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Abstract: An increasing amount of Brazilian rainforest is being lost or degraded for various reasons,
both anthropogenic and natural, leading to a loss of biodiversity and further global consequences.
Especially in the Brazilian state of Mato Grosso, soy production and large-scale cattle farms led to
extensive losses of rainforest in recent years. We used a spectral mixture approach followed by a
decision tree classification based on more than 30 years of Landsat data to quantify these losses.
Research has shown that current methods for assessing forest degradation are lacking accuracy.
Therefore, we generated classifications to determine land cover changes for each year, focusing
on both cleared and degraded forest land. The analyses showed a decrease in forest area in Mato
Grosso by 28.8% between 1986 and 2020. In order to measure changed forest structures for the
selected period, fragmentation analyses based on diverse landscape metrics were carried out for the
municipality of Colniza in Mato Grosso. It was found that forest areas experienced also a high degree
of fragmentation over the study period, with an increase of 83.3% of the number of patches and a
decrease of the mean patch area of 86.1% for the selected time period, resulting in altered habitats for
flora and fauna.

Keywords: Landsat; Google Earth Engine; spectral mixture analysis; deforestation; forest degradation;
landscape metrics; forest fragmentaion; Mato Grosso

1. Introduction

Brazil comprises the largest proportion of South American tropical rainforest and is
home to 15%–20% of the world’s biodiversity. At the same time, Brazil is one of the largest
producers and the world’s third largest exporter of agricultural goods [1,2]. Due to the
rising demand for agricultural product exports from Brazil and the associated expansion
of agricultural land for crop production and cattle ranching, more and more forest land
is being cleared or degraded, thereby fostering the loss of biodiversity [3,4]. Since the
1980s, increasing amounts of land in the Amazon and Cerrado biomes have been converted
to agricultural use [3]. By 2010, nearly 49% of the natural vegetation in the Cerrado
had already disappeared [5] and by 2018, 20% of the tropical rainforest in the Brazilian
Amazon [6].

With a soy cultivation area of 9.7 million ha in 2019, Mato Grosso is Brazil’s state with
the largest soy production [7] and the largest cattle herds, emphasizing the importance for
the country’s economy [3]. There are also indications of high forest fragmentation levels
in this state, which leads to a reduction of the remaining core forest [8]. In addition to
fragmentation, the expansion of agricultural cultivation of land has resulted in further
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environmental transformations, such as soil erosion and contamination through the use of
pesticides [9].

Especially selective logging and forest fires are one of the main drivers of forest decline
in the Amazon [10]. Forest degradation is on the one hand often caused by logging events,
where not only trees are cut down but also nearby trees are injured or damaged during
harvesting. This in turn reduces biomass and destroys the habitat of some species [11]. On
the other hand, forest degradation is caused by fire, which is not only caused by logging
but also by droughts [11]. Droughts lead to moisture stress and favor the ignition of
normally moist fuels [12]. Fire in turn alters forest structure and promotes the vulnerability
of remaining trees to wind damage [13]. Windstorms are another stressor that drives
degradation, especially in combination with forest fragmentation and fire disturbance [14].
Silvério et al. (2019) [13] found that both large trees previously impacted by fire and
edge-exposed trees show high mortality rates during strong wind events. Trees at forest
edges in forest fragments are furthermore exposed to higher stress due to more intense and
frequent wind gusts [15]. Consequently, a synergistic effect is created by disturbance of any
kind to the forest, with a chain reaction following: logging and burning destroys habitat,
creating more fragments and forest edges, which in turn fosters disturbance by wind and
fire, further accelerating tree mortality and degradation.

As Lovejoy and Nobre (2018) [16] point out, the Amazon rainforest is close to its
ecological tipping point; it cannot tolerate ongoing deforestation for much longer. Changes
in rainforest structures due to natural or anthropogenic factors not only have an enormous
local impact on the composition of species diversity [17,18] but also have global conse-
quences, such as the release of immense amounts of carbon dioxide [19,20]. Therefore, it is
essential to develop large-scale monitoring frameworks for a better forest loss surveillance,
which will form the basis for taking necessary action to combat deforestation.

Research has shown that methods for determining deforestation with remote sensing
data are well developed, but there is a lack of valid methods for assessing forest degrada-
tion [14]. Such areas are more difficult to classify because different land cover types are
combined—for example, vegetation, shade, soil, or dead wood [21]. The determination of
degradation is highly dependent on operational definitions and calculations differ depend-
ing on the degradation processes considered, the scale of the analyses, and the thresholds
set [14].

The remote-sensing-data-based System for Monitoring Degraded Forest Areas in
the Amazon (DEGRAD), developed by the Brazilian National Space Agency (INPE), for
example, only captures anthropogenic degradation patterns with a size bigger than 6.25 ha
and does not consider smaller natural forest disturbances such as windfall or fire [10].
However, it is important to include these different factors, as the effects of disturbances
on forests can vary greatly depending on the type, frequency, intensity, and extent of the
perturbation [14].

Mato Grosso has been the focus of remote sensing analyses in various studies using
data from different Landsat missions [22–26]. Some of these studies calculated deforestation
rates for most of the Brazilian Amazon Biome [22], parts of Mato Grosso [24,26], on selected
municipalities [23], or on single satellite scenes [25]. In some studies, spectral mixture
analysis (SMA) was used to generate fraction images as input for image classifications
(e.g., [22,23,27–29]). This approach has shown to be a promising method for subpixel
classification, which includes degraded forest areas as a separate class. Souza and Siqueira
(2013b) [22] used Landsat scenes with a resolution of 30 m between 2000 and 2010 and
performed a decision tree classification (DTC) based on an SMA for the whole Brazilian
Amazon. Thereby, deforestation and degradation rates are based on a statistical approach.
This is performed by determining forest loss and degradation between the first and last
year mapped by calculating the percent rate of forest loss and degradation normalized to
the time period. On this basis, the annual rate of deforestation and degradation is obtained
per year, taking into account the forest area of the year under consideration. Thus, this
does not represent the actual forest loss or decline per year. Rather, it represents only the
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rate that results from the total percentage forest loss and degradation of the first and last
year considered.

