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ABSTRACT

Land cover changes over time as a result of human activity. Nowadays deforestation may be considered one of the main
environmental problems. The objective of this study was to identify and characterize changes to forest cover in Venezuela
between 2005-2010. Two maps of deforestation hot spots were generated on the basis of MODIS data, one using digital
techniques and the other by means of direct visual interpretation by experts. These maps were validated against Landsat ETM+
images. The accuracy of the map obtained digitally was estimated by means of a confusion matrix. The overall accuracy of
the maps obtained digitally was 92.5%. Expert opinions regarding the hot spots permitted the causes of deforestation to be
identified. The main processes of deforestation were concentrated to the north of the Orinoco River, where 8.63% of the
country’s forests are located. In this region, some places registered an average annual forest change rate of between 0.72%
and 2.95%, above the forest change rate for the country as a whole (0.61%). The main causes of deforestation for the period
evaluated were agricultural and livestock activities (47.9%), particularly family subsistence farming and extensive farming
which were carried out in 94% of the identified areas.
KEYWORDS: Monitoring, land use, land cover change.

Identificação e caracterização dos hot spots do desmatamento na
Venezuela a partir de imagens de satélite MODIS
RESUMO

Cobertura do solo muda ao longo do tempo como resultado da atividade humana. Hoje em dia desmatamento pode ser
considerado como um dos principais problemas ambientais. O objetivo deste estudo foi identificar e caracterizar as mudanças
de cobertura florestal na Venezuela entre 2005-2010. Dois mapas de hot spots desmatamento foram gerados com base em
dados MODIS, um usando técnicas digitais e outros, por meio de interpretação visual direta por especialistas. Estes mapas
foram validados contra imagens Landsat ETM +. A exactidão do mapa obtidos digitalmente foi estimada por meio da matriz
de confusão. A exatidão global do mapa de hot spots obtido digitalmente foi de 92,5%. Uma análise sobre os hot spots feita
por especialistas permitiu identificar as causas do desmatamento. Os principais processos de desmatamento foram concentrados
para o norte do rio Orinoco, onde estão localizadas 8,63% das florestas do país. Nesta região, alguns lugares registou uma taxa
média anual de mudança de floresta entre 0,72% e 2,95%, acima da taxa de variação da floresta para o país como um todo
(0,61%). As principais causas de desmatamento para o período avaliado foram as atividades agrícolas e pecuária (47,9%), a
agricultura familiar e a agricultura extensiva, que são realizadas em 94% das áreas identificadas.
PALAVRAS-CHAVE: Monitoramento, uso do solo, mudança da cobertura do solo.
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INTRODUCTION
Land cover changes over time as a result of human activity.
These transformations have caused current environmental
problems such as climate change, alterations in the carbon
cycle, loss of biodiversity, lower agricultural sustainability and
reduced fresh water supply (Lepers et al. 2005). In this context,
deforestation may be considered one of the main problems.
In recent decades, the availability of remote sensing
data has allowed us to obtain spatially explicit information
regarding variation in forest cover at global, regional and
national level (Achard et al. 2006). Evaluation of deforestation
from remote sensing can be performed using analytical, wallto-wall and sampling techniques (GOFC-GOLD 2012).
Wall-to-wall is a form of analysis which considers the total
area of forest to be evaluated. An example of such analysis is
the annual monitoring program carried out in Brazil since
1988, using Landsat images (INPE 2012). Sampling analyses
are conducted by means of stratified systematic sampling over
deforested areas. An example of systematic sampling is the
Remote Sensing System Study of Forest Resources Assessment
2010, known as FRA 2010 (FAO 2010). In order to estimate
deforestation rates under the stratified sampling approach,
the first step is to determine the deforestation hot spots. This
concept was first deployed by the European Commission’s
Join Research Center (JRC) within the framework of the
TREES I Project, when fourteen hot spots were identified
and described in the tropical belt (Myers 1992). Deforestation
hot spots have been used to synthesize information regarding
forest cover changes on a global scale (Lepers et al. 2005), and
on a regional scale in tropical forests (Achard et al. 2002).
Likewise, they have been used as a basis for estimating forest
loss through a combination of medium and high resolution
images (Achard et al. 2002; Potapov et al. 2008).
Nevertheless, the deforestation rate values obtained
by regional or global studies have not met with universal
acceptance, especially those for particular areas. For example,
results for Venezuela in different studies show a high degree
of uncertainty. More than 50% of Venezuela’s territory
(462,750 km2) is occupied by forests (FAO 2010). According
to the FAO’s latest forest resource assessment, Venezuela’s
deforestation rate over the last decade was 2,880 km2 year-1.
However, other studies have detected a deforestation rate of
1,280 km2 year-1 (RNV 2013) or 1,150 km2 year-1 (Harris
et al. 2012) over the same period.
In view of those conflicting results, the actual deforestation
rate for Venezuela cannot be stated with certainty. Historically,
deforestation in Venezuela has occurred to the north of the
Orinoco River (Pacheco et al. 2011a). The main cause has
been agricultural activity, as is the case with other tropical areas
(Pacheco et al. 2011b). Nevertheless, there is currently no clear
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evidence on this point. Therefore the goal of this research was
to identify the areas that underwent forest cover loss between
2005 and 2010. The accurate monitoring of these areas would
provide better information regarding forest cover loss over.

