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DETERMINISTIC GEOPHYSICAL INVERSION

Real geophysical parameter distribution m
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DETERMINISTIC GEOPHYSICAL INVERSION

Standard deterministic approaches use regularization to stabilize the process

The objective function has a term characterizing the type of model expected

p(m) =[|W, (G(m) —d) || +A IW, m||°

! !

Data misfit Model constraint
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DEALING WITH NOISE

=14 =B =2

The data should be fitted within its estimated noise level

Risk of overfitting (artefacts) or oversmoothing
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IMAGING HETEROGENEITY

The resolution of geophysical data limits its ability to discriminate between different facies
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(Hermans and Irving, NSG, 2017)
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The regularization is a filter, the final image Is always uncertain
The sensitivity decreases with depth for surface data
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IMAGING HETEROGENEITY

If a model with constant properties is inverted, there is an overlap in the value after inversion,
and the overlap depends on the sensitivity ! It can be quantified using conditional probabilities

(Hermans and Irving, NSG, 2017)
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Conditional probability of the different
facies based on the inverted resistivity
values for different sensitivity classes

Distribution of resistivity for different
sensitivity classes after inversion, the
dotted line shows the true value

How can we improve this ? By adding prior information during the inversion
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ADDING A REFERENCE MODEL

(M) = [IWa(G(m) = DI + AW (m = mpep)||” + @m) ||m = mper|| )
} }

Data misfit Model constraint

A Smoothness constrained inversion Log10 p g Homogeneous reference model inversion ~ Log10 p

0 50 100 150 200 0 50 100 150 200
X (m) X (m)

For example from borehole data
Possibility to adapt the weight cell by cell
Improve the final image, mainly in low sensitivtly zones

(Hermans et al. JoH, 2012)
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ADDING A REFERENCE MODEL

() = |IWa(Gm) = DI + A [Wn(m = mrep)||| + @) | m = mre|| )

! !

Data misfit Model constraint
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CHANGING THE SMOOTHING OPERATOR

pm) = [IWa(Gm) — DI +A|C25(m — myep)|

! !

Data misfit Model constraint
How do we get this matrix?

Using a covariance matrix, for example deduced from borehole logging data
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CHANGING THE SMOOTHING OPERATOR

Hermans et al. (JoH, 2012)
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(Caterina, Hermans & Nguyen, 2014, NSG)
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CHANGING THE SMOOTHING OPERATOR

f VmvVvm
V rmvm+p2

Wy =

Minimum Gradient support

To retrieve sharp boundaries instead of smoothing them out

dv favors sharp contrastsif § = 0

Geologically more realistic ? It depends on the local heterogeneity !
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COMBINING APPROACHES

B - Anisotropic smoothness constraint Log10 p F - Two-layer reference model 120 and 300 Ohm.m Log10 p
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COMBINING APPROACHES

B - Anisotropic smoothness constraint Log10p
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ADVANCED APPROACH: MACHINE LEARNING

The limited resolution of geophysical data limits the imaging capability
Machine learning approaches offer new ways to deal with geophysical inversion
Using Deep Neural Network

1) Training images depicting the 2) Encoding the complex patterns 3) Inverting in the latent space
expected heterogeneity of the site In a low dimensional latent space

using Deep neural networks o) true b) 0.852 ¢) 0.658
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ADVANCED APPROACH: MACHINE LEARNING

The limited resolution of geophysical data limits the imaging capabillity
Machine learning approaches offer new ways to deal with geophysical inversion
Bayesian Evidential Learning (Michel et al., Comp. & Geos., 2020)

Inversion is replaced by statistical 1) Synthetic models are used to 2) The posterior distribution is
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m model space) o 7 e YT
Prior Posterior T ey
Sampled models (m) Generated models (Mos) . i _T .
v Sampled models {m) enerated models (Mg o0s | i __
U Parameter 1 Parameter 2 21 g er 1 er 2 F o1 g 004 008 008 041 0. 0. 200 00 200 00 2 3 4 5 6 7
(U 03
O | : Al s :
§ "q;)‘ 2 §I\’i| ‘gt"..;%‘jW E[? g%.-.gj—‘
5
l Forward modeling g E T Statistical mode]ing s Set of n models | Set of p models
g < =
i | Simulated Data (d) : Field data (d,ss)
4 g Lin. Comb. of Data (d?)
: O
e O O =
LT d © : i PCA and CCA : i
G H ENT 8 Simulated data for Field data with the pyv——
each n models error on mesurement W, [m%m?) W, [m%m?) [ms] [ms] (m]
UNIVERSITY | 2 "




