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Abstract in English
This thesis provides an insight into the characterization and prediction of deforestation,
using community-based data and satellite-based deforestation alerts. Forest loss and
degradation is a growing global threat, accelerating climate change and the loss of
biodiversity. However, humans critically depend on forests, in particular tropical forests, as a
carbon sink and biodiversity hotspot. Community-based monitoring (CBM) can help to
provide insight into the processes and causes of local drivers of deforestation. Satellitebased alerts on the other hand, can provide timely detection of forest loss and degradation
events, independent from accessibility of forests. Both monitoring approaches have their
advantages and shortcomings.
Therefore, combining both, CBM data and Satellite data to predict and characterize the
drivers of deforestation can help to develop targeted conservation efforts. Additionally, it can
help to implicate REDD+ measures in a more transparent and fair manner, including local and
indigenous community in the process. This study reviewed, structured, and characterized the
available CBM data from the Biological Reserve Indio Maíz in Nicaragua. The CBM data held
crucial information of drivers of deforestation identified by a group of forest rangers of local
communities.
After structuring the CBM data into a coherent dataset by driver, a separability assessment of
the driver was undertaken, including auxiliary spatial data into the analysis. The JeffreyMatusita distance helped to understand the relationship between the drivers in consideration
of parameters like distance to river, DEM or distance to SENalert. It was found that the class
distribution of the drivers differs with each parameter. That indicates an influence of those
parameters on the drivers, with a separability ranging from 0.1 to 0.9, where Cattle has the
highest separability from other classes. Thereafter, a Random Forest (RF) model was trained,
to predict the drivers of deforestation based on the CBM data and the auxiliary data.
Ultimately, using the same RF model, a prediction map was creating, showing the most likely
drivers of deforestation on each SENalert pixel cell. The RF -model had an overall accuracy of
67% and the prediction map shows a distinct spatial pattern that suggests some dynamic in
the process of colonization of the Indio Maíz reserve.
The combination of CBM and satellite data proved to be effective and promising. However,
despite those promising results it is important to mention that the CBM data often comes
with bias from both the data collectors and the interpreters. A more targeted, decision-based
approach can decrease some of the bias, while a higher amount of data over a longer time
period can improve the results and reliability.
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Resumen en español
El presente trabajo de tésis presenta una caracterización y predicción de la deforestación
mediante Monitoreo Basado en Comunidad (MBC) y sistemas de alerta basados en datos
satelitales. La pérdida de y degradación bosques es una amenaza global que acelera el
cambio climático y la pérdida de biodiversidad. Sin embargo, la especie humana depende de
los bosques, particularmente de los bosques tropicales como sumideros de dióxido de
carbono y punto crítico de biodiversidad. El Monitoreo Basado en Comunidad (MBC) puede
proveer una visión en los procesos y causales locales de deforestación. Por otro lado, los
sistemas de alerta basados en datos satelitales pueden proporcionar detección en tiempo
real de pérdida de bosques y eventos de degradación independientemente de la
accesibilidad a los bosques. Ambos sistemas de monitoreo tienen ventajas y áreas de
oportunidad.
Al combinar datos de ambos sistemas para predecir y caracterizar los causales de
deforestación se pueden desarrollar esfuerzos de conservación dirigidos y específicos. Así
mismo, puede ayudar a la aplicación de medidas REDD+ de una manera transparente y justa
que incluya a la comunidad local e indígena en el proceso. Este trabajo revisó, estructuró y
caracterizó los datos basados en la Comunidad de la Reserva Biológica Indio Maíz en
Nicaragua.
Los datos recolectados contienen información crucial de los causales de deforestación
identificados por un grupo de guardabosques pertenecientes a comunidades locales.
Después de que los datos fueron estructurados en bases de datos por causal, se llevó acabo
una evaluación de la separabilidad incluyendo datos espaciales en el análisis. La distancia
Jeffrey-Matusita se utilizó para entender la relación entre los causales considerados y los
parámetros tales como “distancia a río”, DEM o “distancia a SENalert”. Al realizar el análisis,
se encontró que la distribución de clase de los causales difiere con cada parámetro. Esto
indica una influencia de dichos parámetros en los causales de deforestación con una
separabilidad dentro de un rango de 0.1 y 0.9 donde la ganadería tiene la separabilidad más
significativa con respecto a las otras clases.
Después, un modelo de “Bosque aleatorio” (BA) fue entrenado para predecir los causales de
deforestación basado en los datos de MBC y datos auxiliares. Finalmente, utilizando el
mismo BA, se creó un mapa predictivo que muestra los causales más comunes de
deforestación en cada celda de pixeles SENalert. El modelo BA tiene una precisión general
del 67% y el mapa de predicción muestra un patrón espacial distinto que sugiere un proceso
de colonización dinámico en la Reserva de Indio Maíz.
La combinación de MBC y datos satelitales prueba se efectivo y prometedor. No obstante, a
pesar de los resultados obtenidos, es importante mencionar que los datos MBC presentan
parcialidad natural o subjetividad por parte de los recolectores de datos y los interpretes.
Un enfoque más dirigido y basado en toma de decisiones puede disminuir dicha parcialidad
en los datos mientras que una mayor cantidad de datos recolectados en una cantidad de
tiempo mayor puede reducir la incertidumbre y aumentar la fiabilidad de los mismos.
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Glossary
BD

Bhattacharrya Distance

CBM

Community Based Monitoring

DEM

Digital Elevation Model

GTRK

Gobierno Territorial Rama Y Kriol

GWC

Global Wildlife Conservation

JMD

Jeffries-Matusita Distance

SAR

Sythetic Aperture Radar

REDD+

Reducing Emissions from Deforestation and Degradation

RF

Random Forest

S1

Sentinel-1

Patrimonialism

A form of governance in which all power flows directly from the leader.

