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A B S T R A C T

Manure lagoons in dairies make significant contributions to emissions of methane, a major greenhouse gas;
however, there is a high level of uncertainty in these emissions. In this paper, we apply dispersion models in
combination with a unique sampling strategy, which involves stationary measurements at multiple points
around the lagoons to estimate methane emissions from manure lagoons located in two dairies, one in Southern
California and the other in Central California. We then estimate the uncertainty associated with the results from
this approach by interpreting our measurements with two dispersion models, a numerical Eulerian model (EN)
and a backward Lagrangian stochastic (bLS) model. The range of emissions inferred from these two models is a
measure of uncertainty related to differences in the formulation of these models. We also estimate 95% con-
fidence intervals for the emission estimates from each of the models by bootstrapping the residuals between
model estimates and measurements. Both models explain more than 85% of the variance of the methane con-
centrations measured at the two dairies. For the Southern California dairy (1066 milking cows), the 95% con-
fidence interval of the emission rate inferred by the EN model is 282 kg/d to 482 kg/d. The corresponding
interval for the bLS model is 174 kg/d to 246 kg/d. The best fit value from the EN model is about 1.9 times that
from the bLS model. For the Central California dairy (3200 milking cows), the best emission rates from the two
models differ by about 10%. The emission rate inferred by the EN model ranges from 3198 kg/d to 5312 kg/d,
and that from the bLS ranges from 2943 kg/d to 4977 kg/d. Our results are consistent with methane emissions
derived from information on dairy cow population and manure management practices at these two dairies. These
results suggest this measurement technique is easily deployed and effective at quantifying uncertainties asso-
ciated with methane emissions from manure lagoons.

1. Introduction

Methane has an increasingly important role in causing climate
change, with emissions rising more quickly than those of CO2

(Saunois et al., 2016b). Animal agriculture is the source of ~35% of
anthropogenic methane emissions globally, and these emissions are
increasing along with the number of animals (Saunois et al., 2016a).
Methane emissions from animal agriculture derive primarily from en-
teric fermentation in cattle and from manure management, particularly
when waste is treated or stored in anaerobic lagoons. Manure man-
agement accounts for nearly 10% of methane emissions in the U.S.
(US Environmental Protection Agency, 1990), and in California, more
than a quarter (CARB, 2019). However, as pointed out by a report from
the National Academies of Sciences, Engineering (2018) these

inventories are not supported adequately by measurements. Further-
more, the report concludes that “fundamental research identifying and
quantifying uncertainties is needed”. This paper presents results that
contribute towards fulfilling this need.

Methane emissions from area sources, such as manure lagoons, have
been inferred using several micrometeorological methods, which are
critically reviewed in McGinn (2013). This paper focuses on one of
these methods, based on using dispersion models, to infer emissions
from measurements of the concentrations of the relevant species near
the source. Dispersion models have been used by several investigators
(Ro et al., 2013; Leytem et al., 2017) to estimate emissions from la-
goons and determine their uncertainty. Most have used the WindTrax
software, based on the backward Lagrangian particle model developed
by Flesch et al. (2005), to infer emissions from path averaged methane
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concentrations measured upwind and downwind of the lagoon of in-
terest. Some of these studies have quantified the uncertainty in these
emissions. Kaharabata et al. (2000) used the approximate solution of
the two-dimensional diffusion equation proposed by van Ulden (1978)
to infer emission rates from a 4 by 8 m plot with a tracer gas with a
known release rate. The uncertainty was the ratio of the inferred to the
known emission rate of the tracer gas. 81% of the measurements made
near the centerline of the plumes yielded emission estimates within±
20% of the actual source strength and this dropped to 55% and 22%
moving away from the centerline. Ro et al. (2013) estimated the un-
certainty using a similar approach. The inferred emission estimate was
within a range of 0.68 to 1.08 of the actual value. In principle, de-
termining emission uncertainty using tracer releases is more direct.
However, a tracer study is not practical for typical lagoons with lengths
and widths of the order of 100 m, and the results would be difficult to
transfer to conditions that differ from those of the tracer study.

In this study, we estimate methane emissions from waste lagoons in
two dairies, one located in Southern California, and the other in Central
California. We use two dispersion models to infer these emissions from
measurements of atmospheric methane concentrations made around
these lagoons. The difference in the results from the two models is one
measure of the uncertainty in inferring emissions using dispersion
models.

