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1. MOTIVATION



PROBLEM: Non-Destructive Testing of Built 
Infrastructure

ÅIt has been widely established that there is a 
growing amount of aged, concrete infrastructure 
coming to end of life.

ÅHowever, current NDT techniques are limited in 
establishing high quality reconstructions of concrete 
interiors.

ÅA 2019 [1] study tested and compared NDT 
techniques:

- X-Ray laminography

- Ground penetrating radar (GPR)

- Ultrasound

- Muography
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What is Muography?

ÅCosmic  muons  are produced from the interaction 
of high energy cosmic rays  and atomic nuclei in 
the upper atmosphere.

ÅThey are highly penetrating (~4GeV/c).

ÅHowever, a relatively low flux (1Ἣἵ ἵἱἶ ).

ÅPrimary interaction is Coulomb scattering ï 
common detectors are Emulsion Plates, gas 
detectors or scintillators .
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Limitations of Muography
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1. Muon imaging time

-  Relies on a low natural  muon flux.

- Multiple scattering  makes it hard to model the muon path.

- Thus, requires high statistics - so images can take days to months  to 
give reliable results.

2. Z-plane smearing

- Objects ósmearô in the direction perpendicular to the detector plane, 
creating shadows or artefacts .

- Limited angular acceptance  ( σπЈ) and inverse imaging problem 
greatly reduces z resolution.

3. Interpretability

- Produces somewhat noisy  images.

- Can be difficult to consistently and accurately interpret.

—



2. WHY USE MACHINE LEARNING?



ÅConvolutional filters are powerful tools for detecting patterns in data.

ÅThey are localised , with typical receptive fields of 3x3 to 5x5 pixels.

ÅHowever, these are user -defined  and limited to high level feature extraction, 
so cannot capture complex patterns.

Convolutional Pattern Recognition

Vertical Sobel Filter
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ÅInstead of a user-defined kernel, convolutional 
neural networks  (CNNôs) use a data-driven 
approach to optimise a kernel of learned 
parameters.

ÅThese are then layered for abstract feature 
learning (deep learning), where features can be 
used to perform a given task.

Why Use Machine Learning? 
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Figure: Example of abstract feature learning across many learned convolutions

üMuon Imaging requires long exposure times  to gather enough data for object resolution.

üWhy?  We're waiting for global pixelwise differences to exceed a threshold that allows human 

perception to identify objects.

üKey Question: Can we detect these differences before  they become perceivable to the human eye?

Back to the problem at handé



3. CURRENT WORK



ÅFor a supervised  task, we need inputs matched with ground truth 
labels.

ÅDue to the long sampling times, and volume of data required, we 
cannot rely on real data.

ÅWe instead use muography data from physics simulations for ML 
model training. 

Creating a Dataset

Simulation Specs:

- Framework:  Geant4 with Ecomug.

- Detector:  Lynkeos Muon Imaging System (MIS).

- Block Dimensions: 1m x 1m x 0.2m.

- Sampling time: 100 days (ρτȢτ ρπ muons/day).

- Image reconstruction using point of closest approach 

(PoCA).
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Creating a Dataset
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ÅDataset Diversity:

ÅRandomise number of objects

ÅRandomise placement.

ÅRandomise geometric characteristics of objects.

ÅMuon hits are gathered, scattering angles 

calculated, then volume is voxelised . 

Geometry Contents:

Á 700 unique geometry 

configurations.

Á Rebar Grids : 1-4 per volume, 

placed in XY plane.

Á Tendon Ducts : 0-3 per 

volume, spanning along XZ or 

YZ planes.

Á Air voids : 0-3 per volume, 

spherical.

ÁóUnknownsô: 0-2 per volume, 

random shape and density.
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Creating a Dataset

2D Image resolution (XY plane): 500x500 pixels, 2mm.

ÅModel Inputs:

- 100 image slices from each geometry.

- Each slice has 100 different versions with a different sampling 
rate (increments of 1 day).

- Input sampling rates are randomly sampled at each epoch for 
model generalisation.

ÅImage Upsampling Ground Truths :

- Use as a control to measure differences for sampling rates.

- Thus, choose highest available sampling rate: 100 days.

ÅSegmentation Ground Truths:

- Produced directly from the Geant4 geometries, sliced up to 
produce a ground truth for each geometry slice.

- One-hot encoded for model training.
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100 Day Sampling

1 Day Sampling 10 Day Sampling

Ground Truth Labels
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Task 1: Image to Image Upsampling
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Model:

Á Conditional GAN architecture used ï using a UNet with adversarial training.

Á cWGAN-GP, architecture based on pix2pix [2] with ResNet6 [3] at the bottleneck.