UNFCC

United Nations Framework Convention on Climate Change

VIIRS

visible infrared imaging radiometer suite, fire detecting satellite
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1 Introduction
Around 30% of the earth’s surface land area is covered by forests. But over the last 30 years,
around 1,5 million km² of forests were lost to deforestation due to anthropogenic pressure
[1]. While forest loss and degradation are a global threat, the people most directly affected
by it are communities living in and around forests, critically depending on its resources [1, 2].
Tropical rainforests in particular play a crucial role in the world’s carbon cycle, serving as sink
and source [3]. To reduce the acceleration of climate change, the United Nations Framework
Convention on Climate Change (UNFCC) established a mechanism called Reducing Emissions
from Deforestation and Degradation (REDD+). It was introduced to support developing
countries in their effort to mitigate the global and local effects of deforestation and resulting
climate change [4]. Countries participating in the REDD+ framework need to establish a
credible, transparent, and reliable forest monitoring system of Measuring, Reporting, and
Verifying (MRV) at national level [5] in order to receive payments to protect their national
forests.
Properly implicated in a transparent manner, REDD+ could benefit communities equally, at
local, national, and international level. However, the implication of REDD+ monitoring relies
on national governments, who manage the monitoring and receive and distribute funds. In a
time of international unrest and instability, countries under a patrimonial or authoritarian
regime, like Nicaragua [6] are prone to abuse initiatives like REDD+. That leaves marginalised
communities, that rely on forests for their livelihood, at risk while they could otherwise
benefit from the funds [7]. Nevertheless, local communities are considered key actors in the
MRV process of forest monitoring [8].
Community-based monitoring (CBM) provides a cost-effective and reliable data source while
raising awareness and engaging locals in forest conservation[9, 10]. Remote sensing, on the
other hand, is used as a tool to monitor deforestation by using satellite images to observe
changes in forest cover. Combined with new machine learning methods remote sensing was
found to increase the accuracy in carbon sink estimation [11]. Complementing remote sensing
alerts with CBM data can improve the monitoring and characterization of deforestation[10,
12].
To be able to tackle deforestation efficiently and effectively, it is crucial to identify and
characterize the driving forces of deforestation [13]. Additionally, the prediction of drivers of
deforestation can facilitate targeted conservation efforts without having to survey every
instance of deforestation in a big area. That saves valuable resources like time and money and
contributes to the safety of the forest rangers [14, 15].

1.1 Case study Nicaragua - Deforestation
Tropical deforestation has been characterized as one of the main environmental issues in
Nicaragua [16, 17]. According to Hansen et al. [18] one of the highest rates of tropical
deforestation in Central America occur in Nicaragua. The Biological Reserve Indio Maíz (see
Figure 2) is Nicaragua’s largest remaining forest and under the countries’ highest legal
protection [19]. Despite that formal protection status, illegal settlers encroach this
community owned forest [20], while the responsible governmental agencies remain passive
[21]. Those settlers, mostly people from the pacific coast intrude the reserve illegally, cutting
8

and burning down big areas of the forest mainly to raise cattle (see Figure 1). A late
development is that churches are being built to establish stable settlements that are more
difficult to remove (communication with GTRK, 2019). In addition, the 2016 Hurricane “Otto”
damaged a large part of the Reserve [21] (see Appendix 2 for map indicating extent of
hurricane damage), making it easier for illegal settlers to clear the forest. Political unrest and
corruption left the communities and forests more vulnerable than before[6].
A good example of CBM is the Ranger Patrol programme in the Biological Reserve Indio Maíz,
Nicaragua. Indio Maíz is located in the southern Autonomous region and a territory shared by
indigenous Rama and afro descendant Kriol communities, which have formed their own
autonomous government, the Gobierno Territorial Rama y Kriol (GTRK). This study focuses on
direct human induced deforestation in the community owned Biological Reserve Indio Maíz
on the Caribbean coast of Nicaragua.

Figure 1 Deforestation in Indio Maíz; left, a recently deforested and partially burned area and right, an
older deforested area to raise cattle. Photo credits: C. de Castro Belli & GTRK

1.2 Problem Definition
Despite the promising application for CBM data, some issues have been identified in prior
studies. A common issue in CBM is the inconsistent monitoring frequency. The biggest
problem is that CBM data are difficult to use and require an extensive amount of data
curation, while there is no uniform methodology established. Neither for the data collection,
nor for data cleaning. Each country or community engaging in forest monitoring has their own
way of obtaining, saving and processing data. Monitoring guidelines can improve the
implementation of climate goals, such as REDD+ [11].
The second problem is linking CBM data with satellite data, because there is no overall existing
straight forward method how to combine these. Deforestation prediction has been done in
many studies [22, 23]. While characterization of drivers of deforestation was done using
optical imagery [24], a characterisation of drivers using SAR (Synthetic Aperture Radar)
derived products has not been accomplished yet. This means it is difficult to provide reliable
characterisations available for forests that are under a permanent cloud cover [25].
Therefore, it is challenging to create goal-oriented action plans to counteract deforestation.
9

1.3 Research Objectives
The final goal of this thesis is the characterization and prediction of drivers of deforestation
by combining CBM data with satellite-based alerts. CBM data gathered by forest ranger
patrols are categorized and structured systematically. By using a machine learning algorithm,
the CBM data, additional spatial parameters and SAR-based deforestation alerts are
incorporated to a prediction map and a characterization of drivers of deforestation.
The main research question to be answered is:
How can drivers of deforestation be characterized (and understood) by combining
community-based monitoring data with SAR-based deforestation alerts?
To answer aforementioned research question, the following research objectives (RO) were
addressed:
1. Pre-process (Filter and structure) CBM data into a consistent dataset.
2. Characterize the spatial relationship of CBM data (drivers) and remote sensing alerts
and create an extended dataset including additional spatial parameters.
3. Train a machine learning based algorithm that predicts drivers of deforestation
derived from spatial parameters.

