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1 INTRODUCTION  

This report describes the work carried out as CAPES Chair at the University 
of Münster (WWU) from June 2013 to May 2015. During this time, I worked at 
the Institute for Geoinformatics (IFGI) at WWU.  

The following institutions supported my work: 

1. CAPES (Higher Education Research Agency, Ministry of Education, Brazil): 
provided a monthly stipend of � 3,500.00 and additional support for travel 
and health insurance, with at a total contribution of � 90,000.00.  

2. INPE (National Institute for Space Research, Ministry of Science and 
Technology, Brazil): maintained my monthly salary and also supported the 
research team on Geoinformatics at the Earth Observation directorate, which 
I lead, with a direct contribution of R$ 480,000.00.  

3. IFGI (Institute for Geoinformatics, WWU): provided an excellent working 
environment, and a � 100,000 grant to support a research team to work with 
me during my time as CAPES Chair at WWU. IFGI has provided an additional 
� 25,000 grant to support my research lab in Münster during the period 
06.2015-05.2016. 

4. Brazil Centre at WWU: provided extensive personal and institutional support, 
helping me to deal with daily issues, such as health insurance, bank account, 
and immigration matters.  

5. IKI (Germany International Climate Initiative): provided funding for the 
REDD-PAC project, which is lead by IIASA (International Institute for Applied 
Systems Analysis), and where the Brazilian part is lead by me, with a 
contribution of � 669.194,00.  

6. CNPq (Brazilian Research Council): provided support for the project 
“TerraME Multiscale modelling of society-nature interactons project, led by 
me during the period 01.2011 to 01.2014, with a total contribution of 
R$ 262.700. 

7. FAPESP (São Paulo Research Foundation): provided support for the project 
"Land use change in Amazonia: institutional analysis and modeling at 
multiple temporal and spatial scales", led by me during the period 03.2010 to 
03.2014, with a contribution of R$ 1.870.000. 

The support of all these institutions was essential to achieve the results 
reported here and is greatly appreciated.  



I would also like to thank the following individuals that provided scientific 
and personal support: 

1. WWU-IFGI: Prof. Dr. Angela Schwering, Prof. Dr. Christian Kray, Prof. Dr. 
Edzer Pebesma, Dr. Christoph Brox, Karsten Höwelhans, Heike Wiefel. 

2. WWU-Brasilien Zentrum: Dr. Ricardo Schuch, Luciano Januário de Sales.  

3. INPE-Earth Observation Directorate: Prof. Dr. Leila Fonseca (associate 
director). 

4. INPE-Image Processing Division: Prof. Dr. Lúbia Vinhas (head), Ricardo 
Cartaxo, Dr. Karine Ferreira, and Dr. Gilberto Ribeiro (Geoinformatics 
research team), Janete da Cunha and Denise Nascimento (logistic support). 

5. INPE-Earth Systems Science Centre: Dr. Pedro Ribeiro (TerraME leader) 

6. INPE-Computer Sciences Lab: Prof. Dr. Fernando Ramos and Dr. Aline 
Soterroni (REDD-PAC project). 

7. IPEA: Alexandre Ywata de Carvalho (REDD-PAC project). 

8. IIASA: Michael Obersteiner, Aline Mosnier, Johannes Pirker (REDD-PAC 
project).  

The � 100,000 grant I received from IFGI allowed me to set up the BLISS 
research lab in Münster (Big-data Lab for Interdisciplinary Spatial Science). I 
would also thank warmly the team that worked directly or indirectly at the 
BLISS lab from the period 06.2013-05.2015: Merret Buurman, Alber Sanchez, 
Victor Maus and Jim Jones. Due to their hard work, we could achieve significant 
results.  

2 RESEARCH QUESTIONS  

My work as CAPES Chair at WWU focused on a key element of global 
environmental change: land use change. Land use change is one of the most 
immediate consequences of humanity’s capability to transform the Earth’s 
ecosystems and landscapes to fit societal needs. During the 1980–2000 period, 
more than half of the new agricultural land across the tropics came at the 
expense of intact forests, and another 28% came from disturbed forests. In 
Brazil, about 100 million ha of forests in the Amazonia and Cerrado biomes have 
been cut since the early 1980s.  