BEL EXAMPLE
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BEL allows to retrieve the correct patterns of the heat plume, without oversmoothing
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BEL EXAMPLE

(Hermans et al., 2018, WRR)
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INTEGRATING
GEOPHYSICAL DATA IN
HYDROLOGICAL




SELECTING GEOLOGICAL SCENARIOS

Flowchart to estimate scenario probability using geophysical data through building prior scenarios
and generating synthetic data from samples
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SELECTING GEOLOGICAL SCENARIOS

8 possible scenarios - Acquisition of geophysical data = Identification of probability of scenarios using MDS
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2nd dimension (6 %)

2nd dimension (2 %)

SELECTING GEOLOGICAL SCENARIOS

8 possible scenarios - Acquisition of geophysical data = Identification of probability of scenarios using MDS

MDS maps allows to compute probabilities based on Kernal Density Estimation

1st dimension (94 %)

@ SC/SL e BLi e BL2 e BC

C
1st dimension (81 %)

e SC/SL e MC/SL e BL1 e BC
s SC/BL e MC/BL o BL2 e SC

—_

i
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2nd dimension (16 %)

ard dimension (9 %)

1st dimension (32 %)

® SC/SLe SC/BLe MC/SLe MC/BL ¥ BI2

2nd dimension (16 %)

® SC/SLe SC/BLe MC/SLe MC/BL ¥ BI2

Confusion Matrix (3)

Mean Updated Probability (3%)

Scenario SC/SL BL1 BL2 BC P(SC/SLIref) PBLY |ref) PBLZ|ref) PBC|ref)
LS50 100 0 0 0 883 1.8 0.8 A
BL1 3 96 1 0 3 75.1 21.7 02
BL2 3 15 82 0 1.7 216 76.6 a1
BC 14 0 0 86 14.5 a1 0 854
Confusion Matrix (%) Mean Updated Probability (%)
Scenario SC/SL SC/BL MIC/SL MC/BL PISC fSL|ref) P{SCLBL|ref) PMC/SL|ref) PMC/BLref)
SLAL 93 4 2 1 629 18.2 154 35
SC/BL 11 B8 1 0 183 68.2 106 29
MC/5L 29 10 51 10 242 12 427 21.1
MC/BL 8 6 19 &7 99 Gl 30 54
SCenano SCAL SC/BL MILC/5L MC/BL BL1 BL2 BC 5
Classification
With 5C/5L 70 2 4 1 0 0 0 3
Without 5C/5L 32 1 0 0 0 63
Mean Updated Probability
With 5C/5L 362 L7 14.7 7 08 04 22 21
Without SC/5L 17 26.7 83 2 1.4 4 40.6

Confusion matrix = how many times a model is correctly classified
Updated probability = how certain are we about the classification ?

(Hermans et al., WRR, 2015) o



SELECTING GEOLOGICAL SCENARIOS

Also possible to retrieve continuous parameters
Estimating the orientation of channels
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INTEGRATION OF GEOPHYSICAL DATA

Uncoupled (sequential) and coupled approaches (Beaujean, PhD Thesis, 2015)
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UNCOUPLED APPROACH

Geophysical Inversion

Inland Sea
} 10 ~
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i g a 1-20 B T
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Estimation of hydrogeological parameters
Hydraulic conductivity
Longitudinal dispersivity

SHF\I,\IETRSHY (Beaujean et al., WRR, 2014)

Extraction of salt mass fraction from ERT for inversion

Inland Sea
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INTEGRATION OF GEOPHYSICAL DATA

Uncoupled (sequential) and coupled approaches (Beaujean, PhD Thesis, 2015)

GHENT
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COUPLED APPROACH

Geophysical data (resistance) Simulation of salt mass fraction and ERT forward model (fitting
resistance data)
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PROBABILISTIC APPROACH
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Hydrogeological interpretation of boreholes Resistivity distribution

ERT profiles and borehole data (classified into hydrofacies)
Accounting for uncertainty in ERT inversion using co-located data

CNMEreTy  (Hermans et al., 2015, WRR)
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PROBABILISTIC APPROACH
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3H|E\I,\IETRS|TY (Hermans et al., 2015, WRR; Hermans and Irving, NSG, 2017)

29



PROBABILISTIC APPROACH

Choosing the adapted inversion approach helps to correctly identified the heterogeneity of the subsurface and use
more appropriate conditional probabilities !
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PROBABILISTIC APPROACH
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GHENT Multiple-point geostatistics simulation to simulate the aquifer
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(Hermans et al., 2015, WRR)
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PROBABILISTIC APPROACH
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(Hermans, 2014, PhD thesis)
T Constraining MPS simulations using geophysical data as soft data through the conditional
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Calculated head (m)

