GEQT
HERMIE ET ankocsmum

& PaLyrEgy
b LI
i(" WONTRENE E

INTERPRETATION OF A THERMAL RESPONSE TEST IN A BAYESIAN FRAMEWORK TO INFER THE
HYDRAULIC PROPERTIES SURROUNDING A STANDING COLUMN WELL

Louis Jacques and Philippe Pasquier

Geothermal Research Chair on the Integration of SCWs in Institutional Buildings

Department of Civil, Geological and Mining Engineering
Polytechnique Montréal

EGU General Assembly 2022 — Vienna, Austria

May 26, 2022
POLYTECHNIQUE
MONTREAL

= TECHNOLOGICAL
UNIVERSITY




1. INTRODUCTION

Objective :
- Infer the hydraulic properties using a temperature
response TRT unit

Standing column well (SCW)

- Groundwater recirculates in an open borehole

40 60 80 100
Time (h)

- Advective and conductive heat transfer, even Pipes -———F—A T
without net pumping _ =
Casing |
Thermal response test (TRT) Pumping %
chamber
- Continuous fluid heating Borehole .
- Temperature evolution leads to thermal wall .i.
conductivity
] Fractures -
------" -7 """ E \ 1
LWT == e = EWT | ] — = .
1 |
1 1 1 -

EGU22-6638 — Louis Jacques page 2



2. EXPERIMENTAL SITE

Bayesian inference of : Subsurface Hydrostratigraphic
materials units
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*adapted from Robert et al. (2022).
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3. BAYESIAN INFERENCE AND SIMULATION
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Bayes Theorem
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3. BAYESIAN INFERENCE AND SIMULATION
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3. BAYESIAN INFERENCE AND SIMULATION
/ \ Surrogate mode
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3. BAYESIAN INFERENCE AND SIMULATION
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4. RESULTS

Hydraulic
conductivities

with TRT
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5. CONCLUSION

Objective

- Infer the hydraulic properties using a temperature
response

Bayesian inference
- Assess joint and marginal probability distributions

- Update prior knowledge conditionally to
observations

Contribution

- Robust inference of hydraulic properties with a
thermal response test

- Thermal test for hydraulic assessments
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