ÁOptimiser : ADAM

Á Loss functions : MAE (generator), Wasserstein loss (discriminator)

Reference Truth:
100 Day Sampling

Input:
1 Day Sampling

Output:
Upsampled Image
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[2] 2017 IEEE Conference on Computer Vision and Pattern Recognition (CVPR) (2017) 5967 ς 5976 https://doi.org/10.1109/CVPR.2017.632



1 Day
Muon Image

Upsampled 1 Day
Image

Ground Truth
100 Day Image

Task 1: Image to Image Upsampling
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Preliminary Results: Upsampling

Key Takeaways:

1. The model can take 1 daysô worth of 

data to produces an image that would 

otherwise take ~20 days .

2. At around 50-60 days, we see 

convergence.

ü This metric doesnôt capture the full 

picture.

ü We can break down the images by 

object type using segmentation.
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Structural Similarity Index 
Measure (SSIM) assesses:
Å Luminance
Å Contrast
Å Structure
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Task 2: Image Segmentation

ÅPerformed on the highest sampling (100-day data), for development.

ÅUtilises the ground truth geometries from our simulation setup.

ÅX-Y plane segmentation ï no z-information.

ÅLabels: concrete, rebar, ducts, voids, unknowns.

ÅModel: Same as upsampling model but using Dice and cross-entropy losses.
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Input: 100 Day
Muon Image

Output:
Segmentation Map

Reference:
Ground Truth
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Preliminary Results: Segmentation

Lilac = Concrete
Blue = Rebar Grid 
Red = Tendon Duct
Yellow = Air Void

1 Day 5 Day

10 Day 20 Day

40 Day 60 Day

80 Day Ground Truth

Å Instead of a high sampled muography ground truth, we use the actual geometry (from the simulation).

ÅWe perform semantic segmentation to classify each pixel in the image.
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Preliminary Results: Segmentation
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Å Inverse imaging problem means images get smeared in the z -direction.

ÅSince the model is using known geometries (without smearing), it has 

learned to distinguish between shadows and objects.

Lilac = Concrete
Blue = Rebar Grid 
Red = Tendon Duct
Yellow = Air Void

1 Day 5 Day

10 Day 20 Day

40 Day 60 Day

80 Day Ground Truth

ÅSegmentation significantly reduces shadowing/smearing effects.

—
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Preliminary Results: Segmentation
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ÅLet's look at how upsampling changes our segmentation 

outputs:

Lilac = Concrete
Blue = Rebar Grid 
Red = Tendon Duct
Yellow = Air Void

1 Day 5 Day

10 Day 20 Day

40 Day 60 Day

80 Day Ground Truth

ÅSegmentation significantly reduces shadowing/smearing effects.

ÅUpsampling shows a significant accuracy increase for low sampling rates.
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Preliminary Results: Segmentation
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Rebar Grid 1:

Á 25 mm Diameter

Á z = 107 mm

Rebar Grid 2:

Á 10 mm Diameter

Á z = 152 mm Air Voids (diameter):

Á 84 mm

Á 47 mm

Á 26 mm 

Duct 2:

Á 100 mm Diameter

Á z = 75mm

Duct 1:

Á 80 mm Diameter

Á z = 53 mm

Thin bottom rebar 

is almost non-

existent

Smallest void non-

existent

Patchy voids and 

artefacts Thick Rebar is almost perfectly 
reconstructed

Duct 2 has almost perfect 
reconstruction

Duct 1 is smeared 

downwards slightly

Ground Truth 100-Day 
Segmentation
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Preliminary Results: Upsampling and Segmentation

Å Dice coefficient ranges from 0 (bad) to 1 (perfect).
Å Above 0.7 is considered very good.
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Å Good perception increase at low 

sampling rates.

Å After ~20 days sampling, outputs 

worse than inputs

Å Upsampler may be altering data 

distribution such that it is hindering the 

segmenter.

Å Very high perception score, >70% 

for all sampling rates.

Å Upsampling provides significant 

perception increase.

Å Ducts are biased to edge 

placement and are large in size.

Å Poor perception scores < 15%.

Å Little difference with upsampling.

Å Class contains lowest proportion of 

pixels, biasing it to not focus on 

upsampling these features.

Å Harder feature to detect.

Å Ok perception score, considering 

some small shapes and very low 

densities.

Å Upsampling provides significant 

perception increase.

Å Breakdown of density, size and shape 

would provide more insight.

Rebar Grids
 
 

Tendon Ducts
 
 

Air Voids 
 

Ψ¦ƴƪƴƻǿƴǎΩ
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Summary
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Muon Imaging Problems:

1. Imaging time.

2. Z-plane smearing.

3. Interpretability.

Machine Learning Solution:

Å Upsampling  significantly reduces imaging time and reduces noisy 

effects.

Å Segmentation  significantly reduces smearing effects AND provides 

automatic interpretation of results.

Å However, work to be done to improve accuracies.

Moving Forward:

ÅTest model performance for lower sampling times, < 1 day.

ÅImproving model accuracies: use 3D and hybrid conv -transformer 
architectures for larger context size.

ÅTest models on real datasets , informing future simulation design.

Input:
1 Day Sampling 
image

Output:
Upsampled & 
Segmented 
image

Step 1: Upsampling

Step 2: Segmentation

1 Day Upsampled and segmented: Data Pipeline:
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