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SWOT ANALYSIS

New modelling tools and sensor resolution for vegetation mapping:

what actually matters?

We have to get knowledge about our landscapes patterns and processes



New mapping tools and different sensor resolution

for vegetation mapping: what actually matters?

We do not end up with available tools (year 2017 and so on) and outputs…
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20122010

SIOSE: Sistema de 

Información sobre Ocupación 

del Suelo de España (CNIG)

CLC (CORINE): CoORdination

of INformation of the 

Environment (EEA)

Land use-land cover typologies

Vectorial format

‘Homogeneous’ land cover 

patches

Restricted or null temporal 

resolution

Traditionally: visual interpretation and digitalization
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1] CLASSIFICATION SYSTEM

FORESTRY MAP OF SPAIN

HABITATS DIRECTIVE ANNEX I



Expert-based methods: visual interpretation and fieldwork

EUNIS (level 1): Heathland, scrub and tundra

EUNIS (level 2): Temperate shrub heathland

EUNIS (level 3): Dry heaths

EUNIS (level 4): Sub-Atlantic [Calluna] - [Genista] heaths F4.22

HABITATS DIRECTIVE ANNEX I: 4030-EU dry heathlands

EUNIS

F4.22

1] CLASSIFICATION SYSTEM



CASE STUDY

Management plan

Mapping broad-scale vegetation patterns in 

complex mountainous territories

Habitat maps using modelling techniques in SCIĄSAC

of Natura 2000 Network in Cantabria (NW Spain)

26% of Cantabria. 25 hábitats…

3. Management 

Plan-Local actions

1. Spatial

distribution

2. Conservation

Status

Annex I

Álvarez-Martínez et al, 2017



1] CLASSIFICATION SYSTEM

EUNIS typologies in Cantabria

>100 EUNIS 3-5 level habitat types

Borja Jiménez-Alfaro 

(U. de Oviedo)
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2] OCURRENCE DATA

Points of occurrence data obtained from many 

sources with different uncertainty:

CLC 12, SIOSE, MFE25



2] OCURRENCE DATA

Points of occurrence data obtained from many 

sources with different uncertainty:

Previous detailed maps of protected areas



Vectorial LULC databases simplify complex landscapes mosaics by creating “homogeneous”

Landscapes patches inclufding different communities and environmental gradients…



There is a need for defining detailed (EUNIS, MAES…) typologies for large territories in order to 

accomplish landscape complexity, temporal variability and locally-tailored management practices



2] OCURRENCE DATA

Points of occurrence data obtained from many 

sources with different uncertainty:

Field campaigns (botanists)

Reference data: transects, sampling points



“Tablet System”. H2020 Working Group of Turkey

Reliable data for training models and conservation status indicators

2] OCURRENCE DATA



Geographical and environmental representativity

Successive vegetation databases corrected or confirmed previous data

2] OCURRENCE DATA



2] OCURRENCE DATA



Jose A. Prieto

Borja Jiménez-Alfaro 

(U. de Oviedo)

Fermín del Ejido

(U. de León)

2016-2018
25000 puntos

What actually matters?

Training

TestingTesting
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Remote Sensing (RS)

Satellite imagery:

Landsat 5TM and 8OLI 30m

Sentinel 2 A and B, 10-20m

DEIMOS-2, 4m

LiDAR derived data, 5-30m

ENV. LIMITING FACTORS

topography, climate, soil

3] PREDICTOR LAYERS



SATELLITE IMAGERY

2015-2018, MVC



A DATA MINING method or modelling algorithm for habitat mapping relates

occurrence data and the process-based environmental and RS predictors

MaxEnt: SWD format, Tunning parameters, Phillips et al (2006)

SDM: Multiple algorithms, Bootstraping, Naimiand Araújo (2016)

