 6. Mean concentration profile, scaled by its value on the ground at different distances from
the landfill. (a) Self-similar scaled-concentration profile vs. self-similar variable η between x = 40H
and x = 70H; (b) self-similar scaled-concentration profile vs. self-similar variable ξ between x = 80H
and x = 110H; (c) self-similar scaled-concentration profile vs. vertical coordinate between x = 40H
and x = 70H; (d) self-similar scaled-concentration profile vs. vertical coordinate between x = 70H
and x = 110H.
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In particular, Figure 5a should be compared with Figure 5c, while Figure 5b should be
compared with Figure 5d. In both cases, the scaled concentration profile is shown to spread
more along the vertical axis at increasing distances from the landfill. Figure 5a,b show that it
is possible to bring the profiles into congruence by transforming the coordinates, although
different transformations have to be used in different regions, in analogy with [42–45].
This simplifies the modeling since the scaled concentration profile depends only on the
self-similar coordinate.

In Figure 7, the profiles of the concentration root mean square, crms, defined as:

crms =
√

c′c′ (20)

scaled by the mean concentration on the ground, C0, and the friction concentration cτ ,
defined as

cτ =
ν

uτ

∣∣∣∣∂C
∂z

∣∣∣∣
0
, (21)

are shown. In Figure 7a,b, the concentration root mean square, scaled by the concentration
on the ground, is shown.
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Figure 7. Scaled root mean square concentration profile at different distances from the landfill.
(a) Root mean square concentration scaled by the mean concentration on the ground vs. self-similar
variable η between x = 40H and x = 70H; (b) root mean square concentration scaled by the mean
concentration on the ground vs. self-similar variable ξ between x = 80H and x = 95H; (c) root mean
square concentration scaled by the friction concentration vs. vertical coordinate between x = 40H
and x = 70H; (d) root mean square concentration scaled by the friction concentration vs. vertical
coordinate between x = 80H and x = 95H.

This variable does not show self-similarity with respect to the coordinate η. In
Figure 7a, the scaled concentration increases with the distance from the landfill, but this
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is a scale effect, since the ground concentration diminishes with the distance as well. In
Figure 7b, the scaled profile is independent from the axial coordinate, showing a self-
similarity to the coordinate ξ. In both figures, the profile shows a maximum on the ground
and decays monotonically in the free stream.

In Figure 7c,d, the concentration root mean square, scaled by the friction concentration,
is shown. In this case, the scaled concentration is not self-similar, neither with respect to
the coordinate η nor with respect to the coordinate ξ. This is due to the fact that the friction
concentration decays more rapidly than the concentration on the ground, whereas the root
mean square of the concentration and the mean concentration at the ground decay at the
same rate, at least for x > 70H. The lack of self-similarity with respect to the variable η is
not unexpected since the concentration root mean square is a turbulent field and it should
not be dominated by the diffusive effect, whereas the self-similarity with respect to the
coordinate ξ is reasonable since this coordinate takes into account turbulent diffusion.

3.3. Gaussian Model

The concentration field is widely modeled as a Gaussian curve [28,38,46–51]. In this
work, we adopt the definition in Equation (22):

C(x, y, z) = A(x) exp

(
− (z − µ(x))2

2σ2
z (x)

− y2

2σ2
y (x)

)
(22)

where A(x) is the highest concentration, µ(x) is the coordinate at which the maximum
concentration is found, and σz(x) is the vertical standard deviation of the concentration
profile. These parameters have been extrapolated from the data through regression analysis
of the profiles, using the curve_fit of the scipy package of the Python language. In Figure 8,
these three parameters are reported at different distances from the landfill.

In Figure 8a, the concentration amplitude, scaled by the concentration at the landfill,
i.e., A(0), is reported. This parameter is scaled since the actual value depends on the
methane concentration in the landfill. The parameter A(x) decays exponentially with the
distance and the decay is not affected by the distance from the landfill.

The vertical standard deviation σz(x) in Figure 8b shows an interesting behavior. It
increases at the increasing distance, but between x/H > 80 and x/H < 120, the rate of
growth increases 10 fold. This indicates the transition from a molecular diffusion dominant
region to a turbulence-dominated region. In both regions, the vertical standard deviation
can be approximated by a linear function of the coordinates, i.e., σz(x) = A · H + B · x,
where A and B are dimensionless coefficients. The results indicate that the slop grows
about 12.7 times between the diffusive region and the turbulent region.