Our application of dispersion models to infer emission rates of
methane differs from others in several ways. The first is that the
Eulerian model is a numerical solution of the mass conservation
equation to model the vertical distribution of concentrations; the eddy
diffusivity is specified using Monin-Obukhov similarity theory.
Nieuwstadt and van Ulden (1978) show that the solution agrees re-
markably well with observations at the surface as well as of the vertical
distribution of concentrations measured during the Prairie Grass ex-
periment (Barad, 1958). Thus, we do not have to resort to the often-
used Gaussian distribution, which is a useful approximation only under
very stable conditions. The numerical solution also avoids specifying
the height at which the plume is transported, which is usually chosen
arbitrarily or needs to be computed from an implicit equation
(van Ulden, 1978). We refer to this model as the Eulerian numerical
(EN) model in this paper.

Lagrangian particle methods offer similar advantages and have been
used by several investigators (Todd et al., 2011; Ro et al., 2013;
Grant et al., 2013; Baldé et al., 2016; Leytem et al., 2017). The model
used in this study is that formulated by Flesch et al. (2005) and con-
verted into a free software called WindTrax (http://www.
thunderbeachscientific.com/). This model, which computes emissions
by tracking particles from the receptor to the source in a turbulent flow
field, belongs to a class of models referred to as backward Lagrangian
Stochastic (bLS) models. Details of the model can be found in the cited
paper.

The second way that this study differs from previous studies is the
strategy used to sample atmospheric methane concentrations, which
allows us to provide indirect estimates of the uncertainty in the inferred
emissions associated with the uncertainty in the model physics. Our
approach is to station the measurement platform at several locations
around the lagoons to make time averaged measurements of methane
accompanied by simultaneous measurements of micrometeorology.
These measurements are then fitted to estimates from dispersion models
that use the corresponding micrometeorological inputs to yield the
unknown emission estimates. We then show how the residuals between
model estimates and corresponding measurements can be used to esti-
mate the 95% confidence intervals of the inferred emission rates.

2. Methodology

Measurements were made near the manure lagoons in two dairies
using a mobile platform that circulated around the lagoon complex and
a stationary meteorological tower. Atmospheric methane (CH4) mixing

ratios were collected with a cavity ring-down spectrometer (Picarro
2210-i) in the mobile platform, a Mercedes Sprinter van. An inlet was
located at the front of the vehicle's roof 2.87 m above ground level
through which the outside air was pumped and sampled approximately
every second by the analyzer. A GPS receiver (Garmin GPS 16X)
mounted on the vehicle's roof was used to collect high-precision geo-
location data. Data from the CH4 analyzer was calibrated against
standards tied to the NOAA scale measured before and after data col-
lection following Hopkins et al., 2016. The general sampling approach
was to drive the mobile platform around the lagoon complex, stopping
for ~10-minute intervals to collect atmospheric CH4 mixing ratios at
29–42 receptor locations around the perimeter.

The meteorological inputs to the model were collected using a 3-D
Sonic Anemometer (CSAT3, Campbell Scientific) mounted on a sta-
tionary tower located on the dairy farm within 500 m of the most
distant receptor location sampled by the mobile platform. At the
Southern California dairy, measurements were made at a height of
2.6 m and a frequency of 10 Hz. At the Central California dairy, mea-
surements were made at a height of 2.4 m and a frequency of 20 Hz.

Dispersion models were used to estimate emissions through the
relationship that relates the measured atmospheric methane con-
centration (mixing ratio) at any receptor ’j’ to the corresponding model
estimate ∑= + +C C E T εj background

i
i ij j

(1)

where Tij is the modeled impact of source ‘i’ on receptor ‘j’ using a unit
emission rate, Ei is the unknown emission rate from source ‘i’, and ɛj is
the residual. The background concentration, Cbackground is also treated as
an unknown. The emissions and the background concentrations are the
values that minimize ∑ εj j

2 with the constraint that their values are
greater than or equal to zero. To achieve this, we use the MATLAB
function lsqnonneg described in Lawson and Hanson, 1974,Chapter 23,
p16.

The 95% confidence intervals for these emission rates and back-
ground concentration are computed through a version of bootstrapping:
the differences between the residuals ɛj and the mean residual 〈ɛj〉 are
added randomly to the best fit model estimates to create 1000 sets of
pseudo observations, which are then fitted to the model estimates to
create a distribution of emission rates and background concentrations.

3. Dispersion models

In the model, the manure lagoon is represented as a set of area
sources. In the EN model, the contribution of each area source to the
concentration at a receptor is an integral over a set of line sources
perpendicular to the wind direction. The contribution of each line
source is the analytical solution for the concentration distribution re-
sulting from a finite length line source if the horizontal distribution is
taken to be Gaussian (Venkatram and Horst, 2006). The number of line
sources, which is variable, is determined by the convergence criterion
for the area integral: the absolute relative difference in concentration at
a receptor is less than 10−4 between two successive doubling of line
sources used to compute the integral.