MATERIALS AND METHODS
Study area and MODIS Images
About 91% of forests in the Bolivarian Republic of
Venezuela belong to the Amazon, amounting to 5.6% of the
total area of this region (Eva and Huber 2005). In fact, these
forests mean that Venezuela is among the ten countries in
the world with greatest biodiversity, and is the sixth in the
American continent (MINAMB 2005).
The study used land surface reflectance products from the
MODIS sensor on board the TERRA platform. The temporal
and spatial resolutions were an 8-day period (L3 Global) and
500 m (MOD09A1), respectively. This product is provided
by the United States Geological Survey USGS (http://glovis.
usgs.gov/). The images were selected on the basis of high
observation coverage, low sensor view angles and absence of
cloud and aerosol loading, and were used to estimate spectral
reflectance in 8-day composites (Wolfe et al. 1998).
We used all available bands of the MOD09A1 product.
In order to cover the survey reference years (2005 and 2010),
8-day composites were used from the beginning of the rainy
period of the previous year (Julian Day 137 of 2004 and 2009)
to the end of the rainy period of the following year (Julian
Day 129 of 2005 and 2010). A total of 440 images were used.

Landsat Images
Images from the Landsat ETM+ sensor were also used.
These images, obtained from SLC-off mode (Scan Line
Corrector), have information loss of about 22%, therefore
this is a non evaluated area. One of the problems arising in
studies carried out in tropical areas is the unavailability of
cloud-free images. For this reason, dry period (NovemberApril) images for previous years were also selected (Table
1) from the USGS collection with L1T level of radiometric
and geometric corrections. Three ETM+ spectral bands were
considered: green (525-605 nm), near infrared (775-900 nm),
and middle infrared (1550-1750 nm).

Additional Information
The vegetation map of Venezuela, published in 1995
by the former Ministry of the Environment and Natural
Renewable Resources (MARNR 1995), was used. This map
was produced in 1988 on the basis of Landsat TM images.
Covering the whole country it is composed of 75 sheets with
a scale of 1:250,000. This map was used for training the
decision tree algorithm and for the purposes of validation.
In order to train the decision tree for the classification of
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Table 1 - Landsat ETM + images used in the study.
Validation Zones
Upper Basin of the Grita River
Caparo Forest Reserve
Lower Basin of Caura
Las Cristalinas Mine Site
Icaburú Mining Settlement

Path / Row

Lat/Long

7/54
6/55
2/55
233/55
233/55

MODIS annual composites (2005 and 2010) we first extracted
a series of random sampling points. We then performed a
visual inspection, which allowed the most updated categories
to be defined, with the support of the images available in
the Google Earth™ program and some Landsat images from
between 2003 and 2010 available on the USGS website (www.
glovis.usgs.gov).
Using these satellite and auxiliary data we were able
to identify and delineate deforestation hot spots. This was
carried out in two steps: digital MODIS image classification
and expert opinion, where hot spots were identified visually.
The latter procedure allowed us to describe the causes of
deforestation and the processes which led to and might
potentially continue to lead to changes in forest cover (Achard
et al. 2002; Achard et al. 2006).
To validate the hot spots of both maps, we chose five
areas where changes were due to different causes. Forest loss
was quantified in order to corroborate the existence of, or
lack of, deforestation. The accuracy of the digital map was
determined by analyzing the confusion matrix. Landsat ETM+
images were used in this part of the study. The methodological
approach followed in this study is summarized in Figure 1.

Identification and delineation of hot spots using
MODIS images
In order to identify deforestation hot spots using the
methodology proposed by Achard et al. (2002) and Potapov
et al. (2008), two annual composites were generated from the
MOD09A1 product. The decision tree algorithm was classified
digitally in order to obtain two maps of vegetation cover. After
reclassifying these maps into the categories “Forest” and “Non
forest”, we applied change detection analysis to find out the
deforestation hot spots.

Annual Composites
Multiseasonal composites were chosen for the study since
they enable the retention of significant information regarding
phenological variation without taking into account the specific
time of year (Hansen and DeFries 2004). For each of the two
study years (2005 and 2010), a total of 220 (8-day) composites
were used, 44 for each of the five tiles. From these mosaics,
multi-seasonal composites were generated using the method
187
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Acquisition date
Date 1

Date 2

8.7/-72.0

2003/01/04

2010/01/23

7.2/-70.8
7.2/-64.6
7.2/-65.1
4.3/-62.1

2004/01/02
2005/03/11
2003/02/04
2003/01/19

2009/12/31
2009/09/30
2009/12/05
2010/01/22

proposed by Potapov et al. (2008). This consists of creating
two multiseasonal composites in order to select the best pixels
for each image and of carrying out 32-day composites, taking
into consideration for each band the second darkest brightness
value for each pixel from the four 8-day candidates. This
selection reduces the presence of extreme values associated
with residual clouds, cloud shadows and other devices that
may not be representative of surface conditions. Afterwards,
an annual composite is carried out using the bands of these
11 composites (32-day composite) for each year and adopting
the maximum reflectivity value of the series in each pixel as
the selection criteria.