Thesis structure
This thesis is structured into 9 chapters.
1 Introduction: including the global context of the study and the local focus, followed by the
problem statement and research objectives.
2 Theoretical background: detailed explanation of the recent developments in monitoring
approaches, social aspects and machine learning
3 Study Area: details about the geographical and political context of the study area
4 Data: information about the sources and characteristics of the data used in this study
5 Analysis: explanation about the analysis steps per research objective. Divided into 5.1:
CBM Data Curation, 5.2 Class separability, 5.3 Driver Prediction
6 Results: Results of the analysis displayed per RO divided into: 6.1 CBM Data Curation, 6.2
Class separability, 6.3 Driver Prediction
7 Discussion: critical examination of the results per RO. Divided into 7.1: CBM Data Curation,
7.2 Class separability, 7.3 Driver Prediction
8 Conclusion: Brief conclusion of the research and recommendations
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2 Theoretical Background
This section provides a theoretical background and more in-depth information on the
methods of forest monitoring and the current development of CBM and deforestation. It
can be seen as a literature review that is constructed in a way that the rest of the report can
still be read and fully understood without this chapter.

2.1 Monitoring approaches
In the broadest sense, two forest monitoring approaches exist. Spaceborne and ground-based
monitoring. In this study, the ground-borne monitoring approach corresponds to CBM and
the space-borne to satellite-based remote sensing technology. CBM data and remote sensing
have both been used in forest monitoring, but either one has its advantages and shortcomings
[8]. While CBM data give a real estimation of the causes of deforestation based on direct
observations in the field, remote sensing alerts provide estimations on the spatial extend of
forest loss and degradation.
2.1.1 Community-based Monitoring
Ground based monitoring can be done in many ways, community-based monitoring (CBM) is
one of them. CBM is increasingly used as a tool against aforementioned illegal activities in
tropical forests [26, 27]. It is of critical relevance in the identification of forest change and its’
underlying drivers and causes, particularly for small-scale changes. Furthermore, it can give a
good estimation of the time, area, specific location, which cannot be identified otherwise [8].
It can help communities to improve biodiversity and people’s livelihood [9]. CBM can improve
environmental democratization and autonomy of indigenous and local communities [28].
However, some issues arise from CBM, such as a lack of accuracy, lack of structure and limited
monitoring frequency due to lack of funding [15, 29]. These inconsistencies in the datasets,
as well as monitoring frequency [30] make analysis complicated and time consuming. CBM
data often is not straightforward and contains repetitions, colloquial language, spelling
mistakes and co-occurrences of drivers. To fully understand its potential, CBM data has to be
evaluated concerning their consistency, accuracy and complementarity with satellite-based
monitoring [10]. This requires a quality assessment and a considerable amount of preprocessing, resulting in the creation of a structure that can be used in further analyses.
2.1.2 Satelllite-based forest monitoring
In contrast to CBM, remote sensing is a widely used technique in the monitoring of
deforestation with the help of satellite data like those from ESA’s Copernicus program or
NASA’s fire incident alerts. Particularly in the scope of programmes like REDD+ (Reducing
Emissions from Deforestation and Degradation), an international initiative that aims to help
developing countries to reduce forest loss [31, 32]. In order to successfully combat
deforestation and communicate it to governments and the public, it is crucial to identify the
main causes and drivers of deforestation.
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However, due to a permanent cloud cover over tropical regions like Indio Maíz, the commonly
used monitoring with optical satellites is very limited. Optical sensors like those used on the
most prominent open-source satellites as Landsat or Sentinel-2 are not able to penetrate
clouds because of their short wavelength [33]. This has consequences on the accuracy, the
temporal resolution, and precision [34, 35].
Radar products, unlike optical imagery, are not affected by cloud cover thanks to their long
wavelength. Considerable effort has been made to improve deforestation detection in the
tropics using SAR-based satellite images in combination with optical satellite data [36-38].
Reiche et al. 2018 [39] show the potential of using S1 for providing SAR-based deforestation
alerts. The Synthetic Aperture Radar (SAR) products of the Sentinel-1 (S1) mission in the scope
of ESA’s Copernicus program is particularly suited to monitor deforestation and forest
degradation in the tropics due to its ability to penetrate cloud cover. They provide data on a
regular basis which makes it possible to timely detect and characterize deforestation, since it
operates independently from atmospheric conditions [22, 40]. This relatively young mission
was launched in 2014, which explains the short time span of available SAR-based
deforestation alerts (2018-2020) [41]. In the following those SAR-based deforestation alerts
will be referred to as SENalerts.
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3 Study Area
The Biological Reserve Indio Maíz is situated in the Caribbean Coast of Nicaragua in Central
America and extends over 2639 km² [15]. This lowland rain forest with occasional Raphia Palm
swamps and seasonally flooded forest receives more than 4000 mm of precipitation annually.
The reserve covers parts of two departments, Region Autónoma Costa Caribe Sur (RACCS) the Southern Caribbean Autonomous Region, and Río San Juan – the San Juan River.
Additionally, the majority of the reserve falls into the legislation of the Gobierno Territorial
Rama y Kriol (GTRK), an indigenous and afro-descendant government. The Rama-Kriol
territory covers an area of over 4000 km² (See fig. 1) [17].There are no roads present in or to
the reserve, thus boats and walking is the only way of accessing the communities and the
area.

Figure 2 Distribution of CBM data in the Indio-Maíz Reserve, where the green shape indicates
deforestation or forest degradation and the brown houses settlements. The other point
indicates direct and indirect observations of illegal activity (presence of invaders)

3.1 Forest Monitoring System in the Indio-Maíz Reserve
The Biological Reserve Indio Maíz is for the most part on indigenous land. This territory is
according to national law 445, chapter IV, art. 29- 31 owned by the communities, represented
by the communal government (GTRK). It has ownership of this territory and the sole
proprietary right to use their land, while the Municipalities, Central- and Autonomous
Government have to respect their decisions over the land.
13

The GTRK together with some local and international NGO’s established a patrol programme,
where a group of 13 forest rangers systematically survey the reserve to report and intervene
the illegal invasion of Indio Maíz. Surveys are made approximately 4-6 times a year, depending
on resources and political climate. This however takes a lot of time and resources since most
of the reserve is only accessible on foot or by boat (see figure 1).