The vertical distribution of concentrations is computed using the
mass conservation equation expressed in terms of the cross-wind in-
tegrated concentration, C̄ y, which we denote by C here for convenience

∂∂ = ∂∂ ⎛⎝ ∂∂ ⎞⎠
= = =

U z C
x z

K z C
z

and
Q δ z z at x

( ) ( )

( ) 0

,

s (2)

where K(z) is the vertical eddy diffusivity, and U(z) is the horizontal
velocity. We take the source, Q (mass/(time.length)) to be located at=z zs at =x 0. The boundary conditions are
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∂∂ = − =
∂∂ = =
K z C
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v C at z z
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C
z

at z H

( )

0

,
d 0

(3)

where vd is the deposition velocity, taken to be zero for methane, z0 is
the roughness length, and H is the top of the modeling domain.

In the numerical model, the line source is specified with a Gaussian
concentration distribution centered at =z 0.1s m and vertical spread,=σ m0.1z . The source receptor matrix, Tij, is the concentration at the
receptor, j, for unit emission at source, i.

Nieuwstadt and van Ulden (1978) showed that the solution of the
mass conservation provides an excellent description of the concentra-
tions measured during the Prairie Grass Experiment (Barad, 1958) if
wind speed, U(z) and the eddy diffusivity, K(z), are expressed using
Similarity Theory relationships (Businger et al., 1971). The mass con-
servation Eq. (2) models turbulent dispersion using the concept of eddy
diffusivity, which can be justified only when the travel time from the
source is much larger the relevant Lagrangian time scale that governs
particle motion in the turbulent flow (Mooney and Wilson, 1993); its
success in describing dispersion from surface releases provides poster-
iori justification for its use.

The horizontal plume spread, σy, used in the expression for the
contribution of a line source is based on the expression suggested by
Eckman (1994) and applied by Venkatram et al. (2013) to describe
horizontal spread of plumes released during the Prairie Grass field
study:

∫
∫

=

=
∞
∞

dσ
dx

σ
U z

z

z
C z zdz

C z dz

( ¯)
where ¯, the center of mass of the vertical distribution is

¯
( )

( )

,

y v

0

0 (4)

The horizontal domain for the solution of Eq. (2) is taken to be 1.2
times the maximum distance between the vertex of the area source and
the receptors. The vertical domain is taken to be 400 m, which is sev-
eral times larger than the vertical spread of the plume at the maximum
source-receptor distance of a few hundred meters. The horizontal grid
points are linearly spaced with a distance between points of about 5 m,
and the vertical spacing is logarithmic with 400 points to provide fine
resolution close to the surface. The concentrations at receptors that do
not coincide with grid points are computed using two-dimensional
linear interpolation.

The backward-Lagrangian stochastic model used in this study was
formulated by Flesch et al. (2005). The model releases particles from a
receptor and traces their path backward in time in a turbulent flow field
until they leave the domain that includes the source. The source re-
ceptor matrix connecting the source at ‘i’ to the receptor at ’j’ is given by
the deceptively simple expression

∑= =
=

T
N w A
1 2 1

ij
j k

k P

ji
k i1

ji

(5)

where =N ( 50, 000)j is the number of particles released from the re-
ceptor, j and wji

k is the vertical velocity of the kth particle released from
the receptor, j that touches down on the source, i, with an area Ai. The
number of particles that touch down on the source, i from the receptor,
j, Pji ≤ Nj, because only a fraction, Pji/Nj of the released particles impact
the source. The model has been converted by Thunder Beach Scientific
into software called WindTrax, which is widely used to estimate emis-
sions from small area sources.

4. Results

We evaluate the performance of the models in this study using the
following statistics: the coefficient of determination (R2) between
model estimates and corresponding measurements, the percentage of
predicted concentrations within a factor of 2 of the observed con-
centration (fact2), the geometric mean (mg) and the geometric standard
deviation (sg) of the residuals between model estimates and observa-
tions. The mg and sg are computed using the following equations,= −= < >=
ε C C
m ε
s σ ε

ln( ) ln( )
exp( )

exp( ( ))

m p o

g

g

m

m (6)

where Cp and Co are the model estimate and measured concentrations
respectively, < > represents average and σ represents standard de-
viation. The deviation of mg from unity represents model overprediction
or underprediction; sg represents the uncertainty in the model with sg

2

approximately representing the 95% confidence interval of the ratio,
Cp/Co.

