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Physics-Informed Machine Learning for Geotechnics: 
Integrating Theory, Data, and Computation

The Evolution of Geotechnics: Models & Data

Empirical Era

Pre-1960s

Data used to fit equations

1960s-

Data used to calibrate models

Mechanistic Era

2010-

Data used to replace models?

Data-Driven Era?
Physics-informed

augment

The Opportunity

✓  Understand the data

✓ Detect problems early

✓ Inform “better” designs and processes

Explosion in sensing technologies: offer rich but underutilised data

Manual processing intractable!

Need automated methods to:

LiDAR Imaging Fibre Optics Ground Penetrating Radar

The Promise (& Problems!) of AI

AI training: 

Need data

Real-world diversity:

Need generalisation

Blackbox uncertainty:

Need explainability
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An Introduction to Neural Networks
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ො𝑢 = σ(w1x + w2t + b1)

w = weights (multiplicative terms)

b = biases (additive terms)

σ = activation function (introduces nonlinearity e.g. tanh)

An Introduction to Neural Networks

Space

Time

x

t

u

w1

w2

b1

ො𝑢 = σ(w1x + w2t + b1) 𝑢𝑚𝑒𝑎𝑠

"𝐿𝑜𝑠𝑠" = |ො𝑢 − 𝑢𝑚𝑒𝑎𝑠| (error)

Universal approximation theorem: neural networks with a certain structure can 

approximate any continuous function to any desired degree of accuracy 

Data-Physics Spectrum

Data-Driven Physics-Based

Data sizeSmallLarge

StrongWeak Prior knowledge

StrongWeak Interpretability/trust

Hybrid

We fuse ‘prior knowledge’ with data:

✓ Increases reliability

✓ Alleviates big data needs

Data-Physics Spectrum

Data-driven     Physics-based
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Data-Physics Spectrum

Data-driven     Physics-based

Pre-trained 

ML
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Data-Physics Spectrum
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Physics-informed (weakly 

constrained) ML

Data-Physics Spectrum
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Tunnel Asset 

Management as 

a Use Case

Motivation

Islington Tunnel 

Critical part of UK infrastructure network

Over 200 years old & visibly deteriorating

Current inspection & reporting processes are manual

Our Aim: to Build a “Digital Inspector”

For the Visible: LiDAR Combining Prior Knowledge with Data

Dataset 1

Large synthetic data DL
Stage 1:

Pre-training

Stage 2:

Fine-tuning

Dataset 2

Small real data
DL

General education

➢Like school

➢Learn general knowledge

Specialisation

➢Like on-job training

➢Adapt general knowledge 

to a specific task

Data-driven     Physics-based

Pre-trained 

ML
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Dataset 1: Physics-Informed LiDAR Simulators

Synthetic point 

cloud dataset

Open-source 3D 

graphics engine

Structural (finite 

element) model

Python 

parameterised 

input

Segmentation & 

defect labelling

Large synthetic dataset

Graphics Engine: “Tunnel Scanner”

High-Fidelity Simulations

Utilities

Segment 

layouts

Joint 

openings/dislocations

Synthetic Vs Real

Dataset 1:
Synthetic

Dataset 2:
Real
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Step 1: Segmentation

Ground truth Deep learning prediction

Overall accuracy >95% 

New deep learning architecture (LiningNet)

Step 2: Deformations

High-fidelity segment-wise deformations

‘Regular’ tunnel 

pattern

(Shanghai Metro)

‘Irregular’ tunnel 

pattern

(Wuxi Metro)

‘Irregular’ tunnel 

pattern

(Fuzhou Metro)

Step 3: Defect Analysis

Single LiDAR Scan

2D Converted 
Image

Does this scene contain 
anomalies?

Is this deformed geometry 
‘normal’?

3D Geometry

1. Identify
2. Classify
3. Measure

Predictions: Spalling
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DEPARTMENT OF ENGINEERING SCIENCE

Credit: Dr Sebastien Lemaire, EPCC, University of Edinburgh

For the Invisible: Ground Penetrating Radar Problem Definition

d1 d2
Surrounding soil

T
un

ne
l lin

ing

1 2 3 4 5 6

Petal 2 Petal 3 Petal 4 Petal 5 Petal 6Petal 1 Petal 1

Tunnel wall

GPRMax: Electromagnetic Simulator

Background soil Air

Grout Structure

GPR

Model

360° radargram

GPRMax

AI reconstruction

Synthetic Dataset

Parameters

➢ Plume:
Size 0-0.4 m
Permittivity: 10 -12

➢ Background:
Permittivity: 6 – 8

➢ Antenna model:
Frequency: 1.5 GHz

➢ Pipe size:
Diameter: 0.28 m
Thickness: 0.024 m
Permittivity: 2.3

Scan step: 4 degree 

3000 simulations

Fully 

parameterised 

shapes
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GPRMax Dataset Encoding EM Wave Propagation Physics

Results: DL-Predicted Reconstruction 

U-Net-Res101 

reconstruction accuracy: 

93.7%

Encoding EM Wave Propagation Physics
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Six-layer structure
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Ground truth

Data driven DL
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informed DL
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Online Platform: The Digital Inspector!

Data-driven era? Not quite!

Combining established physics with data likely more fruitful

Physics-informed machine learning

Significant potential for digital asset management

Ground penetrating radar

AI offers unprecedented opportunity to reveal the unseen

Summary

www.DCU-group.co.uk
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Contact us

bbs24@cam.ac.uk
Civil Engineering Building
7a JJ Thomson Avenue
Cambridge
CB3 0FA
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