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Summary: Human activities during the last decades provoked a notable reduction in global forest cover. Knowing that
forest stands act as stock and sinks for carbon and other greenhouse gases, it is important to determine the existing forest
cover at country level and to calculate annual deforestation rates. This work uses NOAA satellite images in a resolution of
1 km x 1 km to classify the surface of continental Ecuador in “forest” – “non-forest” pixels and to estimate the annual
deforestation rate from 1986 to 2001 as well as from 2001 to 2008. The method is based on a decision tree algorithm that
includes different spectral bands of the NOAA-AVHRR sensor and additional topographic and meteorological parameters.
The results show that the total forest cover of continental Ecuador was reduced from 48.1 % in 1986 to 36.8 % in 2008. The
calculated annual deforestation rates indicate that forest reduction increased during the last decade. The most affected area
is the Coastal Lowland, due to the enhanced population pressure, followed by the Amazon Basin, not only caused by the
governmental supported oil and mining industry, but also due to the uncontrolled timber extraction. The Andean Highland
has been less affected, because the major parts of this region were deforested before, during the Pre-Columbian-Era.
Zusammenfassung: In den letzten Jahrzehnten führten menschliche Tätigkeiten zu einer deutlichen Abnahme der globalen Waldbestände. Da bekannt ist, dass Wälder als Speicher und Senken für Kohlenstoff und andere Treibhausgase dienen,
ist es wichtig die noch existierenden Waldbestände einzelner Länder zu bestimmen und die jährlichen Entwaldungsraten zu
berechnen. Diese Studie verwendet NOAA-AVHRR Satellitenbilder in einer Auflösung von 1km x 1km um die Landesfläche
von Kontinental-Ecuador in „Wald“ bzw. „Nicht-Wald“ Pixel zu klassifizieren und die jährliche Entwaldungsrate zwischen
1986 und 2001 sowie zwischen 2001 und 2008 zu bestimmen. The angewandte Methodik basiert auf einem Entscheidungsbaum Algorithmus, der neben verschiedenen Spektralbändern des AVHRR Sensors auch topographische und meteorologische Parameter beinhaltet. Die Ergebnisse zeigen, dass die Waldbedeckung von Kontinental-Ecuador von 48.1 % im Jahr
1986 auf 36.8 % im Jahr 2008 reduziert wurde. Die berechneten jährlichen Entwaldungsraten ergaben, dass die Abholzung
der Bestände während des letzten Jahrzehnts sogar zugenommen hat. Das am stärksten betroffene Gebiet ist die Küstenregion, aufgrund des erhöhten Bevölkerungsdrucks; gefolgt vom Amazonastiefland, nicht nur wegen der staatlich geförderten
Erdöl- und Bergbauindustrie sondern auch aufgrund der unkontrollierten Holzgewinnung. Das Hochland der Anden ist
weniger betroffen, da die meisten Regionen schon früher entwaldet wurden, während der Präkolumbianischen Zeit.
Keywords: Remote sensing, NOAA image processing, forest cover, annual deforestation rates, Ecuador

1

Introduction

Tropical forests cover about 7 % of the Earth’s
surface and are home to millions of species (e.g.
Olander et al. 2008), but during the most recent decades big parts of this unique ecosystem got lost because of human activities. The conversion from forest into pasture or agricultural land took place in all
tropical countries, but especially in South-America,
where highest deforestation rates are observed ( FAO
2010a). Deforestation not only has serious impacts on
native species, but also on global climate. As Aguiar
et al. (2012) mentioned, deforestation in tropical regions is one of the key components of climate change.
DOI: 10.3112/erdkunde.2016.03.02

