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What is BedMap?

• Subglacial Topography— 
Decades of data (1966-2020)

•  Many variables — Only 8 are 
important

•  VHF radio waves — We measure 
the echo of the signal

Foto: © Per-Andre Hoffmann

Ice thickness of all the points (in meters)
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What is BedMap?

Foto: © Per-Andre HoffmannExample of the VHF radio waves method
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The problem: uncleaned data

What exactly can be wrong?

•  74.7M points — In more than 
50 years

•  Aleatory noise — From the 
hardware and the ice

•  Sudden jumps in thickness — 
They will corrupt our modern 
climate models

Foto: © Per-Andre Hoffmann

Extreme and unphysical jump in a single track
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The feature overview

We want to isolate the anomalies

Geometric baselines

Ice Thickness 

Surface Elevation

Bedrock Elevation

Geometric Discrepancies

Climatic Indicators

Surface Mass Balance 

Temperature

Dynamic Constraints

Ice Velocity (log transformed)

Surface Slope

Foto: © Per-Andre Hoffmann
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Detection strategy overview

Foto: © Per-Andre Hoffmann

Supervised GNN 
on Pseudo labels

Graph - 
Autoencoder

PCAAlong-Track-k-
Nearest 

Neighbors
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Latent-space 
Outlier carving

Weighted sum 
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Along-Track-k-Nearest Neighbours (Spike detection)

1 Find the 8 nearest neighbours
the points just before & after on the track

2 Reference = their median
the mean would let the spike hide itself

3 Scale by the local IQR
adapts to the local terrain roughness

4 Map through tanh → [0, 1]
big deviation → high score → outlier

z  =  | h − median | / IQR

score  =  tanh( z )

Does each point fit its k nearest neighbours along the track?

One high score = single spike  ·  many in a row = a bad track sector

Foto: © ArcticDesire.com Polarreisen, Pexels.com
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Foto: © ArcticDesire.com Polarreisen, Pexels.com
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Along-Track-k-Nearest Neighbours (Spike detection)
Score 
range

Points % of all Median 
residual 
(m)

0.00-0.10 69,729,757 93.3 % 0.4

0.10-0.30 4,011,617 5.36 % 14.7

0.30-0.50 544,586 0.729 38.5 

0.50-0.70 197,757 0.265 67.0

0.70-0.90 125,464 0.168 108.1

0.90-0.99 67,859 0.091 186.5

0.99-1.00 38,473 0.051 364.0
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Semi-Supervised GNN on Pseudo Labels

Pseudo-labels 

GNN

Results

Foto: © Jose Jorquera, AFP/Ritzau Scanpix
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→ 
→ 

• Overview of the GNN presentation:
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Non-ML, pure geometry motivated 
selection

•  Double hit — 2 tracks within 25 m, 
i.e. same spot measured twice 
(occurs 21.7 million times)

•  Disagree → outlier; agree → inlier

Foto: © Jose Jorquera, AFP/Ritzau Scanpix

•  Deciding factor? :
 - Local support area (2km radius)
 - Depth change between neighbours
 - Slope steepness between neighbours
 - ≥5 tracks, ≥2 surveys, ≥100 points 
(short summary version)

1.1 · Candidates for pseudo-labels
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1.2 · The resulting pseudo-labels

Foto: © Jose Jorquera, AFP/Ritzau Scanpix

•  This leaves us with :

646k unique inliers

 39k unique outliers
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3.1· Semi-supervised GNN

Foto: © Jose Jorquera, AFP/Ritzau Scanpix

•  Train target : 
The pseudo truth labels 
from section 1.

•  Input features :
 Are, what is given in the 
table, together with the 
edge table features from 
last slide

•  Output : 
Probability of being an 
outlier given from 0 to 1, 
where 1 = outlier.  
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Foto: © Jose Jorquera, AFP/Ritzau Scanpix
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3.2 · The training

Foto: © Jose Jorquera, AFP/Ritzau Scanpix
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•  Training routine :
 120 epochs with early stopping,
Start lr = 0.00102,

adjusted during run by CosineAnnealingLR,

AdamW optimization for gradient descent

•  2-models are trained:
To avoid classifying on 
trained data. 
 
Train/val : 90/10 – outliers
Train/val : 80/20 – Inliers 

Fold A train nodes:
17,386 outliers, 197,754 inliers
1,000,000 unlabeled

1 hour 34 min, 656k parameters

Fold B train nodes:
17,608 outliers, 319,586 inliers
1,000,000 unlabeled

1 hour 54 min, 656k parameters
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3.3 · GNN Results

•  Cross-region AUC ≈ 0.86 — on 
the unseen half

Foto: © Jose Jorquera, AFP/Ritzau Scanpix
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3.3 · GNN Results

•  Logit distribution, is based on the 
scoring of both models. 

