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Actueel Hoogtebestand
Nederland (AHN)

e Elevation data for the entire

Netherlands

 Products: DTMs, DSMs,

labeled point clouds.

@' UNIVERSITY OF TWENTE.

ITC

Noordzee

Image: AHN Viewer


https://viewer.ahn.nl/AHN4/DTM/0/5.33693/52.15323/3

AHN Point Cloud Classification Workflow

From raw LIDAR data to a high-quality classified point cloud

o Raw Point Cloud Automatic Classification 1 Automatic Classification 2 Automatic Classification 3 Automatic Classification 4
Raw. unclassified, Noise Removal Ground Surface. Buildings. Other Objects.
collection of points. Remaove outliers, artifacts, Triangulate soil model. Detect distinct height jumps. Automatic classification of
(Initial water also as ground) * Use size criteria. : : * Vegetation, Viehicles, Gantries.

~ moisture, birds.
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Noisefiltered cloud Buildings (crange) Other objects (purple)
Manual Correction 1: Manual Carrection 2: Manual Correction 3: o Manual Correction - Final QC Review.
Ground & Water Fix. Engineering Structures. Detailed Class Refinement.
Manually refine ground and Assign Docks, Bridges, Jetties Address detailed misclassificati Perform comprehensive final
1o Structures class. (.9, overhanging trees, quality control review,
complex _ . *

waler boundaries,
Remowve lemporary items, *

Water {blue) | - Tuctures (gre ass refine in progress igh-guality qu clou
S Crp— sty sty sorled g

) @ Ground (Maaveld) @ Water @ Buildings (oran @ Structures @ Other )
Final classes - bare earth - rivers, lakes, canals - roafs, Ea-cafnles. 3;!:} - engineering structures - veqetation, vehicles, and
(bridges, docks, jetties, gantry structures) ail other unclassified abjects

structire points

Image: ChatGPT & Gemini (can have errors)

@" UNIVERSITY OF TWENTE.

ITC



Bottlenecks in current AHN Labeling
Worktlow



| AHN Labels

Limited Semantic Classes

Class Description
Overig Other
Maaiveld Ground
Gebouw Building
Water Water

Kunstwerken Structures
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I Limitations

Overig: Catch-All Class

» Diverse objects grouped into "Overig” - Limited

semantic details.

Manual Efforts:

» Water and structures require manual refinement

» Large-scale labelling and quality control requires

significant effort and time.

* Prone to human bias in labelling.

Overig class in purple
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I Deep Learning for AHN Labelling



I Deep Learning for 3D Point Cloud Labelling

DL-based semantic segmentation can label 3D Why use Al for AHN?

oint clouds by automatically learning features.
¥ y Y d « AHN covers the entire Netherlands and is

regularly updated.

» Al can automate repetitive labeling tasks and

Improve consistency.

However, DL methods are highly data-driven.

. W Tl

Point Cloud Semantic Segmentation
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BGT as Training
Labels

« Contains detailed objects and

is well maintained.

e Available for the entire

Netherlands.

* Al can learn semantic patterns

from map-derived labels.
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Example BGT map
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3D Labels

Map2IimLas

» Large-scaled labeled dataset using

BGT maps and AHN labels.

« Data from five regions of the

Netherlands = 217Km?2

« Covering urban, suburban, rural

and forested scenes.

Supporting Road

H No Label Vegetation B Bus Lane Local Road WM Parking Space [ Railroad | section(green) Il Gridge
Water Bl Tree 0 Highway 0 Bike Path Entrance Supporting Road Buildi B Artwork
) e - Il Building
B Water Support Bare Ground [ Regional Road Footpath section(non-green)

@)l UN IVERSITY OF TWENTE Anjanappa, G., Oude Elberink, S., Maiti, A,, Lin, Y., & Vosselman, G. (2025). Map2ImLas: Large-scale 2D-3D airborne dataset with map-based 10
R * annotations. ISPRS Open Journal of Photogrammetry and Remote Sensing, 100112. https://doi.org/10.1016/j.0photo.2025.100112



I Semantic Segmentation for AHN

I\/Iap—&erived
Labels
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AHN point cloud in — Semantic labels out

DL Network Labeled
KPFCNN (Thomas et al. 2019) AHN Data

Classes

Water

Pervious Ground

Tree

Impervious Ground

Railroad

Building

Bridge
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I Quantitative Results

mloU: 83.3% Accuracy: 96.2%
Impervious
Water Ground Building
Pervious . :
Ground 94.2 Railroad 88.3 Bridge 63.8
Tree 98.8
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Confusion
Matrix

« What percentage of each class

is misclassified where

Highest misclassification is
between water and pervious

ground.
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Ground Truth

Water
Pervious Ground 0.94%
Tree - 0.02%
Impervious Ground - 0.03%
Railroad - 0.00%
Building - 0.06%
Bridge - 0.89%

&
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3D Predictions Confusion Matrix (Normalized)

20.62% 0.50% 0.06%
0.07% 1.64%
0.55% 0.00%
17.33% 0.00%
|
4.86% 0.05% 0.15%
0.42% 0.59% 0.14%
7.76% 0.17% 11.57%
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Results - Enschede

Missed building in ground truth correctly identified by Al
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Bridge and water more clearly labeled
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Point Cloud Map-derived GT 3D Predictions

. Water Pervious Ground . Tree . Impervious Ground Railroad - Building
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Results - Deventer

Confusion between water and pervious ground.

Point Cloud Map-derived GT 3D Predictions

. Water Pervious Ground . Tree . Impervious Ground Railroad - Building . Bridge
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Results - Giethoorn

Point Cloud Map-derived GT 3D Predictions

. Water Pervious Ground . Tree . Impervious Ground Railroad - Building
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I Key Findings

* Map2ImLas: 217 km? data labeled from BGT in Benefits:

~4 hours 1. Detailed semantic labels

° i ~ 2 . ~
AHN tiles ~22Km? labeled using Al 2 ~2hrs 2 Less manual effort

* mloU: 83.3% 3. Consistent nationwide labelling

» Can further be applied to label more semantic 4. Better support for urban planning and asset

classes.
management
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I Limitations of Al-Based AHN Labelling



I Limitations

Al performance depends on the quality of BGT-derived labels.

2 ' e N o s e
i
3

it

Point Cloud Map-derived GT 3D Predictions

IWrong Performance Measure due to wrong ground truth!: Even though Al labels correctly
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I Limitations

Al performance depends on the quality of BGT-derived labels.

IWrong Labels!: Impervious
ground labeled as pervious
ground (erf in BGT)

e g ~
- ;—ﬁ _. s

IWrong Performance Measure due to wrong ground truth!: Even though Al labels correctly
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I Limitations

Al can struggle in complex environments with unusual structures.

Point Clou 3D Predic' S
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I Limitations

Precise object boundary delineation in 3D point clouds is difficult.

Point Clou 3D Predic' S

@I UNIVERSITY OF TWENTE. 22



I Other Limitations

« Small objects like jetties, are difficult to identify « Human quality control is still required for quality

using Al. assurance.

Al reduces manual effort and improves speed but does not

completely remove the need for expert review.
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I Conclusion

e Current AHN Workflow = Few Broad Classes + Manual Refinement

« Proposed workflow: BGT + Deep Learning
« Can labels more semantic classes
« Reduced manual effort

 Scalable nationwide processing
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Learning From Maps

To Create New Ones

This project aims to detect
changes in BGT maps by
automatically interpreting
newly acquired airborne data
with semantic guidance from

existing maps.
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