In the study presented in this paper, land cover classifications and changes in Mato
Grosso are performed. The goal is not only to distinguish between forest and nonforest but
also to refine existing classification approaches to improve the detection of degraded forest.
We use SMA to approach the problem of mixed pixels in small-scale land cover patterns.
It allows to capture spectral details at the subpixel level, which favors the differentiation
between the intended land cover classes. The challenge hereby is the selection of the
endmembers, as they have to represent all ground materials within the study area [30].
The analyses carried out resemble those of Souza and Siqueira (2013b) [22] in terms of
geographical and analytical scope, but in these analyses, their algorithms are refined with
an additional cloud filter and a longer analysis period. The spatiotemporal changes in land
cover are assessed for the period between 1987 and 2020 based on Landsat 5 and 8 image
mosaics. In order to draw conclusions about temporal shifts in forest cover and the intensity
of deforestation and degradation, degraded and closed forest areas are first identified by an
SMA, followed by a DTC. Based on the classification results, a second classification scheme
is implemented, consisting of six newly defined classes representing tree cover loss or gain.

Both spatial and temporal changes in a landscape influence its ecological stability,
habitat capacity, and the possibility of the flora and fauna establishment [31].

To understand the structures, dynamics, and functions of boreal ecosystems and its
habitat conditions, analyses of forest fragmentation and associated temporal changes can
be used [32]. Chaplin-Kramer et al. (2015) [33] found that biomass in tropical forests is
reduced by an average of 25% in edge areas (about 500 m from the forest margin) compared
to core areas. This shows that forest fragmentation favors forest degradation, which in turn
promotes tree mortality and biodiversity loss [34]. To better protect habitats affected by
fragmentation, a deeper understanding of the causes, mechanisms, effects, and overarching
impacts of fragmentation on biodiversity must be gained. Habitat loss is one of the greatest
concerns for global biodiversity [35]. There are many common assumptions that illustrate
the effects of habitat fragmentation on biodiversity. Patch isolation is an important factor
in determining the habitat amount in a landscape; the more isolated a patch is, the less
habitats are present in the surrounding landscape. Correlations between patch size and
species diversity can be observed. Each species needs different requirements regarding the
patch size of the landscape in which they live [36]. Debinski and Holt [37] compared several
studies on the dependence of patch size and species diversity. They found that, in general,
smaller patches provide less habitat than larger ones. In addition, it is understood that
smaller isolated patches lose a higher number of species as well as larger, less dispersive
species faster [38]. However, it was also noticed that species diversity changes positively as
soon as patches are connected by corridors [37].

As de Filho and Metzger [39] stated, different deforestation patterns bring advantages
and disadvantages to habitats. Forest fragmentation in large-scale rectangular logging
patterns is often high, leaving only a few isolated patches of forest and thus low connectivity
between them. This greatly restricts the movement of some animal species and only has
little consequence for those that are able to migrate between isolated patches. On the other
hand, these same remaining comparatively large patches of forest can also be advantageous
for species that require large interior habitats. Fishbone patterns, in turn, can be positively
attributed as long as forest corridors are maintained between small patches of deforested
land, thus ensuring freedom of movement for species. However, not only the appropriate
deforestation pattern is critical to maintain biodiversity but also the rate and intensity of
clearcutting [39]. Increasing deforestation will further intensify fragmentation in the future,
leaving only small, isolated, and widely distributed patches of forest.

Therefore, we additionally address the characterization of spatial changes in forest
cover based on five selected landscape metrics. Whereas other studies focused on fragmen-
tation in the whole Amazon biome [8], the Brazilian state of Paraná [40], or on selected
municipalities in the microregion Alto Teles Pires in central Mato Grosso [41], this study
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investigates pattern changes in Colniza, a municipality in the northwestern part of Mato
Grosso within the Amazon biome, whose deforestation patterns have changed over time.

In summary, the study specifically addresses the following research questions:

• Is the differentiation between forest and degraded forest possible by conducting a
land cover classification in Mato Grosso?

• Which inferences can be made about the intensity of deforestation and degradation by
recording and characterizing changes in forest cover over time?

• How does the recording and characterization of spatial changes in forest cover help to
draw conclusions about forest fragmentation?

2. Materials and Methods
2.1. Study Area

The study is limited to Mato Grosso, which is the third largest state of Brazil (Figure 1).
Mato Grosso is located in the western-central part of the country between 7.23◦–17.87◦

South and 50.57◦–61.52◦ West [42,43] and is part of the Legal Brazilian Amazon, a federation
of Brazilian states within the Amazon region [44]. It covers an area of approximately
906,000 km2 [45] and its elevation ranges from 77 m to 1139 m [46]. 109 conservation areas
and 75 indigenous territories are recorded within the state, which in total corresponds to
about 23% of the state’s area [47]. Mato Grosso extends over the following three biomes
with high biodiversity [48]:

• the Amazon: humid tropical rainforest in the North (53% of the state)
• the Cerrado: tropical savanna, which covers the center of the state from East to West

(40% of the state)
• the Pantanal: wetland in the Southwest (7% of the state)

The state is marked by a hot, semihumid to humid climate with a dry season from
July through September, followed by a rainy season until April [42,49]. Annual pre-
cipitation varies along a south–north gradient, with annual precipitation values around
1000 mm/year in the South, while values in the North exceed 2000 mm/year [50]. The
average annual temperature also follows a south–north gradient, ranging from 22 ◦C in the
South to 27 ◦C in the North [51].

Figure 1. Study area of Mato Grosso: (a) biomes and (b) protected areas, highways and urbanized
areas (data from [47,52–56]).

As basis for the fragmentation analysis, the municipality of Colniza was chosen to
exemplify different forest fragmentation patterns (Figure 2). Colniza is located in the
northwestern part of Mato Grosso within the Amazon biome, on the border to the state
of Amazonas and covers an area of around 28,000 km2 [57]. Five conservation units as
well as three indigenous lands are located in this municipality [47]. From an ecological
perspective, Colniza is one of the few municipalities in the state with more than 90% of
its forested area still preserved in 2004 [58]. Visual inspections of deforestation patterns
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from satellite imagery show that fishbone fragmentation is predominant, with rectangular
patterns also present in some cases.

Figure 2. Municipality of Colniza (data from [47,52]. Service Layer Credits: Earthstar Geographics).

2.2. Data

For this study, atmospherically corrected surface reflectance from Landsat 5 TM and
Landsat 8 OLI/TIRS time series data are used. The data are delivered together with a QA
band (quality assessment band) indicating the presence of clouds [59]. Landsat 5 TM was
launched on 1 March 1984 and was decommissioned on 5 June 2013. Landsat 8 OLI/TIRS
was launched on 11 February 2013 and is still active [59]. Together, they cover a time span
of 37 years with a revisit time of 16 days. In 2000 and 2001, a sensor error from Landsat
5 TM was identified over parts of the study area, which affects most of the period in which
the annual mosaics are created. For this reason, these two years were not taken into account
in all further evaluations. Likewise, change detection for the year 2002 (considering year2001
and year2002) are also affected and therefore not presented. In total, 11,144 scenes from
Landsat 5 TM and 5643 scenes from Landsat 8 OLI/TIRS were processed.