4.1. Southern California dairy

The Southern California dairy consists of five manure lagoon ponds
shown in Fig. 1. The liquid manure stream enters the right most pond
shown in the left panel of Fig. 1, outlined in red, and flows sequentially
through the remaining ponds to the left by gravity. Initially the mobile
platform circulated around the whole lagoon complex. Preliminary
modeling indicated that the red highlighted lagoon in Fig. 1 contributed
more than 90% to the total methane emissions, consistent with the
expectation that the highest emissions should come from the lagoon
with the greatest amount of volatile solids (fresh manure). Subsequent
measurements and modeling focused on quantifying emissions from
just this lagoon. To capture heterogeneity in emissions across the sur-
face of this lagoon, we divided the lagoon into four area sources and
each one modeled separately as shown in the bottom panel of Fig. 1.

The mobile platform stopped at each of the marked receptors for
about 10 to 15 min during the course of about 4 h of observations on
August 08th, 2018. Simultaneous micrometeorological measurements
were made with a 3-D sonic anemometer located to the left of the
highlighted lagoon as shown on the bottom panel of Fig. 1. Table 1
shows details of the concentrations measured along the sampling path.

The results of the modeling exercise are shown in Fig. 2 and Table 2.
The area sources correspond to the bottom panel of Fig. 1, where the
primary lagoon marked in red is divided into 4 smaller regions num-
bered 1 to 4.

The right panels of Figs. 2 and 3 show the scatter plot between the
predicted and measured CH4 concentration from the EN and bLS model
respectively. The R2 between model estimates and the corresponding
measurements is 0.86 for the EN model (Fig. 2) while it is 0.85 for the
bLS model (Fig. 3). Geometric means, mg, of 1.01 for the EN model and
0.93 for the bLS model indicate that there is little bias in the models. All
the predicted values lie with a factor of 2 of the observed values for
both the models. Geometric standard deviations, sg, of 1.10 and 1.13 for
the EN and bLS model respectively indicate little spread in the esti-
mated concentrations. Both the models are able to predict the highs and
lows in the observed CH4 concentrations as evident from the left panels
of Figs. 2 and 3.

Table 2 tabulates the emission rates inferred from the models. The
estimate of total emission from the lagoon is 386 kg/d from the EN
model, which is 1.83 times the bLS model estimate of 211 kg/d; there
are also differences in the emissions rates inferred from the two models
for the four sources. The uncertainty in the inferred emission rates is
characterized by the 95% confidence interval, the limits of which are
normalized by best fit value. Source 4, where the inlet for the manure
stream is located, has the largest contribution to the total emissions and
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the smallest uncertainty range. (Table 2).

4.2. Central California dairy

The dairy in Central California consists of four manure lagoons
shown in the top panel of Fig. 4. The manure wastewater flows from the
bottom-most lagoon to the top and then to the left. Stationary mea-
surements of atmospheric methane were made around these lagoons
with the mobile laboratory at a total of 33 locations spread between
25th March 2019 and 30th March 2019. The averaging times for the

stationary methane measurements were close to 10 min except at a few
receptors. The bottom two lagoons were the most active and thus were
divided into four parts for the modeling. Lagoon 1 comprises of Sources
1–4, Sources 5–8 form Lagoon 2, Lagoon 3 is Source 9, and Lagoon 4 is
Source 10 as shown in Fig. 4. The bottom panel of Fig. 4 shows the
sources, receptor locations, anemometer location and the mean wind
during the measurements. Table 3 shows the details of the sampling
times, concentrations and the associated meteorological parameters.

Figs. 5 and 6 indicate that the EN model explains 90% of the
measured variance while the bLS model explains 95%. 94% of the

Fig. 1. The top panel shows an aerial value of
the manure lagoon complex at the Southern
California dairy. Red arrows show the flow of
the manure. The bottom panel shows the lo-
cations at which the methane mixing ratios
were measured around the lagoon marked in
red in the top panel, where the circles, color
coded by concentration, represent the loca-
tions of methane concentration measure-
ments, black vectors represent average wind
direction at each receptor, and the green
diamond represents the location of the sta-
tionary sonic anemometer. This lagoon was
divided into 4 numbered sectors. (For inter-
pretation of the references to color in this
figure legend, the reader is referred to the web
version of this article.)

R.R. Thiruvenkatachari, et al.



values predicted by the models are within a factor of 2 of the observed
values. Overestimates by more than a factor of 2 occur at low observed
methane concentrations which are at the upwind side of the lagoons.
The geometric standard deviations of 1.39 and 1.35 for the EN and bLS
model respectively indicate higher scatter in the predicted concentra-
tions when compared to that at the Southern California dairy. This is
also reflected in the differences in the estimates and ranks of methane

emissions from each of the nine sources from the two models. This
might be related to the lower, variable winds measured at this site
compared to those at the Southern California dairy.