Figure 3 Documentation of the Patrol program during the CBM, patrolling happens
mostly on boat or walking. Photo credit: Camilo Belli
Most of the observations of deforestation incidents in Indio Maíz are made within close
proximity from the rivers (see figure 1). This is partly due to inaccessibility for the rangers
collecting the data but also because agricultural encroachment begins from the easier
accessible river. A challenge is to observe and thus characterize the causes and drivers of
deforestation in more remote regions that are not detected by the rangers. The resulting CBM
data, albeit being very detailed, lacks consistency and structure to be implemented as-is into
a remote sensing algorithm.
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4. Data
This paragraph gives an insight to the data that have been used in the scope of this study. It
is structured into one paragraph per data source which are satellite-based alerts, including
SENalerts, CBM data and additional spatial datasets provided by the Territorial Government
Rama and Kriol (GTRK).

4.1 CBM Data
Prior to this research we received the Community Based Monitoring (CBM) data from the
GTRK. It is an extensive dataset of approximately 1500 observations from February 2015 to
September 2019 of incidents of deforestation, forest degradation and general observations
of human activities in the Indio Maíz Reserve. Any kind of illegal settlement, camp,
infrastructure, unauthorized human presence or proof thereof was recorded (see Figure 1).
The dataset might include the names of persons found in the reserve, area sizes of
disturbances or observation of weapons and natural disasters. Wildlife and biodiversity
occurrences were part of the database but not used further in this study.
The data was obtained by a group of 13 experienced forest ranger in the scope of a Patrol
Program created by the GTRK in partnership with Global Wildlife Conservation (GWC). All
observations were recorded on Garmin GPS devices and noted in a chart in the field. The data
was later transferred manually into a digital database that is used by the GTRK and the Patrol
rangers to manage observations. All data are shared for this research and can be used in
accordance with the GTRK (see appendix 1). Updated datasets of CBM program can be
received every 3-4 months. The causes and drivers of deforestation were derived from this
dataset. It was an excel sheet with a total of 77 rows, each of which describing a potential
feature of an observation. Not all rows were always filled out since they refer to different
kinds of observations. The language used in this dataset was mainly Spanish and native Kriol
with occasional very local terms (see Figure 3).

Figure 4 Example of raw CBM data as received from the GTRK
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4.2 SAR-based deforestation alerts
4.2.1 SENalerts
Sentinel-1-based alerts or SENalerts were received from the Laboratory of Geo-information
Science and Remote Sensing, Wageningen. Those alerts indicate tree cover loss on a 10 m
spatial scale (see Figure 2). They were obtained using temporally dense Sentinel-1 SAR data,
openly provided the European Space Agency (ESA) and a probabilistic machine learning
approach[22]. Using SAR waves that are able to penetrate cloud cover, provides data that can
be used independently of atmospheric conditions or sunlight. The SENalerts were available
from the period between 04-01-2018 and 25-01-2020.
SAR-based imagery gives a major advantage over the commonly used optical- based satellite
imagery [39]. These alerts serve the same principle as GLAD alerts by Global Forest watch,
that identify areas of forest disturbance [18]. These alerts play a central role in this project
next to the CBM
data.

(a)

(b)

(c)c
Figure 5 SENalerts in Indio Maíz; The red colour indicates a detected deforestation event between
2018 – 2020 (a & c). Those deforestation events are scattered and relatively small, leaving a scattered
landscape of forest disturbance. The deforested area around the SENalerts (c) is not detected because
it was most likely outside of the time frame, thus was deforested before 2018.
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4.3 Complementary (Additional) datasets
The following additional datasets were used as parameters in order to understand the
spatial distribution and characteristics of the drivers of deforestation in Indio Maíz identified
by the CBM data. The flow diagram Figure 4 provides an overview of the datasets used per
processing step to answer each research objective.
4.3.1 Fire Alerts: MODIS C6 & VIIRS
Fire data observed by MODIS C6, with a 1 km resolution and Visible Infrared Imaging
Radiometer Suite (VIIRS) at 375 m resolution satellites were downloaded from the NASA
FIRMS data Archive. These alerts show spatial points where a fire was detected at a specific
date by one of the above-mentioned satellites. The time window was set on 2014 - 2019 of
the Indio Maíz Reserve with a 10 km buffer. The fires are used for agricultural land clearing
and they mark the agricultural frontier in the western border of Indio Maíz. The southern
border is barely impacted because it borders to Costa Rica which has different environmental
regulation and enforcement system and the west of the reserve borders to the Caribbean Sea
(see figure 1 for reference).
4.3.2 Border Biological Reserve Indio Maíz
Spatial polygon of the demarcation of the Biological Reserve Indio Maíz, obtained from the
GTRK. It shows the spatial extent of the reserve that overlaps with the Rama and Kriol
Territory. This marks the extent of the study area. This spatial polygon was provided by the
GTRK.
4.3.3 Rivers
Spatial polyline dataset of the rivers inside the Indio Maíz reserve. Because the reserve
cannot be accessed by any roads, rivers are the main channel of transportation. Community
members, as well as illegal invaders use the rivers to enter the area. Proximity to rivers might
be a factor that correlates with deforestation. This spatial polyline feature class was provided
by the GTRK.
4.3.4 Shuttle Radar Topography Mission SRTM
From the SRTM a digital elevation model can be derived. It has a spatial resolution of 30 m
and a vertical resolution of 16m. It is provided by NASA and downloaded using the USGS Earth
Explorer.
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5. Analysis
This section gives a detailed description of the methods that were used in this research. In
attempt to answer the proposed research, the methodology was split into three main steps,
each one representing one objective. Where the first step contains of curation of the CBM
data (6.1). The second part (6.2), the definition of class separability, starts with some initial
preparation of the additional spatial data. Followed by a meta-analysis of the additional
spatial and the CBM data to understand the relationship between occurrences and
characteristics of deforestation events. The last step (6.3) was to train a machine learning
algorithm based on the finding of the second research objective, to characterize the alerts by
its most likely driver. One additional step (6.2) was the pre-processing that was necessary to
conclude the analysis.