 The pressure on land resources will increase in the next decades. Global 
population will increase to around 8.5 billion by mid-century and most of it will 



be urban. By 2030, 80% of people in Latin America and 45% of those in Asia will 
be living in cities. Crop and livestock demand and production will rise by around 
40% between 2008 and 2030. Energy demand is projected to increase by 45% 
between 2006 and 2030. As a result, citizens and politicians are asking scientists 
to provide qualified information that would allow wise decisions about the 
future of our planet. 

 Since land change datasets have a locational reference, Geoinformatics 
methods are essential to support land use change research. Such data comes 
from remote sensing images, census surveys, in-situ measures and sensor 
networks. As such, my work during my time as CAPES WWU Chair addressed the 
challenge of improving the science and technology of land information systems 
using Geoinformatics, by addressing two key research questions: 

a)   “Can we improve the architecture of land use information systems to 
increase their capacity to deal with big geospatial data sets and to provide 
better information for researchers and decision-makers?”  

b)   “Can we develop models and statistical analysis methods that increase our 
knowledge of what causes land change and our capacity to project scenarios 
of future change?” 

 The scientific results are described in the next sections. After we present 
the main scientific results, we also point out other activities that were carried out 
as part of the Brazil Chair in Münster.  

3 A NEW TYPE OF KNOWLEDGE PLATFORM FOR BIG EO DATA 

 The International Group of Funding Agencies for Global Change Research 
have recently sets out priorities for research on global change. They consider 
that we need “Enhanced environmental information service provision to users 
through knowledge platforms: Delivering applied knowledge to support innovative 
adaptation and mitigation solutions, based on the observations and predictions”. 
Given this motivation and my research questions, I worked together with my 
research groups at IFGI and INPE on the design of a highly innovative knowledge 
platform for producing land use and land cover change information from big 
Earth Observation data.  

 

 



State of the art 
in EO  

To better understand the potential impact of this research, consider the 
current state-of-the-art in Earth Observation (EO) data. Earth observation data 
analysis methods lag far behind our capacity to build sophisticated satellites. 
Despite the inherent nature of Earth observations as systematic data collection, 
scientists do not organize remote sensing images as space-time data sets due to 
the lack to computational support. Mostly, they produce land cover maps taking 
either a single or at most two time references. Scientists thus overlook the time 
reference inherent to Earth observation data.  

 Current global and large-scale land cover products are not fit for 
operational applications. The UN Food and Agricultural Organization estimates 
cropland in Africa as 319 million ha in 2010. In contrast, estimates from MODIS 
are 277 million ha, compared to only 152 million ha from the GlobCover global 
land cover map, produced by the ESA and EC JRC (Fritz et al. 2013). A review of 
GlobCover concluded that the product “cannot be used for any change detection 
application” (Bontemps et al. 2011). Global data sets such as MODIS Land Cover, 
GLC2000 and GlobCover have many mismatches on the spatial distribution of 
their land classes (McCallum et al. 2006) (Kaptué Tchuenté et al. 2011). To 
make progress on understanding land change worldwide, we need to improve 
the quality of the methods we use to generate these kinds of products. 

 Furthermore, land use practices are becoming subtler than just a transition 
from one cover to another (e.g., forest to pasture). We need to capture changes 
associated with forest degradation and temporary or mixed agricultural regimes 
(Broich et al. 2011). Forest transition areas have become more complex to 
describe and measure (Perz 2007). Recent research shows that much of the 
recent increase of agricultural productivity in Brazil is due to double cropping-
practices (Arvor et al. 2012). These results motivate us to explore large-scale 
time series of remote sensing data to improve global land use and land cover 
classification. 

Key design 
concept 

The design of our proposed knowledge platform for big EO data rests on 
one key idea. Since each Earth observation satellite revisits the same place at 
regular intervals, its measurements can, in principle, be calibrated so that 
observations of the same place in different times are comparable. These 



observations can be organized in regular time intervals, so that each measure 
from sensor is mapped into a three dimensional array in spacetime (cf. Figure 1). 
Researchers can then address any location in the spacetime box and perform 
operations in arbitrary spacetime partitions.  

