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Example production oll and gas site
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Example production oil and gas site Continuous monitoring
system (CMS)
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Example production oil and gas site Continuous monitoring
system (CMS)
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Example production oll and gas site
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Example production oll and gas site
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Example production oll and gas site
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Example production oll and gas site
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Event detection:
When is an emission happening?

Tank#

e e i e | Localization:

—_— o e Where is the emission coming from?
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Quantification:

How much is being emitted?
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Chapter 4:
Multi-source emission detection, localization, and quantification
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The multi-source continuous monitoring inverse problem
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MOdel hierarChy n = number of observations

p = humber of potential sources
Assume a multiple linear regression model at the data level

y=X0+¢€

y = {yl""9yn}9ﬁ5 {ﬁl,...,ﬁp},XE[ nxp

/ \

Simulated concentrations

Emission rates for from forward model, with

each source each column assuming a
different source

Concentration
observations
from CMS sensors

12



Model hierarchy

N = number of observations
P = number of potential sources

Assume a multiple linear regression model at the data level

Y= {1V

Assume that the errors € = {€, ...

autocorrelated such that

y=Xp+e¢

Vb BEAP .. B L X € RYP

, €, } are are identically distributed, Gaussian, and

e ~ N(0,6°R)
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MOdel hierarChy n = number of observations

p = humber of potential sources
Assume a multiple linear regression model at the data level

y=Xp+e¢

y = {y19°°°9yn}9ﬁ5 {ﬁl,...,ﬁp},XE[ nxp

Assume that the errors € = {¢y,...,€,} are are identically distributed, Gaussian, and
autocorrelated such that

e ~ N(0,6°R)

Let the errors follow an AR(1) process such that

€, =re_;+w

7N

Autocorrelation (Gaussian

coefficient white noise
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MOdel hierarChy n = number of observations

p = humber of potential sources
Assume a multiple linear regression model at the data level

y=Xp+e¢

y = {yl"”?yn}aﬁz {ﬁl,...,ﬁp},XE[ nxp

Assume that the errors € = {¢y,...,€,} are are identically distributed, Gaussian, and
autocorrelated such that

e ~ N(0,6°R)
Let the errors follow an AR(1) process such that

€, =re_;+w
This gives us: y ~ N(X/3, 6°R)
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Model hierarchy

Given an AR(1) process for €, the correlation matrix is

n—1

N = number of observations
P = number of potential sources
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Model hierarchy

Given an AR(1) process for €, the correlation matrix is

1 —r 0 0
1 —r 1+ —r
R™! = 1 - 12) 0 —r 147’

and

N = number of observations
P = number of potential sources

R|=(1- 2!
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MOdel hierarChy n = number of observations

p = number of potential sources
Data-level: y=Xp +¢

e ~ N(0,6°R)
The remainder of the hierarchy takes the following form

Spike-and-slab

prior allows 0 5 = () “Slab”
lsamples tobe ———> 3, ~ ’ 2 2 component is
identically zero Exp(770°), zi =1 ¢——

non-negative

L z; ~ Bernoulli(6;)
roportion o

.y . h. ai, bi, Ci, d;
samples where 0; ~ Beta(a;, b;) «+—————

can
z; = 1 gives 'rz-z ~ Inv-Gamma(c;, d ) 4¢—— contain
posterior 9 operator
orobability that 0 ~ Inv-Gamma(v/2, v/2) insight
source i is v ~ Inv-Gamma(aq, as)

emitting r o~ UnifOI‘m(Oa 1)
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Model hierarchy

,B' O, Ly — 0
Z EXp( 2 2) i =

z; ~ Bernoulli(6;)
97; s Beta(ai, b)

77 ~ Inv-Gamma(c;, d;)

0* ~ Inv-Gamma(v/2, v/2)
v ~ Inv-Gamma(aq, as)
r ~ Uniform(0, 1)
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Sampling from the posterior

We can derive Gibbs updates for all parameters except v.

02|§ ~ Beta(z,; +a;,1 —z; + bz)

vV mn vV 1

| ~(y—XB)"R ' (y— Xﬂ))

0°|¢ ~ Inv-Gamma (

lterative samples from each

2 22 2 full conditional gives you
N(XB,02R) 0<r<1 samples from the joint
rie ~ 0 otherwise posterior!
T,L-Qlf ~ Inv-Gamma (zi + ¢;, ﬂ—; -+ dz-)
o)
0 Zp — 0
PRV (5 2) 7 (8 ), ()T s
1 — 0,
z;|€ ~ Bernoulli | 1 -
(1—6,) +6; (#) exp (( J’=1(w"Xﬂ"i+wiX"’i)_?) ) ( 202 )1/2 (1)
i i\ 7252 1237 XX, X5, X5 4 2

vl ~7 (Use a Metropolis—Hastings step)



