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1  | INTRODUC TION

Since the 1960s, the Brazilian Amazon has undergone large‐scale de‐
forestation for the purpose of cattle farming, cropping, mining and ur‐
banization (Cardille, & Foley, 2003; Ewers, Laurance, & Souza, 2008; 
Garcia, Soares‐Filho, & Sawyer, 2007; Gibbs et al., 2010; Théry, 1997; 
Velasco Gomez et al., 2015). Deforestation first occurred along the 
eastern and southern borders of the rainforest, which was called the 
“agricultural frontier” or “arc of deforestation” (Rodrigues et al., 2009). 
The deforestation process is now slowing down under the scrutiny 
of international organizations and the government. From 2004 to 
2014, the enforcement of environmental control, credit restriction 

for farms pursuing illegal deforestation and commitments by supply 
chains have significantly reduced the rate of deforestation (Gibbs 
et al., 2016; Nepstad et al., 2014; Tritsch & Arvor, 2016), although in 
2015 and 2016, deforestation started to increase again (Fearnside, 
2017). However, the Amazon forest is not only threatened by defor‐
estation, but also by degradation. As shown by Souza et al., (2013), 
as deforestation in the Brazilian Amazon declined, forest degradation 
increased from 2000 to 2010 (PRODES and DEGRAD programs de‐
veloped by INPE, Brazil's National Institute for Space Research).

Forest degradation is defined as a decrease in tree density re‐
sulting in a change in forest structure, with loss of the functions, bio‐
diversity or biomass normally associated with — and locally expected 
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Abstract
Question: Tropical forests are subject to disturbances by logging, gathering of fuel‐
wood, and fires. Can degradation trajectories (i.e. cumulative disturbances events 
over a period of timer) be identified using remote‐sensing Landsat time series?
Location: Paragominas (Pará, Brazil), a municipality covering 19,395 km² in the north‐
eastern Amazon.
Methods: We used Landsat annual imagery from 2000 to 2015 and spectral mixture 
analysis to derive time series of the fraction of soil (S), active photosynthetic vegeta‐
tion (PV), and non‐photosynthetic vegetation (senescent) (NPV) indicators.
Results: The NPV values over a 16‐year period revealed five different degradation 
trajectories (i.e., cumulative disturbances in space and over time): undisturbed forest, 
selectively logged forest (with a management plan), overlogged forest (no manage‐
ment plan), overlogged forest (charcoal production) and burned forest. The variance 
of NPV calculated per pixel over the same period is useful to map forest degradation 
over Paragominas municipality, highlighting the role of disturbance factors (logging, 
fuelwood gathering and fire).
Conclusions: The fractional cover of NPV obtained from spectral mixture analysis 
can be used to differentiate degradation trajectories and to map forest degradation.
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from — natural forest (ITTO, 2002). Forest degradation reduces the 
capacity of a forest to provide goods and services (FAO, 2002) in‐
cluding climate change mitigation (Baccini et al., 2017; Bustamante 
et al., 2016; Thompson et al., 2013). Large areas of rainforest all 
over the world are affected by forest degradation (Alves, Morton, 
Batistella, Roberts, & Souza, 2009). In the Brazilian Amazon, the 
INPE classified about 103,000 km² of forest as degraded due to 
illegal selective logging and fires between 2007 and 2013, which 
represents almost twice the extent of deforestation over the same 
period (Aguiar et al., 2016).

Degradation can have natural causes such as climate change, but 
is more commonly associated with local human activities that have 
medium‐ and long‐term consequences. In the Brazilian Amazon, 
forest fires, fragmentation due to the opening up of agricultural 
lands, unsustainable selective logging, gathering fuelwood for char‐
coal production and livestock grazing are the main processes re‐
sponsible for forest degradation (Alves et al., 2009; Ferreira et al., 
2015; Hosonuma et al., 2012; Matricardi, Skole, Cochrane, Qi, & 
Chomentowski, 2005; Matricardi, Skole, Pedlowski, Chomentowski, 
& Fernandes, 2010; Pinheiro et al., 2016). Fires, even of low inten‐
sity, alter forest composition and structure (Xaud, Martins, & dos 
Santos, 2013). Selective logging leaves gaps in the forest, roads, and 
injured remaining trees, whose mortality contributes significantly to 
biomass losses following logging (Sist, Mazzei, Blanc, & Rutishauser, 
2014). Although cleared areas are closed by secondary vegetation 
following the harvest of timber or damage caused by fire, second‐
ary vegetation does not have the same characteristics as the original 
vegetation and requires decades or even centuries to recover from 
biomass losses (Asner et al., 2005; Gerwing, 2002).