By organising big Earth Observation data as multidimensional arrays, we 
can develop new spacetime methods for information extraction. These 
algorithms will seamlessly span partitions in space, time, and spectral bands. We 
have designed a system that allows remote processing of data stored in big 
processing servers, thus bringing the user to the data instead of bringing the data to 
the user. The complete infrastructure will be open source, and thus promotes 

reproducible science. 

 
Figure 1 – Mapping data from a sensor into a position in spacetime. This mapping allows 
designing spacetime data analytic methods in a generic and sensor independent way.  

 
Big EO data  

 Dealing with Earth Observation data requires methods capable of handling 
terabytes of data simultaneously. Geoinformatics researchers and practitioners 
need to develop methods to handle and analyse big data. However, existing 
approaches for EO data analysis and data management are not suitable for big 
EO data sets. In our view, there is a need for a new type of knowledge platform 
that:  

1. Manages large EO data sets in an efficient way and allows remote access for 
data analysis and exploration. 



2. Allows existing spatial (image processing) and temporal (time series analysis) 
methods to be applied to large data sets. 

3. Enables development and testing of new methods for space-time analyses of 
big EO data. 

4. Organizes databases and analysis methods to enable reproducibility of 
analysis procedures, and hence can be easily shared, published and 
replicated.  

Array 
databases 

 Leading database researchers put forward a set of requirements for 
scientific data management systems (Gray et al. 2005): 

1.   A data model based on multidimensional arrays, and not on sets of tuples. 

2.   A storage model based on versions. 

3.    Scalability to 100s of petabytes and 1,000s of nodes with high degrees of 
tolerance to failures. 

4.    Open source to insure that data is never “locked up”. 

 With this motivation, an MIT team led by Michael Stonebraker (the 
designer of INGRES and POSTGRES and winner of 2015 ACM Turing Award) 
developed SciDB (Stonebraker et al. 2013), an open source array database 
optimized for management of big data and for complex analytics. It splits large 
volumes of data in distributed servers in a “shared nothing” way. A big array is 
broken into “chunks” that are distributed among different servers; each server 
controls its local data storage. Arrays are multidimensional and uniform, as each 
array cell holds the same user-defined number of attributes.   



 

Figure 2 – Architecture of SciDB: large data sets are broken into chunks which are sent to 
distributed servers for efficient parallel processing of data analytics. Source: Stonebraker et 
al., 2013. 

 SciDB offers query languages that provide the basic framework for scalable 
array processing. These capabilities will be extended to address the specific 
needs of the Earth observations community. Since arrays are a natural data 
structure to store Earth Observation images, using SciDB researchers and 
institutions can break the “image-as-a-snapshot” paradigm. Entire collections of 
image data will be archived as single spatiotemporal arrays. 

 During my time as CAPES Chair in WWU, I lead a research team that 
worked to test the capacity of the SciDB software to handle big geospatial data. 
To assess its performance, we carried out a benchmark using the MODIS09 land 
product. Each MODIS09 tile covers 4800 x 4800 pixels with three bands at 250 
meters ground resolution. We combined more than ten years of data (544 time 
steps) of the 22 MODIS images covering Brazil.  A total of 11,968 images were 
merged into an array of 2.75x1011 (275 billion) cells and loaded into SciDB. We 
tested different SciDB operations on this dataset. The subarray operation 
selects subsets of large arrays. The apply function allows the application of a 
function to all elements of an array. The filter operation selects from an array 
those cells that match a predicate. The aggregate function calculates a 
combined value (e.g., the average) for all elements of an array. Fig. 3 shows 
timings of these operations as a function of array size for an average of 5 runs 
for cells varying in size from 46*10242 to 46*143362. The results show an 
encouraging linear behaviour by the SciDB algorithms.  



 
Figure 3 – Performance of image operations in SciDB. Processing time grows linearly with 
array size. Hardware: Intel Xeon CPU@ 2.0 GHz, with 8 cores and 32 GB memory. 
Source: Camara et al., 2014. 

 

Extending 
SciDB for GIS  

 Array databases have no semantics.  Arrays are multidimensional and 
uniform, as each array cell holds the same user-defined number of attributes. 
Attributes can be of any primitive data type such as integers, floats, strings or 
date and time types. Currently, SciDB has only functions for generic array 
processing, and has no specific functions for spatial and spatiotemporal 
processing. It does not distinguish spatial and temporal dimension, has no 
support for cartographical projections, and does not support neighbourhood 
operations.  So we will need to extend SciDB with a core set of functions that are 
common to most applications that deal with Earth observation data. This core set 
of functions will be developed to work efficiently on large distributed data sets 
on the server side.  