Burn activities lead to massive emissions of CO2 ,
CH4 and other greenhouse gases into the atmosphere
(e.g. Poulter et al. 2010; Saatchi et al. 2011; IPCC
2013). One-third of total greenhouse gas emissions
are caused by agriculture practices, which also includes indirect emissions from deforestation as well
as from land use-changes (Gilbert 2012). The global
portion resulting from deforestation is estimated at
20 % (Olander et al. 2008), which is a considerable
fraction relative to total global warming.
Global warming leads to an additional pressure on the tropical ecosystems by coercing species
into rapid adaptation. With a mean temperature increase of only 1 °C per century, ecological zones
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shift poleward up to 160 km (Thuiller 2007) while
the altitudinal belts inside mountainous areas are
also modified. This results in an increased rate of
species extinction, because the time span to acclimatize, especially for highly adapted species, is too
short (Thomas et al. 2004).
Besides global warming, deforestation in tropical forest ecosystems also has a direct impact on the
regional and local climate. Fries et al. (2009) and
Fries et al. (2012) showed in their studies the conversion from forest into pasture leads to higher temperature amplitudes and less water availability for
evapotranspiration processes; the water availability
decreases due to the increased runoff over deforested areas. Together with the predicted alterations in
rainfall distribution and their amounts, the hydrological cycle may be modified, especially in the most
affected regions. The hydrological cycle is fundamental for the primary production of an ecosystem,
because the water cycle provides the main ecosystem services (e.g. nutrient availability; Breuer et al.
2013). The expectable modifications in local climate
and the water cycle do not only affect species composition and reforestation efforts, but also endanger
the water supply for the local population.
Therefore, knowledge about the spatial forest
distribution and the human impact on ecosystems
are crucial requirements for quantifying biosphere
sinks and atmospheric sources of greenhouse gases
(DeFries et al. 2000). With countrywide vegetation
maps, the stocks and emissions of greenhouse gases
can be determined and the most affected areas can
be depicted at a local and regional scale (e.g. Tan et
al. 2007; Moraes et al. 2013).
The highest deforestation rates in South America
are reported for Ecuador ( FAO 2010a,b). Thereby,
not only the tropical lowland forest is affected, but
also the tropical mountain forest (Mosandl et al.
2008). This is especially critical in the Ecuadorian
Andes, a global hot spot in biodiversity, where an
exceptional abundance of endemic species is located
(e.g. Barthlott et al. 2007; Beck et al. 2008; Brehm
et al. 2008). The Ecuadorian tropical mountain forest is reduced by slash-and burn activities, due to the
growing population and economic incentives as well
as the tropical lowland forest in the Amazon Basin,
because of the governmental supported oil and mining industry (e.g. Ochoa et al. 2015).
Unfortunately, Ecuador does not have operational surveillance systems to monitor ongoing deforestation. Existing observations are scarce, especially for remote areas, including tropical mountain
forest, paramos, and the tropical lowland forest in
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the Amazon Basin ( FAO 2010a). The available datasets are mainly estimates based on statistical models and extrapolations of point observations. As the
FAO report (2010b) specifies, the forest cover as
well as the annual deforestation rates for Ecuador
during the time periods 1990–2000, 2000–2005
and 2005–2010 were calculated by means of regression analyses and projections methods, because of
the deficient data availability.
For a reliable quantification of forest cover and
its reduction over time, satellite data supply a fast
and efficient tool, especially for remote areas (e.g.
Yoshikawa and Sanga-Ngoie 2011). Satellite data is
widely used for vegetation classifications at a global, continental and local scale. Global vegetation
estimations are published in Eastman et al. (2013),
using NOAA-AVHRR data (National Oceanic and
Atmospheric Administration – Advanced Very
High Resolution Radiometer). Another, more recent application is the Global Forest Watch initiative, which generated worldwide forest cover
maps based on Landsat satellite data (Global Forest
Watch, 2015). For continental South-America,
L atifovic et al. (2005) and Yoshikawa and SangaNgoie (2011) also presented vegetation and forest
cover maps using NOAA-AVHRR data. At a local
scale Göttlicher et al. (2009) published a vegetation classification for southern Ecuador by means of
Landsat satellite data.
On a continental to global scale, NOAA-AVHRR
satellite data have been widely used to monitor and
classify vegetation cover and dynamics (e.g. Zhang
et al. 2003; L atifovic et al. 2005; Fuller 2006;
Eastman et al. 2013), because this satellite series
provides the longest and most comprehensive source
of remotely sensed data (Wang et al. 2014). To classify the vegetation cover, composites of the different spectral bands of the NOAA-AVHRR sensor are
used to calculate the NDVI (Normalized Difference
Vegetation Index) and other derived parameters and
metrics (e.g. L oveland et al. 2000; Yoshikawa and
Sanga-Ngoie 2011).
Previous studies in South America applied
Principal Component Analysis ( PCA) for forest
classification in specific regions (e.g. Amazon Basin;
Nonomura et al. 2003; Yoshikawa and SangaNgoie 2011). However, there are still systematic errors inside the NOAA-AVHRR data used, because
the degradation of the spectral images over the life
time of the satellite is often not taken into account
adequately (L atifovic et al. 2012). Furthermore, forest can only be classified at cloud free pixels within
the satellite images (e.g. Wang et al. 2014), which is
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especially problematic in Ecuador. As Bendix et al.
(2004) and Bendix et al. (2006) showed, the relative
annual cloud frequency over some specific areas in
Ecuador is frequently higher than 90 %.
Hence, the objective of the present paper is to
create forest cover maps for continental Ecuador at a
national scale, wherefore the established correction
algorithms are adapted to the local conditions. By
means of these maps, the annual deforestation rates
for the periods 1986 to 2001 and 2001 to 2008 are
calculated. This product will be helpful as a baseline
for initiatives such us REDD (Reducing Emissions
from Deforestation and Forest Degradation), which
was implemented by the Ecuadorian Environmental
Ministry ( MAE – Ministerio del Ambiente) in 2008
( MAE 2015).
To reach these targets, a combination of different methods is applied: First NOAA-AVHRR images
are corrected by radiometric adjustments, using the
optimized coefficients published by L atifovic et al.
(2012). Then geometric rectification of the images is
processed, applying orbital satellite parameters and
“Image Matching” with ancillary data (Eugenio
and M arquez 2003) derived from Landsat satellite
images. Finally, to overcome the high cloudiness
and cloud contour effects in the satellite image, a
combination of the cloud classification and images
composition is executed. The final forest classification is based on a decision tree method adapted
from H ansen et al. (2000), which additionally includes topographic and climatic parameters.
The paper is structured as follows: In section 2
the study area and the data are presented. Section 3
explains the used methods of the instant forest classification and the calculation of the annual deforestation rates per period. In section 4 the results are
presented, discussed and validated. The paper ends
with general conclusions.