Classification based on decision tree (2005-2010)
To construct the trees, the Classification and Regression
Trees (CARTTM) algorithm (Breiman et al. 1984) was used.
This is basically a matter of carrying out binary partitions
and using a pruning strategy based on the cost-complexity
criterion. This algorithm was chosen as it is one of the most
frequently used to generate global land cover cartography,
and as it a robust tool for handling nonlinear relationships
within remotely sensed data sets (Friedl et al. 2002; Hansen
et al. 2002).
The first step in constructing the decision tree consisted
of obtaining the set of samples which would allow us to carry
out the training phase with 60% of the samples and to save
the remaining 40% for validation. These samples were taken
from the vegetation map of Venezuela (1995) (MARNR
1995). A set of 2,000 samples were selected in each of the
following categories: Forest, as defined, by the Marrakech
Accords (UNFCCC 2001), namely, tree formations taller
than 5 m, with a minimum area of 1 ha and minimum tree
crown coverage of 10% (our study also included gallery
forests and mangrove swamps); Shrubland, namely, medium
size vegetation between 2 and 5 m tall, including thorns
and scrubland; Savannah, including open savannah and
combinations with chaparrals, trees and/or palms; Grassland,
namely, a vegetation community dominated by high grass
where paramos and xerophytic vegetation were also considered;
and Water Body, which includes lagoons, reservoirs and rivers.
The 2,000 samples of each of the five categories were taken
from seven bands of each annual composite (2005-2010), after
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Figure 1 - Methodological framework.

FIGURE 1. Methodological framework.
randomly forcing a minimum distance of 1 km between each between these two new maps, deforestation hot spots
sample. A decision tree was constructed for each year, since were located.
each one of these was meteorologically different and therefore
Definition of hot spots from expert opinions
affected the MODIS reflectance values differently.
Expert knowledge was obtained from people working in
The SPSS 17.0 for Windows statistics program was used different national institutions and with detailed knowledge
when setting default options (maximum of five levels, Gini about Venezuela’s deforestation problems. These experts
coefficient to estimate each threshold’s impurity function, performed two activities: the identification and delineation of
pruning option deactivated, and initial probability values hot spots and the description of changes (Achard et al. 2002).
extracted from samples themselves). The minimum value of
The identification and delineation process of hot spots
cases for creating new nodes was set at 1.
was carried out using MODIS composites of bands 5, 2 and
Once the decision trees’ thresholds had been derived 1 from the year 2005. The experts were also asked to describe
(Figure 2), the MODIS annual composites were classified each change in order to determine the spatial location, area
in order to obtain the 2005 and 2010 vegetation maps. The of influence and vegetation cover affected by each hot spot;
five categories that resulted from these maps were put into and to characterize the deforestation of each area in terms
two groups: “Forest” and “Non-forest”. Using the differences of causes, types, patterns, percentage of change, time of
188
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Figure 2 - Decision trees used in MODIS annual composites of 2005 and 2010.
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Institute for Space Research (INPE)’s SPRING software
Additionally, in order to determine which cause or causes (http://www.inpe.br/). Corrections were made using a linear
of deforestation were the most influential in the process, a filter, where the restoration filter weights were obtained from
percent value was assigned by the experts to each of these the characteristics of the sensor.
causes. These values were weighted according to the total Linear Spectral Mixture Model (LSMM)
number of areas identified, added up and organized into
A Linear Spectral Mixture Model was applied to improve
groups in order to obtain a percentage for the causes of
the
original
ETM+ images (bands 3, 4 and 5) before classifying
deforestation for the country as a whole.
them. The aim of the LSMM is to estimate the proportion of
Validation data
soil, vegetation and shade components in each pixel from the
For validation purposes five zones were selected within spectral response of the ETM+ bands. The LSMM technique
the hot spots as defined in the digitally obtained maps or provides images with soil, vegetation and shade fractions
by expert opinion. The first two zones were located in the (Shimabukuro and Smith 1991).
northern region of the Orinoco River: one in the upper basin
The soil component was used in the following processes
of the Grita River (1), in the state of Táchira, in the Venezuelan since it offers good contrast between forest and bare soil. The
Andes; and the other in the Caparo Forest Reserve (2), in the endmembers used to calibrate the model were obtained from
western high plains ‘Llanos’, in the state of Barinas. The other the same image.
three zones were located in the southern region of the Orinoco
The soil fraction band was divided into multiple parts
River, in Venezuela’s Amazon forest, more precisely at the Las
through a segmentation process in order to gather information
Cristalinas mine site to the north of the Caura River basin (3);
from the image. It was therefore necessary to establish two
in the Imataca Forest Reserve (4) and in the Icabarú sector
criteria for inclusion in a group: a) a minimum criterion
(5) in the south of the country.
of similarity, under which two areas might be considered
In each validation zone, pairs of Landsat ETM+ images similar and grouped in one region; and b) the minimum
were used (see item Landsat Images), from which two area, given in number of pixels, which an area required in
vegetation maps were obtained to determine forest cover. order to be individualized (Bins et al. 1996). For our study
In order to quantify forest loss and to confirm the presence we used the values of 8 and 16 for similarity and minimum
or absence of deforestation hot spots on both maps, change area, respectively.
detection analysis based on differences in this coverage was
applied. Furthermore, that analysis permitted us to determine Supervised Classification
the accuracy of the digitally processed map. In order to
The image resulting from segmentation was later
facilitate the classification of the Landsat ETM images, classified with a distance-based supervised algorithm, with
a Linear Spectral Mixture Model (LSMM) was applied, an acceptance threshold of 95% (the Bhattacharyya distance
before segmenting the synthetic images and supervising the was used to classify the image). For this purpose, training
classification of the selected components.
samples were defined from 15 to 25 by selecting objects from
In order to improve the quality of the ETM+ images the segmented image, which represented between 1 and 5%
by reducing sensor-derived distortions, we used an image in every one of the following categories: forest, shrubland,
189
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savannah, grassland, water bodies and no information (clouds,
cloud shadows and SLC-off error), with support from the high
resolution image available in the Google EarthTM program
and the vegetation map of Venezuela (1995). Once the images
had been classified, the classes were regrouped into forest and
non-forest and the forests were assessed for each year in order
to learn, through their difference, the loss over the period
analyzed. This allowed us to map the existence of deforestation
processes in the hot spots identified.