Table 4 shows that the total emissions from the EN model is
3903 kg/d which is close to the 3637 kg/d estimated by the bLS model.
The estimates of methane emissions from each of the ten sources differ
in the two models, although the ranking of their contributions to the

Table 1
Details of sampling times, concentrations and associated meteorological parameters during the measurement period at the Southern California dairy.

Receptor # Start Time (hrs) End Time (hrs) CH4 Concentration (ppm) Wind Speed (m/s) σw (m/s) Wind Direction (Deg) u* (m/s) MO Length (m)

08/14/2018

1 10:52 11:06 2.53 2.3 0.23 309 0.16 −10.9
2 11:13 11:24 2.98 2.1 0.20 322 0.10 −3.4
3 11:25 11:36 2.99 3.1 0.25 321 0.13 −6.0
4 11:37 11:47 3.20 3.3 0.29 312 0.31 −61.7
5 11:48 11:58 3.49 3.3 0.30 308 0.20 −12.8
6 11:59 12:09 3.42 2.2 0.28 266 0.27 −57.7
7 12:10 12:20 4.04 3.2 0.27 320 0.21 −17.3
8 12:21 12:31 3.92 2.5 0.27 282 0.20 −26.2
9 12:32 12:42 4.30 3.4 0.32 284 0.23 −27.9
10 12:44 12:57 4.59 3.5 0.28 272 0.06 −0.6
11 12:58 13:10 5.18 3.6 0.30 292 0.18 −15.1
12 13:12 13:24 6.35 4.0 0.31 303 0.32 −63.3
13 13:28 13:38 4.14 3.9 0.30 301 0.22 −20.5
14 14:20 14:25 2.18 4.5 0.34 280 0.22 −21.1
15 14:26 14:31 4.34 3.6 0.32 290 0.15 −6.8
16 14:31 14:36 5.75 3.2 0.25 309 0.22 −36.9
17 14:37 14:42 5.22 3.6 0.33 285 0.29 −42.8
18 14:42 14:47 4.45 3.9 0.32 284 0.17 −11.4
19 14:47 14:52 3.71 4.5 0.37 272 0.21 −11.1
20 14:53 14:58 4.28 3.9 0.31 293 0.25 −38.0
21 14:58 15:03 3.26 4.1 0.35 286 0.26 −26.4
22 15:04 15:09 3.58 4.0 0.33 301 0.23 −49.8
23 15:09 15:14 3.34 4.0 0.32 289 0.18 −8.6
24 15:15 15:20 3.13 4.4 0.31 296 0.26 −45.8
25 15:20 15:25 2.31 3.9 0.34 305 0.19 −13.8
26 15:26 15:32 2.45 3.3 0.26 293 0.18 −25.8
27 15:33 15:39 2.76 3.5 0.25 292 0.25 −56.7
28 15:41 15:47 3.45 4.2 0.30 308 0.20 −34.1
29 15:59 16:11 3.56 4.1 0.33 291 0.20 −19.9

Fig. 2. The left panel shows the performance of the EN model in describing the spatial distribution of measurements at the Southern California dairy. The right panel
shows a scatterplot of modelled CH4 and measured CH4. The lines around the one-to-one line enclose model estimates within a factor of two of the measurements.
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total emissions is the same: Lagoon 1 (Sources 1–4) has the highest total
emissions; Lagoon 2 (Sources 5–8) the next highest, followed by La-
goons 3 (Source 9) and 4 (Source 10). This ordering of total emissions is
consistent with the flow of the manure in the treatment process (Fig. 4).

The background concentrations here refer to the methane con-
centrations in the air coming into the lagoon complex area, and the
elevated background concentrations predicted by the model here
clearly reflect contributions of methane emissions from several nearby
dairies on the upwind sides of the facility. The EN model predicted a
background range of 2.1 to 6.8 ppm, whereas the bLS model predicted a
background range of 2.6 to 6.5 ppm. The background concentrations
inferred from the upwind receptor locations varied from 2.1 ppm to
5.6 ppm as the wind direction brought in emissions from different
upwind dairies.

5. Discussion

We used two state-of-the-art dispersion models, an Eulerian
Numerical (EN) model and a backward Lagrangian Stochastic (bLS)
model to infer methane emissions from manure lagoons located in
dairies in Southern and Central California. The emissions are obtained

by fitting model estimates to corresponding methane concentrations
measured at several receptors surrounding the lagoons. The 95% con-
fidence intervals for these emission estimates were computed by boot-
strapping the residuals between model estimates and measurements.