It is important to assess forest degradation by remote sensing and 
to identify the causes of degradation over large areas in order to im‐
prove their management, to establish priorities, and to implement ac‐
tions to stop and reverse the degradation process (Asner, Rudel, Aide, 
Defries, & Emerson, 2009; FAO, 2011, p. 81; Lamb & Gilmour, 2003, 
p. 110). However, identifying and characterizing forest degradation is 
difficult using remote sensing because degradation is less visible than 
large‐scale clearing combined with land use change, and because the 
spectral signature of logging and forest fires changes rapidly as the gaps 
close due to the growth of secondary vegetation, even if damage to the 
forest has consequences for the forest structure. Forest degradation 
is a medium‐ or long‐term process and consequently requires specific 
remote‐sensing analysis and monitoring every year (Lambin, 1999).

A number of authors have used remote sensing to analyze for‐
est degradation using different sensors (Matricardi et al., 2010, 
2005; Monteiro, Souza, & Barreto, 2003; Souza et al., 2013; Souza, 
Firestone, Silva & Roberts, 2003). The high frequency of MODIS 
imagery enables efficient mapping of burned forest areas, and the 
MODIS multi‐temporal dataset enables differentiation between 
deforestation and degradation processes when they affect large 
areas (Shimabukuro, Beuchle, Grecchi, & Achard, 2014). DETER with 
MODIS images (250 m) and DETER‐B with AWIFS data (56 m) are 
tools developed by INPE for low‐resolution sensors to detect defor‐
estation and large clearings caused by forest cutting or burning in 

the Brazilian Amazon at near‐real time (Diniz et al., 2015). The INPE 
conceived another method to specifically monitor forest degrada‐
tion, called DEGRAD (obt.inpe.br), which makes it possible to de‐
tect disturbances affecting areas of more than 6.25 ha (INPE, 2008). 
Annual results have been available since 2007. In some areas of pub‐
lic land under forestry concessions, a more accurate resolution has 
been processed by INPE for the DETEX project (Selective Logging 
Detection Project). It is based on CCD/CBERS‐2. However, the use 
of low spatial resolution tools limits the identification of the selec‐
tive logging processes, by not detecting the small clearings that are 
used to temporarily store logs (log landings). And the more import‐
ant, the tools are not designed to identify the consequences of this 
type of damage to forests in the medium and long term, they detect 
more the disturbance than the degradation.

In the Peruvian Amazon, (DeVries et al., 2015) tracked forest 
changes using dense Landsat time series, and detected distur‐
bance–regrowth dynamics with high spatial and temporal reso‐
lution. With Landsat, SPOT or other medium‐resolution sensors, 
fraction images of soil cover derived from linear mixture models 
make it possible to detect small clearings. For this purpose, non‐
photosynthetic vegetation and shade fractions have been used 
to estimate the levels of forest degradation caused by burning 
(Cochrane, 1998). The Carnegie Landsat Analysis System (CLASlite) 
is a tool based on a linear mixture model and decision tree classi‐
fication designed to assess forest disturbances over large areas 
of the Brazilian Amazon (Asner et al., 2005, 2006; Dlamini, 2017; 
Matricardi et al., 2005; Monteiro et al., 2003; Souza & Barreto, 
2000; Souza et al., 2003). CLASlite makes it possible to distinguish 
the fractions of photosynthetic vegetation (PV), non‐photosyn‐
thetic vegetation (NPV) and bare substrate (S). CLASlite‐based 
analysis is an approach to monitor forest degradation that can be 
used to detect selective logging (Chicas, Omine, & Saqui, 2016). 
However, CLASlite has rarely been used to assess the cumula‐
tive impacts of degradation processes, and hence their medium‐ 
and long‐term effects on forest degradation. In a region of Mato 
Grosso heavily impacted by deforestation and selective logging, 
Grecchi et al. (2017) investigated the annual changes due to for‐
est disturbance caused by selective logging using a Landsat multi‐
temporal dataset over a 15‐year period processed with spectral 
mixture analysis. These authors reported on the areas affected by 
selective logging using a regular grid with 300 m × 300 m cells. 
For each grid cell and each single year, the percentages of forest, 
deforested areas and “logging” pixels were computed, and the grid 
cells were classified in relation to the intensity of the disturbance. 
The authors also assessed the number of times a grid cell was de‐
tected as “disturbed” over the 15‐year period to characterize the 
medium‐term degradation process. Tritsch et al. (2016) analyzed 
multi‐temporal Landsat images with CLASlite to detect logging 
activity based on canopy openings and to monitor the trajecto‐
ries of forest disturbance over time. Using principal component 
analysis and hierarchical cluster analysis, they classified logging 
plots in five disturbance patterns in terms of logging intensity 
and frequency. They characterized forest disturbance trajectories 
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over time, from legally certified logging to high overlogging. In the 
same area, which represents an old Amazon agricultural frontier 
with a mosaic of degraded forest, among a number of other vari‐
ables, Bourgoin et al. (2018) classified Landsat spectral unmixing 
using CLASlite and mid‐infrared variables as the most robust and 
most explanatory variables of the aboveground biomass remaining 
in degraded forest. With these advances, there is now a need to 
study the cumulative impacts of forest damage over time.