The last parameter to consider is the mean, µ(x), corresponding to the vertical coordi-
nate at which the mean concentration is the highest. Usually, this parameter is set equal to
0, since it is reasonable to assume that the greatest concentration is found on the ground.
Nevertheless, the present results show that this parameter increases with the increasing
distance from the landfill. This is probably due to the buoyancy that mixes methane and
air. In analogy with the vertical standard deviation, the slope increases rapidly. However,
this occurs for x > 140H. Since methane is well within the turbulent region at this point,
this sudden increase should be due to the buoyancy. Unfortunately, the pattern is difficult
to model, since it is neither linear nor exponential. There is a need for further modeling
of the µ(x) parameter, since at x = 180H, the mean is approximately equal to the landfill
size; this is significant given the interest in ground level concentrations at which humans
could be exposed. However, at this distance, the concentration on the ground is about
10−5 smaller than the concentration in the landfill, and the concentration levels are not
considered harmful.
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Figure 8. Gauss model parameters vs. distance from the landfill. The • represent the data from LES
while the dashed lines are regression analysis results. (a) Concentration amplitude scaled by the
concentration at the landfill from LES • and exponential regression model −−; (b) vertical standard
deviation from LES • and linear regression model for x < 80H, −−, and for x > 120H, −−; (c) mean
vertical coordinate from LES •.

In Figure 9, both the vertical and the spanwise standard deviation are reported. The
LES results indicate that, despite being in the neighborhood of the landfill, i.e., x < 25H,
the two standard deviations are comparable; the spanwise standard deviation grows faster
compared to the vertical one. In fact, at x = 100H, the spanwise standard deviation is
about five times bigger than the vertical standard deviation. This is due to the fact that
on the ground, diffusion in the spanwise direction is allowed, while both convection and
diffusion are not allowed. Nevertheless, it is expected that with the increasing wind speed,
the vertical standard deviation will increase as well.
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Figure 9. Spanwise standard deviation (σx) and vertical standard deviation (σz) vs. distance from
the landfill. The • represents the spanwise standard deviation. The ■ represents the vertical standard
deviation. The vertical −− indicates the x = 80H position, while the vertical −− line represents the
x = 120H position.

4. Discussion and Conclusions
The present study reveals a few details of methane emissions from landfills that can

be used in determining the optimal position of atmospheric receptors. In this work, the
domain considered is very large, about 180 times the size of the landfill. However, the
results show that the concentration drops sharply with the distance. In the first 10 landfill
diameters, the concentration of CH4 on the ground is reduced by more than 100 fold.

In this study, the focus is on the buoyancy and the far-field effects of methane emissions.
In particular, the mean axial velocity of the wind is found to be self-similar with respect
to the coordinate ηg, defined in Equation (15). The velocity profile is approximated by a
logarithmic function but this does not correspond to the far-field solution. As far as the
mean concentration is concerned, this field is found to be self-similar if scaled with its value
on the ground.

The concentration on the ground is found to decay exponentially with the distance in
Figure 8a. This fact is important in modeling, and it will make it easy to derive a self-similar
model for the scaled concentration, since the ratio between the wall concentration and
its axial derivative is constant. The scaled concentration profile is, indeed, found to be
self-similar with respect to two self-similar coordinates: η, defined in Equation (18), and
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ξ, defined in Equation (19). The dependency from the coordinate η is shown for x < 70H,
while the dependency from the coordinate ξ is shown for x > 80H. This is consistent with
the self-similar behavior in the jet flow [42–45]. However, it is surprising that the velocity
field is self-similar to a different coordinate, i.e., ηg, with respect to the scaled concentration
profile, respectively, η and ξ. This might indicate that the displacement thickness might
be proportional to

√
x for x < 70H, and proportional to x for x > 80H. The results of

the concentration root mean square profile are also shown. This variable is scaled by the
mean concentration on the ground (Figure 7a,b) and the friction concentration (Figure 7c,d).
Interestingly, only the concentration rms, scaled by the mean concentration on the ground,
is shown to be self-similar with respect to the coordinate ξ.

The LES results have been used to fit a Gauss dispersion model, defined in
Equation (22). The amplitude A(x) and the vertical standard deviation σz(x) fit well,
respectively, with an exponential and a linear function of the distance from the coordinates.
The mean vertical coordinate µ(x), on the other hand, grows slowly with the distance from
the landfill but does not seem to fit a simple model. The evolution of this variable is proba-
bly due to buoyancy, although further simulations will need to confirm this. Nevertheless,
this parameter seems negligible.

