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Motivation: Measuring Emissions

Figure 1: relation between warming and CO, [1]
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. Pre-Paris pathway
e Need to quantify the status carbon from T 23t2.0°C
&0
anthropogenic sources, or “flux”
e Need to quantify any reductions in Current patrway
+2.5 to 2.9*C
carbon for determine if emissions goals Historical
are feasible 2
How:
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e Bottom-up: reporting-based inventories
e Top-down: measurement-based We use a top-down approach while

o E.g. In-Situ sensor networks, satellite leveraging a bottom-up inventory as a prior

observations




BEACO,N Sensor Network [2]
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Figure 2: BEACO,N sensor network



Conventional Flux Batch Inversion Modeling

e Goal: estimate x the carbon “flux”

e Prior guess of emissions flux from
bottom-up inventory
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Figure 3: Prior inventory

Measurements, Y, used to update
prior
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Figure 2: BEACO,N sensor network



Conventional Flux Batch Inversion Modeling

e Goal: estimate x the carbon “flux”
e Together we have a normal-normal Bayesian model:

()~ () (ap w2 monr))
Y Hz,)'\HB R+ HBHT
e With conditioning, we then can analytically solve for the estimated flux:
— z|Y ~ N(&,3%)
& =x,+ (HB)T(HBHT + R) '(y — Hz,)

$S=(HTR'H+B %) '=B— (HB)T(HBHT + R)"'HB

Current analyses are limited to only calculating x




Conventional Flux Batch Inversion Modeling Example

Figure 4: Example posterior and prior
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Current Challenges

Statistical analyses we would like to
have, but do not due to computational
cost:

e Posterior uncertainty
e Sensitivity to prior specification
e Identifiability checks

Code Development:

e (Code bases are not structured in
packages

e Code is siloed — no common code
base for multiple labs

e Code specialized for one type of
inversion model, e.g., batch inversion

e Not always optimized for efficiency

Example inversion has a (50x96) x (96x127x157)
dimension H matrix




Proposed Framework o%a RAY

Inversion Modeling

We are working on an open-source object- [ Package 4 xarray
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Figure 6: Overview of python package structure



Future Statistical Analyses

These can all be computed by reusing

calculations from the mean

Posterior variance computation:

e Usually interested in a size-
reducing function of the posterior

Influence function:

e Identify if small changes in a
segment, i.e., a road, can be
detected

Prior sensitivity:

e Compute the derivative of summed
fluxes with respect to a prior
hyperparameter
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Figure 6: Influence function intuition



Thank You

Emails: Additional Resources:
e Srandrade@berkeley.edu
e nasimow@berkeley.edu
e rgiordano@berkeley.edu
e rccohen@berkeley.edu

e BEACO,N:
https://beacon.berkeley.edu/overview/
e Python Toolkit:
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Proposed Solution

Current batch model is costly because of:

1. Large RAM requirements for storing matrices
2. Slow dense matrix multiplication and inversion

Proposed solution:

1. Avoid explicitly storing large matrices and use Ray
distributed calculations

2. Leverage sparsity for matrix operations
3. Mindfully cache repeated computations

Our solution uses object-oriented programming to enable
reusability and prioritize efficiency

gy Xarray

0o RAY
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Python Toolkit

Object-oriented open-source code
base

Utilizes configuration files for reusable
code

Currently specialized for BEACO,N
data but extendable to other data

Will be extended to incorporate novel
statistical analyses
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Figure 6: Overview of python package structure
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Conventional Flux Inversion Modeling

e Flux: change in CO2 gas per unit
time and area

e Uses normal-normal Bayesian model

e Forward model: Y = Hz

Inversion Assumes:

x ~ N(z4, B)
e Yz ~ N(Hz, R)
— z|Y ~ N(&,3%)
& =z,+ (HB)T(HBHT + R) '(y — Hz,)

This involves a (50x96) x (96x127x157) H matrix for
a full inversion!!!

Y - sensor readingsn x 1
X - surface fluxes - e.g., emissions
(mymy, +4)m; x 1
H - Jacobian - transport based on
wind
n x (mymy + 4)m,
Xa - prior fluxes - e.g., bottom up
inventory
(mamy + 4)m; x 1
B - prior spatio-temporal covariance
(mymy + 4)m; x (mym, + 4)m,
R - model data mismatch -e.g., obs

covariance n x n "’
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