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Global Land Cover Maps
Maps Available Year Spatial  Res. Coverage

IGBP-DISCover 1993 1 km Global

University of Maryland land cover 1998 1 km Global

ECOCLIMATE II 2007 1 km Global

GlobCover 2010 300 m Global

GlobeLand30 2010 30 m Global

MODIS GLC 2012 500 m Global

GLC-SHARE 2014 (old GLC-2000) 2014 1 km Global

Copernicus Global Land Cover Map 2015 100 m Global

ESA CCI Land cover Map 2015 300 m Global

Corine Land Cover (CLC) Map 2018 100 m Europe

ESA WorldCover 2020 10 m Global

Dynamic World 2022 10 m Global

ESRI 2022 10 m Global

High 
Resolution
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WorldCover [2]

Dynamic World [1] 

ESRI [3]

Sentinel-2

[1] Brown, C. F., Brumby, S. P., Guzder-Williams, B., Birch, T., Hyde, S. B., Mazzariello, J., Czerwinski, W., Pasquarella, V. J., Haertel, R., Ilyushchenko, S., et al., “Dynamic world, near real-time global 10 m land use land 
cover mapping,” Scientific Data 9(1), 251 (2022).
[2] Karra, K., Kontgis, C., Statman-Weil, Z., Mazzariello, J. C., Mathis, M., and Brumby, S. P., “Global land use/land cover with sentinel 2 and deep learning,” in [2021 IEEE international geoscience and remote sensing 
symposium IGARSS], 4704–4707, IEEE (2021).
[3] Venter, Z. S., Barton, D. N., Chakraborty, T., Simensen, T., and Singh, G., “Global 10 m land use land cover datasets: A comparison of dynamic world, world cover and esri land cover,” Remote Sensing 14(16), 4101 
(2022).

High Resolution Global Land Cover Maps
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Geo-Foundation Models

Image credit: Xiong, Z., Wang, Y., Zhang, F., Stewart, A.J., Hanna, J., Borth, D., Papoutsis, I., Saux, B.L., Camps-Valls, G., & Zhu, 

X.X. (2024). Neural Plasticity-Inspired Foundation Model for Observing the Earth Crossing Modalities. ArXiv, abs/2403.15356.





Netherland
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✓ Based on field observations.
✓ Constrained by lack of access 

to remote areas.
✓ Extremely costly and time 

consuming.

In-situ measurements

Geospatial Reference Data: Aging fast!
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Geospatial labeled data: generalization problem!

variability in climate and cultivars (same crop)

Temporal 
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Geospatial labeled data: generalization problem!

Abbas, A., Linardi, M., Vareille, E., Christophides, V., & Paris, C. (2023, July). Towards Explainable AI4EO: An Explainable Deep Learning Approach for Crop Type Mapping using Satellite
Images Time Series. In IGARSS 2023-2023 IEEE International Geoscience and Remote Sensing Symposium (pp. 1088-1091). IEEE.

Spatial 



Big Satellite Data 
vs 

Limited Labeled Data
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Reference data: CV community

15Is this a dog?

Where are the animals in this image?

Which pixels belong to which animal?



Geospatial labeled data: Complex Semantic 
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Which crops are 
present in the scene?

What is the biodiversity of 
this landscape?



Multimodal Data…
…. for getting insight on EO data
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In-situ Measurements: LUCAS database

Images Credit: d’Andrimont, R., Yordanov, M., Martinez-Sanchez, L. et al. Harmonised LUCAS in-situ land cover and use database for field surveys from 2006 to 2018 in the European Union. Sci 
Data 7, 352 (2020). https://doi.org/10.1038/s41597-020-00675-z

Year 2006 2009 2012 2015 2018

Land Cover Wheat Barley Barley Wheat Wheat

Land Use/Cover Area frame 
statistical Survey



MVEO 28/11/2024
A. Abbas, C. Paris, A. Nelson, “Multimodal Satellite-Field data Integration for Scalable Crop Type Mapping with Limited Labels”, IEEE Transactions on Geoscience and Remote Sensing, vol. 63, 

pp. 1-12, 2025, Art no. 4412612, 
19
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Multimodality: Geospatial Reference Data

Paris, C., Martinez-Sanchez, L., van der Velde, M., Sharma, S., Sedona, R., & Cavallaro, G. (2023, October). Accuracy assessment of land-use-land-cover maps: the semantic gap between in situ 
and satellite data. In Image and Signal Processing for Remote Sensing XXIX (Vol. 12733, pp. 187-200). SPIE.
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Surveyed 
Land Cover:

Water 

WorldCoverDynamic World ESRI Sentinel-2
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Multimodality: Geospatial Reference Data

Paris, C., Martinez-Sanchez, L., van der Velde, M., Sharma, S., Sedona, R., & Cavallaro, G. (2023, October). Accuracy assessment of land-use-land-cover maps: the semantic gap between in situ 
and satellite data. In Image and Signal Processing for Remote Sensing XXIX (Vol. 12733, pp. 187-200). SPIE.
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Multimodality: Geospatial Reference Data

Paris, C., Martinez-Sanchez, L., van der Velde, M., Sharma, S., Sedona, R., & Cavallaro, G. (2023, October). Accuracy assessment of land-use-land-cover maps: the semantic gap between in situ 
and satellite data. In Image and Signal Processing for Remote Sensing XXIX (Vol. 12733, pp. 187-200). SPIE.
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Multimodal Perspective
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Field Data Collection Protocol
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Copernicus4GEOGLAM: Field data collection in Kenya

