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Installed thermistor array. Colorspot is the location where the thermistor array is used in MLanalysis. The Sensor Depth
dimension for the 3D model is 400 m _ 400 m _ 20m in XYZ directions.
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Problem Statement

This Investigation represents a feasibility study of machine learning
methods In surface/ground water exchange. A highly resolved numerical
model of water flow and heat transport was driven with time series of river
stage and temperature to produce time series of surface/ground water
exchange flux and pressure-temperature at multiple depths. The forecast
targets for the machine learning algorithms were the flux time series; the
subsurface temperatures and (or) pressure at multiple depths were used to
develop features. Features Included the temperature/pressure, time
delayed temperature/ pressure, and temperature/pressure gradients In
space and time.
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Methods

A The data were generated synthetically based on a 1-D cross-section of a 3-D

hydrothermal model developed for a Department of Energy monitoring site located
In southeastern Washington State.

A To examine the effects of sensor errors on our prediction, parallel erroneous data
were generated by adding zero mean Gaussian random errors with a standard

deviation equal to a given percent (100/SNR) of the variance of all measurements of
that type collected at all depths and times.

A 70% of data were used as the training-validation and 30% were used for testing.

A Four gradient boosting (GB) models were compared to estimate water flux using all
pressure and temperature sensors, only temperature, a single pressure, and single

combined pressure and temperature. We used regression tree (RT) as the base
model for comparison.

A Feature importance analyses were done using the gradient boosting built-in
function.
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Physical Modeling
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Left: 3D flow and heat transport model built for the study site, Right: the 1D
column model that mimics the Installed thermistor array. Color spot Is the
location where the thermistor array Is used in ML analysis. The dimension
for the 3D model iIs400m 400m 20m in XYZ directions.
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Feature Engineering

The infiltration flux at time, t, will not necessarily be reflected in the temperature and pressure
at depth at time, t. Thus, we allowed the learning tools to consider temperature and pressure
values at the time of surface flux inference and after some time delay as well as temperatures
and pressure before the time of flux. In addition to considering temperature/pressure time
series, we used spatial, and temporal gradients of temperature as the features of models.
Also, to sample the full range of temperature, pressure, and flux conditions while allowing for
training on time-delayed observations, we divided the 110,000 observation times Into Six
paired training/testing perigs
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Results (Classic ML)

Using pressure and temperature at multiple depths, GB was able to infer the flux with high
accuracy (Figure a and b). Using only temperature data appears to provide reasonable estimates of
flux with no noise (Figure c), but the performance Is highly degraded when measurement noise IS
added (Figure d). A single pressure sensor provides high quality flux estimates (Figures e and f),
which are improved noticeably by the addition of a collocated temperature sensor (Figures g and
h). This single combined sensor performs as well as an array of multiple sensors (Figures a and b).

Testing set predicted vs observed fluxes. For multi sensor
scenarios, sensorsplanted at 0.015 0.15, 0.195 m. Sensorsin the
single casescenarioswere located at 0.015m depth. The left panels
show results for noise free data while the right panels represent
noisy data. A,B: All-data;, C,D: only temperature; E.F. single
pressure; G,H: single collocated pressure and temperature.