The aim of the present study was to evaluate the capacity of 
vegetation fractions resulting from spectral unmixing and their vari‐
ance during a time series to identify the intensity of medium‐ and 
long‐term forest degradation based on accumulated damage. We se‐
lected Paragominas municipality, an agricultural frontier area in the 
Brazilian Amazon that has been subject to recurrent logging and fire. 
Our first objective was to identify, at pixel scale, disturbance events 
that occurred over a 15‐year period from fractions of PV, NPV and 
bare substrate, using Landsat time series and the CLASlite platform. 
Our second objective was to analyze, at pixel and plot scale, the deg‐
radation and recovery trajectories to better understand changes in 
vegetation activity according to different disturbance factors: log‐
ging for timber, forest fire and gathering fuelwood. Our third objec‐
tive was to map the intensity of forest degradation resulting from 
the 15‐year period of disturbances, at the municipal scale. In the rest 
of the paper, we use the term “disturbance” to cover the actions of 

forest cover disturbance and the term “degradation” to cover the 
cumulative effects of these disturbances on the state of the forest.

2  | STUDY ARE A

Paragominas is a municipality in the eastern Amazon crossed by the 
federal road between Belém and Brasilia (BR‐010) (Figure 1). The 
municipality was founded in 1965 and now covers 19,395 km². The 
climate is tropical (type Aw, according to the Köppen classification), 
with an average annual temperature of 26.3°C and a mean relative 
humidity of 81%. Average annual rainfall recorded at Paragominas sta‐
tion between 1992 and 2010 was 1,693 mm (Andrade, 2011). Eighty‐
three percent of the annual precipitation falls in the rainy season from 
December to May. From June to November, mean monthly rainfall is 
less than 100 mm/month. Landforms consist of plateaus at an eleva‐
tion of 160–190 m above sea level, separated by valleys up to several 
kilometers wide. The most prevalent soils are Ferralsols, clayey on the 
plateaus and sandy in the valleys (Laurent, Poccard‐Chapuis, Plassin, 
& Pimentel Martinez, 2016). The natural vegetation is a dense tropical 
moist forest, but 45% of the study area has been deforested since the 
1960s (INPE, 2010), mainly for cattle farming, and since the 2000s for 
soybean and maize cropping (Piketty et al., 2015). The forests have 
been degraded by the extraction of timber and charcoal production. 

F I G U R E  1   Location of the 25 reference plots characterizing the five forest degradation types in the municipality of Paragominas [Colour 
figure can be viewed at wileyonlinelibrary.com]
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In 1990, the municipality was the largest timber production center 
in Brazil (Verissimo, Barreto, Mattos, Tarifa, & Uhl, 1992). In 2006, 
Paragominas was put on the blacklist for the illegal deforestation. In 
response to the sanctions, the local stakeholders and the majority of 
farmers decided to respect the environmental laws by changing the 
development model of the territory. Since then, Paragominas munici‐
pality has been involved in reducing deforestation and mapping farms’ 
protected areas, labeled by the Green Municipality program (Laurent 
et al., 2017). Little is known about the degradation status of the re‐
maining forests, however, and their management is an open question.

3  | METHODS

3.1 | Field observations and identification of 
reference plots

Two field missions in May and August 2015 made it possible to 
build a typology of degraded forests using GPS data acquisition and 
qualitative descriptions (see further details in Bourgoin et al., 2018). 
Based on the spatial distribution of the data, Google Earth images 
and Esri World Imagery (July 2016), the plot reference database was 
completed by visual interpretation of disturbance impacts.

