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Hydrostratigraphy modelers are faced with competing
propositions about different components of the conceptual
model (e.g. model data sets, calibration data sets,
mathematical models, geological structure assumptions,
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We utilize geophysical logs and local geological information,
to construct indicator-kriging hydrostratigraphic fault model
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We use 215 driller logs for model calibration. Table(1) shows
two competing calibration propositions, in which we interpret
the undetermined materials (i.e. driller log terms) as part of:
1) Clay assemblage complex facies
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Baton Rouge fault system in Louisiana consisting of 5 ( F }
1) Baton Rouge (BR) fault, which is of particular importance =i3m T} I | || 2 If geological stationarity assumption seems inappropriate, it
from a resource standpoint since it acts as a conduit- 0 200Q.m 0 200Qm . | |

IS helpful to divide the system into subdomains that are likely

to be stationary. We adopt two propositions of stationarity:

1) Global geological stationarity over the entire model Nt E5r
domain, since ratios of sand facies as interpreted from =
geophysical logs are similar in the three model subdomains

2) Local geological stationarity at each model subdomain,

since geological processes of fault system activities differ
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We calibrate the hydrostratigraphic model with the driller the geological
logs, using the covariance matrix adaptation-evolution | structure at each e 1o
strategy (CMA-ES) [Hansen, 2006], which is a state-of-the-
science stochastic local search method. T oz

Figure(3) Manual delineation of
sand sequences using ER, SP
and GR curves

barrier to a series of fresh water and brackish aquifers
north and south of the fault, respectively

2) Denham Springs-Scotlandville (DSS) fault, in which we
Investigate the fault throw for the first time In this area,
since previous studies [e.g. Rollo,1969] assume no fault
throw

Figure(2) decreasing bed boundary
shale baseline from 13Q2.m to 102.m
leads to more sand units(blue color)

Vertical discretization is every 0.305m (1 foot) , with
measurement points varying from 800 to 3200 for each
borehole depending on the borehole depth.
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Figure(8) Leaky areas of the DSS fault illustrates
good hydraulic continuity. Leaky areas of the BR
fault, however, illustrates the vulnerability of the
Southern Hills aquifer system.

Significant leaky areas
In “1500-foot” Sand
elucidates the saltwater
plume [Tsai, 2010] (see
Figure 1)
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The decision variables of the inverse problem are:
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Figure (1) By considering only the BR fault similar to previous studies,
we divide our modeling domain into two subdomains. By considering
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Table (2) Structural parameters for two different modeling assumptions 99.99%

the BR and DSS faults, the model has three subdomains. Variogram Nugget Sill Range [km] (0.01%) (2.00%)  (26.63%) (0.58%) (0.01%) (0.03%) (70.70%)  (0.02%) variogram models
.. : .. Figure (9) BMA tree for conceptual models importance (weight)
When Characterlz_lng Complex Spa_tlal _varlatlc_)ns of sub_surface Given the sand ratio 38.78%, to avoid calibration bias toward Slelsz, el el o Uncertainty analysis of different modeling propositions:
geology, uncertainty exists resulting in multiple plausible clay over sand, the objective function separates the error to Local south subdomain 0.0905 0.1205 6.8 1) Data: Calibration Data Set I, which is more consistent
hydrostratigraphy fault models. We consider four hierarchies two least square error terms for sand and clay with w=0.5 toca: midc::e sgzdomfs\in 0601(1)5 00-1150055 16?;26 with geophysical interpretation, is significantly better
ocal north subdomain . . .

of uncertainty as follows:
1) Calibration data sets [2 data sets]
2) Geological stationarity assumptions of different aquifer
subdomains [2 assumptions]
3) Geological structures with respect to the fault system [2
conceptualizations]
4) Mathematical structures [3 mathematical models]
Each hierarchy represents one level of uncertainty with its
different competing propositions, resulting in 24 different
competing conceptual models.
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After calibrating the 24 models, we apply ML-HBMA method
to calculate the ensemble weighted model average, within-
model covariance and between-model covariance.

2) Geological structure: DSS fault throw Is significant and
should be considered In aquifer units delineation

3) Modeling assumptions: geological stationarity of aquifer
subdomains with local variograms assumption is favorable

4) Mathematical structure: Exponential model is preferable
In comparison to Pentaspherical and Gaussian models

5) Parameters: calibrated for each conceptual model

|11] Conclusion

 Hydrostratigraphy maps changed current geological
understanding by showing that the throw of DSS fault is
significant and causes aquifer units displacement

 Hydrostratigraphy maps provide insights on fault structure
and leaky areas that controls the saltwater intrusion

e By testing competing propositions and using information
from all models based on their model importance (model

= weight), we do not waste any calibration effort

5  Model importance is based on the evidence of data,
avoiding over-confidence in the best model that does not
necessarily have a dominant model weight

« BMA tree provides an epistemic framework for evaluating
sources, priorities and propagation of uncertainty.

| 8] Geological Structure Uncertainty

For mapping aquifer units with respect to fault system, while
BR fault causes aqguifers displacement up 105 m, Rollo [1969]
maps do not recognize the DSS fault.

We adopt two geological structure propositions:
1) DDS fault causes no displacement(two model subdomains)
2) DDS fault causes displacement (three model subdomains)
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| Figure(6) Rollo [1969] does not consider the DSS fault (left) resulting In
| Figure(4) BMA tree for 2 subdomains (i.e. south and north of the BR fault). Considering the DSS
uncertainty propagation fault results in 3 subdomains (right)
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