Validation approach
Change detection analysis was applied to these new maps.
The result of this process allowed us to find out whether there
was deforestation or not in the hot spots as defined by the
experts. The process also allowed us to determine the accuracy
of the classification map obtained from MODIS data through
the digital processing (Congalton 1988).
In order to compare both maps, the map obtained from the
change detection process had to be resampled from 30 m to
500 m. By this means the digital hot spot map’s accuracy was
calculated on the basis of the confusion matrix, from which
we computed the following reliability parameters as described
by Congalton and Green (2009): errors of omission and
commission, global accuracy and Kappa index (Cohen 1960).

RESULTS
Cartography of hot spots from MODIS data
The vegetation map obtained from MODIS data show
that in 2005, 54.5% (499,462.5 km2) of Venezuela’s land was
covered by forest. In 2010, this proportion had decreased to
53.3% (488,465.2 km2). More than 90% of the forests that
remain are located in the southern part of the country, the
remaining 10% being located in the north: in the Andes, the
Sierra de Períja and the Sistema Montañoso de Lara-Falcón, all
in the northwestern subregion and, on the other hand, in the
Venezuelan Coastal Range, in the central north-northeastern
subregion (Figures 3a and 3b). Shrublands, along with forests
in the plains, are mainly located in the center of the country
(Figures 3c and 3d), while grasslands are located near the
Orinoco River, in the Andes and in the Falcón state in the
northwestern subregion (Figures 3e and 3f ). Savannahs are
located in the Maracaibo Lake depression, in the northwestern
subregion and in the center of the country (Figures 3g and 3h).
Vegetation maps from 2005 and 2010, derived from a
classification based on decision trees, yielded figures for global
accuracy of 66.9% and 70.3% and Kappa indices of 0.58 and
0.62 respectively. Although these accuracy levels are not high,
the forest category (the most significant one in this study) gave
success percentages of 86.3% and 78.8%, with commission
errors of 12.6% and 5.19% and omission errors of 13.7%
190
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Figure 3 - Land cover maps obtained from MODIS images. Maps a, c, e and
g, correspond to 2005 year, and maps b, d, f and h to 2010 year. (a color
figure is available in the electronic version).

and 21.2% for 2005 and 2010, respectively. These values are
acceptable for mappings with medium resolution sensors.
In relation to the hot spots we found that they are
located in various of Venezuela’s forests in the northwestern
region, to be more precise in the Sierra de Períja, the Sistema
Montañoso de Lara-Falcón and the Andes Mountains (Figure
4a). In this last, the upper basin of the Grita River is a prime
example (Figure 4b, zone 1 validation). Also significant is
the Caparo Forest Reserve in this region’s plain (Figure 4b,
zone 2 validation). Similarly, some hot spots can be found
in the Venezuelan Coastal Range in the central north and
northeastern regions. In this latter region, there is a hot spot
associated with the plantation of pine trees by the Venezuelan
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Figure 5 - Location of hot spots, obtained by expert opinion on the grayscale
figure of the annual composites 2005: 1 = Sierra of Perijá; 2 = High basin
of the Maticora and Cocuiza Rives; 3 = Anden Subregion; 4 = San Camilo
Forest Reserve; 5 = Caparo Forest Reserve; 6 = Ticoporo Forest Reserve; 7
= Subregion of the Central Coast Mountain Range; 8 = Solid of Turimiquire;
9 = Puerto Ayacucho; 10 = Autana - Yacapana Hill; 11 = Camani and
Morrocoy Hills;12 = Los Pijiguaos; 13 = La Salvación, El Milagro, Chivapure
y sierra Maigulida; 14 = North of the Caura - The Tigrera Basins; 15 =
Icabaru - Salvador of Paul; 16 = City of Guayana - Upata - EL Palamar; 17 =
Imataca Forest Reserve. (a color figure is available in the electronic version).