We identified five reference plots for each type of forest degrada‐
tion (Figure 1). Including all the area affected by similar management or 
by fire meant the plots differ in size. Plots of undisturbed forests and 
logged forests with a management plan were selected in the western 
part of the municipality, in the fazenda Rio Capim owned by CIKEL‐
Brazil Verde. Forest management has been under Forest Stewardship 
Certification since 2001. The plots of overlogged forest for charcoal 
production are located in the northern part of the municipality. In these 
forests, almost all trees with a diameter at breast height >10 cm have 
been removed. Overlogged forest (no management plan) and burned 
forest plots are scattered throughout the municipality. In the over‐
logged forests (no management plan), a few tall trees with a large diam‐
eter of non‐commercial species are still present. The burned forests are 
characterized by a high abundance of dead standing trees compared to 
other forest types. The mean surface area of the five plots was 38.1 ha 
(min: 24; max: 58) for the undisturbed forest, 290.5 ha (min: 85; max: 
883) for selectively logged forest, 317.6 ha (min: 178; max: 610) for 
overlogged forests (no management plan), 169.2 ha (min: 74; max: 216) 
for overlogged forest (charcoal production) and 277.6 (min: 165; max: 
358) for burned forest. Based on the Google Earth archive, we recon‐
structed the history of disturbance events between 2000 and 2015 for 
each of the reference plots. We used this information for the validation 
of the NPV time series (see Results).

3.2 | Processing of remote‐sensing images

CLASlite is a software package designed to automatically identify defor‐
estation and forest disturbance on satellite imagery. It is used to convert 
raw satellite images into fractional cover maps of live vegetation can‐
opy, dead vegetation, and bare surface. These fractional covers are core 
determinants of forest composition, structure, biomass, physiology and 

biogeochemical processes (Asner et al., 2005; Oliveira et al., 2007). The 
method requires “libraries” of spectral end‐members for each of three 
relevant surface cover types: PV (fractional cover PV), NPV (fractional 
cover NPV), and bare substrate (fractional cover S). Spectral properties 
of the PV band are specific to leaf photosynthetic pigments, canopy 
water content, and the amount of foliage in the canopy. Spectral prop‐
erties of the NPV band are associated with dried carbon compounds in 
dead leaves and exposed wood. The S band represents exposed min‐
eral soil, rock outcrops, buildings and roads. The fractional cover of each 
band for each pixel is provided by a Monte Carlo method (Automated 
Monte Carlo Unmixing Process), where the possible combinations of 
the endmember spectra are pre‐computed with libraries derived from 
extensive field databases and satellite imagery provided with CLASlite. 
Each image pixel is decomposed using the following linear equation 
(Asner, Knapp, Balaji, & Paez‐Acosta, 2009):

where P(λ)e is the reflectance value of the observed pixel at wavelength 
λ and CPV, CNPV and CS are the percentages of fractional covers for the 
aforementioned principal constituents or endmembers, P(λ)PV, P(λ)NPV 
and P(λ)S being the corresponding reflectance at wavelength λ for every 
one of the three endmembers considered, and (ε) is an error term.

The three spectral indicators of fractional covers (S, PV and NPV) 
are expressed as a percentage (0%–100%) for each pixel. A specific 
color is assigned to each fractional cover: PV is in green. NPV is in 
blue, substrate (S) is in red (Asner, Rudel et al., 2009). Other colors like 
magenta or orange represent interactions between the bands. Spatial 
patterns of CLASlite bands revealed differences between types of 
disturbance: a system of regular geometrically shaped gaps and a net‐
work of roads to extract timbers with high S and NPV values in the 
selective logging areas (Asner, Keller, Pereira, Zweede, & Silva, 2004), 
while the forest fire and charcoal production areas were randomly 
shaped, with homogeneous distribution of NPV and without S band.

Landsat Operational Land Imager (OLI), Enhanced Thematic Mapper 
(ETM+) and Thematic Mapper (TM) images were selected on the earth‐
explorer.usgs.gov website to form a time series during the dry season 
between 2000 and 2015. To cover the entire Paragominas municipality, 
four images were used with path and row numbers (222–26, 222–63, 
223–62, 223–63). The Landsat imagery from 2000 to 2015 was ana‐
lyzed with CLASlite through the calibration, pre‐processing, atmospheric 
correction, cloud masking and Monte Carlo Spectral Mixture Analysis 
(Figure 2). CLASlite uses the 6S radiative transfer model (CLASlite, 2014; 
Vermote, Tanre, Deuze, Herman, & Morcette, 1997), which simulates the 
Earth's atmosphere in each satellite image. The raw image is corrected by 
removing the estimated model of the atmosphere, resulting in an image 
of surface reflectance. One problem in tropical areas is cloud cover: 
satellite images are rarely free of clouds, and the automated process in 
CLASlite (based on thermal band) is often not sufficient and does not 
completely mask out all clouds or pixels contaminated by clouds and 
shadows. To overcome this problem, several images were processed for 
each year. The areas masked by clouds in one image were replaced by 

(1)
P(λ)pixel=

∑

[Ce ⋅P(λ)e]+ε=

[CPV ⋅P(λ)pv+Cnpv ⋅P(λ)npv+Csubstrate ⋅P(λ) substrate]+ε
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the results of other images acquired in the same season over the same 
area with no cloud cover. Despite cloud correction, some areas remain 
masked with cloud (Figure 3), they appear as non‐forest areas in white 
(Figure 4). A composite image was created for each year. A total of 110 
images had to be downloaded to cover the entire municipality during the 
dry season. Even so, it was impossible to build the 2012 map, because 
the cloud cover was too extensive in all images in that year. 2011 was 

also very cloudy and was consequently not used at the municipal scale, 
but local results at plot scale with no cloud cover were used for analysis.