 To transform the SciDB array database manager into a spatial database 
manager, I carried out the following research during my time as CAPES WWU 
Chair. In Ferreira et al. (2014), we developed a formal algebra for 
spatiotemporal data types, based on three basic data types:  



1.  Time Series: Given a sensor in a fixed location, we measure values of a 
property at specified times. Examples are meteorological stations and 
hydrological sensors. 

2.   Trajectory: Given a moving object, we measure its location and 
specified times. Examples are cars and migratory animals.   

3.   Coverage: Given a predefined area (spatial extent), we fix a time for 
data collection, and given a spatial resolution, measure a value. 
Examples are remote sensing images and digital terrain models.   

 The model is set forth as an algebraic specification, describing data types 
and operations in a language-independent and formal way. The presented 
algebra is extensible, specifying data types as building blocks for other types. 
Using these operations, Ferreira et al. (2014) argue that this algebra is able to 
describe different kinds of spatiotemporal data and show how to define events 
such as deforestation and floods. 

 To map the spatiotemporal algebra of Ferreira et al. (2014) into SciDB, we 
need an interface that acts as an adapter between spatiotemporal types such as 
Coverages and TimeSeries and SciDB multidimensional arrays. In Camara et al. 
(2014), we introduce a generic field data type that can represent different types 
of spatiotemporal data such as trajectories, time series, remote sensing and 
climate data. Our generic field allows different semantics of multidimensional 
arrays. A time series of rainfall is mapped to a 1D array, whose indexes are time 
instants, and values are the precipitation counts. A set of remote sensing image is 
implemented as a 3D array, where one of the dimensions represents time and 
the other two the spatial extent. Logistic and trajectory models record moving 
objects by taking positions as time instances; its values are the object’s locations 
in space.  

Papers 
produced 

1. Karine Ferreira, Gilberto Câmara, Antonio Miguel Monteiro, “An algebra for 
spatiotemporal data: from observations to events”. Transactions in GIS, vol. 
18(2): 253–269, 2014. 

2. Gilberto Camara, Max Egenhofer, Karine Ferreira, Pedro Andrade, Gilberto 
Queiroz, Alber Sanchez, Jim Jones, Lubia Vinhas, “Fields as a Generic Data 
Type for Big Spatial Data”. In: Proceedings of the Eighth International 
Conference on Geographic Information Science (GIScience 2014). Vienna, 
Austria, 2014.  



4 BIG EARTH OBSERVATION DATA ANALYTICS 

The second research question we addressed in the project was the use of 
new methods for space-time analysis of Earth Observation data. In my time as 
CAPES Chair, I lead a research team that investigated the use of time series of 
vegetation indices derived from MODIS images to study methods for detecting 
land use change in Brazil. 

Since 2013, my research team has been using the dynamic time warping 
(DTW) algorithm applied to classification of large-scale EO data. The method 
works by comparing a temporal signature of a known event (such as a person’s 
speech) to an unknown time series (such as a speech record of unknown origin). 
DTW provides a robust distance measure for comparing time series. Our results 
show DTW is well suited for classification of land cover and land changes in 
Earth observation data (Maus et al., 2015a; Maus et al., 2015b).  

 Figure 4 shows the results of an analysis in the Brazilian Amazonia. We 
show three areas, each associated to a time series derived from MODIS from 
2000 to 2012. Area 1 was covered by tropical forest until 2004. Following cuts in 
2004 and 2006, the area was used as pasture until 2011, and replaced by 
agriculture. In Area 2, the forest has been preserved. In area 3, the forest was cut 
in 2003, and the land is being used for soybean agriculture since 2005.  

 

Figure 4 – Detection of land cover changes using time series of vegetation indexes in Mato 
Grosso, Brazil. Left: Google Earth image. Right: EVI2 8-day time series derived from 
MODIS images for three areas for the period from 2000 to 2012 (source: Maus et al., 
2015b). 

