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Motivation

The pilot point (PP) method [1, 2] Is a widespread conditioning
method. The so called pilot points serve as virtual measurements of
hydraulic conductivity whose values are modified until state variable
measurements are honored. The performance of PP depends on their
placement. Fig. 1 shows a good and a bad example.
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Fig. 1: bad and beneficial placement of pilot points (from left to right)

In the case of conditional simulation, It Is necessary to condition multi-
ple realizations. The increasing computational burden can be alleviated
by better placement of fewer PPs.

Optimize locations of pilot points

-> Faster with better but fewer points

Approach

Optimal Placement of Pilot Points

- The conditioning by PP is emulated and rated by evaluating the
conditional covariance of the hydraulic conductivity field for possible
pilot point locations, using ensemble-based covariances.

- Optimal set of pilot points Is searched to minimize conditional
uncertainty. Resulting PP locations are optimal for ensemble, not for
iIndividual realizations.

- The definition of “optimal” is dependent on the modeling task at
hand - this can be taken into account by the choice of different
objective functions.

100 100
q=1

X h measurement
O pilot points |

50 | h=1 X h=0 5o R (A 50

q=0
0 0
0 50 100 0 50 100 0 50 100

Fig. la: Test Case | - Fig. 1b: objective function Fig. 1c: objective function
general setup values for all possible pilot values for all possible second
point locations pilot point locations

srxpEPLER Optimization of Pilot Point Locations for Conditional £
Simulation of Heterogeneous Aquifers

1 Stochastic Modelling of Hydrosystems, Institute for Modelling Hydraulic and Environmental Systems (LH2),
University of Stuttgart. Pfaffenwaldring 61, 70569 Stuttgart, Germany. Email: julilan.mehne@iws.uni-stuttgart.de

Methodology

Emulation of the Conditioning Process

Derived from first-order, second-moment Bayesian updating, the
conditional covariance G of the field s, given data y and PP
locations p Is:

G = Ggs — Gep(Gpp + Rpp)_leyG;;Gyp(Gpp T Rpp)_leSv

ss|p,y

ss|p,y

where R Is the virtual error matrix of the pilot points and Is set to:
—1
Rpp = Gpp — Gpy Gyy Gyp

For a given set of pilot points x,,, G
out carrying out the PP method.

ss|p,y can be evaluated swiftly with-

Goal: find optimal set x, ., Of pilot points

Xp,opt — argmin(é(GSS\Ya P))

Next, choose objective function ¢ In a task-driven way. Here [3, 4]:

- A-optimality (test case I):
1

P A(Gssly,p) = n—tface(Gssw,p); ns ... number of grid nodes

“estimate entire field well”

- C-optimality (test cases Il1&lll):

¢c(Gssly,p) = U,Z — G.p(Gpp + Rpp)_leyG;;MT
—_—
g ~ M

o, ... unconditional variance of prediction goal
“estimate prediction goal (e.g. head at a certain point) well. *

Optimization Algorithm: Minimize @
The method Is not bound to a specific optimization algorithm. Here, the
greedy algorithm Is used [5], I.e. PPs are chosen one after another.

Results & Discussion

Test Case |I: Some Basic Characteristics

- Objective function: A-optimality (“estimate entire field well”)
- Boundary conditions (fig. 1a) are the same for all test cases.

Optimal placement requires that:

Pilot points themselves should be uncorrelated (fig. 1c)

Ihigh - Pilot points and measurements should be correlated (fig. 1b+c)

Test Case |I: Task-Driven Pilot Point Placement
- Objective function: C-optimality

‘, I - Prediction goal: hydraulic head at a single point
low

Optimal placement requires that:
- Pilot point locations “follow” the prediction goal (fig. 2b and 2c)
-> pilot points and the prediction goal should be correlated
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Test Case lll: PP Grid vs. Optimal PP Placement

Compare regular spaced pilot point grid (289 points; fig. 3b) to optimally

placed pilot points (fig 3a).
- Objective function: C-optimality
- Prediction goal: cross-sectional flux
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Fig. 3a: Test case llla: opti-
mally placed pilot points

Fig. 3b: Test case llIb — pilot
point grid

Fig. 3c: objective function val-
ues fortestcase llla&b

11 optimally placed PPs (fig. 3a) perform equally well as the 289
equally spaced pilot points (fig 3b).
- Reduction of ~96% In the number of PPs.

Conclusions & Outlook

- Substantial iImprovement of PP placement is possible

- PP method faster with better placed but fewer PPs

- All necessary Iinformation for optimization can be extracted from a
small ensemble of realizations and optimization Is fast.

- Estimation error Ry, needs further investigation
- Method can be extended to include uncertain geostatistical models
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