The Landsat legacy is particularly suitable for tropical forest monitoring: Due to
the medium spatial resolution of 30 m, even smaller-scale natural events and human
interventions in forest areas can be detected. In addition, Landsat is the only freely available
satellite image archive covering a period of more than three decades of earth observation at
this spatial resolution, which allows a long retrospective analysis of land surface changes.
In the future, the continuity of Landsat recordings will enable consistent observations [60].

For the accuracy assessment, the classifications created in this work are evaluated
against the annual classifications of the Program for Monitoring Deforestation in the
Brazilian Amazon (PRODES) with a minimum mapping unit of 6.25 ha, accessible via
the National Institute for Space Research (INPE: http://www.obt.inpe.br/OBT/assuntos/
programas/amazonia/prodes, accessed on 6 May 2021). The PRODES year of deforestation
refers to the period from 1 August of one year to 31 July of the following year, e.g., annual
deforestation for the year 2020 is obtained for the period of 1 August 2019 through 31 July
2020 [61]. However, only classifications from 2005 to 2019 are freely available and therefore
used for the accuracy assessment. The datasets contain the four classes Forest, Non-Forest,
Water, and Cloud. Other forest change dynamics such as forest degradation are not covered.

2.3. Preprocessing

The approach of this work consists of several steps, schematically shown in Figure 3.
In a first preprocessing step, annual multitemporal composite mosaics are built for the
period between 1986 and 2020 based on the available imagery. Second, a cloud masking
is performed. This is crucial because the study area is prone to a high cloud coverage
due to the strong influence of the South Atlantic Convergence Zone (SACZ) [62]. The
delivered QA band provides bitmasks for clouds and cloud shadows. All pixels containing
the respective bit value are removed.

Furthermore, only images between the months of January and September are consid-
ered, since the dry season lasts until September in nondrought years, i.e., there are less

http://www.obt.inpe.br/OBT/assuntos/programas/amazonia/prodes
http://www.obt.inpe.br/OBT/assuntos/programas/amazonia/prodes
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clouds [49]. In addition, we target the months with high rates of slash-and-burn activities,
which are between July and September in the Brazilian Amazon [63]. The annual com-
posites are then created using the principle that the most recent and cloud-free pixel of all
filtered scenes is used.
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Figure 3. Schematic workflow.

2.4. Spectral Mixture Analysis
2.4.1. Spectral Mixture Derivation

To detect forest degradation by selective logging or forest fires, a spectral mixture
analysis (SMA) is applied in Google Earth Engine (GEE), which is described for the first
time by Adams (1993) [64]. Thereby, the reflectance values per pixel are decomposed
into different constituent spectra of pure materials, the so-called spectral endmembers,
and corresponding fractions that correlate linearly with each other. The SMA obtains
layers containing the pixelwise fraction for each specified endmember [21,22,65]. Thus, the
resulting unmixing of pixels highlights details in subpixels and thereby possibly provides
better results than conventional classification methods [65,66]. Spectral endmembers are
often related to real-world objects in the study area, such as soil, water, metal, or any other
natural or man-made material [65]. The selection of these endmembers is crucial for a
representative SMA, since they have to reflect all ground materials present in the study
area [30].

The defined endmembers in this study are Green Vegetation (GV), Non-photosynthetic
Vegetation (NPV) (senescent vegetation, like dead trees or bark), Soil, and Shade, whereby
the Landsat bands Blue, Green, Red, Near Infrared (NIR), Shortwave Infrared (SWIR)
1, and SWIR 2 were used for creating the spectral endmember curves. A fifth endmem-
ber, Cloud, was added afterward to capture clouds that were not detected by the initial
masking [21]. The used endmember values in this study are derived by the Institute
of People and the Environment of the Amazon (Imazon) [67] within the MapBiomas
project (https://github.com/mapbiomas-brazil/amazon/blob/master/modules/SMA_
NDFI.py, accesssed on 6 May 2021). This was done using 35,000 samples for the entire
Amazon region from the reference database of the Laboratory of Image and Geoprocessing

https://github.com/mapbiomas-brazil/amazon/blob/master/modules/SMA_NDFI.py
https://github.com/mapbiomas-brazil/amazon/blob/master/modules/SMA_NDFI.py
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(LAPIG) of the Federal University of Goiás (UFG), trained and validated based on a random
forest approach [68,69].

Figure 4 illustrates the reflection curves per endmember. GV shows the typical spectral
profile for photosynthetically active vegetation, where reflectance sharply rises between the
Red and NIR band, the so-called red edge. The shape of the Soil endmember curve increases
with increasing wavelength because of iron oxide absorptions at shorter wavelengths. The
NPV curve has tendencies of the GV curve (red edge characteristic), as well as of the
soil reflectance curve. The reflectance value in the Red band is higher because of the
degradation of chlorophyll pigments [70].

0

2500

5000

7500

0.5 1.0 1.5 2.0
wavelength [µm]

re
fle

ct
an

ce
 [D

N
] Endmember

GV

NPV

Soil

Cloud

Shade

Figure 4. Reflectance curves of used spectral endmembers (data from [67]).

The SMA is based on Equation (1), where the reflectance of a given pixel Rb in band b
is modeled as the sum of the reflectance of each endmember within a pixel multiplied by
its fractional cover [64,71–73]:

Rb =
n

∑
i=1

Fi · Ri,b + εb (1)

where

Fi is the fraction of endmember i and
n is the number of pure spectra (endmembers).
Unmodeled portions of the spectrum are expressed as residual error εb in band b.

All endmember fractions should sum to 1 and have positive values [74,75]. However,
since the endmember Cloud was additionally added in this study, all endmembers add up
to 1 plus the portion of the Cloud endmember fraction.

The SMA is applied to the Landsat mosaics throughout the obervation period.
Based on the fraction images resulting from the SMA, the Normalized Difference

Fraction Index (NDFI), developed by Souza, Roberts, et al. (2005) [23], is calculated. The
NDFI enhances the degradation signal resulting from selective logging or burning and is
computed by:

NDFI =
GVShade − (NPV + Soil)
GVShade + NPV + Soil

(2)

where the GVShade fraction is given by

GVShade =
GV

100 − Shade
(3)
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The NDFI values range from −1 to 1. For all further analyses, the NDFI values are
rescaled to 0–200. Intact forests show high values (close to 1) due to the combination of
high GVShade (high GV and canopy Shade) and low NPV and Soil values. In degraded
forest regions, the NDFI value decreases as NPV and Soil fractions increase. The NDFI
has therefore the potential to identify degraded forest areas; the degradation is caused by
burning and selective logging [21,22].