  



Our classification method using DTW requires matching subsequences of the 
time series associated with each pixel location to samples of the expected classes. 
We ran a case study in an area in Amazonia, Brazil, with strong deforestation 
and cropland expansion in the last decade. We selected the Porto dos Gaúchos 
municipality that covers approximately 7,000 km2 and is located in the state of 
Mato Grosso, Brazil, inside the Amazon Biome. In 2013 its total deforested area 
was 3023.6 km2, that is 42.9% of the original forest cover. The cropland area 
grew from 59.8 km2 in 2000 to 580.8 km2 in 2013. 

To validate our classification algorithm we used 489 random samples 
independent of the samples composing the temporal patterns. These samples 
were identified by visual classification of Landsat images from different periods 
of each agricultural year. Our method had a global accuracy of 87% for 
distinguishing between forest, pasture, and agriculture by single and by double 
cropping. Some of the resulting maps are shown in Figure 5. 

As part of the additional grant provided by IFGI-Münster for the BLISS lab at 
IFGI during the period 06.2015 to 05.2016, we will perform additional work on 
space-time analytics for big EO data.  

Papers 
produced 

1. Victor Maus, Gilberto Câmara, Ricardo Cartaxo, Fernando Ramos Alber 
Sanchez, Gilberto Ribeiro, “Open boundary dynamic time warping for 
satellite image time series classification”. In 29th International Geoscience 
and Remote Sensing Symposium. Milan Italy, 2015. 

2. Victor Maus, Gilberto Câmara, Ricardo Cartaxo, Fernando Ramos, F.M. 
Dynamic time warping applied to spatiotemporal agriculture mapping in the 
Brazilian Amazon. In 36th International Symposium on Remote Sensing of 
Environment. Berlin, Germany. 2015. 

3. Victor Maus, Gilberto Câmara, Ricardo Cartaxo, Fernando Ramos. Land use 
mapping in the Brazilian Amazon with remote sensing time series.35th 
EARSeL Symposium & 2nd Workshops on Temporal Analysis of Satellite 
Images. Stockholm. 2015. 

4. Victor Maus, Gilberto Câmara, Ricardo Cartaxo, Fernando Ramos Alber 
Sanchez, Gilberto Ribeiro, “A Time-Weighted Dynamic Time Warping method 
for land use and cover mapping”. Submitted to IEEE Journal of Selected 
Topics in Applied Earth Observations and Remote Sensing (2015). 

 



 

Figure 5 - Land use/cover maps produced by time-weighted DTW method for Porto dos 
Gaúchos, Mato Grosso. Each map shows the classification for an agricultural year (from 
July to June). Source: Maus et al. (submitted).  

 
  



5 LAND USE CHANGE MODELLING 

 In research carried out by my research team before my tenure as CAPES 
WWU Chair, we developed models for analysing and projecting future land use 
change. In this previous work, we used land use models with two separate 
components, one for land demand and other for land allocation. This division 
tries to capture the difference between the proximate causes of deforestation and 
the underlying driving factors. The proximate causes that are directly linked to 
the land use and cover change patterns, such as soil fertility, topography, 
infrastructure projects, and protected areas. The underlying driving factors are 
economic (price of agricultural commodities, access to rural credit), institutional 
(environmental policies, trade agreements) and technological (management 
practices, conversion efficiency). 

 In our previous research, we were successful in finding out the proximate 
causes of land change in Amazonia. To understand these causes, we developed 
statistical models (Aguiar et al. 2007) (Espindola et al. 2012) and data mining 
software  (Korting et al. 2013). We also developed toolkits for modelling land 
change (Carneiro et al. 2013).  

 As CAPES WWU Chair, I focused on uncovering the underlying forces of 
land change. These are external factors that influence local actions, and include 
demographic, economic or agricultural policies and trade relations. To model 
these forces, one needs models that capture global trade flows and relate 
regional land use change patterns to the national and global demand for goods 
such as soybeans, meat, maize and biofuels.  To that end, I am working with the 
Global Biosphere Management Model (GLOBIOM) (http://www.globiom.org), 
originally developed by the International Institute for Applied Systems Analysis 
(IIASA) (Havlík et al. 2011). 