2

Study area and data

The study has been executed in Ecuador, bordering on Colombia in the north, on Peru in the south
and east and by the Pacific Ocean to the west (~1°N
to 5°S; ~75°W to 81°W). The altitude ranges from
sea-level up to over 6000 m at the highest Andean
mountain peaks. The Andes cross the country from
the north to the south, wherefore the country can
be divided into three principal climatic regions: the
Coastal Lowland in the west, the Andean Highland
in the centre (Sierra) and the Amazon Basin in the
east (Fig.1).
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The natural vegetation in Ecuador is determined
by these three principal climatic regions. The Coastal
Lowland is characterized by semi-deciduous, deciduous forests and savannas; the Amazon Basin by tropical rain forest. The Andean Highland contains altitudinal vegetation belts (Bendix et al. 2008), which can
be classified in montane broad-leaved forest and the
upper montane forests (Elfin forest), otherwise known
as the Ceja Andina. These two forest types are well
developed on the eastern escarpment of the Andes
and in the northern parts of the western Cordillera.
Further to the south at the coastal Cordillera these
forest types become more isolated, due to the drier
climate conditions and Dry-Forest vegetation and savannas prevail (Diertl 2010). At higher elevations in
the northern and central parts grass-páramo vegetation is formed, while shrub-páramo vegetation dominates in the southern part. This difference is caused
by the Andean Depression situated between southern
Ecuador and northern Peru (R ichter 2003), leading
to different climatic conditions. The upper treeline
in the northern and central parts is situated at ~4000
m asl, determined by the temperature and moisture
content of the air; at the southern part the treeline is
notably lower (2700 m–3300 m asl), probably caused
by the stronger wind conditions (Beck et al. 2008).
Nevertheless, biodiversity is extraordinarily high in
the area of the Andean Depression, due to the lower top altitudes, which facilitate the exchange between the coastal and the Amazonian vegetation (e.g.
Myers et al. 2000; Barthlott et al. 2005; Homeier
et al. 2008).
As mentioned above, deforestation rates are
highest in Ecuador compared to the other countries in South America (Mosandl et al. 2008; FAO
2010a). Wunder (2000) assumed that the surface of
Ecuador was originally covered with forest by 90 %
(~25 million ha). This is also confirmed by Cabarle
et al. (1989), who estimated an original forest cover
of about 26 million ha. There are two main deforestation periods in Ecuador: First a long-lasting deforestation in the Andean Highland over 1200 m asl
during the Pre-Colombian-Era and second a fast forest reduction in the Coastal Lowland during the last
century (Mosandl et al. 2008). The Coastal Lowland
forest was replaced by agricultural crops during the
cacao-boom (1900–1920) and the banana-boom
(1950–1965; Cabarle et al. 1989). The reduction of
the Amazonian rain forest took place in the 1970s,
caused by the oil-boom. Until 1990 the total forest
cover of continental Ecuador was reduced to 48.7 %
and for 2010 a forest cover of about 34.7 % was calculated (~9.9 million ha; FAO 2010b). The recent
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Fig. 1: Digital Elevation Model (DEM; adapted from Farr et al. 2007) of the research area (continental Ecuador), including the three principal regions: Coastal Lowland, Andean Highland
and Amazon Basin, as well as the reference sites for validation

deforestation mostly does not affect the primary forest areas, because the majority of these areas are protected. The actual deforestation is mainly observed
in secondary forest areas and in the mountain forest ecotones, where nearly the complete forest cover
has been replaced by pastures (Mosandl et al. 2008).
Besides the recent land use change from forest to
pasture, only small areas of reforestation are recorded
for Ecuador compared to other countries in SouthAmerica. This additionally amplifies the deforestation rates for Ecuador and leads to the highest values
at country level (FAO 2010a).