3.3 | Building a primary forest mask

Building a primary forest mask was essential to ensure the S, PV and 
NPV indicators were only applied in primary forest area. Primary 

F I G U R E  2   CLASlite software processing of Landsat images for the assessment of photosynthetic vegetation, non‐photosynthetic 
vegetation, and bare substrate (S) bands in a multiannual period, and non‐forest mask building from CLASlite results [Colour figure can be 
viewed at wileyonlinelibrary.com]

F I G U R E  3   Remaining cloud cover 
over the forested area in Paragominas 
municipality [Colour figure can be viewed 
at wileyonlinelibrary.com]
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forest has to be clearly distinguished from secondary forests, refor‐
ested areas (particularly planting of trees such as eucalyptus, which 
is common in the Brazilian Amazon) and pasture invaded by shrubs. 
Fractional covers from CLASlite were processed to build non‐forest 
masks for Landsat imagery for each year from 2000 to 2015 (except 
2012) using the object‐oriented classification method (Figure 2). The 
primary forest mask for each year was built with the Example Based 
Feature Extraction method in ENVI 5.0. The method proceeds first 
by segmentation, which consists in dividing the image into discreet 
objects by finding edges and grouping pixels into regions; a critical pa‐
rameter at this stage is selecting the minimum segment size to merge 
the segments. Secondly, we chose the number of segments for each 
feature class and identified segments that are representative of each 
feature class in Google Earth or Landsat images by visual interpreta‐
tion: we defined 20–25 forest segments (the number varied with the 
year), from 30–40 non‐forest segments and 5–10 cloud segments (re‐
sulting from the identification previously carried out with CLASlite). 
Thirdly, we applied the Support Vector Machine Classification Method 
based on spectral, texture and spatial criteria (ENVI, 2008, p. 78).

The multi‐annual mask was based on the rule that a pixel clas‐
sified as non‐forest in one year remains non‐forest for the whole 

period, which normally leads to the exclusion of secondary forest or 
tree plantations that are less than 15 years old.

During the field trip, GPS points were taken in primary forest (144 
points) and non‐primary forest or non‐forest areas (692 points). Primary 
forest GPS points were distinguished visually from plantation trees and 
from secondary forest, which had a different structure with homogeneous 
tree size, with no old dominant trees and with only one or two vegetation 
strata. The GPS points were used to assess the accuracy of the primary 
forest mask by calculating the Kappa index, which reflects the difference 
between actual agreement and the agreement expected by chance.

3.4 | Analysis of the fractional cover maps 
with CLASlite

To get information on annual disturbances, we used the annual frac‐
tional cover maps of the municipality. The fractional cover maps re‐
veal the location of the disturbance events. The fractional cover maps 
were further used at the pixel, plot and municipal scale by using re‐
spectively NPV value, mean NPV value and NPV class fractional areas.

To get information on the state of degradation of the forest in 
2015, we used ArcGIS Spatial Analyst to compute variance in the 

F I G U R E  4   Four annual fractional cover maps (2001, 2005, 2008 and 2015) processed with CLASlite software using Landsat images, 
zooming in on two zones in the 2008 fractional cover map [Colour figure can be viewed at wileyonlinelibrary.com]
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annual value at the pixel level of the NPV over the period 2000 to 
2015. We assumed that NPV in a forest that had undergone little 
or no disturbance is small and hardly varies over the years, while 
repeated disturbance factors such as overlogging, fire and charcoal 
production will lead to a succession of growth stages and decline 
stages in NPV. Repeated disturbances would result in more variance 
in NPV over several years. We therefore assumed that the greater 
the variance, the more degraded the forest. The distribution of NPV 
variance was processed in the plots according to the four types of 
disturbance and the non‐degraded forest plots.

4  | RESULTS

4.1 | Primary forest cover in Paragominas

In 2015, the total area of primary forest was 12,767 km2, represent‐
ing 65.8% of the municipal area. The accuracy assessment is very 
good as 97.9% of the GPS points measured in the forest were found 
in the forest mask; also 98.3% of the GPS points measured in non‐
forest areas were found in the non‐forest mask.