Figure 4 - (a) Map of hot spots obtained from MODIS data (2005-2010)
and areas of validation -included in box-. (b): Zoom in validation areas: a =
Upper Basin of the Grita River; b = Caparo Forest Reserve; c = Lower Basin
of Caura; d = Las Cristalinas Mine Site; and e = Icabarú Mining settlement
(a color figure is available in the electronic version).

Corporation of Guayana, where large scale forest use activities
are carried out annually. Most of the country’s forests are found
in the south, where some hot spots are also located. Other
important areas are the Upper Caura Basin (Figure 4b, zone
3 validation), the Las Cristalinas mine site (Figure 4b, zone
4 validation) and the Icaburú mining settlement (Figure 4b,
zone 5 validation).

Cartography of hot spots derived from expert
opinion
The results obtained from expert opinions allowed us to
derive a deforestation hot spot map depicting 17 zones of
highly concentrated forest cover change. Eight areas were
located to the north of the Orinoco River, while nine were
located to the south (Figure 5). The description of these areas
allowed us to characterize and diagnose the deforestation
processes on the basis of the process of change, deforestation
pattern, time when deforestation occurred, impact, agents
and driving forces (Table 2). It also allowed us to estimate
the percentage of the proximate causes of deforestation in
191
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Venezuela, namely those activities which are a direct cause of
deforestation (Geist and Lambin 2002).
The results show that the most important cause of forest
cover change was agricultural and livestock activity which
accounts for 47.9% of change. In the main this activity takes
the form of mixed family farming and extensive farming for
national consumption, activities which are carried out at 94%
of Venezuela’s hot spots.
The second most important cause is infrastructure
expansion which accounts for 24.6% of forest cover change.
This expansion has created settlements near the main urban
centers (Puerto Ayacucho, Guayana City, Upata and El
Palmar). Also, urban expansion in metropolitan areas like the
Capital District, San Cristóbal, Mérida and Trujillo has taken
place at the expense of nearby forests. Finally, the construction
of rural roads and railways in different areas of the country
has also affected the forests.
Timber extraction, most often commercial purposes, both
state and private, is also important, accounting for 20% of
forest cover change. This activity is widespread in the forest
reserves to the north of the Orinoco River. Forest use can also
be observed in the use of wood for domestic fuel in most of
the hot spots identified.
Another cause is mining activity, both metal and nonmetal, which accounts for 4.24% of forest change cover. Metal
mining mainly occurs on both a large and small scale in the
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Table 2 - Description of change processes in each hot spot. Data obtained from expert opinion.
ID

States/Location

Forest Types
(height/density)

Process of Change

Pattern

Cover
Change

Time

Impact

Agents

Driving Causes

North of the Orinoco River
1

Zulia: Sierra de Perijá

High, medium and low
dense

MNM/EA2/G1/G2/In/AF

L/I/M

P

P/C/E

Low;
moderate

EG/ET/PL/I

Commercial, subsistence and
governmental politics

2

Falcón, Zulia and Lara: Upper Basin of the Rivers
Maticora and Cocuiza

Medium and low dense;
low sparse

EA1/G2

L/I

M

P/C/E

Low

PL/EL

Commercial, subsistence and
potential agriculture

3

Táchira, Mérida, Trujillo, Apure, Barinas and Lara:
Andes Subregion

High, medium and low
dense; medium medium

EA1/EA2/AF
E/A3/G2/MNM/In/EP/EE/IF

L/I/M

P

P/C/E

Low;
moderate

EL/PL/I

Commercial, potential agriculture,
population growth and subsistence

4

Apure: San Camilo Forest Reserve

Medium dense

AFS/EP/I/IF/In/G1/
EA2

L/D/M

P

P/C/E

Moderate

PL/EL/I

Governmental politics, commercial,
subsistence, potential agriculture
and population growth

5

Barinas: Caparo Forest Reserve

Low dense

AF/In/I/
IF/G1/EP/EA2

L/I/M

P

P/C/E

Moderate

EL/PL/I

Commercial, subsistence, potential
agriculture, population growth and
governmental politics

6

Barinas: Ticoporo Forest Reserve

Low dense

AF/OI/IF/ G1/EP/EA2

L/I/M

P

P/C/E

Moderate

EL/PL// I

Commercial, subsistence, potential
agriculture, population growth and
governmental politics

