Guiding Deep Learning with Landscape Metrics
for LULC Mapping Applications

Part of project GeoWiKIl: Geographisches Wissen in Kiinstlicher Intelligenz integrieren
(Integrating Geographical Knowledge into Artificial Intelligence)

Presentation at the GeoAl conference, Ghent 2026

Nikolaos Kolaxidis & Dr. Christina Ludwig
GlIScience Research Group, Institute of Geography, Heidelberg University &
HeiGIT (Heidelberg Institute for Geoinformation Technology) gGmbH

04. June 2026 in Ghent, Belgium

s HEIDELBERG INSTITUTE
UNIVERSITAT z -&
HEIDELBERG GlScience H el G IT FOR GEOINFORMATION
§E1T 1366 TECHNOLOGY




Context & Motivation

LULC mapping profited strongly from Al
- Image processing of satellite imagery started in 1960s
- Increasing amounts of data required automation — Al
- Today: Al-based global datasets

But: limited integration of geographic principles
- High computational demands: learn everything from scratch

- Outputs lack spatial consistency: transferability often limited

- Affects generalization and interpretability




We claim:
We always know something about a region.

We propose:
— Use expected landscape patterns to “guide” models.



Landscape Metrics (LSM)

- Numerical description of

landscape patterns

Turner 1989, Wiens et al. (1993), Walz (2004), Walz (2012)

but also more recent works like
Gevaert/Belgiu (2022), Woodman et al. (2025),

Van Duynhoven et al. (2026)

Pixel-based (raster input)
Developed for landscape ecology

Three scales: patch, class, landscape
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“Old” but established research
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level
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pi—proportion of the
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A—total landscape area.
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Quantification of Landscape Similarity

Relative Mutual Information

1e12 Patch Density [n/ha]

(Dis-)Similarity to the county of Karlsruhe
was quantified by averaging difference
scores across all LSM
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Area of Interest | JS | KL WS KS
County of Freiburg | 0.1 |0.74 9.94e+08 0.21
County of Stuttgart | 0.08 | 1.37 4.29¢e+08 0.14
Holland (Control) | 0.38 | 5.81 8.92e+09 0.59
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- Jensen—Shannon Divergence (JS)
- Kullback—Leibler Divergence (KL)
- Wasserstein Distance (WS)

- Kolmogorov—Smirnov Test (KS)
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Used difference scores:




Research Question:

How can we “guide” the model
with this information?



Map Landscapes with SegFormer w......
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Model Framework
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Regularized Model Framework
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Regularized Model Framework

¥ g
t ‘!\Eﬁ;
AI i-"' e Loss function
b ﬁ ) E&'. -
E. s 4 Cross-entropy
34 { i Ny _)
Input data Segmentation model Preliminary prediction
Remote sensing data of current step ‘ Combined
: . _ loss function
| H
5 — - L — $ —
) ) - T . .;: E-J_ |
Feed-Forward network Predict landscape metrics Loss function
of current step Difference measures
A

IEE RN

a8
L= LccE + A Lrsw
Reference landscape metrics
of similar region

_--—-——-—-—————*



Experiments so far

Prior statistical & feature importance analysis
- Selection of 5 most important landscape metrics

(Edge Density, Core Area Index, Landscape Shape Index, Patch Density, Core Area Proportion of Landscape)

- Selection of 3 AOIs in south-western Germany and Holland as Control

Generation of reference data

1. Class-wise average values with tensor broadcasting (MSE)
2. Random-weighted-sampling from kernel density estimates (KDE; MSE)

Multiple experiments per reference set

- Weighted regularization term weighted via A of 0.1, 0.25, 0.5 and 1.0
- Comparison of experiments to baseline without regression head
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Initial results ~@.

All experiments converged ‘

Performance similar or reduced; differences between LULC classes
Large variations in runtime

Using full distributions best approach

—> Some regularization signals were beneficial for training.

— The framework needs more optimization.



So, what does that mean”?

We can use knowledge not only as input,
but as contextual data for guidance and restriction,
integrated directly into training process.

— Transfer information across regions already during training,
not only during inference.

—> However, more experiments and optimization needed.

(alternative reference creation strategies, spatial scale sensitivity of LSM distributions, area up-scaling ...)



Take-Home Messages

There are other ways to integrate information into DL models.

Prior statistical analysis and optimization still very important.
Look outside of your domain, there is a lot to discover and repurpose for your own work.

Always check your coordinate reference system! :)




Thank you all for your attention!
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