The Digital Elevation Model ( DEM, Fig.1) used
in this study was originally created during the Shuttle
Radar Topography Mission (SRTM ) in 2007 and the
data can be freely accessed online (http://www2.jpl.
nasa.gov/srtm/southAmerica_sp.htm). The single
steps of the DEM generation are published in Farr et
al. (2007). For this approach the SRTM data was resampled to 1km x 1km to obtain the same resolution as
the NOAA-AVHRR images.
Satellite data for vegetation classification are
available from 1970s to present from different satellite types. The spatial resolution of the images
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depends on the sensor type installed, ranging from
low resolution (4km x 4km; GOES imagery, Simic et
al. 2004), over coarse resolution (1 km x 1 km; e.g.
NOAA-AVHRR), moderate or medium resolution (up
to 250 m x 250 m; e.g. MODIS), high resolution (up
to 30 m x 30 m; e.g. Landsat TM ), to very high resolution (up to 1 m x 1 m; e.g. Ikonos, QuickBird). In this
approach NOAA-AVHRR data is used to classify the
forest cover at a national scale, because after a careful inspection of the available data it was found that
Landsat TM satellites (operating since the early 1980s)
or MODIS (operating since 1999, Chuvieco and
Huete 2009), do not cover the geographic boundary
of continental Ecuador completely or historical data
is not available, which also holds true for newer satellite types as Aster, RapidEye and QuickBird.
The NOAA-AVHRR resolution (1 km x 1 km) is
lower compared to MODIS and Landsat TM images,
but the data covers the whole continental Ecuador
and historical data is available online ( NOAA-CLASS
2015; http://www.class.noaa.gov). Furthermore,
the coarse resolution of this satellite type fulfill the
minimum requirements of the REDD initiative and
reforestation programs conducted by MAE (2015),
illustrating the forest cover of continental Ecuador
in a 1 km x 1 km resolution. The data used here corresponds to the Local Area Coverage (LAC) format.
The NOAA-AVHRR sensor provides data of five
spectral bands: one in the visible range (channel 1:
0.58-0.68µm), two in the near-infrared range (channel 2: 0.725-1.00µm; channel 3: 1.58-1.64µm (day),
3.55-3.93µm (night)), and two in the thermal infrared
range (channel 4: 10.30-11.30µm; channel 5: 11.5012.50µm). For the forest classification in the present
study, channels 1, 2, and 5 were used.
For the calculation of total forest cover and
annual deforestation rates in continental Ecuador
over the periods 1986–2001 and 2001–2008 a set of
NOAA-AVHRR satellite images of the years 1986,
2001 and 2008 are used. 1986 was selected as the base
year because reference site data is available to validate
the results (Papallacta, Bendix and R afiqpoor 2001;
Fig. 1). Furthermore, total forest cover was estimated by Cabarle et al. (1989), respective to the years
1987/1988, which can be used as reference value.
The same is valid for the year 2001 where reference
site data is available, too (Estación Científica San
Francisco – ECSF, Göttlicher et al. 2009; Fig. 1),
and a comparison to the official estimates presented in reports from MAE (2011 and 2012a) and FAO
(2010b), respective to the year 2000, can be drawn.
The raw data sets of 1986 and 2001 were downloaded
from the NOAA-CLASS webpage (Comprehensive
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Large Array-data Stewardship System). The year
2008 was chosen because the REDD program in
Ecuador started in 2008 (MAE 2015) and the calculated forest cover map provide basic data for this
initiative. The raw data for the year 2008 was captured by the NOAA-AVHRR receiver station (coordinates: 3.986784 S, 79.198585 W) installed inside the
campus of the Technical University of Loja/Ecuador
(Universidad Técnica Particular de Loja, UTPL). The
station, which consists of an antenna and a signal
processor from Quorum Communications (2015),
worked from 2007 to 2009 and raw data from all
operating satellites could be received directly during
this period. The receiver station location permitted
a reception of the raw imagines in excellent satellite
angles for vegetation classification at least two times
a day. As Tucker et al. (2005) explained in their study,
vegetation classification based on satellite images only
is feasible if the viewing angle of the satellite is lower
than 30°, because greater angles cause geometric distortions and blurring of pixels up to 2.4 km x 6 km.

3

Methods

To avoid miscalculations in the applied forest
classification method, years with pronounced phenomena like ENSO or droughts, which cause short
term variations in regional vegetation cover (under –
or overestimation of the real forest cover), were not
considered in this study. The same is valid for years
of big volcanic eruptions (e.g. Mt. Pinatubo eruption
in June of 1991), which bias forest classification by
means of satellite data, because the dust in the atmosphere causes interference, wherefore the established
thresholds for vegetation classification cannot be applied (Gutman et al. 1998).
The processing of the NOAA-AVHRR images to generate a forest classification for continental
Ecuador can be divided in three parts (Fig. 2).
The first step is the correction and calibration
of the individual satellite raw images, including systematic corrections, geo-referencing, and cloud elimination. The radiometric corrections eliminate the
atmospheric and solar radiation errors in the images (Roderick et al. 1996), whereas specific parameters, suggested by L atifovic et al. (2012), are used.
Then, the geometric correction is applied, implicating orbital parameters of each individual NOAA satellite, which are available online at the NOAA Class
website, provided by the Advanced Earth Location
Data System (EALDS). Next, a geo-referencing process is executed. A detailed description of the single
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Fig. 2: Processing scheme of the “forest” – “non-forest” classification
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steps can be found in Bachmann and Bendix (1992).
During the geo-referencing process offsets from 4
km to 6 km frequently occur; hence, an additional adjustment has to be done. This further process is called
“Image Matching” (e.g. Eugenio and M arquez 2003;
M arcal and Borges 2003; L atifovic et al. 2005) and
consists of auxiliary data from vector files, which distinguish and compare specific locations of main geographic features. The vector layer was generated by
means of photointerpretation of Landsat Images in
MrSID format from 1990 and 2000. The two vector
layers compare the recognizable geographic features,
such as the coast line, rivers, lakes, glaciers and/or
city boundaries of the corrected NOAA images. If the
position of these features is incorrect, each individual
NOAA image is moved until it matches perfectly with
the vector layers.
Hansen et al. (2002) exposed that special attention must be given to areas with clouds and cloud
shadows because they alter the spectral values of
the affected pixels as well as the pixels around these
areas. As stated before, in Ecuador extremely high
cloud frequency is present during the whole year (e.g.
Bendix et al. 2006), which complicates any kind of
satellite image product generation, especially at the
escarpments of both cordilleras and at the Costal
Lowland in the north (Fig. 3a). The cloud detection
scheme to eliminate the affected pixels is adopted
from Bendix et al. (2004), which do not only determine cloud-filled pixels, but also classify the general
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cloud types (Fig. 3b). For further information about
the cloud classification please refer to Bendix et al.
(2004). The result is a classified cloud mask, which
is subtracted from the NOAA image. To avoid errors
due to the cloud contour effect and cloud shadows a
buffer of two pixels (=2 km) around each cloud field
is also eliminated. Additionally, cloud shadows are
identified by means of the solar angle and position
during the satellite flyover and the affected areas subtracted. The result is a corrected and geo-referenced
NOAA image, where all cloud contaminated pixels
and shadows are removed.
The second step is the determination of the
NDVI for all corrected NOAA images individually. The NDVI index is related to the photosynthetic
capacity and hence to the energy absorption of the
vegetation and is calculated as the ratio of channels
1 ( VIS) and 2 ( NIR) of the NOAA-AVHRR sensor
(Fensholt et al. 2009):
NDVI =