Data

Analysis

Result

Figure 6 Flow diagram view the workflow in order to answer each research question

5.1 CBM data curation (RO 1)
The data curation process followed a five-step approach. The CBM data is the primary source
that categorizes causes and drivers of deforestation. It was executed in a stepwise approach
by filtering, cleaning and categorizing into a useful structure that can be incorporated into a
machine learning algorithm. Any redundant and repeating data were excluded from the
dataset. Ultimately a structure was created that best represents the drivers in a clear and
applicable way. This was mostly manual work of revision, adjusting and adapting, done in
excel and R. The procedure is comprised by roughly four rounds of filtering, each one
eliminating and ordering on a finer scale than the previous.
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The first step was to identify and remove any outliers and observations with wrong
coordinates that could bias the result. Following, spelling mistakes were corrected and
terminology aligned, and formatted in order to continue with the structuring of the data.
The second step was to group the observations into new, intermediate categories that served
as an umbrella in order to further sort the observations. Those categories were:
-

Human activity
Locations (reference points within the reserve)
Natural disasters
Wildlife
Others

After thorough elaboration of the categories, only the category with “human activity” was
kept, since it was the only one that comprised valuable information concerning deforestation.
The third step was to investigate and categorize the different observations of human activity.
In order to understand, structure and categorize, a glossary was made (Table 1). The original
Spanish terms were translated and a short description given, together with possible new
categories.
Table 1 Initial categorisation of Keywords found in the CBM dataset; including the
original keyword, English translation, an explanation of the characteristics and the
suggested use of data/categorization
Actividad Humana- Human activity
Original
category

English
translation

Explanation

# obs

Use of data/
categorization

Animales
domesticos

Domestic
animals

observations of horses, dogs and
cattle

14

only the cattle
observations
will be used:
new category
Cattle

Armas y
equipo

Weapons
and
Equipment

tools, traps and weapons found
by forest rangers

10

tools, traps
and weapons
found

Campamento

Camps

Active and inactive Camps of
83
Invaders (poachers, fishermen,
camps of colonizers “land
grabbers”), some include clear
cuts, “Carrilles” size is categorized
into small, medium and large.
Some have the approx. size
mentioned in comments

New category
infrastructure,
size to be
mentioned in
m²

Carriles

Skid Trails

cleared pathways in forest that
serve as demarcation of fincas
(houses) of invaders or to

own category
“Carriles” or
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123

facilitate access to core area of
forest. Some observations have
direction (n/e/s/w/) and width
noted
Casas

Houses

Houses built inside the reserve
often with names of owner,
construction material, some have
approx. size of house or
settlement mentioned. Size is
recorded in manzanas (1 mnz =
7000m²). Some are settlements
with churches (3) and schools (2)
on some occasion’s
deforestation, cattle, crops etc.

under category
infrastructure

77

category
infrastructure,
if necessary,
extract the size
and use of
deforested
land

Contaminacion Contaminati contamination of water and land
on
by chemicals, trash etc.

7

Human activity
as evidence for
invasion

Despale o
Socola

Clear
cutting and
clearing of
understory

Observations of deforestation by
cutting or burning. In some
comments it is noted how it was
deforested. Some mention the
land use after clearing

89

Deforestation,
Land use:
cattle, yucca,
coco, beans,
etc.

Gente
evidencia
directa
indirecta

direct-and
indirect
observation
s of people

Sightings of people that are in the
reserve (illegally), as well as proof
thereof. This can be old fire
places, traces of footsteps, litter

-

Human activity

Incendio

Fires

Any proof of fire that was used to
clear the understory or forest, not
campfires

-

Deforestation

Infraestructura Infrastructu
y caminos
re and
pathways

Any kinds of paths, small
infrastructure, that does not fall
in any of the other categories

-

Human activity

Madera

Wood
extraction

Evidence of illegal extraction of
wood and wood products

-

Deforestation

PlantacionHuerto

Crops

Plantations and Crops inside the
reserve, often co-ocurring with
houses and fincas

-

Deforestation

Transporte

Transportati mostly boats that entered the
on
reserve unauthorized, often
evidence of poaching / fishing
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21

human
presence, not
relevant for
deforestation

Many observations had the extension of area noted in different metrics: hectare, acres and
manzanas. Because of the lack of uniformity, the extent per km² was calculated as an
intermediate step.
The fourth step was to only extract observations that indeed suggested deforestation. That
minimized the dataset extensively, since many observations showed illegal trespassing of the
reserve, but no clear evidence of deforestation. Thanks to the prior categorisation it became
apparent that the deforestation data could be divided into Drivers and Management
practices. Each observation had 77 rows with often additional information, those were used
to help the characterisation of the drivers and management practices.
Each observation was reviewed individually and a driver, as well a management practise was
assigned. In case of missing, incomplete or unclear data “unknown” was assigned. Crucial
information like the area size, if applicable, and the management practise was kept.
Ultimately a dataset with the date, location, Driver and Management Practise was created
and saved in an excel file.