38k outliers, 649k inliers. 
𝑙𝑜𝑔𝑖𝑡 = 0  𝑝𝑜𝑢𝑡 = 0.5

Foto: © Jose Jorquera, AFP/Ritzau Scanpix
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𝑝𝑜𝑢𝑡 = 0.7
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3.3 · GNN Results

Foto: © Jose Jorquera, AFP/Ritzau Scanpix

a point-level outlier score for all 74.7M

•  Outliers marked by red dots 
on ice thickness map. 

•  Scoring is done cross fold, 
between training areas. 
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Graph – Autoencoder (AE)

• Goal: learn to reconstruct only normal ice → outliers can't be reconstructed  
→ high reconstruction error = outlier

• Input features (6): ice_thickness, z, s_log, smb, temp, v_log 
• Issues of a plain autoencoder:

• no spatial context — each point is seen alone
• regresses toward the mean → blurry reconstruction
• rare-but-real regions also get high error → false alarms

Autoencoder

Foto: © ArcticDesire.com Polarreisen, Pexels.com

H. K. Christiansen | J. Happel | M. T. Padilla  17 / 32



University of Copenhagen, Applied Machine Learning 2026

Graph – Autoencoder (AE)

• Goal: learn to reconstruct only normal ice → outliers can't be reconstructed  
→ high reconstruction error = outlier

• Input features (6): ice_thickness, z, s_log, smb, temp, v_log 
• Issues of a plain autoencoder:

• no spatial context — each point is seen alone
• regresses toward the mean → blurry reconstruction
• rare-but-real regions also get high error → false alarms

Autoencoder

Foto: © ArcticDesire.com Polarreisen, Pexels.com
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Graph – Autoencoder (AE)

Foto: © ArcticDesire.com Polarreisen, Pexels.com
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Graph – Autoencoder (AE)

Foto: © ArcticDesire.com Polarreisen, Pexels.com
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Physical properties Unit

ice_thickness (surface 
→ bedrock)

m

z  (surface elevation) m

s_log (surface slope)

smb (surface mass 
balance (net 
accumulation))

kg 
m⁻²yr⁻¹

temp (temperature (  
in Kelvin) K

ice flow 
speed (magnitude)

m yr⁻¹

Cluster 
Feature 
space

Goal: subsample which represents the interer feature space

subsample 
per cluster

Per Cluster: 50k
 
100 Clusters * 
50k = 5M

Foto: © ArcticDesire.com Polarreisen, Pexels.com
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Graph – Autoencoder (AE)

Foto: © ArcticDesire.com Polarreisen, Pexels.com
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Foto: © ArcticDesire.com Polarreisen, Pexels.com
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Graph – Autoencoder (AE)

Foto: © ArcticDesire.com Polarreisen, Pexels.com
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Graph – Autoencoder (AE)

Foto: © ArcticDesire.com Polarreisen, Pexels.com
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Graph – Autoencoder (AE)

Foto: © ArcticDesire.com Polarreisen, Pexels.com
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Graph – Autoencoder (AE)

Foto: © ArcticDesire.com Polarreisen, Pexels.com
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Graph – Autoencoder (AE)

Foto: © ArcticDesire.com Polarreisen, Pexels.com

ae_score =
log 1 + AE

max log 1 + AE

𝑤 = exp −
neighbour_dist

1000

𝑣 = 2 ⋅ ae_score + 1 ⋅ 𝑤 ⋅ rank gradient

outlier_score =
𝑣 − min 𝑣

max 𝑣 − min 𝑣

Gives a contiues score 

The issue

The Solution
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Final Overview

Foto: © Per-Andre Hoffmann

Supervised GNN on Pseudo labels

Graph - Autoencoder

PCA

Along-Track-k-Nearest Neighbors
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Latent-space Outlier carving

•  All model evaluations,
On the ice thickness graph
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The Ensemble

Foto: © Per-Andre Hoffmann
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•  The final ensemble :
All models in an equally weighted mean. 

Numbers of outliers for 𝑝𝑜𝑢𝑡 ≥ 0.7 ∶ 27.854
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What We'd Do Differently

•  For the GNN 
Pseudo truth labels : 
Consider 25m -> 10m cross-section area for double points

K-NN-16 : 
Upgrading to 32 nearest neighbours in k-NN – larger local neighbourhood and more context, 
making it more robust to noise
  
Forcing nearest neighbours to have many tracks, e.g. ≥ 5 tracks, for more diversity. 

GNN model :
 3x -> 4x message passing, larger reach for the model to learn from. 

Better Optuna! – only ran for 8 epochs every time. 