2.4.2. Decision Tree Classification

Based on the fraction images and the resulting NDFI, a decision tree classification
(DTC) is carried out. The DTC threshold values were empirically derived by Souza and
Siqueira (2013) [28] and Souza et al. (2013) [22] and adopted in this study since the thresh-
olds had been developed for a research project in the Brazilian Amazon. Their hierarchical
classification rules are based on image classification techniques in their custom-developed
remote sensing data analysis software, training samples, and knowledge-based empirical
algorithms [28]. For the classification in this study, five target classes are established: Forest,
Degradation, Non-Forest, Water, and Cloud. Each of these classes is based on previously
defined assumptions, shown in Figure 5: First, all cloudy pixels are masked, where end-
member Cloud ≥ 10% is taken into account. All pixels that do not fulfill this condition
will be used for all subsequent rules. For the DTC target classes Forest and Degradation the
NDFI is utilized: pixels with NDFI ≥ 185 are assigned to the class Forest, pixels in the value
range 175 ≤ NDFI < 185 are assigned to the class Degradation. According to Souza and
Siqueira (2013) [28], pixels belonging to the defined Degradation class represent areas of
canopy damage larger than 25% caused by selective logging or forest fires. This is followed
by the Water class, where endmembers GV and Soil show low fractions (GV ≤ 10% and
Soil ≤ 5%), but high Shade fractions (≥ 75%). If none of the conditions matches to a pixel,
it will be assigned to the class Non-Forest.

Cloud

yesno

Cloud ≥ 10%

yesno

NDFI ≥ 185

Forest

yesno

175 ≤ NDFI < 185

no yes

GV ≤ 10% Degradation

no yes

Shade ≥ 75%

no yes

Soil ≤ 5%

WaterNon-Forest

Non-Forest

Non-Forest

Figure 5. Decision tree for mapping Non-Forest, Forest, Degradation, Water and Cloud (adopted
from [22,28]).
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A cloud filter is applied after the DTC. Each pixel, classified as Cloud in the current
Years, is compared with the same pixel of Years−1 and the following years (Years+x).

According to Liebsch et al. (2008) [76] and Rozendaal et al. (2019) [77], a forest needs
several hundred years to fully recover after clearing. Therefore, it can be ruled out that
forest degrades and returns to its original canopy cover within a period of a few years.
Similarly, degraded forest does not densify and noticeably degrade again within a short
period of time or disappears entirely and then grows rapidly again. It can therefore be
assumed that cloud pixels in the whole analysis period can be replaced by the class as
which it was classified both in the year before the first cloud pixel (Years−1) and in the year
after the last successive cloud pixel (Years+x+1). This means, for example, that if a pixel was
classified as Forest in Year2006 and Year2010, but as Cloud in Year2007, Year2008 and Year2009,
these three cloud pixels can be replaced by the class Forest. Figure 6 shows a schematic
representation of this principle.

years-1 years years+
1 years+

2
years+

3
years+

x
years+

x+1

Figure 6. Schematic illustration of the cloud filter after the classification: Each pixel, classified as
Cloud in Years is compared with the same pixel of Years−1 and the following years (Years+x). Cloud
pixels of Years are replaced by the class which is classified both in the year before the first cloud pixel
(Years−1) and the year after the last successive cloud pixel (Years+x+1). In this example, the cloud
pixel of Years is replaced by a forest pixel.

Since water bodies in the tropics are subject to high rates of hydrological dynamics,
this rule is partially incorrect for the Water class. At the same time, water bodies certainly
do not change from water to degraded or dense forest within a few years. Yet, the Water
class plays a minor role in this study, as Forest, Degradation, and Non-Forest classes are of
primary importance.

2.4.3. Acccuracy Assessment and Plausibility Analysis

For the accuracy assessment, the classifications created in this work are evaluated
against the annual classifications of the PRODES dataset. Since the Cloud class, which is in-
cluded in both classifications, would negatively affect the accuracy assessment and actually
does not represent any data values, all cloud pixels in any of the classification (PRODES or
classification of this study) were merged and masked out and not included in the accuracy
assessment. Consequently, both classifications have the same cloud pixels, which are
subsequently replaced by no data values. For the accuracy evaluation, 500,000 stratified
random points were selected within each PRODES dataset, i.e., the number of pixels is pro-
portionally distributed across the classes and afterwards compared with the corresponding
pixel values of the classification performed in this study.

Since the classification of this study also includes the class Degradation, which is not
listed in the PRODES dataset, a plausibility analysis of the class Degradation is performed
as an additional step. For this purpose, a forest area in eastern Mato Grosso that changes
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over time was selected. 125 points were then randomly placed within this area for the
years 1990, 2002, 2010, and 2020. This results in a total number of 500 pixels over the four
selected years. From these pixels, the pixel values of the corresponding classifications were
extracted, as were the respective pixel values of the NPV, Soil, and GVShade endmember
bands. These selected three endmembers are critical for assigning the Landsat pixels to
the Forest, Degradation, or Non-Forest classes in the DTC, as they are used in the NDFI (see
Figure 5 and Equation (2)). Subsequently, only pixels corresponding to either the Non-Forest,
Degradation, or Forest class are retained, resulting in 494 validation pixels.

2.5. Estimation of Forest Cover Change and Degradation

Annual rates of tree cover change are determined by implementing an additional new
classification scheme based on the DTC results, consisting of six newly defined change
classes, in which tree cover is lost or gained (see Figure 3). The classes Non-Forest, Degra-
dation, and Forest from the DTC target classes are used for the reclassification. For the
following analyses, it is disregarded whether the deforestation is of anthropogenic origin
or natural. The aim is merely to analyze how the forest areas in Mato Grosso have changed
between 1987 and 2020.

Tree cover loss is represented in three change classes: Pixels that were classified as
Forest in Years−1 and as Degradation in Years in the DTC are assigned to the new change
class Degradation in Years. Pixels that were classified as Degradation in Years−1 and as
Non-Forest in Years are reclassified to the new Degradation - Non-Forest class in Years. The
third class, Deforestation in Years, contains all pixels that were detected as Forest in Years−1
and Non-Forest in Years.

Positive tree cover changes are reclassified as new Non-Forest - Degradation class in
Years, if Non-Forest pixels in Years−1 change to Degradation in Years. Pixels that were
classified as Degradation in Years−1 and as Forest in Years are reclassified as Reforestation
in Years. Non-Forest pixels in Years−1 that changed to Forest in Years are reclassified as
Afforestation in Years.