 The GLOBIOM model is a global recursive dynamic partial equilibrium 
model that integrates the agricultural, bioenergy and forestry sectors. It 
represents land use competition between the major land-based production 
sectors. It accounts for 20 of the globally most important crops, livestock 
production, major forestry commodities, and multiple bio-energy pathways. The 
model takes into account a database for 2000 including land cover and land use 
maps and it simulates projections from 2010 to 2050. 



 

Figure 6 - Main inputs and outputs of GLOBIOM at different scales 

 Together with other researchers at INPE, IFGI, and IPEA, we worked with 
IIASA to adapt GLOBIOM to Brazil. Since GLOBIOM is spatially explicit, each of 
the major biomes in Brazil is represented in detail. Land diversity is captured 
using biophysical characteristics, market accessibility and carbon content. We 
modelled the various trade-offs for land policy to point out the possible 
outcomes of land policies by Brazilian public and private actors from 2020 until 
2050.  

Brazil is committed to reduce emissions from deforestation as a 

contribution to climate change mitigation and to conserve the country’s rich 

biodiversity. At the 2009 UNFCCC COP, Brazil pledged to reduce deforestation in 

Amazonia by 80% relative to the average of the period 1996-2005. Since then it 

has continued to lead the way on reducing emissions from deforestation, and is 

the first country to submit a forest reference emissions level (FREL) as a basis for 

REDD+ results-based payments under the UNFCCC.   

In future Brazil will need to extend the FREL to include emissions from 

other biomes than Amazonia, agree its commitments beyond 2020, and 

implement REDD+-related policies that are consistent with other policy 

objectives, including biodiversity conservation. GLOBIOM-Brazil projects future 

land use and agricultural production spatially for the whole country, taking 

account of both internal policies and external trade. The model results help 



decision-makers assess possible impacts of public policy on emissions, 

agricultural production and biodiversity.  

 

Figure 7 – Creation of a consistent land cover and land use map for Brazil. 

GLOBIOM-Brazil uses a new land cover-land use map that combines 

information from the IBGE vegetation map, the SOS Mata Atlântica forest map, 

the MODIS land cover map, and IBGE statistics for crop, livestock and planted 

forests (Figure 7). We estimated internal transportation costs for each product 

from land use, considering origin and destination. To project future emissions, 

we used national information on carbon stocks. We also assessed impacts of 

future land change on biodiversity priority areas. 

The model is calibrated for the year 2000 and projects land use up to 

2050. For validation, we compared the projections for 2010 with official 

statistics. Differences between IBGE survey data and model projections in 2010 

were less than 10%. We also compared PRODES/INPE deforestation areas in the 

period 2000-2010 with GLOBIOM-Brazil results in 2010. PRODES deforestation 

in the period 2000-2010 amounts to 16.53 Mha, while the model projects 16.93 

Mha.  

We used the model to explore different policy scenarios (section 8). We 

first consider a reference scenario (“no additional policy”) based on the previous 



version of the Forest Code, with no need for reforestation. This baseline scenario 

is compared with a full implementation of the new Forest Code, including 

restoration of illegally deforested land; small farms amnesty (SFA); and 

environmental debt offset quotas (CRA). We also explore the specific impacts of 

each of the components of the new Forest Code. 

According to model projections (Figure 8), the new Forest Code allows 

Amazon forest area to stabilize after 2020, and that Brazil will meet its target of 

reducing net deforestation in the Amazon by 80%, considering both primary 

forest cuts and reforestation. In scenarios without SFA or without CRA, the forest 

area will increase, indicating that SFA and CRA reduce the effectiveness of the 

new Forest Code. Brazil’s emissions under the new Forest Code are projected to 

decrease; there is even the potential for Brazil to become a net carbon sink due 

to the carbon sequestration of regenerating forest.   The model projects a 

decrease in primary forest area, balanced by forest regeneration. Thus, Brazil 

may need additional policies to ensure that forest regeneration does not directly 

or indirectly promote loss of existing forests.  

 

Figure 8 – Projections of total forest in the Amazon biome in different scenarios: NAPS – 
No additional policy, BRCOD – Brazilian Forest Code, BRCOD without SFA – Forest 
Code without small farms amnesty, BRCOD without SFA – Forest Code with 
environmental reserve quotas, BRCOD without IDB – Forest Code without illegal 
deforestation ban. 