NIR −VIS
NIR +VIS

(1)

where NIR is the second NOAA-AVHRR channel (0.725-1.00µm) and VIS is the first NOAAAVHRR channel (0.58-0.68µm).
To fill the cloud gaps in the individual NDVI
maps a composite of several images has to be generated, using the Maximum Value Composite ( MVC)
method. The MVC consists of a multi-temporal com-

Fig. 3: a) Annual cloud cover map of Ecuador (modified from Bendix et al. 2004); b) Example of a cloud classification map
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posite of NDVI maps, where the maximum value for
each pixel over a required time span is determined
(Chen et al. 2003; M aisongrande et al. 2004). The
MVC method also removes remaining clouds in the
images, because clouds attenuate the spectral sensor values (H ansen et al. 2002). Generally, a temporal MVC composite of 10-days is created, but due
to the high cloud frequency in Ecuador the temporal time span had to be extended to one month
(e.g. Loveland et al. 2000; Los et al. 2002; M a and
Veroustraete 2006; Wang et al. 2014). Finally, all
monthly composites are merged to annual NDVI
maps for the years 1986, 2001 and 2008. However,
even in the annual composites blank pixels remain,
because in the images of the selected years clouds
were always present over some areas, especially at the
escarpments of the cordilleras and over the north80°0'0"W

ern Costal Lowland. An example of an annual NDVI
composition (year 2001) is shown in figure 4.
Besides the MVC composites of the maximum
NVDI maps, composites of the NOAA-AVHRR
channels 1 and 5 are generated. These composition
products are necessary for the decision tree to obtain
the final forest classification (Fig. 5). For channel 5
a composite of maximum values and for channel 1
a composite of minimum values are merged, in the
same manner as explained before, and additionally a
yearly composite of the mean values of the NDVI is
generated.
The third step is the application of a decision
tree to classify pixels with or without forest cover.
Decision tree algorithms are widely used in forest
classifications; because they represent a high overall
accuracy (up to 90 %; L im et al. 1998; H ansen et al.
78°0'0"W
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Fig. 4: MVC composite of the annual NDVI (year 2001) with remaining clouds
(black color)
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2000) and improve discriminations between different vegetation classes especially at coarse resolution
(McIver and Friedl 2002). The decision tree algorithm (Fig. 5) is adapted from H ansen et al. (2000)
and automatized using the programming language
“Fortran”. In contrast to the original algorithm,
where all five spectral bands of the NOAA-AVHRR
sensor were used to classify different forest types,
here only the composites of NDVI, channel 1 ( VIS)
and 5 ( TIR) were included to detect “forest” respectively “non-forest” pixels. To improve the forest
classification and to avoid false classification, additional topographic and meteorological data (precipitation and altitude) are also integrated in the decision tree algorithm (Fig. 5).
First an annual precipitation threshold was established, because forest vegetation needs at least
300 mm of rainfall per year (Furley 2007). The
annual precipitation map was obtained from the
WorldClim database (Hijmans et al. 2005; http://
www.worldclim.org), which has the same resolution as the NOAA images (1 km x 1 km). Each pixel
within the satellite images is compared to the mean
annual precipitation value in the WorldClim map
(50 years average) and classified as “non-forest” if
the threshold is not reached. Then, the remaining
pixels are compared to the DEM (Fig. 1), obtained
from the SRTM (Farr et al. 2007), which was resampled to the satellite image resolution. Polylepis forest in the tropical Andes can be found in altitudes
between 3600 m and ~4200 m (Cierjacks 2007),
wherefore the tree-line threshold was set to 4200 m
asl and all pixels with higher elevation are flagged

as “non-forest”. After this, the created composites
of VIS, TIR and the NDVI are included in the decision tree (Fig. 6). The respective thresholds of each
single step are taken from H ansen et al. (2000). The
result is a forest cover map classified into “forest”
and “non-forest” pixels for the years 1986, 2001 and
2008.
By means of the generated forest cover map the
annual deforestation rates for the time span 1986
to 2001 and 2001 to 2008 are calculated. The annual rate of change can be estimated by comparing
the forest cover in the same regions at two different
times. According to Puyravaud (2003), the equation
can be written as follows:
1/ ( t2 −t1 )

A 
q = 2
 A1 

−1

(2)

where: A1 y A 2 are the forest cover maps and t 1
and t 2 are the different time periods.
To avoid miscalculations of the annual deforestation rates per period (1986–2001; 2001–2008)
the cloud contaminated pixels of both maps had
to be merged (1986/2001; 2001/2008 respectively),
because clouds cover different areas within each
map. Then the merged cloud map is subtracted
from both yearly forest classifications to guarantee
the comparison of the same regions in the individual maps. Thereby, only pixels which could be
classified within both years are taken into account
for the calculation of the annual deforestation rate
per period.