4.2 | Annual maps of the fractional cover 
representing forest disturbances

Within the mask of primary forest, CLASlite analysis enabled map‐
ping of the forest degradation over time series (Figures 4 and 5). In 
2001, a meridian strip with mixed colors expressing significant pro‐
portions of S and NPV appeared in the central part of the municipal‐
ity near the main roads, showing some disturbance; high NPV values 
(in blue) were diffuse in the western and northeastern part. In 2005, 
disturbance appeared to be reduced with less diffuse blue and mixed 
colors and more concentrated and isolated blue patches, mainly in 

the central and in the northeastern parts. High values of NPV were 
recorded in 2008 in the central part and in some patches of forest 
surrounded by non‐forested area, while light green dominated the 
western and northeastern parts. In 2015, the majority of the cen‐
tral part was light green, representing little disturbance; only a few 
patches in this area and in the northeastern part were dark blue, 
representing a concentration of disturbances. In all the years, a halo 
of mixed color or blue appeared at the margins of forest patches, 
resulting from disturbances near opened areas.

4.3 | Forest degradation trajectories

Figure 6 shows changes in the three CLASlite bands in a 3 pixel × 3 
pixel window around a selective logging gap. Two timber harvesting 
campaigns were clearly revealed by a sharp rise in NPV in 2001 and 
in 2013. A smaller increase can be observed from 2009 to 2010, 
which may be due to tree mortality or some other unknown event. 
Timber harvesting affected the central pixel and its neighbors. As a 
result of the 2001 disturbance and subsequent regrowth, the aver‐
age NPV value in the nine pixels decreased slowly up to 2008 fol‐
lowing a progressive trend. The S band showed short peaks without 
following a trend. Except in 2010, the S peaks were not correlated 
with NPV peaks.

Figure 7 shows the NPV values during the study period for the 
five disturbance types representing undisturbed forest used as the 
local benchmark (five plots per type). Results revealed low variability 
of the mean NPV in undisturbed forest. Among the degraded plots, 
the highest mean NPV values were found in the burned forest area, 
with several fire events in 2006, 2008, 2011 and 2015. The NPV 
returned to a normal value after two or three years depending on 
the plot. Thus, fire appears to have the strongest consequences 
on the NPV for the forest. Overlogging for charcoal production in 

F I G U R E  5   Forest degradation patterns in Paragominas observed via non‐photosynthetic vegetation (NPV) fractional cover. (a) 
Zonal disturbance (fuelwood gathering) with homogeneous distribution of non‐photosynthetic vegetation in the degraded area and (b) 
selective logging, with roads and regularly shaped gaps in the plots visible in the NPV fractional cover map [Colour figure can be viewed at 
wileyonlinelibrary.com]
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2010 led to a slightly lower mean NPV value compared to fire and its 
consequences lasted for one to three years. In the selected plots of 
overlogged forest (no management plan), logging activity was higher 
before 2004. The consequences of overlogging with no manage‐
ment plan lasted between one and two years. The activity with the 
least impact was selective logging with a sustainable management 
plan: the logging had little impact on the mean NPV value and all 
effects disappeared in a year. The S mean results for the plots are 
not presented because, as seen at the pixel scale (Figure 6), this frac‐
tional band rapidly disappears.

4.4 | NPV variance

4.4.1 | Validation of the NPV variance as a 
degradation indicator through field observations

Figure 8 shows that the median values and the distribution of NPV 
variance differ in the five forest degradation trajectories. The NPV 
variance was lowest for undisturbed forest and gradually increased 
for selectively logged forest (with a management plan), overlogged 
forests (no management plan), overlogged forest for charcoal pro‐
duction and burned forest. The NPV variance showed the difference 
in the intensity of the impacts of the disturbance on the forest over 
a long period.

4.4.2 | Distribution of forest degradation at the 
municipal scale

The resulting map shows the pixel NPV variance for the whole mu‐
nicipality over the period 2000–2015. NPV variance was not ho‐
mogeneous in the study area (Figure 9): the most degradation was 
observed in a central meridian strip near the main paved road, in 
an extended northeastern area with a mosaic of forest/non‐forest 
patches, and some places in the northwest of the municipality ap‐
pear to be more degraded; while in an extended western part, in 

some large patches in the east and in the indigenous reserve in the 
far northeast, forests appear to be better preserved.