The total emission rates of methane from the manure lagoons in-
ferred by the two model differ by a factor of almost 2 in the Southern
California dairy although both models explain more than 85% of the
variance of the measured methane concentrations. The inferred total
emissions from the manure lagoons are close to each other in the
Central California dairy, although there are differences in the emission
estimates from the source regions within the lagoons.

Other authors have compared emission rates from area sources
using different models. Faulkner et al. (2007) compared ammonia
emission fluxes (emission rate per unit area) from a feedlot inferred
from four dispersion models using ammonia concentrations measured
downwind of the feedlot over a 24 h period in August 2002. They found
that, as expected, the emission estimates depended on the model.
AERMOD (Cimorelli et al., 2005), which uses semi-empirical vertical
plume spreads based on the PPG data, yielded an emission rate that was
20% larger than that from WindTrax. Bonifacio et al. (2013) conducted
a one-year study to compare PM10 emission fluxes from a feedlot and

Table 2
Inferred emission rates and background methane mixing ratio in the Southern California dairy. The 95% confidence limits of emission rates are normalized by the
best fit value.

Emissions Uncertainty

EN Model bLS Model EN Model bLS Model

kg/d kg/m2/
yr

kg/d kg/m2/
yr

Lower
Limit

Upper
Limit

Contribution to total
emissions (%)

Lower
Limit

Upper
Limit

Contribution to total
emissions (%)

Source 1 43 7.6 0 1.8 11.09 1.74 10.69 0.42 1.57 0.39
Source 2 55 9.7 1 1.4 14.19 1.42 14.14 0.59 1.39 19.85
Source 3 89 15.9 1 1.3 23.03 1.31 23.46 0.64 1.43 20.21
Source 4 200 36.0 1 1.2 51.81 1.18 51.56 0.84 1.17 59.58
Mean sum 386 211 0.73 1.25 0.82 1.17
Back Ground (ppm) 2.3 2.2 0.83 1.20 0.83 1.19

Fig. 3. The left panel shows the performance of the bLS model in describing the spatial distribution of measurements at the Southern California dairy. The right panel
shows a scatterplot of modelled CH4 and observed CH4. The lines around the one-to-one line enclose model estimates within a factor of two of the measurements.
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found that AERMOD derived fluxes were about 30% higher than those
from WindTrax for all stabilities; the fluxes were also highly correlated
with an r2 > 0.88. The results from these two studies are relevant to
those presented in this paper because the vertical plume spreads in
AERMOD are derived by fitting asymptotic solutions of the diffusion
equation to the Prairie Grass data (Venkatram, 1992). They suggest that
emission estimates from the diffusion equation are generally higher
than those from the backward particle model in WindTrax. This trend is
evident in the results from the Southern California dairy, but is not clear
in those from the Central California dairy.

The differences in the results from the two approaches, diffusion
equation and Lagrangian particle model, are discussed by
Sawford (2001) and Mooney and Wilson, 1993. The bLS model mimics
turbulent dispersion by tracing the path of particles in turbulent flow
using a stochastic differential equation. The EN model, on the other
hand, is based on the concept of eddy diffusivity, which can be justified
only when the travel time from the source is much larger the relevant
Lagrangian time scale; its success in describing dispersion from surface

releases (Nieuwstadt and van Ulden, 1978) provides posteriori justifi-
cation. Thus, in principle, the bLS model is based on a more rigorous
approach than the EN model. Sawford (2001) shows that the results
from the diffusion model differ from the particle model even for surface
releases: estimates of concentrations near the surface from the diffusion
model are about 25% smaller than those from the particle model at the
distances considered in the Project Prairie Grass (PPG) field study
(Barad, 1958) when the surface layer is unstable. However, he found
that in order to reproduce the vertical profiles measured in the PPG
study, it was necessary to increase the diffusivity, used to compute the
Lagrangian time scale, by an empirical factor. Thus, for the time being,
comparison of model results with concentration measurements has not
established the superiority of the particle model for the application
considered in this paper; the diffusion equation provides an excellent
description of measured concentrations associated with surface re-
leases.

The 95% confidence intervals computed for the emission estimates
from each of the models are derived by bootstrapping the residuals
between model estimates and corresponding measurements. Thus, they
correspond to a combination of factors that affect the residuals: un-
certainties in model formulation, model inputs, concentration mea-
surements, locations and frequency of sampling, and temporal and
spatial variation of the emissions from the lagoons. Identifying the
major source of uncertainty would be speculation at this point.