Suggested improvements 

University of Copenhagen, Applied Machine Learning 2026

Foto: © Per-Andre Hoffmann
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Foto: © Per-Andre Hoffmann

What We'd Do Differently
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•  In general: 
Compare with BedMachine – An accepted model, that approximates Ice-thickness.

Variable analysis, try to find regions in the specific variables that correspond to outliers. 

Give individual weights for the final Ensemble model.  

Suggested improvements 

• Graph – Autoencoder:
1. Use velocity vector, not only magnitude
2. Varying hidden layers
3. Better clustering of the feature space 

• Latent Space Outlier Carving:
1. Find a better training set
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Dataset features 1/2

Foto: © Per-Andre Hoffmann
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Dataset features 2/2

Foto: © Per-Andre Hoffmann
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PCA

Foto: © Per-Andre Hoffmann
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Physics-Backed PCA 

•  Why use PCA? — Strict and 
linear algorithm

•  Geographic grids — To avoid 
the difference between costal 
and inland effects

Foto: © Per-Andre Hoffmann
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Physics-Backed PCA 

•  Standardize the data — We 
set µ=0, σ=1

• Covariance matrix — We 
extract the Eigenvectors and 
Eigenvalues

Foto: © Per-Andre Hoffmann

•  Dynamic truncation — We 
add components until reaching 
95% of total variance

We now have exactly the 
"normal" rules of the ice into 
the latent space
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Physics-Backed PCA 
• Latent Reconstruction — 
The data is projected into the 
truncated latent space and 
then back to the latent space 

• Reconstruction error — Using 
mean squared error across all 
features

Foto: © Per-Andre Hoffmann

•  MAD — Standard deviation 
explodes. MAD remains stable 
even if half the grid is corrupted

Using only 2.000.000 points

University of Copenhagen, Applied Machine Learning 2026

•  Min-Max scaler — To classify 
the points between 0 and 1, and 
avoid infinite outliers ruining 
everything 
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Physics-Backed PCA 

• Glaciological Physics Engine 
—  We pass now the results 
through a glaciological laws 
corrector

•  Along-Track Variance — With 
the rate of change, we check for 
massive jumps on the same 
flight

Foto: © Per-Andre Hoffmann

• Spatio-Temporal Intersection 
Validation — Check the cross 
section for two different flights.

We can fix it!
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Physics-Backed PCA 

• Basal Shear Stress —  Using 
ice density, gravity, ice 
thickness, and surface slope

•  Epistemic Uncertainty & 
Temporal Weighting — Prioritize 
modern data when considering 
crossovers

Foto: © Per-Andre Hoffmann

Almost there!

University of Copenhagen, Applied Machine Learning 2026

Using only 2.000.000 points
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Graph – Autoencoder (AE)

Idea: same autoencoder, but each point also sees its neighbours
How:

build an 8-NN graph in (east, north)
Linear → SAGEConv: h_i ← W_ℓ·h_i + W_r·mean(neighbours)

Fixes the issues:
spatial context ✓ — neighbours feed every layer
reconstruction = local normal, not global mean ✓
rare-but-real → handled later (balanced training + gradient check)

Architecture: 6 → 32 → 16 → 3 → 16 → 32 → 6 (SAGEConv, latent = 3)
Outlier = high reconstruction error on ice_thickness Foto: © ArcticDesire.com Polarreisen, Pexels.com
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Appendix for GNN on Pseudo Labels & Optuna

1 · Pseudo-labels — Non-ML fundamental outlier & inlier seeds

3 · GNN — Semi-supervised GNN on seeds & unlabelled
· Optuna — hyperparameter search

Foto: © Jose Jorquera, AFP/Ritzau Scanpix

University of Copenhagen, Applied Machine Learning 2026

2 · The k-NN-16 map — every point linked to its 16 nearest neighbours
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Non-ML, pure geometry motivated 
selection

•  Double hit — 2 tracks within 25 m, 
i.e. same spot measured twice 
(occurs 21.7 million times)

•  Disagree → outlier; agree → inlier

Foto: © Jose Jorquera, AFP/Ritzau Scanpix

•  Deciding factor? : 
 Local support area (2km radius)
 more on next slides!