4.4.3 | Changes in forest degradation at the 
municipal scale

The highest NPV values are expected to represent the most severe 
disturbance phenomena. Changes in the extent of degraded areas 
in annual time steps are an indicator of changes in disturbance at 
the municipal scale. Considering the relative extent of higher NPV 
values (NPV fractional cover >15%, Figure 10), 2006 and 2008 were 
the years with the most severe disturbances. In 2009 and 2010, 
disturbances appeared to occur less frequently. In 2013, 2014 and 
2015, the area with high NPV values increased as a large proportion 
of primary forest area was disturbed. The lowest class of NPV values 
did not display the same dynamics: their extent has increased since 
2004, particularly since 2013.

5  | DISCUSSION

Spectral mixture analysis has proven its efficiency in assessing the re‐
gional distribution of forest disturbance based on public data (Chicas 
et al., 2016; Reimer, Asner, & Joseph, 2015). One advantage of CLASlite 
is that it separates the phenological bands that are useful for detecting 
disturbance. It performs separate quantitative analysis of each band at 
the pixel scale. The series of CLASlite fractional cover maps showed 
that it is possible to identify disturbances at pixel scale. As reported in 
other work, CLASlite results enable detection of the gaps created by se‐
lective logging in rainforest (Monteiro et al., 2003; Tritsch et al., 2016). 
For selective logging, CLASlite results provide information including 
the density and the size of the gaps in a forest plot, the logging year, 
logging intensity (indicated by the size of the gaps), the time needed 
for secondary vegetation to close the gap and the time between two 
selective logging campaigns in the same area. Additionally, the results 

F I G U R E  6   Fractional cover (in %) 
of bare substrate (S), photosynthetic 
vegetation (PV) and non‐photosynthetic 
vegetation (NPV) during the period 
2000–2015 for a 3 pixel × 3 pixel window; 
the pixel at the center of the window 
was affected by a logging gap in 2001 
and 2013 [Colour figure can be viewed at 
wileyonlinelibrary.com]
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F I G U R E  7   Mean values of non‐
photosynthetic vegetation for the five 
reference plots of undisturbed forest and 
each of the four degradations [Colour 
figure can be viewed at wileyonlinelibrary.
com]
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of our study show that the NPV can be used to identify and charac‐
terize other types of disturbance such as forest fires and gathering of 
fuelwood. As pointed out by Cochrane and Souza, the NPV band can 
be used to map burned forests and several levels of forest disturbance 
by fire (Cochrane, 1998). However, artifacts can occur at the edge of 
the forest, particularly in riverine forests or in mosaics of smallholder 
farms due to the presence of mixed pixels containing trees and pastures 
or crops, which can increase the NPV values. The sensitivity of NPV in 
narrow forest patches in the landscape requires further analysis.

Knowing forestry practices, one can assume that the dead wood 
left following timber harvesting, or a tree falling on the surrounding 
vegetation, takes several years to disappear. The presence of bare sub‐
strate is due to the passage of the forestry machinery used to transport 
timber. By analyzing time series, we show that NPV can also be used 
to monitor the trajectory of forest recovery through the progressive 
decline of the NPV band at pixel and plot scale, while the S band lasts 
a shorter time in the rainforest because secondary vegetation rapidly 
closes the vegetation gap created by the disturbance events (Figure 6). 
As shown by Asner et al. (2004), approximately 50% of the canopy 
opening caused by selective logging closes in one year of regrowth fol‐
lowing timber harvests. For this reason, the S band was no longer used 
in the analysis. The trajectories of the NPV values showed that the 
gaps closed between one and four years after the disturbance; this re‐
sult is in agreement with that obtained by Asner, Keller, Lentini, Merry, 
& Souza (2009). The speed of NPV regression is linked to the intensity 
and type of disturbance. Large gaps in the forest are usually slow to re‐
cover and thus have long‐lasting effects (Asner et al., 2006). However, 
our results may be disrupted by the effect of climate variability on the 
proportion of NPV. Dry years are assumed to generate senescent veg‐
etation and partial leaf fall that may reveal NPV such as wood and litter. 
On the other hand, the driest years in the Amazonian region, 2005, 

2010 and 2015, were not associated with a notable increase in the ex‐
tent of areas with high NPV (Figure 10).

Most available remote‐sensing methods have been used to de‐
tect disturbance events but their cumulative effects were not evalu‐
ated. In the present study, NPV variance was used as a multi‐annual 
aggregation indicator to assess the medium‐ and long‐term impacts 
of the disturbance processes. The results showed that the higher 
the NPV variance, the more degraded the forest. The highest NPV 
variance was observed in the case of fire. Fire causes more drastic 
changes to the structure of forest than selective logging, in burned 
forest there is a severe collapse of forest biomass, jeopardizing nat‐
ural regeneration and increasing the susceptibility of the forests to 
subsequent fires (Cochrane & Schulze, 1999).