 



 

Figure 9 – Projections of total cropland in Brazil in different scenarios: NAPS – No 
additional policy, BRCOD – Brazilian Forest Code, BRCOD without SFA – Forest Code 
without small farms amnesty, BRCOD without SFA – Forest Code with environmental 
reserve quotas, BRCOD without IDB – Forest Code without illegal deforestation ban. 

 According to the GLOBIOM-Brazil projections, the new Forest Code does 

not prevent growth of cropland area in the coming decades in any of the 

scenarios tested (Figure 9).  Even if forest area increases, gains in crop and 

livestock productivity will allow Brazil to continue increasing its agricultural 

output. GLOBIOM-Brazil projects that natural vegetation in Cerrado and 

Caatinga will have significant losses, due to the greater availability of land and 

lower protection than in the other biomes. The potential for deforestation in 

biodiversity priority areas varies between biomes but is highest in the Caatinga; 

up to 37% of the Caatinga’s biodiversity priority area is projected to be at risk of 

conversion.  

Overall, the GLOBIOM-Brazil projections show that implementation of the 

new Forest Code should enable Brazil to meet its existing commitment under the 

UNFCCC and even potentially become a carbon sink; however, further measures 

may be needed to avoid significant adverse impacts on biodiversity. 

 We intend to continue working in GLOBIOM-Brazil in the next years, 
together with the research teams from IIASA and IPEA. We hope that the model 
will produce results that are relevant for setting land use policies in Brazil. 

 
 
 



Reports, papes 
and data sets 

 

1. REDD-PAC team, “Assessing future impacts of land use policies in Brazil”. 
Report prepared for Brazil’s Ministry of the Environment, June 2015. 

2. Merret Buurman, Alexandre Carvalho, Gilberto Câmara, Aline Soterroni, 
Fernando Ramos, Ricardo Cartaxo, Pedro Andrade, “New land use and land 
cover database for Brazil” (manuscript in preparation, to be submitted to 
Nature Scientific Data). Dataset available openly at http://www.redd-pac.org. 

3. Aline Soterroni, Aline Mosnier, Fernando Ramos, Alexandre Carvalho, 
Gilberto Câmara, Petr Havlik, Michael Obersteiner, “Scenarios for emissions 
for land use in Brazil from 2020 to 2050” (manuscript in preparation, to be 
submitted to PNAS). 

6 COURSES TAUGHT AT IFGI 

 In addition to providing an excellent working environment, the Institute of 
Geoinformatics also offered me the chance to teach courses at IFGI’s Graduate 
Program. This was a good opportunity to interact with German and international 
students and to share some of my research and teaching experience. The courses 
taught were: 

• Spatial-temporal information for Society: Winter semesters 2013-2014 and 

2014-2015. 

• Introduction to Geographical Information Science: Summer semesters 2014 

and 2015.  

7 MASTER THESIS CO-ADVISED AT IFGI 

 I also had the opportunity to be co-advisor of three MSc thesis at IFGI, 
together with Prof. Dr. Edzer Pebesma. This was also a great opportunity to 
cooperate with IFGI researchers and students. The thesis I co-advised were: 

1. Merret Buurman, “Regionalisation of the Brazilian Amazon basin for 
improved land change modelling”. Master in Geoinformatics, Institute 
for Geoinformatics, University of Münster, Alemanha (co-orientação 
com Edzer Pebesma), agosto 2014. 



2. Kassiani Tsouvala, “Nighttime light images as indicators of quality of 
life”. Master in Geoinformatics, Institute for Geoinformatics, University 
of Münster, Alemanha (co-orientação com Edzer Pebesma), março 2015. 

3. Christopher Stephan, “Automating near real-time deforestation 
monitoring with satellite image time series”. Master in Geoinformatics, 
Institute for Geoinformatics, University of Münster, Alemanha (co-
orientação com Edzer Pebesma), maio  2015. 