Multi-country Field Photo Dataset
•Kenya (2021, 2023) 
•Tanzania (2021–2023) 
•Uganda (2021–2022) 
•Mozambique (2025) 
•Zambia (planned, 2026)



Field Data Collection Protocol
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Maize crop in Mozambique Maize crop in Portugal



MVEO 28/11/2024

Field Data Collection Protocol
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STATISTICS FROM SPACE: Next-Generation Agricultural 

Production Information for Enhanced Monitoring of Food Security in 

Mozambique funded by Ministry of Agriculture, Food and Rural 

Affairs (MAFRA) (Republic of Korea)
26

Sentinel-2 grid

Crop associated with 
“Corn and Beans”
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S. Maurogiovanni, R. Sedona, G. Cavallaro, F.Celic,, C. Paris, “Combining VLM and Geo-Tagged Field Photos for Scalable Agricultural Reference Data”, IGARSS 2026 
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VLM to bridge the Semantic gap



Geo-Tagged Crowdsourced Pictures
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https://plantnet.org/



Geo-Tagged Crowdsourced Pictures
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CROP PHENOLOGY



Beyond traditional 
mapping…

…to better understand 
and model the 

complexity of our 
planet
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• 1,000,000 species are threatened (1 out of 8)

• 3.2 billion people are negatively affected by the degradation of nature

• 700 million of the 4 billion people living in drylands could be forced to 
migrate by 2050

• 75% of land-based environments are significantly altered, 50% of the 
world’s land surface is used to produce food.

IPBES Assessments 2018 and 2019
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• Our impact on the environment is immense

• …so is our dependence on a healthy environment.

• We are fast approaching several tipping points

• Without proper management, these environments & the natural resources 
they provide will be depleted & degraded, sometimes irreversibly

3 2



Crowd-sourced 
field photo series 
to evaluate 
remote sensing 
indicators of 
drought in east 
African 
rangelands
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RANGE - Resilient Approaches in Natural ranGeland 
Ecosystems funded by Dutch Embassy in Kenya [2024-
ongoing] (Participant to Scientific and Capacity Building 
Activities). 

Bare Soil

Non-photosyn. veg.

Green Vegetation



Drought-induced 
tree mortality in 
open 
Mediterranean 
forests 

A. Raunak, M. Huesca, P. Nyktas, C. Paris, 
“Assessing drought-induced tree 

mortality in open Mediterranean forests 
integrating Landsat time series, spectral 
unmixing, and UAS validation," in Forest 

Remote Sensing, 2026

MultiSource Data

Landsat Time Series
(1995–2020)

Climate Change 

Drought-induced tree 
mortality

Mediterranean Forests 
UAS data 

825 trees on 840 (R² = 0.95)

SU achieved the highest
accuracy in detecting plots 

with tree mortality

Landsat VIs are effective
for tree mortality in open 

Mediterranean forest.

UAS data are a reliable 
ground-truth source  in 

open forests.

Mortality Detection RS Monitoring

Mortality Detected (PA)

94% NDVI & NDWI

NDVI NDWI SU

1985 2025

98% SU

Temporal Analysis

1

2

3

4

Vegetation Index (VI)
Preparation

Fractional VI with 
Spectral Unmixing (SU)

LandTrendr VI Time 
Series Analysis

Mortality Detection
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Roof-based 
Indoor 
Temperature for 
Mapping Indoor 
Overheating 
Potential
T. Chigovanyika, C. Paris, E. Hendriks, C. 
P. Marghidan, J. I. Blanford¹, “The ROOF-
based Indoor Temperature framework: A 
city-scale, geospatial analysis of building 

overheating potential”, submitted to 
Building of Environment

Satellite Data ROOF-IT Workflow

WorldView-2 image

Automatic building detection

1

2

3

4

Building detection

Roof-type 
classification

Indoor Overheating 
Estimation

City-scale
Hotspot Mapping

Overheating hotspots

Overheating Risk

Densely populated central 
neighbourhoods shows high risk 
of overheating.

34,452 buildings analyzed

Roof Types in Tanga City

40% High Potential Risk

52% Low Potential Risk

51% Metal

20% Thatched 

13% Concrete 
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Market 
characteristics to 
provide insights 
into food 
production and 
consumption
B. Dusabe, Y. Dou, R. Manners, C. Paris, 

“EO-derived Geospatial Data For 
Monitoring Food And Nutrition Security: 

A Case Study of Rwanda," in IGARSS, 
2024

Open Semi-permanent Permanent

Rural Peri-Urban Urban

Food Gravity The project aims at understanding food 
flows using classic Gravity model and explainable 
Artificial Intelligence techniques.  ITC innovation 
research project [2023-2024]: (co-PI) 
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Future vision
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Paradigm shift:
   maps as intelligent, adaptive 

systems driven by real-time data, 
sensors, and AI…

Human-centered, trustworthy
GeoAI for better decisions

3 8



Collaborative & 
interdisciplinary
approach 
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How EO and GIS 
data can tackle 

Planetary Health 
challenges ?



The workshops aimed to facilitate a high-level 
discourse among policymakers, researchers, and 

industry leaders on the integration of cutting-
edge digital methodologies into Cambodia’s 

and Vietnam’s agricultural frameworks.

Stakeholder 
Workshops: Digital 
Transformation in 
Agriculture

41
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How can be a 

part of this 

c h a n g e ?

be OVERWHELMED by the change

DRIVE our change

OR

We have  two options:



https://www.masswerk.at/eliza/

https://www.masswerk.at/eliza/


“The measure of 

intelligence is the 

ability to change”

A. Einstein

46



Use resources that 

machines don’t have:

 

REMAIN HUMAN
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