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Abstract

The Amazon region is undergoing a dynamic and extensive transformation from forested areas to human-altered landscapes,
significantly impacting forests and indigenous territories. This research aims to create future land use and land cover (LULC) scenarios
by examining past trends (2014-2022) and predicting future patterns for 2030, focusing on the Kakataibo territory in central Peru.
Using the Dinamica EGO modelling platform, we projected LULC changes based on historical data and various predictive factors. Our
findings reveal notable forest loss between 2014 and 2022, with this trend likely continuing through 2030. Within indigenous territories,
deforestation was less severe, with a reduction of 30,247.4 hectares compared to the more significant loss in non-indigenous areas.
This underscores the vital role these territories play in mitigating forest loss. However, the rapid expansion of agriculture and
infrastructure within these regions signals an urgent need for stronger legal protections to halt further deforestation. This study
highlights the critical importance of indigenous territories in forest conservation and offers valuable insights for future land
management and conservation strategies in the Amazon.

1. Introduction

In the last decades, the Amazon region has witnessed a constant
process of transformation from forest cover to anthropogenic
land, which has had serious impacts on forests and indigenous
territories (RAISG, 2020).

Although there have been recent reports about a decline in
deforestation numbers in some Amazon countries (e.g. Brazil and
Colombia; see Global Forest Review, 2024), long-term analysis
has demonstrated that from 2000 to 2020, the Amazon lost nearly
9% of its tropical forests, a total of 542,581 km? (RAISG, 2022).
The main drivers of this continued loss are agricultural expansion
(including cattle ranching) which is responsible for 77% of the
deforestation (RAISG, 2022), as well as the building of
infrastructure (mainly roads but also urban expansion,
hydropower dams and railways) and mining, oil and gas
exploitation (Berenguer et al, 2021).

In terms of indigenous territories, their importance for the
conservation of the Amazon forests as well as biodiversity and
ecosystem services in general has been widely recognized
(Moutinho et al, 2023). At the same time, however, indigenous
peoples are first to witness the change of ecosystems due to
contamination, decrease in precipitation and water resources, or
the decline of different species of flora and fauna.

Considering particularly indigenous peoples and their consisting
struggles to conserve their lands and customs, these regional
developments lead us to examine indigenous territories and their
land cover and uses on a local level. Historical data is key for
understanding the evolution of these territories and their
surroundings so that changes can be projected and areas at risk
identified. This allows to take measures to anticipate and mitigate
negative impacts derived from land use changes (Navarro, 2023).
Therefore, our study seeks to develop the possible future scenario
of land use and land cover (LULC) by providing information to
assess the effects of anthropogenic activities through analysing
past dynamics (2014-2022) and future spatial patterns for 2030.

2. Material and methods
2.1 Study area

The study area is the Kakataibo territory (Figure 1), with a total
area of 15,012 km?, located between the departments of Ucayali
and Huanuco in the central Amazon region of Peru. There are 21
categories of indigenous territories within the area, including
indigenous reserves and titled indigenous communities, as well
as those in the process of titling and expansion. The boundary of
the area was defined considering these indigenous territories as
well as watersheds, in order to reveal the dynamics of land cover
inside and outside the indigenous territories. Our study area is
under strong pressure from human activities, due to the expansion
of arable land, cattle ranching and illegal activities related to coca
leaf cultivation (Instituto del Bien Comun, 2022).
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Figure 1. Study area.
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2.2 Data preparation
2.2.1 Land use and land cover maps

The main input for this analysis is land cover and land use
(LULC) maps from MapBiomas Amazon - Collection 5. These
products are derived from an annual temporal mosaic of pixels
from Landsat images, with a spatial resolution of 30 meters that
provides a more detailed understanding of land cover changes
(Prioli Duarte, 2023). The annual maps for 2014 and 2022 were
used to establish a historical period of 8 years, allowing the same
period to be projected into the future (from 2022 to 2030). The
MapBiomas data extraction process was done with the Google
Earth Engine cloud platform, where we also consolidated a
smaller number of grouped classes: forest formation, natural non-
forest formation, agricultural and livestock area, non-vegetated
area, urban infrastructure and water bodies.

with a) land titles, b) in titling process and c) with land extensions
in titling process.