Model evaluation on multi-source controlled release data

337 controlled releases:
* 99 (29%) single-source
e 238 (71%) multi-source

East
Separator

West Wellhead

i 0 /% '8 Emission rates range from
f_‘f - WNW West Separator 0.08 to 7.2 kg / hr

East >~ C _
Wellhead Emission durations range from

0.5 to 8 hours

Methane Emissions Technology Evaluation Center (METEC)
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Simulation study

Vary the degree of autocorrelation

For each controlled release, replace actual concentration
observations with

y=XpPr+e€

where [ are the true emission rates and are errors
that follow an AR(1) process.
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Simulation study

Vary the degree of autocorrelation

Error variance [kg/hr]

For each controlled release, replace actual concentration

observations with

where [ are the true emission rates and are errors

y = XpPr+e€

that follow an AR(1) process.

_______________________________________________ i
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Autocorrelation coefficient
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Autocorrelation coefficient

<+— [rue parameter value
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Simulation study

Vary the degree of autocorrelation

Error variance [kg/hr]

For each controlled release, replace actual concentration
observations with

y = XpPr+e€

where [ are the true emission rates and are errors
that follow an AR(1) process.

_______________________________________________ i
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Autocorrelation coefficient
e e Sa—
__ @ . SRS t -----
S | s g I_ _____
I -
B -
| | | | |
0 0.25 0.5 0.75 0.95

Autocorrelation coefficient

-0.2 0.0 0.2

0.95 1.00

0.90

Emission rate error: estimated - true [kg/hr]

Coverage
o o O °,
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Simulation study

Vary the degree of spike misalignment

For each controlled release, replace actual concentration
observations with

Y= XPr+e€

but move a given percent of the spikes in the fake
observations to a different time during the release.

o
QN .
- (Observations :
e o - = = Background-removed observations :
g — | = Gaussian puff ,i
- ,.
O |
E2 - :
I= |
() |
o
C 10 —
o |
@
!
o —

60 80 100 120
Time [minutes]
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1.00 100 300

0.50

0.00

For each controlled release, replace actual concentration

Simulation StUdy observations with
Vary the degree of spike misalignment j=XBr+é

but move a given percent of the spikes in the fake
observations to a different time during the release.

Error variance [kg/hr]

S — I .......... I .......... Yy X <+— True parameter value

Autocorrelation coefficient

0 12.5 25 37.5 50
Concentration enhancement misalignment [%]
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1.00 100 300

0.50

0.00

Simulation study

Vary the degree of spike misalignment

For each controlled release, replace actual concentration
observations with

— XBp + ¢

but move a given percent of the spikes in the fake
observations to a different time during the release.

Error variance [kg/hr]

Autocorrelation coefficient

0 12.5 25 37.5 50
Concentration enhancement misalignment [%]

1

-2 -1 0

-3

1.0

04 0.6 0.8

Emission rate error: estimated - true [kg/hr]

Coverage
______ e®®
LN
® -
o ¢ @
® O
O
| | | | |
0 12.5 25 37.5 50

Concentration enhancement misalignment [%]
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Estimated emission rate [kg/hr]

Model evaluation on multi-source controlled release data

'y =1.01x+ 0.02 Site-level quantification errors
. Average error = 0.04 kg/hr
| |
o - - N |
\ S | |
S| |
> o 2
<
> 0| |
<+ S 3 ! |
| |
| |
N B | |
| |
o — ) o — ,_'_ _'—|—| pu—
| | | | | | T 1 | T
0 2 4 6 8 10 8 6 4 2 0 2 4 6 8

True emission rate [kg/hr] Estimated rate - true rate [kg/hr]



Estimated emission rate [kg/hr]

Model evaluation on multi-source controlled release data

10

'y =1.01x + 0.02

| | | |
2 4 6 8

True emission rate [kg/hr]

10

Frequency

60

120

90

30

Site-level quantification errors

Average error = 0.04 kg/hr

95% interval

e

) —

|
-8

l | I

6 4 -2 0 2 4 6
Estimated rate - true rate [kg/hr]

|
8

Frequency

150

100

50

Average number of correct
localization estimates = 4.02

N Example:.we | 42 59,
correctly identify
2 out of 5 i
sources as either 32.7%

emitting or not
emitting for 7.2%
of the releases

- \ 13.7%

7.2%

3.6%
]

0 1 2 3 4 5
Correct localization estimates per release

0.3%
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CMS Series #3:
Multi-source emission detection, localization, and quantification

A Bayesian hierarchical model for methane emission source apportionment.

William Daniels, Douglas Nychka, Dorit Hammerling.
Annals of Applied Statistics, submitted, (2025).
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