Since a comparison is always made between the observed Years and the antecedent
Years−1, tree cover changes can only be detected from 1987 onward, as the first classification
from 1986 does not precede any year included in this work.

2.6. Fragmentation Analysis

Fragmentation analyses are designed to study given landscapes and to quantify their
changes over time [78]. In this context, landscape metrics are used to investigate and
understand the structure, complexity and changes of certain landscapes in more detail [79].
To quantify the fragmentation level and the resulting composition and configuration of the
forested and nonforested landscape in the selected municipality of Colniza, five landscape
metrics were computed and are described in more detail in Table 1 using the Python package
PyLandStats, developed by [80]. We aim to analyze how forest area in this community
has changed between 1986 and 2020, without focusing on the cause of forest loss, i.e.,
anthropogenic or natural. To execute the selected landscape metrics, a forest mask is
generated from each previously created land classification, as described in Section 2.4.1,
which is then used as the input landscape. In addition, a nonforest mask is created for
each classified year to be able to draw conclusions about landscape changes based on the
analyzed forest fragmentation (Figure 3).
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Table 1. Used landscape metrics in this study (adapted from [80,81]).

Landscape metric Equation Unit Short Description

Percentage of
Landscape of Class
PLAND

PLAND =
∑n

j=1 aij

A
∗ 100

aij = area of each patch
A = total landscape area

percent [%]
Percentage of landscape belonging to class i.
Describes the composition of the landscape.

Number of Patches
NP

NP = ni
ni = number of patches -

Number of patches of class i.
Describes the fragmentation of the landscape.

Largest Patch Index
LPI

LPI =
max(aij)

n
j=1

A
∗ 100

max(aij) = area of the largest patch
A = total landscape area

percent [%]
The proportion of total class comprised by the
largest patch of class i.
Simple measure of dominance.

Patch Density
PD

PD =
ni
A

ni = number of patches
A = total landscape area

[1/ha]
Density of patches of class i.
Describes the fragmentation of the landscape.

Mean Patch Area
AREAMN

AREAMN = mean(AREA[patchij])
AREA[patchij] = area of each patch hectare [ha]

Mean of all patch areas belonging to class i.
Describes the composition of the landscape.

3. Results
3.1. Overall Classification Performance

Results show that the overall classification accuracy using the PRODES dataset for
the years 2005 to 2019 is 85.6% and the average Kappa value 71.0%. The lowest Kappa
value is 67.2% in 2012, the highest is 77.4% in 2007 (Table 2). According to Landis and
Koch (1977) [82], Kappa values between 61.0% and 80.0% reflect a substantial strength
of agreement. For the Forest class, the average producer’s accuracy is 90.3%, the user’s
accuracy is 79.9%. The class Non-Forest has an average producer’s accuracy of 83.6% and a
user’s accuracy of 96.3%.

Table 2. Overall accuracies and Kappa values for classifications from 2005 to 2019.

2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 Mean

Overall
Accuracy 0.859 0.859 0.890 0.859 0.846 0.871 0.859 0.834 0.854 0.845 0.852 0.846 0.853 0.853 0.858 0.856

Kappa 0.717 0.716 0.774 0.715 0.696 0.737 0.714 0.672 0.706 0.691 0.702 0.691 0.701 0.702 0.709 0.710

The endmember fractions GVShade, NPV, and Soil of the selected 494 points out of
the Forest, Degradation, and Non-Forest classes for the plausibility analysis are shown in
Figure 7. In Figure 7a, it can be seen that pixels assigned to the Non-Forest class show much
higher intraclass variability than the two forest classes. In addition, the zoomed-in section
in Figure 7b allows improved visual separation of degraded and forested pixels.

The following differences can be identified from the class statistics in Table 3, calculated
based on the points in Figure 7. The standard deviation of all displayed endmember
fractions is highest for Non-Forest pixels. Furthermore, Forest pixels generally have lower
scatter in NPV and Soil fractions than degraded pixels. Non-Forest pixels show the highest
mean NPV fractions (mean = 11.2%), followed by degraded forest pixels (mean = 6.4%),
whereas Forest pixels have the lowest mean value (mean = 3.6%). The opposite is true
for the Soil fractions: Forest pixels show the lowest mean value (mean = 0.2%), Non-Forest
pixels the highest (mean = 18.6%). Degraded pixel values are in between (mean = 1.6%) and
much closer to Forest values. In addition, Forest pixels have the lowest standard deviation
in the Soil fraction (sd = 0.5). A clear ascending mean value distribution is also visible
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in the GVShade fraction. Non-Forest pixels show the lowest mean GVShade value (mean =
30.5%), followed by Degradation (mean = 77.1%) and Forest (mean = 88.3%).

(a) (b)

Figure 7. Fraction image composition of Forest, Degradation, and Non-Forest pixels, plotted in a ternary
diagram. Vertices represent fractions of endmember NPV, GVShade, and Soil, where in (a) the entire
fractions of endmembers and in (b) a zoomed-in section of endmembers NPV (0–20%), GVShade
(70–100%), and Soil (0–20%) are shown.

Table 3. Class statistics as used within the plausibility analysis, extracted from 494 random se-
lected pixels.

Class Fraction Minimum (%) Mean (%) Maximum (%) Standard
Deviation

Non-Forest NPV 0 11.2 20 4.4
GVShade 0 30.5 76 20.2
Soil 0 18.6 53 10.3

Degradation NPV 2 6.4 10 1.8
GVShade 70 77.1 83 3.0
Soil 0 1.6 5 1.9

Forest NPV 0 3.6 7 1.6
GVShade 75 88.3 100 9.3
Soil 0 0.2 3 0.5

As explained in Section 2.4.1, degraded forests consist of mixed pixels, which include
both soil and nonphotosynthetic vegetation in addition to green vegetation. The differences
of the three classes just presented in Figure 7 confirm the assumption that degraded
forest areas can be categorized as a separate class, since the NPV fraction lies between the
values of Non-Forest (high NPV fraction) and Forest (low NPV fraction) pixels, although
the transitions are smooth. This also testifies that degraded classified pixels cannot be
assigned to Non-Forest, the value range for the Soil fractions differs by a great amount
(Degradation: 0 ≤ Soil ≤ 5; Non-Forest: 0 ≤ Soil ≤ 53) (Table 3). Furthermore, the mean
values of Degradation pixels of the GVShade fraction are closer to those of Forest than Non-
Forest, indicating that degraded areas still contain significantly more green vegetation than
nonforest areas. Nevertheless, the share in the GVShade fraction of Degradation pixels is
always below 84%, on average at 77% and thus differs from Forest pixels. At the same
time, the NPV fraction of the sample points of Degradation pixels is on average higher
than that of Forest pixels, which together also indicates a separation of the classes Forest
and Degradation.