All these variables were stacked into a multiband image in
Dinamica EGO to obtain the raster cube map. All variables bound
to the raster cube must use the same projection, registration
coordinates, and have the same number of rows and columns.

Furthermore, the distances to the reclassified land cover classes
of the MapBiomas maps were calculated in Dinamica EGO and
were considered as dynamic variables for the model.

MapBiomas Level 2 LULC class  ID Class reclassified ID
Forest formation 3 Forest formation 1
Savanna formation/Open forest 4 Forest formation 1
Mangrove 5  Forest formation 1
Flooded forest 6  Forest formation 1
Flooded grassland / shrubland 11 Natural non forest formation 2
Grassland 12 Natural non forest formation 2
Rocky outcrop 29  Natural non forest formation 2
Other non-forest natural formation 13  Natural non forest formation 2
Pasture 15 Agricultural and livestock area 3
Agriculture 18  Agricultural and livestock area 3
Silviculture 9  Agricultural and livestock area 3
Oil palm 35  Agricultural and livestock area 3
Mosaic of uses 21  Agricultural and livestock area 3
Beach, dune and sand spot 23 Non-vegetated area 4
Urban infraestructure 24 Urban infraestructure 5
Mining 30 Non-vegetated area 4
Other non-vegetated area 25 Non-vegetated area 4
River, lake or ocean 33 Water body 6
Glacier 34 Water body 6

Variable Scale/Resolution  Format Source
. . Instituto Geogréafico Nacional -
Rivers 1:100,000 Vector IGN. 2007
. Instituto Geografico Nacional -
Streams 1:100,000 Vector IGN, 2007
. . Ministerio de Transporte y Co-
National roads 1:100,000 Vector o nicaciones - MTC, 2018
. Ministerio de Transporte y Co-
Departmental roads 1:100,000 Vector o nicaciones - MTC, 2018
Deforestation points 30m Vector (Global Forest Watch, 2020)
Digital elevation NASA Shuttle Radar Topogra-
model som Raster hy Mission - SRTM, 2013
Slope 30m Raster  Subproduct of SRTM DEM
Basins level 6 1:100,000  Raster ?O”;g”dad Nacional del Agua,
Protected natural ar- Instituto del Bien Comun - IBC,
- n.a Raster
eas and indigenous 2024

Table 2. Predictor variables considered in the analysis of drivers
of land cover and land use change.

2.3 Model processing

Table 1. Classes of MapBiomas Amazonia — Collection 5 and
Classes reclassified for modelling

2.2.2 Predictor variables

A set of predictor variables were selected to explain the changes
in specific coverage in the study area. These were selected based
on local knowledge. A total of 9 static variables (rivers, streams,
national and departmental roads, deforestation points, slope,
elevation, basins and boundaries of protected natural areas and
indigenous territories). Variables such as population centres and
neighborhood roads were discarded due to their low influence on
the dynamics of land cover transformation.

The boundaries of protected natural areas indigenous territories
and basins were used to create a type of regionalization of the
landscape, aiming to properly sectorize areas with greater and
lesser changes in land cover.

We used QGIS Desktop 3.18.11 to prepare the input variables,
where the Euclidean distances of our continuous variables (i.e.
distances to rivers and streams, roads and deforestation points)
are calculated. We also identify the categorical predictor
variables we are using (basins and protected natural areas and
indigenous territories).

As indigenous territories (IT's) are subject to different changes
according to their category, they were further divided using the
Sistema de Informacion sobre Comunidades Nativas de la
Amazonia Peruana (SICNA). The following classes were
established: Indigenous Reserves, Native Communities (NC)
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Figure 2. Modelling future projections workflow.