The main result of this work consists in having found a self-similar behavior for
methane diffusion from landfills in the far field. Self-similarity (or self-preservation) occurs
when the profiles of a given field can be brought into congruence by simple scale factors
that depend on the coordinates. A consequence of self-similarity is that the evolution
of a field can be described by a reduced number of coordinates, or, in some cases, by
only one. This reduces the field transport equation to an ordinary differential equation,
whose solution can be obtained at a reduced computational cost. Applied to the landfill,
this means that, potentially, only two arrays of sensors will have to be used to accurately
estimate the emission rates: one between x = 10H and x = 70H, and the other for x > 80H.
Furthermore, the results in Figure 6 show that to capture 80% of the concentration field, the
highest atmospheric receptor should be located at a distance from the ground equivalent to
the landfill size.

Our finding of an increase in the height of a plume with buoyancy is consistent with
the methane measurements taken at a landfill site using a drone [23]. The results reported
there show much greater variability than we find, indicating that other small-scale factors
such as turbulence or changes in wind speeds are also playing an important role. A reduced
signal-to-noise ratio would, thus, be expected in studies of similar plumes using surface-
based measurements. An implication of this is that any gain in the sample height (e.g.,
using towers or poles) would increase the quality of the emission estimates. A second
implication is that the existing surface-based estimates, e.g., [50], may be underestimating
the actual emission because the lower edge of the plume is being sampled, not the core.
Finally, improved emission estimates might be generated if Gaussian plume models could
be modified to allow for buoyancy.

Nevertheless, the present results suffer from a few limitations, due to the topography,
the wind speed, and the methane flux boundary condition from the landfill.

This work can be summarized as follows:

• In this work, an ideal topography has been used. The ground is modeled as a flat
surface. In reality, the area around the landfill is not flat since it is made of hills, valleys,
roads, and buildings. Nevertheless, considering the characteristic size of the canopy
ϵ, the ratio ϵ/H can be much smaller than 1. In that case, the site topography can be
modeled as a roughness and be taken into account in a single parameter, namely, the
turbulent Schmidt number σC for the mean concentration. The foreseen effect is that
this will change the boundaries of the turbulent region so that the mean concentration
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will be self-similar for some x smaller than 80H, but it is unlikely that this will affect
methane dispersion in the far field. Of course, this will not be true if the size of the
landfill is comparable with the characteristic size of the topography.

• The second limitation consists in the wind speed. Knowing the fluid dynamic condi-
tions is fundamental in order to interpret the sampling results and estimate emission
rates. However, the wind speed can vary significantly and because of buoyancy, the
velocity profile is influenced by the methane concentration itself. Nevertheless, it is
reasonable to assume that, regardless of the speed, the mean velocity profile remains
approximately logarithmic. The difference could be that at higher speeds, the region in
which the mean concentration is self-similar to the coordinate ξ would be shorter and
the dependency from the coordinate ξ would occur earlier. Overall, a different wind
speed should not change the results obtained in this work. It is worth mentioning
that there is one factor of uncertainty that concerns buoyancy. Buoyancy makes CH4

concentration an active scalar. This means that methane concentration influences the
flow field. Nevertheless, as the CH4 mass fraction is small relative to air, this effect
should be negligible.

• The third limitation consists in the modeling of the methane influx. Methane is emitted
in the landfill by a diffusive flux, since there is no air flux from the ground to the
atmosphere. In this work, a Neumann boundary condition, i.e., constant flux of CH4,
has been imposed on the landfill. However, this condition represents a simplification.
In reality, the flux of methane would depend on the concentration of CH4 on the
landfill. However, determining experimentally the relationship between methane flux
and methane concentration can be a difficult process. Computational fluid dynamics
could help this process by a trial and error process, but this was outside the scope of
this work.

This work has determined a self-similar dependency between the mean methane
concentration and specific combination of the axial and vertical coordinates. This informa-
tion is powerful because, if confirmed, it would reduce the number of measurement sites
needed. Further simulations are required to confirm this behavior at different wind speeds
and with a better modeling of methane emission from the landfill into the atmosphere.
This methodology could be extended to other problems, such as methane emissions from
pipelines [52–56]. The scaled mean concentration exhibits two self-similar behaviors con-
sistent with what is found in case of a round and rectangular jet with low inlet velocity.
The present results can be used to improve Gaussian dispersion modeling. For example,
further studies could assess the influence of the wind speed and improve the modeling of
the methane emission boundary condition.
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Abbreviations
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CFD computational fluid dynamics
LES large eddy simulation
RMS root mean square
LiDaR Light Detection and Ranging
DNS direct numerical simulations
RANS Reynolds-averaged Navier–Stokes
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