Fig. 5: Decision tree algorithm of the “forest” – “non-forest” classification
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Fig. 6: Forest classification of the year a) 1986 (with reference site), b) 2001 (with reference site) and c) 2008

Finally, to validate the results available ancillary data (reference sites) from 1986 and 2001 are
used to compare the generated forest cover map
at the respective locations. The land cover at the
reference site Papallacta (see Fig. 1; year 1986) was
classified using aerial photography by Bendix and
R afiqpoor (2001); the reference site ECSF (see
Fig. 1; year 2001) by G öttlicher et al. (2009) by
means of Landsat satellite images. The reference
site vegetation maps are taken as reliable for the
respective year, because of the higher resolution of
these data. Due to the different resolutions of the
aerial photographs, the Landsat classification and
NOAA-AVHRR satellite images, a reclassification
was necessary. The original pixels with a resolution of 25 m (aerial photography and Landsat) were
aggregated into pixels of 1km ( NOAA-AVHRR
resolution). Then the percentage of forest cover of
each aggregated pixel was calculated and declared
as “forest” if more than 60 % (threshold) are covered by forest stands (DeFries et al. 2000). By
comparing the forest cover at the reference sites
to the same areas in the generated yearly maps, the
accuracy of our results is determined.

4

Results and discussion

The high cloud frequency over continental
Ecuador during the whole year (Bendix et al. 2004)
did not permit the creation of cloud free composites
to calculate exactly the total forest cover and the annual deforestation rates per decade within the country. The generated forest cover maps always show areas of cloudiness (black color; see Fig. 6a,b,c), therefore a definitive percentage of national forest cover

could not be established. In the worst case clouds
cover approximately 8.9 % of the continental surface
of Ecuador (year 2008; Fig. 6c), which may increase
the maximum inaccuracy of the generated maps and
the error within the calculation of the annual deforestation rates. However, the final errors are not that
pronounced, because clouded pixels mainly occur
over areas where only small patches of possible forest can be expected (escarpments of the two cordilleras; see Fig. 6), because most of these areas were
previously deforested or the altitudinal threshold is
exceeded (Cierjacks 2007; Mosandl et al. 2008).
The forest classification map for the year 1986
(Fig. 6a) displays a total forest cover for continental Ecuador of ~11.9 million ha, which is equivalent
to 48.1 % of the land surface (Tab. 1). The MAE report (2012a) published a value of about 12.9 million
ha for the year 1990, using Landsat satellite images;
and the FAO report (2010b), respectively to the year
1990, specifies a total forest cover of 13.8 million ha,
equivalent to ~51.0 % of the land surface. The higher
amount of forested cover (between ~8.6 % ( MAE)
and ~16.2 % ( FAO)) may be caused by cloud contaminated pixel, which are present in our calculated
map (2.7 %, more than 0.7 million ha). Supposing
that all contaminated pixel are located over forest
stands, our value is close to the MAE report (2012a),
but this cannot be expected as figure 6a indicates,
because clouds occur mostly over the western cordillera where only small patch of mountain forest are
located. The high FAO value is uncertain, as the report (2010a) specifies, due to the lack of information
for this period and the applied interpolation method.
However, Cabarle et al. (1989) also presented estimates of total forest cover for continental Ecuador
for the period 1987-1988, indicating values between
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43 % and 50 %, with a possible maximum forest cover of 13.6 million ha. The established range confirms
our value of total forest cover of continental Ecuador
at the end of the 1980s, although in our map cloud
contaminated pixels are present.
Figure 6a illustrates that most of the Coastal
Lowland and the Andean Highland are deforested, due to the intense deforestation phases during
the last century and during the Pre-Colombian-Era
(e.g. Wunder 2000). The Coastal Lowland only
show bigger patches of forest in the northern and
the central parts, where protected areas were established (e.g. Reserva Ecológica, Manglares, Cayapas
Mataje; Reserva Ecóliga, Cotacachi Cayapas;
Reserva Ecológica, Mache Chindul; Parque
Nacional Machalilla; MAE 2012b). The Andean
Highland forest basically covers uninhabited and/
or steep valleys, whereas population pressure on
the mountain ecosystems was still low during this
period. In the extreme south, isolated patches of
forest can be seen as well, indicating intact Dry
Forest (west) and Tropical Mountain Forest (east)
stands near the border of Peru. The Amazon Basin
shows nearly a complete forest cover, except for
the regions at the escarpment of the eastern cordil-
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lera and bigger areas in the southeast. These areas
were deforested during the oil-boom, especially the
northern and central parts, and with the beginning
of the big scale mining industry in the southern
part, during the 1970s (Bonan 2008). Inside the
forest, along the big river systems, “non-forest”
pixels are displayed, too, which is not only caused
by the timber extraction, but also due to the existing water surfaces (see Fig. 1).
Figure 6b shows the forest classification for the
year 2001. Forest covers 10.4 million ha (~42.0 %,
Tab. 1)) of continental Ecuador. The MAE report
(2012a) specifies a value of 11.8 million ha for the
year 2000, the same value is reported by the FAO
(2010b). These results, compared to our study, indicate a higher forest cover of continental Ecuador of
about 1.6 million ha (~13.5 %). This may be due to the
high number of cloud affected pixels in our generated forest cover map (5.3 %, more than 1.3 million ha;
Tab.1). However, an earlier MAE report (2011) specifies lower values of total forest cover in continental
Ecuador between 10.5 million ha ( MAE) and 11.6
million ha (CLIRSEN = Centro de Levantamientos
Integrados de Recursos Naturales por Sensores
Remotos del Ecuador) for the year 2000.