Figure 7 Intermediate structure of data; this was a crucial step to understand the relationships of the
dataset and to identify the drivers
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5.2 Characterization of deforestation (RO 2)
5.2.1. Pre-processing
Pre-processing of the complementary datasets and the spatial pre-processing of the
categorized drivers was performed in ArcMap and R.
5.2.1.1 Complementary Datasets
Primarily, the STRM tiles needed to cover the study area were mosaicked together and then
cropped to the extent of the Indio Maíz Reserve and a Digital Elevation Model (DEM) was
created. This DEM was then cropped to the same extent and pixel size as the SEN alerts and
masked by the Indio Maiz Boundary.
Secondly, the Euclidean distance was calculated for the remaining datasets. All Euclidean
distance calculation were executed in ArcMap for visual reasons.
From the River polyline files, a raster of distance to nearest river was created. From the MODIS
Fire and VIIRS Fire point files, rasters of distance to nearest Fire (M6 & V1) were created. From
the SENalerts, a raster dataset of distance to nearest SENalert was created. Lastly the border
polygon was converted into a polyline, before another raster layer of distance to border was
created.
5.2.1.2 CBM Dataset Driver
Finally, the data containing the driver was converted into a raster, where, each driver was
assigned a value from 1 – 5. Cattle-1, Crop-2, Settlement-3, Wood Extraction- 4, Unknown-5.
Mining was not taken into account because only two observations remained after cropping
to the extent of the reserve.
Each of the above-mentioned raster datasets were cropped to the same extend, same
coordinate system, same pixel size. Ultimately, all datasets had an extent of -84.36169, 83.71319, 10.71834, 11.5244 (xmin, xmax, ymin, ymax), with a pixel size of 10 and the
coordinate annotation WGS 84.
5.2.2 Class Separability Assessment
To understand the relationship between the chosen classes and the parameters we decided
to apply the Jeffries-Matusita Distance or JMD to our datasets. Spatial data like distance to
river, distance to SENalert, proximity to reserve borders and territorial borders (GTRK) were
analysed concerning their relation to identified drivers.
JMD is a separability criterion that is mainly used in SAR remote sensing. It is a transformation
of the Bhattacharrya Distance (BD), which estimates the probability of correct classification
by converting the values to a particular range. In contrast to BD, JMD supresses high
separability values while emphasising low separability values [42]. The values of this
separability measure range from 0 to 2, while 0 represents identical class distributions and 2
represents completely different distributions. It considers the distance between the mean of
a class and the value distribution of that means, by incorporating the covariance matrices of
the different classes [43]. By measuring the separability for each pair of classes, the quality or distance, can be assessed [44]. This way a selection of classes with the highest separability
(0 lowest separability; 2 highest possible separability).
In order to understand how to calculate the separability indices between two classes (i and j)
both, the BD (1) and JMD (2) have to be computed since BD forms the foundation of the JMD:
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(1)

(2)
Where Vi and Vj represent the variance – covariance matrices of the classes i and j; Mi and Mj
represent the corresponding mean vectors.
For each parameter (Distance to River, Distance to V1, Distance to M6, DEM, Distance to
SENalert and Distance to border) the JMD between the drivers was calculated. After
extracting the pixel values of the parameter raster’s per driver. The analysis was done in R,
using the package ‘varSel’ [45].
Table 2 Example matrix of calculated JMD; the distance between each corresponding driver
was calculated. The JMD in the table stands for a value between 0 and 2.
Parameter
JMD

Cattle

Crop

Settlement Wood extraction

Crop

JMD

-

-

-

Settlement

JMD

JMD

-

-

Wood extraction

JMD

JMD

JMD

-

Unknown

JMD

JMD

JMD

JMD

5.3 Driver Prediction (RO3)
To predict the drivers of deforestation, Random Forest (RF) is used. Random Forest is a
decision tree-based machine learning algorithm [46]. It has been used in similar studies to
characterize deforestation based on community data [12].
The objective was to train Random Forest (RF) to classify drivers of deforestation with the
help of the extended dataset, derived by the additional datasets (RO2, objective 3.2) and CBM
data (RO 1, objective 3.1) that have been processed before. An attempt was made to identify
drivers of forest loss based on likelihoods (e.g. if deforestation alert a in xx proximity to river
or at certain height, then it is most likely to be y driver).
Using the RF results, classification maps were created that show the likelihood of classification
of the SENalerts for each driver. Ultimately one classification map was created that display
the driver with the highest likelihood
The aim was to predict with Random Forest, the drivers of deforestation (RO1) at the locations
where SENalerts were detected, based on the extended dataset of spatial features (RO2). To
do this first 70% of the CBM data and the spatial feature dataset were used to train the model
and then 30% were used for validation.
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6. Results
This chapter is divided in three paragraphs, each showing the results needed to answer one
of the research objectives. The first paragraph, 6.1 (RO1) shows the structure of the dataset
(Figure 6) and an exempt of the file for clarity. Paragraph 6.2 (RO2) displays the JMD and 6.3
gives the results for the RF model and the prediction maps.

6.1 RO 1 Data Curation
The structured analysis identified six different drivers of deforestation. Those were:
1.
2.
3.
4.
5.
6.

Cattle
Crops
Settlements
Wood extraction
Mining
Unknown

The aforementioned management practices were not taken into account in further analysis
for reasons of time constrains. Nevertheless, they are represented in Figure 9.
Furthermore, the approximate size of deforested area from the CBM data was plotted per
driver (Figure 8). It shows a very small variation, while Settlement shows the biggest variation
in size. The extend of deforested area in Cattle was relatively high, while driver class Unknown
and Crops where relatively low. The difference in distribution of deforested area size
estimated by the CBM data suggests a dependency between drivers. This gave a foundation
to believe there might be other parameters that show different relationships with each driver.