1

2
SPATIAL 

MODELLING

OCCURRENCE 
DATA

PREDICTORS

SPATIAL 
PREDICTIONS

MAPS

3

4] MODELLING



4030 –European dry

heathlands

EUNIS (level 4): Sub-Atlantic

[Calluna] - [Genista] heaths F4.22

0                      1E 1:50 000

4] MODELLING RESULTS



0                      1E 1:25 000

4] MODELLING RESULTS

9120 – Atlantic 

acidophilous beech 

forests with Ilex and 

sometimes also Taxus

in the shrublayer



Teselado de la 

vegetación en unidades 

fisionómicas (manchas 

homogéneas mayores 

de 5hectáreas)

Automatic and objective: depends on the models

E 1:25 000 UNCERTAINTYDOMINANCE +

4] MODELLING RESULTS



67.59% of overall accuracy
INDEPENDENT FIELD 

CHECKED DATA

CONFUSION MATRIX

Cross-validation of local AOO (concurrence) maps with independent TESTING data

4] RESULTS VALIDATION



Spectral uncertainty and unmixing

Landsat 8 OLI (30 m)

What actually matters?
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The Copernicus Services Data Hub provides a dedicated 

access to Sentinels user products. Login required. 

https://cophub.copernicus.eu/dhus/#/home

SATELLITE IMAGERY

2015-2018



Higher sun elevation and minimum cloud cover from USGS and ESA

LANDSAT 8 OLI IMAGERY

Zoom
175_033

false_color_752

Reflect BOA

Roads detail



Higher sun elevation and minimum cloud cover from ESA

SENTINEL 2A IMAGERY

Zoom
Sentinel_2A_1282

ReflecBOA_topo

Roads detail



SENTINEL 2A IMAGERY



VHR spatial resolution and RGB and NIR spectral data

VHR DEIMOS-2 IMAGERY



LATE SPRING 

LATE SUMMER 



Study area: Sierra del Escudo (Natura2000)

Vegetation (habitat) types:

4] MODELLING

Acid fens



Landsat 8 MVC 

Landsat8 x2

Sentinel2 x2

Deimos2 x2

+LiDAR +MDT
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Landsat 8 MVC 

Landsat8 x2

Sentinel2 x2

Deimos2 x2

+LiDAR +MDT

MODELLING RESULTS

High 

suitability

Low 

suitability



M M+L M+L+E M M+L M+L+E M M+L M+L+E M M+L M+L+E M M+L M+L+E

7130 73 0.622 0.615 0.617 0.556 0.562 0.591 0.689 0.687 0.659 0.638 0.644 0.608 0.702 0.699 0.667

7140 109 0.519 0.522 0.544 0.540 0.543 0.564 0.592 0.604 0.596 0.579 0.571 0.590 0.637 0.647 0.645

7150 1 0.203 0.231 0.493 0.313 0.306 0.536 0.350 0.381 0.599 0.796 0.760 0.834 0.380 0.399 0.527

71XX 113 0.514 0.515 0.546 0.629 0.621 0.597 0.593 0.592 0.595 0.526 0.511 0.536 0.642 0.641 0.640

Bogs>0.1 ha 296 0.541 0.541 0.563 0.577 0.576 0.583 0.616 0.619 0.611 0.574 0.567 0.575 0.654 0.657 0.648

7130 143 0.571 0.567 0.545 0.471 0.479 0.493 0.542 0.540 0.518 0.583 0.590 0.537 0.538 0.534 0.508

7140 289 0.524 0.524 0.511 0.508 0.512 0.499 0.478 0.487 0.481 0.533 0.525 0.507 0.491 0.489 0.484

7150 1 0.203 0.231 0.493 0.313 0.306 0.536 0.350 0.381 0.599 0.796 0.760 0.834 0.380 0.399 0.527

71XX 294 0.423 0.421 0.439 0.528 0.523 0.473 0.428 0.426 0.418 0.479 0.459 0.456 0.424 0.421 0.423

All Bogs 727 0.492 0.491 0.489 0.509 0.510 0.487 0.470 0.473 0.463 0.521 0.511 0.493 0.473 0.470 0.464