Tab. 1: Results of the comparison between reference sites and the new classification approach. The mean values show the
percentage of forest present in class of forest/non-forest

Year

Land cover

Total land
surface [ha]

1986

Non Forest

12132500

Forest

11871700

Clouds

654800

Total Area

Forest
cover [%]

Cloud
cover [%]

48.1

Forest cover reduction
in relation to 1986 [%]

Annual rates of
deforestation [%]

0.0
2.7

24659000
1986–2001

2001

Non Forest

12975600

Forest

10368500

Clouds

1314900

Total Area

42.0

12.7

-0.9

5.3

24659000
2001–2008

2008

Non Forest

13393800

Forest

9062800

Clouds

2202400

Total Area

24659000

36.8

23.7
8.9

-1.9
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Compared to the year 1986 (Fig. 6a) a reduction
in forest cover of 12.7 % could be stated (see Tab.
1). Forested areas were considerably reduced in the
whole country during the end of the last century,
but especially at the Coastal Lowland and in the
Andean Highland (see: Supplement), where forest
was replaced by pastures and agricultural land (e.g.
Mosandl et al. 2008). At the Costal Lowland deforestation took place even in the protected areas to
the north and the central parts, only the core areas
still show bigger patches of connected forests. Big
parts of the Dry Forest in the south of the Andean
Highland as well as most of the Tropical Mountain
Forest in the Andean valleys got lost, too, due to the
enhanced population pressure (Ochoa et al. 2015).
The Amazonian Basin also displays an increase of
deforested areas, especially in the south-east near
the border with Peru, mainly caused by the intense
mining industry. Along the streams a reduction is
visible, too, which is due to uncontrolled timber extraction near the bigger rivers.
The calculated annual deforestation rate for the
period 1986 to 2001 is ~-0.9 % (Tab. 1), considering
only areas which could be classified at both years
(subtraction of the merged cloud mask). The FAO
(2010a,b) published a notably higher deforestation
rate for the period 1990–2000 (-1.5 %). The difference may be caused by the high amount of cloud
covered pixels in our map, especially over the northern Costal Lowland. However, as explained above
the published deforestation rate for Ecuador in the
FAO reports (2010a,b) for the decade 1990 to 2000
is uncertain and MAE (2012a) indicates a value of
-0.7 % for the same period.
Figure 6c displays the forest classification map
for 2008. Forest covers 9.1 million ha of the land
surface, which compared to the year 1986 is a reduction in forest cover of 23.7 % (Tab. 1) and to the year
2001 of 12.6 %. The FAO reports (2010b) specify a
total forest cover for continental Ecuador of ~9.9
million ha for the year 2010, which means a reduction of 28.3 % compared to the year 1990. In contrast, MAE (2012a) published a value of 11.3 million
ha for the year 2008. Again, the difference in forest
cover may be due to the high number of clouded
pixels in our map (8.9 %, more than 2.2 million ha;
Tab. 1).
Deforestation continued during the last decade
in the whole country not only at the Coastal Lowland
and the Andean Highland, but also in the Amazon
Basin (Fig. 6c). At the Coastal Lowland most of the
forest stands are cleared to create agricultural land,
due to the enhanced population pressure. Only in
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the core parts of major protected areas patches of
dense forest still remain. The same scenario can be
observed in the Andean Highland, where the forest
is almost replaced completely to create pasture land
(e.g. Mosandl et al. 2008; Ochoa et al. 2015). The
most obvious reduction of forest cover is displayed
in the north of the Amazon Basin, where oil companies expanded their production, while the expansion of the mining industry took place in the southeast (see: Supplement). Furthermore, small patches of several deforested areas inside the Tropical
Lowland Forest are visible, which is mainly caused
by illegal timber extraction (Bonan 2008). But now,
the clearance of the forest is not only shown near
the bigger river systems but also in parts of difficult
accessibility.
The calculated annual deforestation rate is -1.9 %
(Tab. 1), respectively to the period 2001 to 2008. FAO
(2010b) specifies the same value, while the MAE report (2012a) a notable lower value of -0.7 %. The low
annual deforestation rate published by MAE (2012a)
seems to be underestimated, because other studies
also confirm the increase of the deforestation rate
in continental Ecuador during the last decade (e.g.
Mosandl et al. 2008; Tapia et al. 2015).
The forest classification of continental Ecuador
was validated be means of the generated maps for
1986 and 2001, and data from two independent
study sites. For 1986 a photointerpretation product
for a small area in northern Ecuador (Papallacta at
4800 m asl; Bendix and R afiqpoor 2001; Fig. 7) is
available and for 2001 a Landsat TM classification
for an area in southern Ecuador ( ECSF at 1850 m
asl; Göttlicher et al. 2009; Fig. 8). First, both independent data sets were resampled to the same spatial resolution as the NOAA-AVHRR images (1 km
x 1 km) and reclassified in “forest” and “non-forest”
pixels. To classify a pixel as “forest” at least 60 %
of it must be covered by forest stands (threshold;
DeFries et al. 2000). Then, the respective areas
in our maps were subtracted and finally, the areas
compared using the “Cross-Tabulation” application
in the Idrisi-Taiga software package ( IDRISI 2011;
Clark Labs 2015). For the year 2001 additionally a
cloud mask was generated, because the composite
shows some cloud contaminated pixels within the
reference site. The cloud mask was subtracted from
both maps (reference site and composite) to ensure
the comparison of the same areas (see Fig. 8)
The validation for the composite of 1986 (Fig. 7)
produced a good accuracy with a Cramer’s value
of 0.704 and an overall Kappa value of 0.702 (see
Tab. 2). The discrepancies may be explained by the
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10 km
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Fig. 7: Forest classification at Papallacta for 1986 a) Reference site (adapted from Bendix and Rafiqpoor
2001), b) Classified NOAA-AVHRR image

resampling technique applied to the photointerpretation map of 1986, the established forest threshold
(60 %) and/or the different classification methods.
However, H ansen et al. (2000) obtained a similar
agreement between 65 % and 82 % for their forest
classification map, compared to different training
sites. Also MAE (2012a) specified an equivalent
overall Kappa value of about 0.7 for their classification, using Landsat satellite images.
a)