Figure 8 Boxplot of estimated size of deforested area by CBM data.
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Figure 9 coherent dataset representing the identified Drivers of deforestation (coloured) and their corresponding management practise
(grey). Those are connected with arrow that variate in thickness, indicating approximate the sample size. An accurate indication of these
sample sizes is given by the n=x.
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6.2 RO2 Class separability
This section shows the results of both, the pre-processing and the class-separability measure
between parameters per driver.
Pre-processing
Distance to Rivers in meter

Figure 10 Pre-processed datasets of Indio Maíz
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6.2.2 Class separability
The JMD is a measure of separability between classes. The values between 0 and 2 indicate
the degree of separability, where 0 indicates no separability (identical class distributions) and
2 indicates the highest separability (different class distributions).
Qualitatively, the separability values are relatively low, none of which exceeds 1.
Nevertheless, these results and show the degree of separability. The following Tables (Table
3-8) show the separability of drivers of deforestation per different parameter. The parameter
Distance to River (Table 1) has the lowest overall separability, compared to the other ones.
Table 3 JMD between Drivers of parameter Distance to River
Distance to River
Cattle

Crop

Settlement

Wood extraction

Crop

0.019

-

-

-

Settlement

0.198

0.115

-

-

Wood
extraction

0.190

0.240

0.000

-

Unknown

0.009

0.035

0.250

0.240

Table 4 JMD between Drivers of parameter Distance to Fire V1
Distance to Fire V1
Cattle

Crop

Settlement

Wood extraction

Crop

0.510

-

-

-

Settlement

0.081

0.242

-

-

Wood
extraction

0.471

0.045

0.235

-

Unknown

0.485

0.002

0.225

0.032

Table 5 JMD between Drivers of parameter Distance to Fire M6
Distance to Fire M6
Cattle

Crop

Settlement

Wood extraction

Crop

0.634

-

-

-

Settlement

0.114

0.338

-

-

Wood
extraction

0.589

0.005

0.295

-

Unknown

0.566

0.006

0.275

0.001
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Table 6 JMD between Drivers of parameter DEM
DEM
Cattle

Crop

Settlement

Wood extraction

Crop

0.068

-

-

-

Settlement

0.132

0.378

-

-

Wood
extraction

0.344

0.137

0.800

-

Unknown

0.014

0.028

0.221

0.263

Table 7 JMD between Drivers of parameter Distance to SENalerts
Distance to SENalert
Cattle

Crop

Settlement

Wood extraction

Crop

0.606

-

-

-

Settlement

0.414

0.0566

-

-

Wood
extraction

0.988

0.338

0.401

-

Unknown

0.729

0.045

0.118

0.169

Table 8 JMD between Drivers of parameter Distance to Border
Distance to border
Cattle

Crop

Settlement

Wood extraction

Crop

0.606

-

-

-

Settlement

0.414

0.0566

-

-

Wood
extraction

0.988

0.338

0.401

-

Unknown

0.729

0.045

0.118

0.169
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6.3 RO3 Driver Prediction
Random forest & prediction Map
This section presents the accuracy and error rates of the RF, as well as the prediction map
for the classification of the drivers. The RF model obtained an overall accuracy of 67,07%,
with varying accuracy per class. The precision depicts the probability of a pixel being
correctly classified [47], that however changes between classes, as can be seen in the
confusion Matrix ( Table 2). The number of trees used in the algorithm are 50, while the
number of variables at each split are 2.
Table 9 Confusion Matrix showing the class error per driver of deforestation with

The variable importance of the drivers of deforestation show that Distance to border and
distance to M6 fire are the two most important variables, while distance to SENalert and
Distance to River are amongst the least important variables (Figure 11). For details of the
importance variables please refer to appendix 3.

Figure 11 Variable Importance of parameters of Drivers of deforestation
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Prediction Map Drivers of Deforestation Indio Maíz

Figure 12 Prediction Map of SENalerts of drivers of deforestation in Indio Maíz; Red
indicates Cattle, Green indicates Crops, Blue indicates Settlements and Orange shows
Wood extraction. The lower images show a zoom on the western area of the reserve
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Figure 13 Individual prediction maps per driver, indicating the likelihood of classification per driver

7 Discussion
In this section the findings of this research are interpreted and discussed in the context of
existing research. The first part deals with Research Objective 1 (RO1) the data structuring the
obtaining of a coherent dataset. The second part discusses the findings of the JM distance
and its significance for this research. The third part deals with the results of the RF model and
the classification of the drivers of deforestation. Recommendations are given at the end of
each respective paragraph.
Combining both, CBM and remote sensing, was found to increase overall accuracy in the
detection and characterization of forest change [12].
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7.1 RO1 Data Curation
CBM Dataset
Community-based monitoring approaches are considered as a relatively reliable, cost
effective and inclusive way to monitor national forests [9]. Similarly, they were found to
enhance the quality of forest monitoring when combined with remote sensing [2, 8, 10]. The
CBM dataset used in this study is very valuable, nevertheless, there were certain issues
identified. How to address and solve these issues will be discussed in the following chapter.
Because the provided CBM data in this study was a very detailed but not uniform, nor
specified dataset, it could have been interpreted in a different way. For unclear observations,
as well as co-occurrences of driver at the same location, decisions had to be made concerning
the classification of driver. Many of those decisions made came from own experience in the
area and with communication with responsible persons contact with the Forest Rangers.
Similarly, the forest rangers’ decisions are driven by individual perception of the drivers [10].
That made the result somewhat subjective and prone to bias. These findings are supported
by studies that found a decrease in thematic accuracy when characterizing the drivers of
deforestation[10].
The way of obtaining spatial information of one data point in the field is not uniform. It is
mainly scattered around rivers (see Figure 1). In some instances, the rangers stand within
the deforested area or right next to the observation they recorded. In other instances,
however, they record their observation from several meters away. This can be due to
inaccessibility of the terrain, time constraints or potentially dangerous encounters with
colonisers.
The process of data structuring could be facilitated or even avoided if using a decision-based
approach as presented in Pratihast et al. [10]. This would also make the data collection more
objective with less room for bias of interpretation. If funds are available it could also be
elevated to an interactive web-based approach with the help of a mobile application [30].
Hurricane Otto in 2016 devastated vast areas of the reserve (see Appendix 2) which also
limited the accessibility [21]. For further research I suggest a less elaborate approach of data
structuring since it was very time-consuming. However, for the scope of the study it was
important to have a step-wise approach to understand the dataset and the occurrences of
deforestation.
The invasion of the IM and its deforestation is a dynamic process. The data suggest that the
colonists first plant crops to sustain their food supply and then go over to raise cattle, before
establishing a settlement. Figure 6 shows the area size of the deforestation incidents per
driver. Regarding that Crops have the smallest area size, it can be concluded that is has a
minor impact on the integrity of the reserve than for example Cattle, which has the biggest
area size. The area size of Settlements varies within the range of both, Crops and Cattle.
Therefore, it can be suggested that Settlements are co-occurring with the other two classes
and thus have a close relationship with the drivers of deforestation. The class Mining was
excluded from further analysis because on only two observations. Finally, a harmonized data
collection method is key to a successful implementation of CBM data.
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7.2 RO2 Class separability
Jeffries Matusita Distance
JMD is a commonly used measure for classification of SAR images [42]. Next to using it for
hyperspectral image analysis [48] or polarimetric SAR image classification [43], it can be a
useful tool for feature selection as a pre-processing step in machine learning that do not
require a lot of computational power, while having a similar accuracy as comparable statistical
tests [49].
In this study it ranked the separability of the drivers per parameter, indicating the degree of
influence each parameter has on those drivers. It was found that Distance to SENalert had the
overall highest separability ranging from 0.1 to 0.9, where Cattle and Wood Extraction were
the most separable. DEM was found to be the least important parameter. That was to be
expected since the areas relatively homogeneous with higher elevations only in the northwestern part of Indio Maíz. In most parameters, the class Cattle showed the highest
separability. Those findings suggest a fairly good chance to obtain a meaningful classification
in later RF analysis. However, with a bigger sample size the JMD values could be more
distinguishable and easier to interpret.