7

Carabobo, Yaracuy, Aragua, Miranda, Capital
District, Vargas, Cojedes, Guárico and Anzoátegui:
Central Venezuelan Coastal Range Subregion

High, medium and low
dense; medium medium;
low sparse

EA2/EP/
MNM/IF /AF

L/D/M

P

P/C/E

Moderate

PL/EL/ET/I

Commercial, subsistence,
population growth and governmental
politics

8

Anzoátegui, Sucre and Monagas: Massif Turimiquire

Medium dense; medium
sparse

EA2/IF/AF

L/D

P

P/C/E

Moderate

PL

Commercial, subsistence and
governmental politics

South of the Orinoco River
9

The Amazons: Puerto Ayacucho

High and medium dense

EA2/EP/A/I/AF

M/D

P

P/C/E

Low

PL/I

Subsistence, commercial and
population growth

10

The Amazons: Cerro Autana – Yacapana

High dense and medium
sparse

EA2/MMPE/I

L/D/M

P

P/C/E

Low

PL/I

Subsistence and commercial

11

The Amazons and Bolívar: Cerro Camani – Cerro
Morrocoy

High dense and medium
sparse

EA2/MMPE

D/M

P

P/C/E

Low

PL/I

Subsistence and commercial

12

Bolívar: Los Pijiguaos

High dense and medium
sparse

MMGE/EA2/AF/G1/In

L/I/D/M

P

P/C/E

Moderate

EG/PL/I

Commercial, subsistence and
governmental politics

13

Bolívar: La Salvación, El Milagro, Chivapure and
Sierra Maigulida

Medium dense

MMPE/ EA2

L/D

P

P/C/E

Low

PL/I

Commercial and subsistence

14

Bolívar: North of the Caura Basin, Guarataro – La
Tigrera, Puerto Cabello del Caura, Jabillal, Trinchera,
Zamura Area

High and medium dense;
medium medium

EA2/G2/I/AF

L/I/D

P

P/C/E

Moderate

EL/PL/I

Commercial, subsistence, potential
agriculture and governmental
politics

15

Bolívar: Icabaru – Salvador de Paul

Medium and high dense;
medium medium

MMGE/
MMPE

L/M

M

C/P/E

Strong

ET/EL/PL/I

Commercial, subsistence and
governmental politics

16

Bolívar: Guayana City – Upata – El Palmar

Medium sparse

MMGE/EA2/A/EP/AF/G1

L/M

M

C/P/E

Moderate

EG/ET/EL/
PL/I

Commercial, subsistence,
population growth and governmental
politics

17

Bolívar and Delta Amacuro: Imataca Forest Reserve

Medium and high dense;
medium medium

MMGE/MMPG/AF/
EA2/G1 /In

L/I/D/M

P

C/P/E

Strong

ET/EL/EG/
PL/I

Commercial, subsistence, potential
agriculture and governmental
politics

ID: Identification Number. State/Location: name of the administrative state and location. Vegetation Type: in function of its height (high, medium and low) and density (medium
dense, sparse). Process of change: causes which originated and will likely originate deforestation processes: Commercial Horticulture (EA1): very intense activity, with three
annual harvests on the same plot; Small-scale Mixed Family Farming (EA2): system originating from prehispanic family farms; Andean Rural Agriculture (EA3): with a technological
system to prepare the land with a team of oxen and iron-tipped wooden plow; Demographic Growth: of the local population and the immigration processes; Invasions (I): illegal
occupation of forests; Settlements (A): colonization regimens near populated centers; Expansion of the Population (EP): expansion of traverse cities due to population growth;
Economic Expansion (EE): opening of areas for new businesses, industries and tourism: Selective Forest Use (AF): domestic and commercial forest use; Large-Scale Metal Mining
(MMGE): mainly gold, diamond, iron mineral, aluminum and bauxite; Small-Scale Metal Mining (MMPE): mainly gold and diamond, by small-time miners and artisans; Non-Metal
Mining (MNM): coal, mica, plaster, copper and sulfur; Forest Fires (IF): occurring on a small and large scale; Extensive Farming (G1): herds of cattle, goats, horses, donkeys and
pigs; Semi-intensive Farming (G2): with better ecological conditions, technological development, market evolution and development time. Infrastructures (In): construction of
roads, means of penetrating primary forest and dams. Deforestation Pattern: originated in the forest due to deforestation: Lineal (L): structured lines within the forest; Insular (I):
large patches, related to deforestation and conversion; Diffuse (D): small patches, related to fragmentation and degradation processes; and Massive (M): caused on a large scale
by block deforestation or from the edges. Cover Change: in percentages: Large (G): >10%; Medium (M): 5-10% and Small (P): <5%. Time: when the deforestation occurred: Past
(P): 2005-2009; Current (C): 2009-2010 and Expected (E): in the next 5 years. Impact: on the composition of species, soils and ecosystem: Strong (F), Moderate (M) or Low
(B). Agents: Local Companies (EL): including forest (concessions) and agricultural companies; Governmental companies (EG); Transnational companies (ET); Local People (EL);
Immigration (I): interregional, national and international (mainly from Colombia and Brazil). Driving forces: which motivated the different agents: Commercial (C): for profit, wood
and economic crops, other businesses; Subsistence (S): for personal consumption; Potential Agriculture (AP): attraction of farmers and companies for the agricultural production;
Population growth (CP): expansion of transverse cities or new urban satellite centers; Governmental politics (PG): Including political exportation, the assignment of grants, market
and tourism
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hot spots in the southern region of the Orinoco, where gold,
diamonds, iron and bauxite are the chief minerals extracted.
Non-metal mining is carried out in the northern region of the
Orinoco, in the Sierra de Perijá and the Andes region, where
coal is extracted, and the central Venezuelan Coastal Range,
where nickel and kaolin are extracted.
Population growth puts pressure on Venezuela’s forests and
could potentially bring about their deforestation. Because of
such growth, currently less than 15% of forest cover remains
in the Forest Reserves in the northern region of the Orinoco
River. For example, the Caparo Forest Reserve (one of the
validation areas) has a high rate (2.95%) of deforestation
despite its protected status. Population growth will continue
to encroach on this landscape, with the result that lands will
be required for extensive farming or mixed small-yield family
farms.
Finally, approximately 85% of the hot spots obtained
through digital processing corresponded to the hot spots
obtained by experts. Some examples of this correspondence
are found in certain areas of the northwestern region, such
as Sierra de Perijá and the Andes Mountains; in areas of the
central north and northeastern region, such as the Venezuelan
Coastal Range; and in areas of the southern region, such as
the upper basin of the Caura River, Guayana City, Cerro
Autana, Yapacana and Puerto Ayacucho. All these areas
demand attention.