The spatial distribution of pixel NPV variance at the municipal 
scale appears to be linked to the distance from the main roads and 
the proximity of cleared areas (pasture, cropland, urbanization) that 
damage the forest, such as uncontrolled fires that facilitate the ex‐
traction of timber and charcoal. This may be reflected by spatial 
differentiation between non‐protected areas with increasing degra‐
dation near the main roads, and agricultural land use, and the pro‐
tected forest in the western part with a management plan and the 
indigenous reserve in the northeastern part.

The dynamics of forest disturbances at the municipal scale 
also revealed marked differences in deforestation dynamics. In 
Paragominas, deforestation decreased from 334 km² in 2005 to 
an average annual deforestation of 33 km² over the period 2010 to 
2015 (source: PRODES database, INPE), due to the stricter appli‐
cation of the Forest Code and the Green Municipality commitment 
(Laurent et al., 2017; Piketty et al., 2015). However, the remaining 
primary forests are undergoing degradation that is affecting a larger 
area than deforestation. In a region in Mato Grosso, Grecchi et al. 

F I G U R E  8   Variance of non‐
photosynthetic vegetation calculated for 
undisturbed forest and each of the four 
degradation types; the boxplots report 
the median value and the distribution 
of variances computed for each pixel 
of the reference plots over the period 
2000–2015 [Colour figure can be viewed 
at wileyonlinelibrary.com]
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(2017) also identified areas affected by greater disturbances caused 
by selective logging than by deforestation and an increasing ratio be‐
tween annual rates of disturbance and annual rates of deforestation 
during the period 2000–2015. Today, in these study areas, which are 
representative of the Amazonian agricultural frontier, degradation 
no longer leads to deforestation, as observed in the past (Gibbs et al., 
2010; Nepstad et al., 1999). The two processes are decoupled, as we 
also observed in the present study.

In Paragominas, a sharp increase in forest disturbance has been 
under way since 2013 with 625 km² of new highly disturbed area 
(identified by a fractional cover of NPV higher than 20%), equiva‐
lent to 4.9% of the municipal primary forest area (Figure 10). The 
results obtained using the NPV fractional cover method are consid‐
erably higher than those obtained using DEGRAD (except for 2010, 
Figure 11), and can be explained by the spatial resolution of the NPV 

fractional cover method, which detects disturbances affecting areas 
as small as 900 m², whereas DEGRAD only identifies disturbed areas 
larger than 62,500 m². However, a spatial overlay of the two maps 
showed that the two methods converged: the mean fractional cover 
of NPV was systematically greater inside the degraded polygons 
identified with the INPE method than outside (Figure 12).

6  | CONCLUSION

The results of the present study highlight the need to not only 
consider the actual deforestation process when assessing tropical 
forest conservation. Even in a municipality considered as a model 
for sustainable development in the Amazon, where the rate of de‐
forestation is decreasing, degradation continues and is even on the 

F I G U R E  9   Mapping of the variance of non‐photosynthetic vegetation calculated over the period 2000–2015 in the municipality of 
Paragominas, with a detailed view of two zones [Colour figure can be viewed at wileyonlinelibrary.com]
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F I G U R E  1 0   Percentage of pixels 
in five classes of non‐photosynthetic 
vegetation fractional cover value in the 
forested area of the municipality of 
Paragominas; distribution is displayed 
for each year over the period 2000–
2015 [Colour figure can be viewed at 
wileyonlinelibrary.com]
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F I G U R E  11   Assessment of area 
of forest degradation in Paragominas 
municipality estimated using the 
DEGRAD–INPE method (www.obt.inpe.
br/OBT/assun tos/progr amas/amazo nia/
degrad) and the CLASlite method (this 
study); only pixels with the highest values 
of NPV fractional cover (>20%) were 
selected [Colour figure can be viewed at 
wileyonlinelibrary.com]
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F I G U R E  1 2   Mean value for non‐
photosynthetic vegetation calculated 
for all the pixels inside and outside the 
polygons recorded by DEGRAD–INPE 
mapping [Colour figure can be viewed at 
wileyonlinelibrary.com]
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increase, with major consequences for biodiversity, carbon seques‐
tration and other ecosystem services. There is thus an urgent need 
for the monitoring and regulation of forest degradation. The NPV 
fractional cover is an appropriate tool for mapping forest distur‐
bance events, as well as for differentiating between causes such as 
selective logging and forest fire. The aggregation of fractional cover 
during time series by multi‐annual NPV variance makes it possible 
to map medium‐ and long‐term degradation and their relation with 
intensity and frequency of forest disturbances.
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