We compared our results with lagoon calculations according to a
bottom up estimate based on the number of cows and management
practices of the dairy. In this inventory, annual CH4 emissions from
lagoons are a function of the population, which we multiply by the
fraction of manure entering the lagoons, according to the following
calculation: =CH emission rate f p VSP C P ρ( ) . . . . .lagoon cows f CH CH4 4 4 (7)

where flagoonis the fraction of manure that ends up in the lagoon, and
pcowsis the population of dairy cows. The other variables in the equation
are VSP, which is the volatile solids production rate assigned its default
value of 2833 kg/year, Cf, the methane conversion factor taken to be
0.748, and PCH4, the maximum methane production capacity taken to be
0.24 m3/kg, and the density of methane, ρCH4 taken to be 662 g/m3.

The Southern California dairy, with 1066 milking cows, is an open
lot dairy, where most of the manure is dropped on the field. Manure
from the milking parlor and the feedlots are flushed in the lagoon. We
estimate =f 0.33lagoon , which yields a methane emission rate of 324 kg/
d, which lies between the best fit values of 211 kg/d and 386 kg/d from
the two dispersion models.

The Central California dairy has 3200 milking cows that have access
to both corrals and a free stall barn. In temperate and dry weather, the
cows spend up to 42% of their time outside, where their manure re-
mains in the corrals. However, during the winter months, the cows are
only allowed in the free stall barns, which suggests that 100% of the
manure is stored in the lagoons. Because March is the beginning of the
spring season, much of the winter manure will still be in the lagoons.
Assuming that flagoon lies between 0.58 and 1 yields methane estimates
between 1712 kg/d and 2952 kg/d. The model best fit estimates are
3637 kg/d and 3903 kg /d.

6. Conclusions

A widely used method to estimate emissions from area sources, such
as manure lagoons, is based on using a dispersion model, such as
WindTrax, to relate emissions to concentration measurements made in
the vicinity of the source. The uncertainty associated with such emis-
sion estimates depends on uncertainties in 1) the formulation of the
dispersion model used to infer emissions, 2) model inputs that include
micrometeorology, physical characteristics of the source, and locations
of concentration measurements, and 3) the duration and accuracy of

Fig. 4. The top panel shows aerial view of the manure lagoons in the Central
California dairy. Red arrows show the flow of manure. The bottom panel shows
sampling locations around the lagoon complex as circles, color coded by con-
centration, with mean wind direction at each receptor denoted by arrows. The
lagoon complex was divided into 10 different area sources numbered on the
figure. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)
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concentration measurements used to infer emissions.
We have demonstrated here a new sampling and modelling ap-

proach to estimate the uncertainty associated with estimates of

methane emissions derived from dispersion models. Application of this
approach to two dairies, one in Southern California and the other in
Central California, show that differences in the formulation of the

Table 3
Details of sampling times, concentrations and associated meteorological parameters at the Central California dairy.

Receptor # Start Time (hrs) End Time (hrs) Average CH4 Concentration (ppm) Wind Speed (m/s) σw (m/s) Wind Direction (Degrees) u* (m/s) MO Length (m)

03/25/2019

1 12:33 12:44 2.92 1.6 0.21 306 0.17 −5.5
2 12:45 12:55 13.34 2.3 0.22 295 0.15 −4.0
3 12:56 13:06 23.54 2.8 0.21 302 0.18 −7.5
4 13:17 13:27 21.69 2.7 0.22 312 0.14 −4.3
5 13:28 13:38 25.55 2.0 0.21 330 0.14 −5.6
6 13:39 13:49 38.20 1.9 0.23 300 0.18 −7.2
7 13:50 14:00 32.15 2.1 0.21 308 0.15 −4.7
8 14:20 14:31 14.39 1.7 0.19 311 0.10 −1.9
9 14:32 14:42 20.27 1.9 0.18 332 0.10 −2.4
10 14:42 14:53 20.55 1.3 0.21 305 0.03 −0.1
11 14:53 15:04 22.73 1.6 0.19 270 0.16 −7.7
12 15:15 15:25 11.69 1.3 0.19 293 0.11 −1.8
13 15:26 15:37 10.05 1.6 0.19 325 0.10 −2.6
14 15:39 15:44 31.42 1.8 0.20 321 0.15 −8.6
15 17:52 18:03 32.73 1.6 0.15 226 0.14 −25.3
16 18:04 18:14 34.48 2.0 0.15 232 0.10 −33.1
17 18:14 18:24 43.41 1.7 0.14 222 0.13 53.6
18 18:25 18:35 21.51 1.8 0.15 227 0.11 31.0
19 18:36 18:46 13.32 1.4 0.10 226 0.06 7.0
20 18:46 18:57 9.45 1.3 0.08 225 0.05 5.6
21 19:00 19:23 42.48 0.9 0.08 193 0.05 4.1
03/30/2019
22 13:46 13:56 9.24 1.9 0.21 325 0.12 −2.1
23 14:02 14:12 2.66 1.0 0.26 333 0.12 −1.7
24 14:14 14:24 2.70 1.6 0.22 324 0.07 −0.3
25 14:25 14:36 3.00 1.5 0.21 287 0.13 −2.1
26 14:37 14:48 6.69 1.2 0.24 279 0.11 −1.2
27 14:49 14:59 14.98 0.2 0.24 298 0.13 −1.7
28 15:00 15:11 15.12 1.0 0.23 291 0.22 −9.0
29 15:12 15:22 5.57 1.4 0.26 259 0.19 −5.9
30 15:23 15:33 26.27 0.8 0.22 294 0.14 −2.9
31 15:34 15:44 21.14 0.5 0.25 300 0.12 −3.3
32 16:21 16:31 2.61 2.2 0.21 295 0.15 −4.3
33 16:33 16:43 2.12 2.5 0.20 327 0.16 −9.6