Table 3 - Confusion matrix of vegetation maps in 2005 and 2010.

Validation

DISCUSSION

The vegetation maps obtained from MODIS images
gave a confidence level of 81.8% for 2005 (Kappa index
= 0.73), and 81% for 2010 (Kappa index = 0.74). Values
for the category of greatest interest in this study (forest)
were acceptably reliable for a map generated from medium
resolution sensors (GOFC-GOLD 2012). Thus, forest cover
was correctly classified in a percentage range between 87.6%
and 80.8% (Table 3), with commission errors of 7.80% and
2.70%, and omission errors of 12.4% and 19.2%, for 2005
and 2010, respectively (Table 4).
For their part, after validating hot spots derived from
digital classification and from expert opinion, deforestation
processes were found to be in progress in the five sampling
areas, thus corroborating the hot spots shown on the two maps
obtained. On the other hand, we observed different rates of
forest cover change in the validation area, where Caparo Forest
Reserve had the highest rate (2.95) and Icaburú Minning
(0.20) the lowest (Table 5).
The overall accuracy of the hot spot map obtained from
digital classification was found to be 92.5%, with a Kappa
index of 0.29. This Kappa value indicates fair agreement.
It is worth noticing that in the deforestation category
both commission and omission errors (67.7% and 66.9%,
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VOL. 44(2) 2014: 185 - 196



Forest

87.6

Total

Water
body

Grassland

Savannah

Shrubland

Forest

Map 2005

Truth (Percent)

29.3

13.2

7.34

0.46

47.8

Shrubland 8.8

53.5

26.6

17.2

0.32

11.9

Savannah

2.69

14.4

58.7

2.55

0.65

16.2

Grassland 0.06

0.57

0.20

65.4

1.39

21.5

Water
body

0.85

2.30

1.40

7.50

97.2

2.67

Total

100.00 100.00

100.00

100.00

100.00

100.00

80.8

12.9

3.94

4.52

0.21

42.7

Shrubland 15.2

82.4

25.2

1.88

0.12

14.3

Savannah

Map 2010
Forest

2.41

4.66

67.9

2.45

0.62

17.2

Grassland 0.02

0.00

0.03

89.8

0.63

22.3

Water
body

1.53

0.00

2.96

1.32

98.4

3.51

Total

100.00 100.00

100.00

100.00

100.00

100.00

respectively) were higher than in the category of non
deforestation, whose commission and mission errors were
3.93% and 4.06% respectively.

