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Fundamental
Components of
Geospatial Al

* Data sources: Satellite imagery (MODIS, Landsat, Sentinel), UAV/drone data,
LiDAR, SAR radar, in-situ environmental sensors, lIoT devices, socio-economic survey
data (census, OpenStreetMap), and climate models.

* Algorithms: Machine learning models (decision trees, random forests, neural
networks, support vector machines, CNNs, and deep learning) .

* Tools: Google Earth Engine, Python (with libraries like GeoPandas, rasterio, scikit-
learn), R (with packages like rgdal, raster), TensorFlow, Google Colab, and PostGIS etc.
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Geospatial Al on Vegetation Dynamics
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Geospatial Al on Forest Bio-physical components

Model inputs

Deep neural networks (DNN) with transfer learning for forest variable estimation

Sentinel-2 imagery ;
Digital Elevation Model (DEM)

Canopy Height Model (CHM) &
Field reference data

Feature Matrix

Computation

b DNN Model
Transfer
Learning

Existing DNN
model

https://www.mdpi.com/2072-4292/13/12/2392#

- Mean Height - All species

m
] ]
[} o

o

Prediction [m)]

4]
5
0
0 10 20 30
Reference [m]
- Mean Height - Spruce
RM%E‘}E =313
251BAS =01 Ayt
. |BiAS% =10 o
E20 1 eanz 110 -
5o Wh s
_"g' 15 P L}
o ale ) S
& 10 et
o R E
&,
5fs :
0
0 10 20 30
Reference [m]
b
Refined DNN
Model

Estimate

Computation

Mean Height - Pine

30
RMSE = 2.2 -
RMSE% = 16.2 3

25 [ BIAS = 0.2 e
EIEAS%‘B =13 5

— =; 2 - .

E£.20 | joan =136 -

S N =266

B 15

42

o .

o 10 ¢

5 aosd
5 o £
i
0 10 20 30
Reference [m]

- Mean Height - Broadleaved

MSE =
RMSE% = 25.0
251BIAS =-00 .
- BIA:S%‘B; (.0 2
E£.20 | {fean = 142, e o
S |N=280 7
=15 Y,
o o :
3 7
a 10 | S
. .: .
51 .% 3':.
0
0 10 20 30
Reference [m]

Forest variable estimates



https://www.mdpi.com/2072-4292/13/12/2392

Geospatial Al on Vegetation Productivity
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Geospatial Al on Crop Yield estimation

Crop-Yield Estimation
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Geospatial Al on land-use and land cover-change
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Gap filling of Regarding Land Surface Temperature, Surface Albedo and NDVI
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Geospatial Al on Land Surface Temperature retrieval
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Geospatial Al on Soil Moisture
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Geospatial Al on AOD Gap filling
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Geospatlal Al on Air pollutlon
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Geospatial Al on climate modelling

A) Climate Model

https://ki-klima.iti.kit.edu/81.php
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Geospatial Al on Multi-Hazard Exposure Mapping
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Geospatial Foundation models

A geospatial foundation model is a type of large-scale deep learning model specifically trained on a wide array of
geospatial data, including satellite imagery, topographical maps, and other location-specific datasets. This type of
model learns to understand and interpret the complex patterns and relationships inherent in location data.

Forecasting Planetary & Societal Change: predict environmental changes, urban development, climate patterns, and
even socio-economic trends

Enhancing Image Recognition: Land cover classification

Contextualization of Geospatial Data: what is happening, what has changed

Prithvi Foundation Model (Collaboration with NASA and IBM)



Geospatial Foundation models
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Drafted methodology (EOCIS products)
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. . , (Dsouthampton
Experiment-Approach-1: Reconstructing S2 LAl dynamics through ML
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Experiment-Approach-2: Reconstructing S2 surface-reflectance through ML
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Adopted approach
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University of
@Southampton
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