Fig. 5. Results from the EN model applied at the Central California dairy: The left panel compares measurements and model results at the sampling points along the
path of the mobile platform. The right panel shows a scatterplot of model estimates and methane measurements. The lines around the one-to-one line enclose model
estimates within a factor of two of the measurements.
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models used to infer emissions can result in emission estimates that can
differ by as much as a factor of two. The uncertainty in emission esti-
mates from any one model range from 0.8 times to 1.4 times the best fit
value. These uncertainty estimates, which are specific to the field stu-
dies considered in this paper, are the result of a combination of factors.
There is a need for future studies to examine the relative roles of these
factors in determining total uncertainty. This information is critical to
determining the efficacy of manure treatment methods to mitigate
methane emissions from manure ponds.

Our approach to infer emissions from lagoons has the following
advantages over methods used in previous studies: (1) it is easily de-
ployed and applicable to other gases if they are measured, (2) it enables
separate emission estimates for different sectors of the manure man-
agement system either by separating a single pond into areas with
different emission rates as in the Southern California dairy, or by

isolating different treatment lagoons as in the Central California dairy,
(3) it provides uncertainty estimates for emissions, and (4) it does not
require a measurement of background methane concentrations as the
background is a parameter fitted in the model. However, as with most
techniques to estimate lagoon emissions, site access is required.

In principle, this technique can be applied to any emission source of
a similar scale and surface expression. Emission estimates for the two
farms given here double the number of methane emission estimates for
California dairy lagoons (Arndt et al., 2018), and if deployed more
widely have a potential to fill in key gaps in our understanding of the
variability of methane emissions from this source. Because it is rapidly
deployable, the technique can be used across multiple times of days and
seasons to examine the role of temporal drivers of emissions.

Fig. 6. Results from the bLS model applied at the Central California dairy: The left panel compares measurements and model results at the sampling points along the
path of the mobile platform. The right panel shows a scatterplot of model estimates and methane measurements. The lines around the one-to-one line enclose model
estimates within a factor of two of the measurements.

Table 4
Inferred emission rates and background methane concentration in the Central California dairy from the EN and bLS Models. The 95% confidence limits of emission
rates are normalized by the best fit value.

Emissions Uncertainty

EN Model bLS Model EN Model bLS Model

kg/d kg/m2/yr kg/d kg/m2/yr Lower
Limit

Upper
Limit

Contribution to total
emissions (%)

Lower
Limit

Upper
Limit

Contribution to total
emissions (%)

Source 1 751 384.2 858 440.5 0.73 1.24 19.25 0.85 1.14 23.60
Source 2 179 90.2 0.00 0.00 0.00 2.42 4.58 – – 0.00
Source 3 596 355.0 635 404.1 0.54 1.41 15.26 0.75 1.26 17.45
Source 4 551 287.8 519 269.0 0.55 1.43 14.12 0.71 1.38 14.27
Source 5 313 157.8 130 64.7 0.35 1.70 8.01 0.24 1.89 3.58
Source 6 806 413.3 565 289.4 0.62 1.37 20.64 0.79 1.16 15.53
Source 7 211 139.1 69 45.3 0.00 3.15 5.40 0.00 3.63 1.90
Source 8 196 105.5 274 151.3 0.00 2.19 5.02 0.42 1.64 7.54
Source 9 0.00 0.00 283 3.7 – – 0.00 0.05 1.76 7.77
Source 10 0.00 0.00 0.00 0.00 – – 0.00 – – 0.00
Mean sum 3903 3637 0.82 1.36 0.81 1.37
Back Ground

(ppm)
4.58 4.60 0.45 1.48 0.57 1.41
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