We use the environmental modelling platform, Dinamica EGO
version 7.0, to model the future scenario of LULC changes for
the year 2030. This model is based on change patterns that
occurred in the past using the weights of evidence approach to

This contribution has been peer-reviewed.
https://doi.org/10.5194/isprs-archives-XLVIII-3-2024-571-2024 | © Author(s) 2024. CC BY 4.0 License. 572



The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLVIII-3-2024
ISPRS TC Il Mid-term Symposium “Beyond the canopy: technologies and applications of remote sensing”, 4—8 November 2024, Belém, Brazil

define the transition probability of each pixel (Soares-Filho et al.,
2009).

Dinamica EGO allows to model the spatial change dynamicsin a
system, through a series of steps: a) calculation of the LULC
transition matrix; b) calculation of weights of evidence,
representing the influence of selected variables as change
determinants; c) calibration of internal parameters; d) validation;
and e) generation of a spatially explicit future scenario
(Gonzélez-Gonzélez et al., 2021). These main steps are
summarized in Figure 2.

2.3.1 Calculation of the LULC transition matrix

LULC changes are described through a transition matrix using
discrete time steps, corresponding to the system’s change rates in
a given time period. Change rates were calculated using the
Markovian method. They are an essential element in the
simulation of changes in land cover and use, determining the
surface to be allocated in space according to the change
probability maps and the various defined restrictions (Soares-
Filho et al., 2013).

In this study, the single-step transition matrix was calculated for
the entire period, excluding or reducing the change rates of the
transitions corresponding to water bodies, because they
generated noise and isolated pixels among the other classes of
land uses and water bodies. This was mainly a consequence of
the high natural progressive meandric dynamics of Amazonian
rivers.

Transition
Rate
From ID ToID
Forest formation Natural non forest formation 0.00025238
Forest formation Agricultural and livestock area 0.1269507
Forest formation Non-vegetated area 0.00461705
Forest formation Urban infraestructure 0.000027
Forest formation Water body 0.00001
Natural non forest formation Forest formation 0.05974255
Natural non forest formation ~ Agricultural and livestock area 0.07728641
Agricultural and livestock Forest formation 0.06480058
Agricultural and livestock Natural non forest formation 0.00028695
Agricultural and livestock Non-vegetated area 0.00822751
Agricultural and livestock Urban infraestructure 0.00295873
Agricultural and livestock Water body 0.000001
Non-vegetated area Forest formation 0.15141607
Non-vegetated area Agricultural and livestock area 0.40681748
Non-vegetated area Water body 0.13334512
Water body Forest formation 0.000001
Water body Agricultural and livestock area 0.000001
Water body Non-vegetated area 0.000001

Table 3. Transition matrix of simple step

2.3.2 Calculation of weights of evidence

The probability of transition between land covers is determined
using the weights of evidence method, which is based on the
concept of Bayesian probability that relates the presence of a
certain set of factors with the probability of land use change
(Eastman et al., 2005). This method requires categorical variables
that are independent of each other (Soares-Filho et al., 2010), so
Dinamica EGO establishes ranges for the continuous input
variables (distance maps). It then uses geostatistical methods,
such as Cramer's coefficient, to tests the independence of these

variables (Bonham-Carter, 2014). The software also allows the
user to manually modify the weights of evidence obtained
automatically to consider some of the uncertainties that the data
may entail, calibration periods, etc. (Garcia-Alvarez et al., 2022).
This manual adjustment can have a large impacts on the maps. In
our modeling exercise, the validation results obtained with either
automatic or adjusted weights showed considerable differences
(Figure 4).

2.3.3 Calculation of transition patterns

The simulation of LULC patterns is carried out through two
cellular automata probability transition functions implemented in
Dinamica EGO: Expander and Patcher. The first function
simulates an expansion or contraction where a change in cover
has already occurred and the second function simulates the
generation of new patches of certain cover (Soares-Filho et al.,
2002). Spatial metrics such as average patch size, variance, and
isometry are also considered, and calibrated in the model to better
reproduce the observed landscape patterns in the simulation
(Gonzélez-Gonzalez et al, 2021).