The main aim of detecting changes between the 2005
and 2010 maps obtained from annual composites of
MODIS images was to identify, delineate and characterize
deforestation hot spots rather than to give a direct estimation
of deforestation areas for the period assessed, as recommended
by GOFC-GOLD (2012). The hot spots identified will serve
as a sampling for the direct estimation of deforestation areas.
In other studies hot spot areas were identified using high
resolution images, such as those derived from Landsat-5 TM,
Landsat-7 ETM+, Terra Aster, IRS-P2 LISS-III and AWIFS,
CBERS-2 HRCCD, DMC and Spot-5 HRVIR (Achard et
al. 2010; GOFC-GOLD 2012).
In our study the validation of the hot spot maps obtained
through digital classification and expert opinion with
Landsat-7 EMT+ images served to corroborate the existence
or absence of deforestation processes in the 2005-2010 periods
within the deforestation hot spots. This further allowed us to
evaluate the accuracy of the map obtained by means of digital
classification. These results indicated that the deforestation
category had more commission and omission errors than the
no deforestation category. These values were influenced by
the high number of pixels classified correctly in the category
of non-loss, which caused global accuracy to be quite high
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Table 4 - Commission and omission errors of vegetation maps in 2005 and 2010.
Map 2005

Map 2010

Commission

Omission

Commission

Omission

Class

(Percent)

(Percent)

(Percent)

(Percent)

Forest

7.80

12.4

2.70

19.2

Shrubland

96.9

46.6

95.6

17.6

Savannah

10.2

41.3

8.5

32.1

Grassland

41.0

34.6

46.0

10.2

Water body

1.23

2.81

0.20

1.58

(92.5%) and the Kappa index to indicate low agreement (0.29)
according to Landis and Koch (1977).
Approximately 85% of the hot spots obtained by digital
classification corresponded to hot spots obtained from the
experts, the remaining 15% being areas detected on the edge
of forests and therefore influenced by the edge effect. It should
also be born in mind that differences in weather conditions
in 2005 and 2010 naturally affected the reflectance value and
therefore the classification process. In order to understand the
results obtained in this study should be considered that this
study’s sampling design differs from that of the FRA 2010
report (FAO, 2010) which is currently being performed by
the FAO in collaboration with the JRC as part of the TREES
project 3 (2007 -2013). In our study, stratified sampling design
was used, whereas FRA 2010’s is systematic.
Our results were also compared with the deforestation map
obtained by Hansen et al. (2008). Although they considered
an earlier period (2000-2005), their map showed the same
trends. The deforestation hot spots identified in 2000-2005
were also hot spots in 2005-2010, especially to the south of the
Orinoco river (upper basin of Caura river and Imataca Forest
Reserve); and to the north of the Orinoco in mountainous

areas such as Sierra de Perijá, los Andes and Costa Norte.
New hot spots in 2005-2010 that did not exist in 2000-2005
were located in the Llanos Occidentales, although these were
traditionally deforestation areas.
As for the causes of deforestation, we were able to
identify various agents. Moreover, the loss of forest areas in
the northern region of the Orinoco River will continue to
cause, as it has in the past (Pacheco et al. 2011a; Pacheco
et al. 2011b), a process of mass immigration towards the
southern forest regions. This immigration is one of a number
of other causes of deforestation in the southern zone of the
Orinoco River, chief among which are: the rapid growth of the
urban areas in the Guayana region; the high density of rural
settlements around the urban centers; the growth of the native
population (accompanied by a process of transculturation);
and the evolution of the permanent settlements of the mining
population.

CONCLUSIONS
This study enabled us to ascertain the state of forest
cover change on a national scale over a five year period and
for the foreseeable near future. The study also allowed us to
obtain representative values, though these are not claimed to
be statistically valid for the entire country. Additionally, this
study showed that:
As in the southern basin of the Amazons, deforestation in
Venezuela is not distributed randomly or uniformly, but rather
is associated with different causes and concentrated in certain
areas of the country. The main processes of deforestation are
concentrated in the northern region of the Orinoco River,
where according to data from the FRA 2005 and the JRC,
8.63% of the forests are currently located. The proximate cause
of forest cover loss in Venezuela for the period evaluated was
agricultural activity, as it has been throughout the country’s

Table 5 - Rate of forest cover change in the validation zones.
Identification Number

1

2

Validation Zones

Upper Basin of
the Grita River

Caparo Forest
Reserve

Lower Basin of Caura

Forest Type

Evergreen

Semi-deciduous

Sub-Evergreen

Main Causes

Agricultural
Expansion

Selective Forest Use

Mixed Family Farming

Underlying Causes

Infrastructure
Construction

Agricultural and
Livestock Expansion
and Invasions

Time Period Evaluated

2003-2010

Forest Area Remaining (ha)

123,340.1

Average annual forest change rate (%) 0.72

194

4

5

Las Cristalinas Mine
Site
Semi-deciduous and
Evergreen
Large-Scale Mining
Exploration and
Exploitation

Icaburú Mining
Settlement

Transformation of
Family Farms to
Commercial Farms

Small-Scale Mining

Gold Boom

2004-2009

2005-2009

2003-2009

2003-2010

67,108.2

217,134.5

26,303.4

24,091.1

2.95

0.37

0.31

0.20
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history, and as is the case with the rest of the tropical forests.
These results can be considered useful in the study of climate
change and the carbon cycle, biodiversity loss, sustainable
agriculture, drinking water sump, or the modeling of future
deforestation. In this regard, information about deforestation
processes can help in the development and publication of
inventories of anthropogenic emissions of greenhouse gases
and in the formulation of plans to reduce and control these
emissions.
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