8 RESEARCH PROJECTS SUBMITTED 

 One important action I carried out was to work together with the IFGI 
professors and staff to prepare a research proposal to the European Horizon 
2020 program. Prof. Dr. Edzer Pebesma and me led a consortium of European 
institutions that submitted a major research proposal to the Earth Observation 
call of the H2020 program. The proposal is titled “Big-EO-Analytics: An 
innovative platform for Big Earth observation analytics” and includes the following 
institutions together with IFGI and INPE: European Research Services GmbH, 520 
North Initiative for Geospatial Open Source Software, UN Food and Agriculture 
Organization, Fondazione Edmund Mach, Fraunhofer Austria Research GmbH, Institute 
of Geography of the Humboldt University Berlin, TerraDue Srl, and Wageningen 
University. The proposal asks for EU 3,000,000 for hree years (2016-2018). 

9 LECTURES 

 As part of my role as CAPES WWU Chair, I had the opportunity of giving a 
number of lectures that presented my research results and also talked about 
Brazilian Science in general. In general, the German academic institutions I 
interacted with were very interested in Brazilian Science, trying to understand its 
potentials and the chances for co-operation. The lectures I gave were: 

1. “Big Data: Challenges and Possibilities for Geoinformatics Research”, IFGI GI 

Forum; WWU, Münster, June 2013. 

2.  “Spatial data and public policy: observing the Earth”, World Social Science 

Forum, Montreal, September 2013. 

3. “Understanding and Representing Change in Geospatial Data”, ETH 
Geomatik Seminar, ETH,  Zurich, October 2013. 



4. “Science and Technology in Brazil: from Prebisch’s paradox to the Capricorn 
triangle”.  Inaugural Brazil Chair 2013-2015 Lecture, University of 

Münster, December 2013. 

5. “Open Source and open data: what changes in academia?”, Erasmus 
Mundus GeoMundus Symposium, Universitat Jaume I, Castelló, 
November 2013  

6. “Land change in Brazilian Amazonia: A case study in nature-society 
interaction”, ILÖK Colloquium, Institute of Landscape Ecology, 
University of Münster, November 2013. 

7. "Monitoring Tropical Forests and Agriculture: the Roadmap for a Global 
Land Observatory”. Copernicus Big Data Workshop, European 
Commission, Brussels, March 2014. 

8. “Uncertainties on land cover and land use data sets designed for global 
models”. Global Land Project Open Science Meeting, Humboldt 
University, Berlin, March 2014. 

9. “Land change in Brazilian Amazonia: a case study on nature-society 
interaction”. Center for Development Research (ZEF), University of 
Bonn, April 2014. 

10. "How did Brazil reduce deforestation in Amazonia?”. Tedx Münster, May 
2014. 

11.  “E-sensing: Big Earth Observation Data Handling And Analysis On Array 
Databases”. IFGI 20th Anniversary Symposium, Münster, June 2014. 

12. “Towards an Axiomatic Theory of Geoinformatics”. Research Center 
Spatial Cognition, University of Bremen, June 2014. 

13. “e-sensing: using big Earth Observation data to monitor global land use 
and land cover change”. FAPESP Week Munich, Deutsches Museum, 
Munich, October 2014. 

14. "Big Earth Observation Databases: infrastructure and spatiotemporal  
analysis". Institute of Geography, Heidelberg University, November 
2014.  

15.  “We now have a Geo-Linux. What's next?”. FOSSGIS Germany 
Conference, Münster, March 2015.  

16. "Nature-Society Interactions and Public Policies”. TU Dortmund, May 
2015. 



17. “Building a joint Brazil-Germany research agenda in the WWU”. Final 
lecture as CAPES WWU Chair, Münster, May 2015. 

10 FINAL REMARKS 

 The experience of working as CAPES WWU Chair was an excellent one. I 
had much support from all parties involved, especially from CAPES, IFGI, the 
WWU Brasilien Zentrum and INPE. As this report shows, the interaction with 
IFGI led to important scientific advances in Geoinformatics. Also, teaching and 
advising IFGI students was a mutually rewarding experience. I also interacted 
with many groups in German universities, including Bremen, Humboldt Univ- 
Berlin, Heidelberg, ZEF-Bonn, TU Dortmund, and Ludwig-Maximilians-
Universität München.  

 Overall, the CAPES WWU Chair program is a very good program, since 
there are benefits to all involved. The University of Münster takes the CAPES 
Chair program seriously, and the Brasilien Zentrum is very active to promote the 
interaction between Brazilian and German scientists. I hope the next CAPES 
WWU Chair may have an equally rewarding experience.  
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