3.2. Land Cover Change

Using the classifications derived from the DTC, class distributions between 1986 and
2020 can be determined. Exemplary spatial visualization of land cover for the years 1986,
1997, 2008, and 2020 is given in Figure 8. In 1986, the forest cover in Mato Grosso comprises
48.7% and is reduced to 34.7% in 2020, representing a loss of more than 126,000 km2 over the
entire analysis period. With increasing time, the southern forest boundary of the Amazon
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shifts northward until nonforest cover clearly predominates in 2020. Forest cover is also
increasingly disappearing in the Pantanal. Comparing the forest cover from 1986 to 2020, it
becomes clear that the remaining forest areas are mostly located in protected sites.

Areas classified as Non-Forest behave contrary to the Forest class. At the beginning of
the time series, the Non-Forest share was 38.2% (1986) and reached 60.0% in 2020. The first
time that the Non-Forest area is larger than the Forest area is in 1997, while the year before
the shares were at similar levels with 43.7% Non-Forest and 44.3% Forest, respectively.

Despite increasing deforestation, the proportion of degraded areas remains almost
constant (4.5% on average), with the lowest proportion of 2.9% in 2006 and the highest
proportion of 6.0% in 1997. Degraded areas of the years shown have mostly disappeared in
the subsequent visualized classification and have mainly passed into the class Non-Forest.

Figure 8. Land cover classifications of the years 1986, 1997, 2008, and 2020 (data basis: [47,54,55]).

Derived from the classes Non-Forest, Degradation, and Forest from the DTC, tree cover
changes per year, and the resulting annual loss or gain of tree coverage, calculated from
the previous year’s values, is visualized in Figure 9. From this, 19 of 31 years analyzed
experienced a negative trend where more tree cover is lost than gained (black line). Tree
cover loss and gain fluctuates periodically in a two- to three-year cycle. Especially the
years 1992, 2009, 2012, and 2019 experienced a strong loss of tree cover, between 23,000 km2

and 32,000 km2 compared to the previous year. Contrary to that, in 1988, 2011 and 2013,
the gain in tree cover, compared to the other years, was highest, between 23,000 km2 and
34,000 km2.

The individual change classes provide deeper information on changes in tree cover. In
general, the gain in tree cover shows a negative trend in recent years, but the loss shows a
positive tendency and thus more tree cover is disappearing.

Gain in tree cover due to densification of degraded forest areas (Reforestation) has the
smallest positive proportion in all years. Further positive tree cover changes, visualized as
Afforestation and Non-Forest—Degradation classes, often show similar tree cover gains. The
largest increase in trees is experienced in the year 2013 with a total of around 48,000 km2.

Per year, tree cover reductions are relatively evenly distributed within the three loss
classes. The years 2012 and 2019 show a particularly high loss of tree cover in all three loss
classes, with about 59,000 km2 and 48,000km2, respectively. The total amount of deforested
areas, which was the smallest in 2007 with about 1800 km2 (about 2% of the state area
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of Mato Grosso), increased to its maximum in 2012 with almost 21,000 km2 (23% of the
total area of Mato Grosso). The 70% increase in deforestation in 2019 compared to 2018 is
particularly noticeable. Annual rates of areas affected by forest degradation are higher than
deforestation rates for the entire period, except for 1995 and 2012, when deforestation rates
were 2% and 23% greater, respectively. Forest changes by degradation were the highest
with about 18,000 km2 in 2009, the lowest in 2007 with about 2000 km2.
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Figure 9. Tree cover changes per year (colored bars) and resulting yearly loss or gain of tree coverage
(black line).

On the basis of annually deforested areas, temporal intensities of deforestation can
also be mapped. Figure 10a shows this as an example for an area in the Amazon. The
four sections show deforested areas, grouped in decades, where the last classification per
analysis period is shown underneath. It is visible that the forest area was particularly
present in the beginning of the analysis period. Over time, small areas, adjacent to already
cut-down areas, are predominantly cleared, often with additional deforestation along road
axes. In 2020, most of the forest has been cleared and nonforest areas dominate.

Figure 10b illustrates the year of deforestation for a selected part of the area in
Figure 10a. Cleared areas, visualized in grey, cannot be assigned to a specific year, rather
the interval between 2000 and 2002, due to the sensor error in 2000 and 2001. The areas
in the Southeast show that areas there were cleared in the 1990s and now result in one
large unwooded patch. Areas for the creation of roads were also cleared in different years.
Following the new road course of 2004 in the eastern part, newly cleared areas of different
years in the 2010s are adjacent on both road sides.

The same site from Figure 10b is also shown in Figure 10c. This map refers to the
degradation frequency over the period from 1986 to 2020. Degraded areas of the same
frequency often occur in patterns, for example, along logged roads as well as on later or
previously cleared areas. It is noticeable that they reflect the spatial limitations and patterns
of the deforested areas. The area to the East (turquoise), which has been degraded at least
two times, is as densely degraded and has similar dimensions as the area deforested in
2013 in Figure 10b. The same can be observed for the large northeastern area. It is degraded
with the same patchiness as the corresponding deforested site in Figure 10b.

3.3. Forest Fragmentation

The results of the five processed landscape metrics for the municipality of Colniza are
shown in Figure 11. This plot includes a combination of the distribution of the calculated
landscape metric values and the change of these over time.

At the beginning of the time series, the forest area comprises nearly 100% (PLAND
index). The forest area decreases over time, although it remains above 75% in 2020. Con-
verging to this, the PLAND index increases over time in nonforested areas.
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Figure 10. Annual deforestation and forest degradation from 1987 to 2020: (a) mapping of defor-
estation within four decades; (b) annual deforestation visualized by year; (c) forest degradation
frequencies (data basis: [54]. Service Layer Credits: Earthstar Geographics).

Value distribution of the number of forest patches (NP) varies to a greater extent. More
and more forest fragments are created over time. Until 1999, this number is below 10,000;
afterward, the number increases and doubles to about 20,000 in 2004. With approximately
34,300 patches, the peak is reached in 2016. Similarly, the number of nonforested areas is
increasing over the years.

The largest forest area (LPI) in Colniza remains stable containing over 94% of the total
forest area. However, there is a slight downward trend through the years. The LPI of the
nonforested areas differs strongly from forested areas. At the beginning of the time series,
LPI values are smaller than 25%. Until 2006, values remain below 25%, mostly even below
15%, before increasing up to 50%.

