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From large scale geological model to On-site high-resolution analysis
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Research Project

/Using Machine Learning to Predict Temperature from integrating multiple geophysical
data A Comparative Study of Different Models/

@ Load Raw Data Generate New Temperature
1 1 (3 Excel files) Profile
A. Motivation
. e Resistivity (AMT) temperature
. Litholo gy o Error Diagnostics
. . SHAP

o Merge by long and lat
- Integrated :
0 g : Temperature :
: geophysical anomaly - -+ Quality Control et
O . * Exploratory Data Analysis . MAE
o : e Train-Test Split . R2

Training Model:
° Well W1 — Relative difference Ap ("/jé3 RF & SquAN & XG Boost
)g Il. Training
—{fii Figurel, Project Progress Flowchart
8 (;
Figure2, SHAP value Figure3, SHAP vs Feature(Temperature) _;{j;}} Figure4, Depth-dependent resistivity residual after training

— Identifying the mechanisms driving thermal profile anomalies 24/31

— Improving the interpretative accuracy and confidence of geothermal potential evaluations
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Geophysics-Informed Neural Network(GINN)

Backpropagation
Input r .
Layer Fully Connected Deep Neural Network
- el C):‘ S Loss Calculation Lurq |
Coordinates l§ ’ 5 oss Calculation L4, @
/ \/ Y (Data Misfit)
Predicted _ N Well Log Data
Temperature T — MSE = %Z e i Tere
(Ground Truth) o 5

uopmel = Abandoning standard scalar equations
Altributes

(e, Resistity,| } ST L ; » Tensorized Heat Conduction for Heterogeneous
Velocity, Automatic Differentiation Physics Residual Ly — @
Density) C)é (Autograd) (Heat Conduction Equation) = Strata
aT oT aT rm
O %'y’ 9z V- (kVvT)+H =0 Condfcnv?ny k . o .
2F 3 9f A il Thermal conductivity (k) is formulated
Hidden Layers (e.g., Tanh/Swish Activation) =i Residual = ]V - (kvT) + ”’ 2 5 o o
Layer f § o \ o as a directional Anisotropic Tensor and
J il automatically optimized as a learnable

Backpropagation (Physics Constraint)

Total Loss L;ora
Leotat = WaataLdata + thyscphys
* Coupled Physical Logic:

During neural network feature learning, a composite physical identification logic is established to  target
hydrothermal fracture zones:
Sweet Spot = Low Resistivity ) N Low Velocity(seismic) N Low Density gravity)

B. Future Work & Final Deliverables

1. High-resolution 3D continuous thermal field model
2. Validating predictions against existing borehole data and transferring to other high-potential geothermal sites24/31
3. Benchmarking prediction discrepancies across different algorithms

parameter.

Joint Optimization & Weight Update
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