Also for the composite of 2001 (Fig. 8) a good
accuracy was obtained with a Cramer value of 0.730
and an overall Kappa value of 0.720 (see Tab. 2). The
MAE report (2012a) stated the same accuracy for the
year 2000 as for the year 1990 (overall Kappa 0.7)
for their classification. Unfortunately, the FAO report
(2010b) does not specify the accuracy of their maps; it
only indicates that the errors are higher for 1990 due
to the poor information compared to the year 2010.
b)
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Fig. 8: Forest Classification at ECSF for 2001 a) Reference site (adapted from Göttlicher et al. 2009), b)
Classified NOAA-AVHRR image
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Tab. 2: Accuracy between “forest” and “non-forest” pixel of the reference sites (rows); a) Papallacta 1986; b) ECSF 2001) and
the generated forest cover maps (columns)

Nonforest

Cramer’s value
Papallacta

User’s
Accuracy

Commission’s
error

0.8544

0.0384

0.8928

95.69

4.31

Forest

0.0224

0.0848

0.1072

79.1

20.9

Total

0.08768

0.1232

1

Producer’s
Accuracy

97.44

68.83

Omision’s error

2.56

31.67

Nonforest

Forest

Total

User’s
Accuracy

Commission’s
error

Non-Forest

0.3513

0.0291

0.3805

92.34

7.66

Forest

0.108

0.5115

0.6195

82.56

17.44

Total

0.4593

0.5407

1

Producer’s
Accuracy

76.48

94.61

Omision’s error

23.52

5.39

0.9392

Cramer’s value

0.7041

Overall Kappa

0.7019

b

5

Total

Non-Forest

Overall
Accuracy

Loja

Forest

Overall
Accuracy

0.8628

Cramer’s value

0.7298

Overall Kappa

0.7203

Conclusions

The methodology used for forest classification
of continental Ecuador, including cloud detection
and subtraction, the generation of the annual composites and the application of a decision tree algorithm provides a practical approach to estimate
forest cover at a national scale. Compared to other
studies and methods the accuracies of the generated maps were determined to be within the same
range ( FAO 2010b; MAE 2012a), which confirms
the reliability of the present approach.
The focus of the present investigation was to
calculate the total forest cover and annual deforestation rates per period for continental Ecuador.
Unfortunately, clouds were always present over
some areas during the selected years and an exact percentage of national forest cover could not

be established. However, using composites of one
year a lot of the clouded pixels could be eliminated and the additional integration of topographic
and meteorological parameters (precipitation and
altitude) in the decision tree improved the forest
classification.
The study has shown that forest cover in continental Ecuador was clearly reduced during the observation
period (from 48.1 % in 1986 to 36.8 % in 2008; Tab. 1).
A definitive value of existing forest stand could not be
established due to the cloud contamination in the individual maps. Nevertheless, the calculated total forest
cover is close to the values presented in other studies
(Cabarle et al. 1989, year 1986; MAE 2011, year 2001;
FAO 2010b, year 2008). Forest reduction is especially
obvious in the Costal Lowland where only in the core
zones of protected areas dense forest stands still remain. In this region deforestation is mainly caused by
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the enhanced population pressure. The Amazon Basin
shows a notable reduction in forest cover as well, mostly resulting from the expansion of the oil and mining
industry but also from the illegal timber extraction.
The Andean forest stands display lesser deforestation, because most of the mountain forest was cleared
during the Pre-Columbian-Era (Mosandl et al. 2008).
Highest forest reduction can be stated for the eastern
cordillera, as confirmed by MAE (2012a), due to the
ongoing mining industry (Fig. 6).
It was also found that annual deforestation rates
have increased with the beginning of the new century (-0.9 %, period 1986–2001; -1.9 %, period 2001–
2008; see Tab. 1), which is confirmed by the FAO report (2010b) and other studies (Mosandl et al. 2008;
Tapia et al. 2015). Although a definitive value could
not be established due to the cloud contamination in
the individual maps and the inaccuracies of the generated composites (Kappa-value: 0.7; Tab. 2), the obtained results are close to MAE (2012a), respective to
the period 1990–2000, and the FAO report (2010b),
respective to the period 2000–2010.
To promote reforestation, the national government of Ecuador started a restoration program and
identified 1.6 million ha of possible forest restoration
( MAE 2014). The generated forest cover maps depict the remaining forest stands and can help to
expedite the reforestation program. The maps also
are important for the REDD initiative driven by the
Ecuadorian government since 2008, because forests
are important stocks and sinks for carbon and other
greenhouse gases.
To improve the results, future works should generate composites of several years to obtain cloud free
forest cover maps of continental Ecuador. Also, additional topographic and meteorological parameters
(e.g. landslide and temperature maps) can be integrated to avoid false calculations during the classification process. By means of these maps, total forest
cover, annual deforestation rates and possible forest
restoration area can be detected more adequately.
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