Patch density (PD) in forested areas increases over the years but remains between
0.1 and 1.8 patches/ha throughout the analysis period, with values mostly below 1 patch/ha.
In contrast, patch density in nonforested areas decreases steadily from an initial rate of
almost 28 patches/ha to about 5 patches/ha in 2020. From 2006, patch density already
averages about 6 patches/ha.

The results of AREAMN in forested areas change significantly. Forest fragments are
largest at the beginning of the analysis period (1049 ha in 1988) and decrease continuously
until 1999 (468 ha). A subsequent abrupt loss of area per patch to below 250 ha can be
observed, reaching its smallest area of 61 ha in 2016.

Hence, it can be summarized that the forest area and largest forest patch are not only
decreasing over time, but due to the increasing NP and PD and decreasing AREAMN , the
forested landscape becomes more and more fragmented.
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Figure 11. Line plot of the computed landscape metrics of the forest and nonforest mask for the
municipality of Colniza between 1986 and 2020.

Subsequent to these statistical observations, further insights into fragmentation pat-
terns can be obtained. In the first couple of years the percentage of the largest forested patch
in the municipality of Colniza changes only slightly, suggesting that contiguous forest areas
are not completely separated by deforestation but only incised. This assumption is also
supported by the increasing percentage of LPI for unforested patches. Consequently, the
largest unwooded patch has probably increased in size over the years as smaller patches
were connected by logging of intervening forested areas. Similarly, it is apparent that a
break point occurs in 2002. Not only does the average forested patch area decrease by more
than 50% from this point, but the number of forest patches almost triples compared to
the previous computed year. As the NP of forested land increases, so does the number of
patches of nonforested land. A reason could be the effect that the more forest is cleared,
the more nonforested patches are created and thus increasing the number of unconnected
forest patches.

Changing logging patterns as of 2002 may be one reason for this progression, as it is
shown in Figure 12. Until 1999, the predominant logging pattern is marked by the fishbone
fragmentation. Especially in the eastern part of the municipality, this logging technique
is used (see Section 2.1). At this time, forest patches were logged only sporadically on a
small scale and new cutting is predominantly adjacent to existing roads (Figure 12b). As a
result, few new patches are created, most of the forest area remains contiguous, and the
total forest area decreases only slightly. Due to this method, the PD of deforested areas
per hectare is high. However, starting in 2002, many large rectangular, widely distributed,
and noncontiguous patches were also increasingly cleared in the West of the municipality,
which may explain the high forest loss and decrease in patch density of nonforested areas in
Colniza starting that year. This new logging pattern leads to the construction of more and
more new roads in the West (see Figure 12a, new road since 2002 in the southwestern part of
the map) through previously contiguous forest or protected areas, creating new forest and
unforested patches. In addition, the rate of logging in the East of the region is increasing
tremendously in the original fishbone fragmentation area (Figure 12b), which in turn is
causing many small patches, increasing the number of forest/unforested patches, and
decreasing the average forest area. In addition, the initially comparatively small unwooded
patches are enlarged by clearing adjacent forests.
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Figure 12. Deforestation patterns in Colniza: (a) newly developed roads and rectangular cleared
patterns in the West as of 2002; (b) predominant fishbone patterns in the East (data basis: [47,52]).

4. Discussion
4.1. Spectral Mixture Analysis and Fraction Image Classification

The main objective of this study was the application of a classification methodology for
identifying forest and degraded forest areas to draw conclusions on temporal and spatial
forest cover changes between 1987 and 2020 in Mato Grosso by using a subpixel analysis.
In general, the demarcation of degraded forest to forest and nonforest is difficult due to the
combination of different land cover types, such as vegetation, soil, or dead wood, which
causes a mixed pixel problem [21]. This challenge could be solved through the SMA, where
pixels are divided into individual fractions of previously specified endmembers, which
allows them to be assigned to a certain class using a DTC. The success of an SMA highly
depends on the accuracy of the spectral endmember’s selection, as they must reflect all
ground materials [30]. Endmembers must be chosen in such a way that all ground entities
are covered but spectrally differ from each other [83]. The accuracy of an SMA therefore
depends on both the within-class variability and the between-class variability of the selected
endmembers [84]. The higher the within-class variability, i.e., the variability within an
endmember class, the lower the accuracy [84,85]. Likewise, spectrally similar endmembers
lead to a high between-class variability and to false results [83,84]. Since Imazon (2019) [67]
already defined meaningful endmembers through their expert knowledge within the
MapBiomas project for the Amazon, these could be used for this work and meaningful
results could be derived.

In order to classify the individual pixels with the help of fraction images, thresholds
were defined per class. Previous studies showed that the determination and selection of
thresholds used in DTCs can be locally applied to land cover classifications but cannot
be adopted in other areas without taking the different vegetation types present there into
account [86]. The thresholds of Souza and Siqueira (2013) [28] and Souza et al. (2013) [22],
who carried out an SMA with a subsequent DTC in the same study area, could therefore
be adopted but cannot be regarded as general rules. The results of the fraction image
classification show a mean overall accuracy of 85.6% and a mean producer’s accuracy of
90.3% in mapping forest areas between 2005 and 2019 in Mato Grosso, which correspond
well to studies attempting to classify land cover structures for the same study region [27,28,87].
Given that the minimum mapping unit of PRODES, the reference data set used for the
accuracy assessment, is 6.25 ha, smaller land cover features are not considered in this dataset.
This contributes to partially inaccurate results in the accuracy assessment performed, where
mapped small-scale land cover changes of our study could not be considered and were
recorded as misclassified.

Further errors within the accuracy assessment may result from different time periods in
the prediction and reference dataset. In addition, secondary forest regrowth and degraded
forest areas are not recorded in PRODES [88]. Consequently, all areas classified as degraded
in this study are represented with an accuracy of 0%. Likewise, woodlands in the Cerrado
biome are mostly classified as nonforest [88]. It can thus be presumed that the accuracy of
the classifications may be even higher than determined by the accuracy assessment. As
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Tyukavina et al. [88] also describe, the PRODES classifications are spatially not accurate
and required manual improvements. Visual inspection also revealed misclassifications of
water in this datasets. For example, the Colíder Hydropower Plant is not recorded until
2016 and only the original course of the river is visible (Figure 13a). Therefore, PRODES
classifications might be examined more closely in analyses involving deforestation rates in
the Brazilian rainforest.

Degraded forest areas in this study were evaluated with the help of a plausibility
analysis and visual interpretation. This showed that distinguishing between degraded
and intact forest using the NDFI and thresholds is certainly possible, where the required
endmember fractions in these two classes can be separated from each other. Nevertheless,
it is important to note that the separability of the degradation and forest classes applied
here need to be verified by ground truth data to avoid possible erroneous assumptions.