0-2000

4030 11561 0.310 0.310 0.219 0.340 0.336 0.207 0.236 0.228 0.166 0.339 0.335 0.214 0.166 0.163 0.139

6510 541 0.217 0.186 0.163 0.126 0.111 0.105 0.084 0.075 0.072 0.237 0.198 0.171 0.068 0.058 0.060

9120 1408 0.093 0.034 0.035 0.064 0.035 0.030 0.103 0.044 0.033 0.153 0.053 0.039 0.046 0.028 0.023

9190 395 0.136 0.065 0.019 0.100 0.056 0.016 0.047 0.029 0.010 0.143 0.067 0.014 0.037 0.022 0.012

9230 6198 0.088 0.041 0.024 0.069 0.038 0.020 0.045 0.027 0.016 0.116 0.042 0.023 0.025 0.017 0.013

9260 314 0.044 0.020 0.007 0.059 0.029 0.008 0.039 0.016 0.007 0.166 0.033 0.007 0.016 0.010 0.007

90X0 7101 0.186 0.161 0.106 0.165 0.146 0.086 0.103 0.092 0.059 0.185 0.156 0.094 0.064 0.059 0.047

80XX 2763 0.130 0.085 0.060 0.121 0.076 0.049 0.060 0.045 0.035 0.192 0.081 0.059 0.050 0.038 0.032

Other habitats 30281 0.202 0.178 0.124 0.201 0.182 0.111 0.136 0.122 0.087 0.229 0.188 0.119 0.092 0.086 0.072

All x 2
HABITAT N
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What actually matters?



Many classes are similar in composition, structure and function

(high EUNIS level) and need to be reorganized before bieng modelled

What actually matters?
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SPECTRAL SIGNATURES

Hyperspectral

meausrements



SPECTRAL SIGNATURES
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Soectral library: 

HABITAT TYPES



Spectral library: PHENOLOGY

SPECTRAL SIGNATURES

Hábitat 9120
(F. sylvatica)

Hábitat 9230
(Q. pirenaica)

Verano OtoñoVerano Otoño

B C DA



We reclassified EUNIS level to create homogeneous groups that can be 

mapped accuratelly with the available occurrence and predictor data

>>> EUNIS clases to less than 50

1] CLASSIFICATION SYSTEM



1] CLASSIFICATION TYPOLOGY

Land use-land cover

Vegetation types

2] OCCURRENCE DATA

Training

Validation

3] PREDICTOR LAYERS

Environmental limiting factors

Remote sensing: satellite and LiDAR

4] MODELLING PROCEDURE

Ensemble, sensitivity analyses

Data mining tolos…

What actually matters?



DEEP LEARNING PROCESSING

Deep learning

Deep learning is a class of machine learning algorithms that use a cascade of multiple 

layers of nonlinear processing units for feature extraction and transformation to learn 

about the feature to represent by using supervised or unsupervised appraches



DEEP LEARNING RESULTS

Random Forest ðrandomForest_confusion_1x1



DEEP LEARNING RESULTS

Deep learning CNN ðconfusion_11x11_acc_1 -2



DEEP LEARNING RESULTS

What actually matters?

Best results correspond to

Deep learningð11x11

Overall accuracy scores 

comparable to RandomForest or Maxent, 

minimum hit rates are much higer

when using Deep learning

Processing chain is promising when using an

optimal classification system: 

1] Update characterization of habitats types by

complete spectral library of habitat types; 

2] refining the EUNIS list and complete the

reference database across both:

- environmental and

- geographic dimensions



ARTIFICIAL INTELLIGENCE

Deep learning with multispectral imagery and limiting factors

Promisingé butwhatmore actuallymatters??

Deep learning spatial outputs ( Grafcan )



ADAPTIVE MAPPING

A continuous improvement through sensitivity

analyses involving data and methods



¡Gracias!

Jose Manuel Álvarez-Martínez

jm.alvarez@unican.es