7.3 RO3 Class Prediction
Random forest & prediction Map
Random Forest was used as a machine learning tool for the classification of the drivers of
deforestation in IM based on CBM data. The RF model showed an overall class error of 32.9%.
This comes very close to the findings of Pratihast et.al [12]. While they used spectral bands
and vegetation indices to train their RF model, this study used different spatial parameters as
described in paragraph 5.3 and 6.
The class error in Driver Class Settlement is highest with an error of 1. Followed by Cattle with
an error of 0.5 and Wood extraction with an error of 0.4. This is due to the low sample size of
each of those classes. The classification of Crops, however, showed an error rate of 0.2,
indicating a reasonable accuracy. This lower error can be explained by looking at the sample
size. This class has the highest sample size of all classes and 40 of 49 samples were classified
correctly. The overall small sample size and simultaneously high variation in sample size per
driver increases the overall error and thus lowers the quality of the classification. It is strongly
recommended to obtain more data with the decision based (web-based) approach suggested
section 8.1. This would increase the sample size, as well as the accuracy of the classification.
In order to understand the dynamics of deforestation more in-depth, it is recommended to
include the management practices as additional parameters in the RF model. Due to time
constrains within this project, the management practices were left out. However, they might
contribute to comprehend the dynamics of deforestation.
Similarly, to create a more accurate prediction map, the accuracy SENalerts for the area
should be assessed. In 2016, Hurricane Otto that damaged a large part of the reserve, what
might have affected the detectability of forest loss events in subsequent months. This might
have influenced the accuracy of the SENalerts and thus might have led to an underestimation
of the area size. For future investigations it is recommended to calculate the error rate and
accuracy of the SENalerts in the IM area.
34

The prediction Map (Figure 13) displays a spatial pattern that suggests a dynamic to drivers
of deforestation. While the agricultural frontier advances deeper into the reserve, it seems
that Crops are established first, before turning into permanent Settlements. That supports
the hypothesis that Crops as the main driver are only temporal and later convert to
settlements or cattle farming. The dynamic of driving forced of deforestation in Indio Maíz
are not straightforward and there is a close relationship between Settlements, Crops and
Cattle. In order to understand the dynamic of deforestation it is suggested to conduct more
research on the underlying drivers of deforestation and make a clear distinction between
settlements and Cattle farming.

8 Conclusion
By combining CBM data and SAR-based remote sensing alerts, drivers of deforestation can be
characterized to some extent. However, much relies on the amount and quality of the data.
This accounts mostly for the CBM data. The use of state-of-the-art technology combined with
involvement of communities can deliver invaluable information about the state of forests.
This research shows that even with a very limited dataset a classification can be made with
an error of 32.9%. If further elaborated and possibly automated, it can help communities to
understand the driving forces of deforestation better. It gives a possibility to more
independently manage their forest and communicate problematics inside the reserve more
effectively. Overall a bigger sample size can improve the results for both, the class separability
measure and the class prediction. This can be obtained by using a more focussed and
standardised sampling approach in the field, concentrating on the drivers of deforestation.
The SENalerts give a good estimation of the deforestation events and can contribute to an
improved CBM sampling approach. The Forest rangers could sample the area more targetoriented, using the SENalerts as a guide to find major events of deforestation in IM.
It is strongly encouraged to include local and indigenous communities more in the process of
data collection experimental design and decision making, using a bottom-up approach. The
indigenous knowledge systems should be seen as an equivalent to our scientific system,
rather than secondary information that can be utilized when necessary. This could lead to a
more efficient, transparent and fair implementation of mechanisms like REDD+ and the
distribution of similar funds.
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Appendix
1. Agreement GTRK - C. Cappello
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2. Damage Hurricane Otto

Figure 14 Spatial extent of Hurricane Otto damage. This is the display of forest loss
according to Hansen et.al. [18], it is important to note that this area was damaged
but not completely deforested as it appears here.
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3. Numbers of Variable Importance
Table 10 Details of Variable Importance of parameters of Drivers of deforestation

Distance to River
Distance to Fire V1
Distance to Fire M6
DEM
Distance to SENalert
Distance to Border

Cattle

Crops

1.394
2.458
4.041
1.795
-1.337
0.647

1.460
2.157
4.204
0.039
1.280
4.483

Settlements Wood
Mean
extraction Decrease
Accuracy
0.000
1.771
2.027
0.000
1.931
3.668
2.122
3.307
5.925
0.119
-0.586
0.773
-0.859
1.006
0.636
0.243
6.393
6.299
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Mean
Decrease
Gini
4.226
7.00
11.708
5.766
6.835
11.986
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