4.2. Change Detection

The change detection analysis showed that forest area decreased by 28.8% between
1987 and 2020.

For the period assessed in this study, different deforestation rates are reported from
other analyses or monitoring systems for the same study area. Comparing these different
products is challanging because the results are based on various data and methods. For
example, it is difficult to compare the deforestation rates collected in this study with the
official products of the State of Brazil. As previously mentioned, the minimum mapping
unit of deforestation rates determined by PRODES is 6.25 ha, which ignores smaller modi-
fied forest areas, but is well captured by the method in this work. Figure 13b shows this
clearly: in the satellite image of 2006, narrow streets can be seen that were also captured by
the SMA classification but were not recorded in the PRODES dataset of 2006. In addition,
different class definitions play an important role. Since PRODES does not take into account
degraded areas, these areas are included in other classes, for example, forest or nonforest,
leading to erroneous assumptions in direct comparisons. Figure 13c clearly highlights these
classification differences: while the SMA classification captured undulating deforested
and degraded areas, the same extent is mapped as forested in the PRODES dataset. This
difference in data could be the reason for a 62.9% lower deforestation rate between 2004
and 2019 in the PRODES dataset compared to this study. However, even more detailed
research is needed to validate this assumption and clearly determine the discrepancies.

The type of forest loss was disregarded in this work, as the focus was on the change
and not primarily on the reason for it. Further analyses could provide information on
this, for example, whether forest has degraded or disappeared through anthropogenic
intervention (manual logging or burning) or has been destroyed by natural factors (wind,
wildfire, etc.).

In summary, it can be said that the presented method to determine forest degrada-
tion and deforestation can be an important tool to continue monitoring forest changes
and to determine, for example, the performance of protected areas and land manage-
ment measures that should aim to reduce deforestation and forest degradation and curb
illegal deforestation.

4.3. Forest Fragmentation

Based on the landscape metrics performed, temporal changes in the landscape could
be observed.

The largest patch (LPI) and average patch size (AREAMN) of forested land in Colniza
decreased as deforestation increased. Similarly, patch density (PD) of unforested areas
decreased with increasing deforestation through the years, with AREAMN showing little
change. The greatest variation is observed in the interannual variation of the number of
forested and nonforested patches (NP).
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Figure 13. Comparison of PRODES and SMA classifications: (a) undetected Colíder Hydropower
Plant by PRODES in 2016; (b) unmapped road courses in the PRODES dataset of 2006; (c) differences
in the classification of degraded forest areas between the SMA and PRODES classification in 2019
(data from [54,55,89], Landsat 5 TM and Landsat 8 OLI/TIRS images from 18 July 2006, 15 June 2017
and 26 July 2019).

The calculated landscape metrics could also be used to show impacts of different
deforestation forms. The fishbone logging pattern in Colniza is especially prominent in
decreasing AREAMN of forest patches and PD of cleared areas. To support the assumption
that different deforestation patterns lead to different results of certain landscape metrics,
more areas with dominant deforestation patterns would need to be analyzed in terms of
representative results.

The data basis is also essential. Due to the Landsat sensor resolution of 30 m, some
small-scale changes, such as forest aisles or patches smaller than 90 m2 cannot be recorded,
which can certainly distort the result. For example, patches that are perceived as separate
in the classification might be connected in reality by a narrow forest strip and thus the
actual number of patches would be smaller. Therefore, a data set with a higher spatial
resolution could lead to different results. It should also be mentioned that due to the
partionally incomplete eliminated cloud cover, cloudy forest or nonforest areas could not be
considered in this analysis. If a forest area is partially covered with clouds in one year, the
extracted forest mask delivers distorted results, for example, more patches or a smaller LPI
are detected, although they are actually connected. If in the following year this forest patch
is free of clouds, this area is included in the analysis and reflects the actual reality. While
an in situ field survey would provide the most accurate data for determining individual
patches and their potential connectivity, it is nearly impossible to realize it for such a large
study area.

Apart from the methodical identification of forest fragmentation, it would certainly
be interesting to determine its consequences for flora and fauna and to establish possible
actions. Since forest edges represent habitats with different characteristics than forest
interiors [90], the identification of edge and core forest could determine consequences for
population dynamics or community structures, such as the increased predation from bird
nests at forest edges [91].

In fact, there is disagreement among scientists about whether habitat fragmentation
is good or bad for biodiversity (e.g., [35,92]), making the results of the fragmentation



Remote Sens. 2022, 14, 1907 20 of 24

analysis from this work difficult to interpret. More studies would certainly have to be
carried out, considering various factors. It can only be stated that large contiguous habitat
patches should be preserved if fragmentation has predominantly negative effects on species
diversity. If fragmentation has predominantly positive effects on species, then the focus
should be on the preservation of a large number of small patches. In case fragmentation
has neither negative nor positive effects on species diversity, the primary objective should
be to protect all habitats, regardless of their size or distribution [92]. However, as shown in
Section 3.3, it is not necessarily a matter of determining the best logging practice, but of
the rapidity and intensity with which forests are disappearing and how this will affect any
species in the future [39].

5. Conclusions and Outlook

This study analyzes the temporal and spatial effects of forest loss in Mato Grosso over
34 years. The availability of time series data from the Landsat legacy with high temporal
and spatial resolution offers a cost-effective and solid basis for the analysis of interannual
forest change. With this dataset, the complete analysis period in Mato Grosso could be
covered. Additional cloud filters also help to reduce most of the cloud cover and thus
improve the data basis. Nevertheless, the given resolution of 30 m can also be a limiting
factor, since small-scale changes cannot be detected.

The fraction image classification provides a good technique to distinguish forest from
nonforest and also degraded forest in the Amazon region. For the transferability of the
used endmembers to other regions of interest, the ground materials must show the same
spectral characteristics of the study area described here. Based on the classification, different
processes of temporal forest cover change can be identified. In the majority of the analyzed
years, forest loss is greater than gain, with irregular variation between years. To mitigate the
resulting impacts in the future, it is important to continue the close monitoring of changes
in the rainforest and to take further mandatory policy decisions, not least to achieve the
goal of zero illegal deforestation in the Amazon by 2030 [93].

In order to measure altered forest structures in the community of Colniza, the con-
ducted fragmentation analysis shows that different logging patterns result in different
forms of fragmentation which are measured by landscape metrics. In general, the frag-
mentation of forest areas increases, resulting in changing habitats for flora and fauna.
These results can help to better observe and analyze forested areas and to take appropriate
decisions to protect this fragile ecosystem.
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