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Measurement stations, 4 FFIDs
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Arrays used for 4FFID experiments
Detector arrays
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Source-sensor relationship

with constant release rate

# Source parameters to estimate: x,y,z,q
» Forward model plume: fixed source, sensor

positions at grid points

+ Adjoint model plume: fixed sensor, source

positions at grid points

» Adoint model usually preferred for source

estimation for computational efficiency




Model and measured data




The source estimation problem

model data vector c(X,Yy,z,q) and measured
data vector d

how distance is defined
numerical method for approximating (x,y,z,q)




Distance functions

Euclidean norm based on the
visibility function @:
(d—-c)T H(p'1 (d —c)
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Visibility function and weights

from the adjoint plumes y; for all sensors by an
entropy minimization principle

~# Measuring the “visibility” from the sensor
network

~# The elements of the weight matrix H,, are
computed by numerical integration of products
XiX; 19.




Computational procedure

o=d'H,"x

on grid.




Normalized least squares




Normalized least squares with
regularization




The Bayesian view on LS

iInterpreted as a maximum likelihood estimation
(MLE) problem

+ By Bayes formula, exp(-D?) may be interpreted

as a posterior density (with noninformative
prior)

+ Regularization may be introduced as a (non-
constant) prior density.




Adjoint plumes

reversing advection and preserving diffusion
(self-adjoint)

Phoenics

Code Saturne v4




Adjoint plumes — Code Saturne
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Results

The posterior densities (with or without regularization)
The distributed renormalization source

5 configurations of the complex array.

6 configurations of the simple array

2-4 datasets/configuration, total number 24
PHOENICS adjoints; Code Saturne adjoints pending




3D and 2D results

Source parameters (X,y,z,9)

Posteriors and renormalization source computed
on 3D grid (Xx,y,z)

~# 2D: Assuming ground source

Source parameters (x,y,q)

Posteriors and renormalization source computed
on 2D grid (x,y), z=0




Highest posterior density (HPD)
domains




Isosurfaces, 3D posterior w/ reg.

Enflo posterior w/ reg., case 4FFID_Span_Array_1_2
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|Isosurfaces, 3D renorm. source

Enflo renormalization source, case 4FFID_Span_Array_1_2
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Isosurfaces, 3D posterior w/o

Enflo posterior w/o reg., case 4FFID_Span_Array_1_2
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Isocurves, 2D posterior w/ reg.
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Enflo posterior w/ reg., case 4FFID_Span_Array_1_2




Isocurves, 2D renorm. source
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Enflo renorm. source, case 4FFID_Span_Array_1_2




Isocurves, 2D posterior w/o reg.
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Enflo posterior w/o reg., case 4FFID




3D comparision, (X,y) errors

© Normalized LS w/ reg.
* Normalized LS
+ Renormalization

Estimation errors for Enflo data/PHOENICS adjoint, 3D est*iemate
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3D comparison, (X,z) errors
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3D comparison, (X,q) errors
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2D comparison, (X,y) errors

© Normalized LS w/ reg.
* Normalized LS
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Estimation errors for Enflo data/PHOENICS adjoint, 2D estimate




2D comparison, (X,q) errors

© Normalized LS w/ reg.
* Normalized LS
+ Renormalization

Estimation errors for Enflo data/PHOENICS adjoint, 2D estimate
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Mean absolute errors, 24 data
sets

3D LS with reg. Renormalization | LS

2D LS with reg. Renormalization | LS




Some conclusions and remarks

~» Regularization suppresses outliers in y,z,q
out not so much In X

~% Lack of regularization gives complicated
objective functions and hard optimization

problems, reflecting the ill-posedness of the
Inverse problem

- Implementation has been verified on synthetic
data (not presented here)




Thank you!