A.1.1 · Candidates for pseudo-labels
University of Copenhagen, Applied Machine Learning 2026 H. K. Christiansen | J. Happel | M. T. Padilla  Appendix 11 / 25



A.1.2 · The support

•  Gather — points within 2 km radius

•  Required global support qualifications: 
 ≥5 tracks, ≥2 surveys, ≥100 points (excluding the pair),

•  Required support point qualifications: 
 All points must have a max of 200 m depth change to its 4 nearest neighbours

 All points must satisfy the relation with all its 4 nearest neighbours: 

Δ𝐻 ≤ 𝑠𝑚𝑎𝑥  𝑑 + 2𝜂

 

Foto: © Jose Jorquera, AFP/Ritzau Scanpix
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A.1.2 · The support

Foto: © Jose Jorquera, AFP/Ritzau Scanpix

remove all points that don’t satisfy 
this and the 200m ice depth 
criterion. If below <100 points or 
more then 30% of the total support 
has been removed, discard the pair. 
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A.1.3 · The cone verdict

Step 2 — judged vs 
OTHER tracks

•  An inlier needs: 
- Support in all 8 octants
- To be inside all bands

•  An outlier needs: 
- Support in all 8 octants
- 1 missing band or more
- Its double hit partner to pass

Foto: © Jose Jorquera, AFP/Ritzau Scanpix
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A.1.4 · The resulting pseudo-labels

Foto: © Jose Jorquera, AFP/Ritzau Scanpix

21.7 million pairs 
- 9.9 million (discarded)

 Pairs that didn’t pass the support check
 Double outliers
 Double disagreeing inliers 

Δ𝐻 > 2𝑠𝑚𝑎𝑥 𝑑 + 2𝜂

  

→

•  Overview — of the processed pseudo-labels:

11.1 million double inliers + 0.7 million 
inlier/outlier pairs →

646k unique inliers + 39k unique outliers
 5k conflicted points before these numbers were 

discarded (labelled both as inlier and outlier)
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A.2.1 · The k-NN-16 map

How all 74.7M points are connected

•  Graph — every point linked to its 16 
nearest neighbours, by Euclidian 

distance 𝑥2 + 𝑦2

•  ≈ 1.2 billion links (74.7M × 16)

Foto: © Jose Jorquera, AFP/Ritzau Scanpix
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A.2.2 · The edge table

Foto: © Jose Jorquera, AFP/Ritzau Scanpix

•  No coordinates — only 
relative distance + gradient
We do this, such that the GNN 
doesn’t flag an area bad, just 
because its unfamiliar

•  In each row, the graph 
contains :
Node, neighbour, distance 
and gradient

𝑒𝑖𝑗
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A.3.1 · The training

Foto: © Jose Jorquera, AFP/Ritzau Scanpix

•  Cross region 2-fold training :

Fold A train nodes:
17,386 outliers
197,754 inliers
1,000,000 unlabeled

1 hour 34 minutes
656k parameters

Fold B train nodes:
17,608 outliers
319,586 inliers
1,000,000 unlabeled

1 hour 54 minutes
656k parameters

University of Copenhagen, Applied Machine Learning 2026

•  Hyperparameter 
optimization by Optuna:

lr

weight decay

pos_weight

Unl_out_weight

hidden

latent

dropout

fanout

batch size

= 0.00102

= 3.18e-05

= 3.92

= 0.00209

= 384

= 192

= 0.111

= 16,8,8

= 4096
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Latent-Space Outlier Carving

• Pseudo-labels → Guided transformation→ Applied to 74 mio points →HDBSCAN in 
latent-space.  

Step 1: Step 2:

University of Copenhagen, Applied Machine Learning 2026

Foto: © Pixabay, Pexels.com
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Geben Sie hier eine Formel ein.

Latent-Space Outlier Carving
Guided Transformation

ℒ = ℒℬ𝒞ℰ − 1.0ℒ𝒸ℯ𝓃𝓉ℯ𝓇 + 0.05ℒ𝓇ℯ𝓅𝓊𝓁𝓈𝒾ℴ𝓃

University of Copenhagen, Applied Machine Learning 2026

Foto: © Pixabay, Pexels.com

H. K. Christiansen | J. Happel | M. T. Padilla  Appendix 20 / 25



Latent-Space Outlier Carving
Result: Separation of the Training set 

University of Copenhagen, Applied Machine Learning 2026

Foto: © Pixabay, Pexels.com
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Latent-Space Outlier Carving
Applied to 74 Mio points and HDBSCAN  

University of Copenhagen, Applied Machine Learning 2026

Foto: © Pixabay, Pexels.com
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Latent-Space Outlier Carving
Final outlier map

University of Copenhagen, Applied Machine Learning 2026

Foto: © Pixabay, Pexels.com

• HDBSCAN: Creates families where dense clusters
are!

H. K. Christiansen | J. Happel | M. T. Padilla  Appendix 23 / 25



University of Copenhagen, Applied Machine Learning 2026

Graph – Autoencoder (AE)

Foto: © ArcticDesire.com Polarreisen, Pexels.com

•  Final outlier statistics: 
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Latent-Space Outlier Carving – Loss Function 

University of Copenhagen, Applied Machine Learning 2026

Foto: © Pixabay, Pexels.com
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