PROBABILISTIC APPROACH
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(Hermans et al., 2015, WRR)
The principle is to transform the realization into another one still consistent with the existing
T data to converge towards a calibrated model (fitting hydro data)
GHENT The approach can be repeated with another starting model to produce alternative solutions
33
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PROBABILISTIC APPROACH

o hadse T, (Hermans et al., 2015, WRR)
510\- . l -
2 5~
S
8 e
0

If enough iterations are performed, we obtain an estimation of the posterior distribution

Here the solution is expressed as the posterior probability of gravel (blue =0, red = 1)

GHENT
UNIVERSITY 2



PROBABILISTIC APPROACH

(Hermans et al., 2015, WRR)
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Table 4. Scenario and Updated Probability

60 s 100 20'0' "y '100 Scenario Gravel Geometry P(Sc) P(Sc/|Dggr)—2-D P(Sc|Dggr)—5-D
X (m) 250 150 Y (m) X (m) 250 150 Y (m) Sc, Small channels 025 0.2 0.29
Sc Medium channels 025 0.18 0.14
B Sand = Gravel B Clay/loam Scs Small bars 025 0.27 0.27
S¢, Big bars 025 0.35 0.30

The choice of the Tl has an influence on the posterior distribution, hence the importance to assess

T the probability and consistency with geophysical data
GH_ENT None of the Tl is falsified - the process is repeated for each TI
UNIVERSITY
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PROBABILISTIC APPROACH

A Small channels B Medium channels

(Hermans et al., 2015, WRR)
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BAYESIAN EVIDENTIAL LEARNING
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BAYESIAN EVIDENTIAL LEARNING

Prediction = heat stroage capacity of the aquifer

Kmean
Kvar
gradient
anisotropy

range
porosity B Sensitive
orientation I NotSensitive
o) 2 4 6
| Standardized sensitivity
Time (days)
= ldentification of the most sensitive parameters

GHENT
UNIVERSITY (Hermans et al., WRR, 2018) 38



BAYESIAN EVIDENTIAL LEARNING

Models What do we know, what do we ignore about this aquifer ?

Parameters Status Value
Mean of log,, K (m/s) Variable U[-4 -1]
Variance log,, K (m/s) Variable U[0.05 1.5]
Range (m) Variable U[1 10]
Anisotropy ratio Variable U[0.5 10]
Orientation Variable U[-/4 -7/4]
Porosity Variable U[0.05 0.40]
N 500 realizations = Gradient (%) Variable U[0 0.167]
i surrogate models |
GHENT Other parameters Fixed

UNIVERSITY (Hermans et al., WRR, 2018) 39



BAYESIAN EVIDENTIAL LEARNING
Finding a direct relationship between data and prediction

Data d Prediction h
. [ o
80998- ] 80_95_
- - 50.996 | | £ 09
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reduction (PCA) 2092 | g 0s
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0.988 ' ' ' 0.7 . .
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PCA Dimension PCA Dimension
2. Linearization .
(CCA)
I d, d
Ty ® models from the prior field observations

(Hermans et al., WRR, 2018)



BAYESIAN EVIDENTIAL LEARNING

1) Itis « easy » to solve the linear relationship in reduced dimension and generate samples
2)  We back-transform the samples in the original space

— The heat storage capacity of the aquifer is low

— No distinction between geophysical and hydrological data

— Everything is contained in the prior and forward model

(Hermans et al., WRR, 2018)

—Prior D e P OF
— Posterior ===Posterior

N

GHENT 0 10 20 30 0 10 20 30
UNIVERSITY Time (days) Time (days) 41




CONCLUSION

= Geo
O
O
O
= Geo
O
O
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O
O
O
O
—
T
GHENT

UNIVERSITY

physics Is an amazing tool to reveal spatial heterogeneity, but...
Resolution is limited

Discriminating facies comes with uncertainty

Using adapted inversion strategies is needed

physics can be used to identify subsurface scenarios
No need for inversion
Reduces prior uncertainty

physical data can be integrated in hydrological models using different approaches
Coupled vs uncoupled (effect of inversion and hidden parameters such as petrophysics)
Limitation of inversion also applies to hydrology (smoothing, deterministic approach)
Stochastic approaches adapted for uncertainty analysis

BEL offers a straightforward framework to include geophysical data
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