Using a change map generated in QGIS from our LULC maps for
the years 2014 and 2022 (Figure 3) spatial metrics were
calculated using FragStats 4.2 software. This software allows to
analyze categorical maps facilitating the selection and calculation
of spatial patterns of the landscape for the different types of land
use that we require (Ocloo et al, 2024).
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Figure 3. Change map.
2.3.4 Calibration and Validation

The model simulates the LULC dynamics of the year 2022,
adequately replicating the change patterns that occur in the
Kakataibo territory. For validation, we compared the simulated
map of 2022 with the MapBiomas reference map of 2022. Being
a spatial model, a process of validation and comparison within a
neighborhood context is required, as maps that do not match
exactly cell by cell may still present similar spatial patterns and
therefore spatial agreement within a neighborhood of a
determined cell (Soares-Filho et al., 2013).
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The fuzzy similarity method employed in this work is a variation
of the fuzzy similarity metrics developed by Hagen (2003), and
is implemented in the Dinamica EGO platform.

In this method, the fuzzy similarity process considers location
and category imprecision within a neighborhood of cells and is
associated with an exponential decay function that weights the
cell state distribution around a central cell (Da Silva Cruz, 2022)
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Figure 4. Minimum similarity as a function of spatial resolution
in meters for the LULC model calibration.

This was done by applying multi-window similarity, using a
constant decay function within windows of different sizes (1x1,

3x3..., 11x11), that considers a threshold of 0.5 as a validation
result satisfactory due to its high similarity (Nascimento et al.,
2019). Two models were analysed: a default model that was run
with the parameters automatically calculated by Dinamica EGO
and another model that was calibrated with a manual adjustment
considering the results of the previously executed models. Figure
4 shows the similarity validation values for each window size
applied in meters. The calibrated model was within the limit
considered satisfactory, showing a similarity of 50% at a spatial
resolution of 90 meters (3x3 windows). The default model
showed a similarity of 41% at the same resolution, exceeding the
threshold in the 7x7 window (similarity of 56%).

A visual comparison between the MapBiomas reference map and
the simulated map as well as the similarity maps generated in
parallel during the validation process, was also useful as our local
knowledge allowed us to identify visual similarities between
certain areas and further calibrate them to improve the model.

3.  Results

Based on the calculated parameters of the simulated 2022 map,
we were able to model the LULC 2030 map projection (Figure
5), with a business as usual (BAU) scenario. The historical maps
of LULC 2014 and 2022 showed that for this period 150317.9
hectares of forest formation were lost (12.2% of its surface in
2014), giving way mainly to the expansion of agricultural and
livestock areas. This historical trend continued into 2030.

2014 2022

2030 - Projected

B Forest formation

9 Natural non forest formation
Agricultural and livestock area
Non-vegetated area

B Urban Infrastructure

. Water body

Figure 5. LULC maps of years 2014, 2022 and projected map of 2030 of the Kakataibo territory

Likewise, the results for the period 2014-2022 show that within
indigenous territories the reduction of forest is 30247.4 hectares
(6.7% of its surface in 2014), which is less than the loss occurring
outside of indigenous territories (120070.5 hectares or 15.5% of
its area in 2014). For the projected period 2022-2030, there is a
trend of constant forest reduction, inside and outside indigenous
territories; here, 30691.6 and 89639.8 hectares will be lost
respectively. Regarding anthropic uses (agricultural use and
infrastructure) within IT's, these have expanded exponentially for
the period 2014-2022 by almost 180% compared to its area in
2014 (29850.5 hectares) and for the projected period 2022-2030
by 66.8% compared to its area in 2022 (31070.3 hectares). These,
despite being high figures, are still lower compared to anthropic
uses area outside of IT's (202517.3 hectares for the period 2014-
2030) (Table 3).

Area in hectares

2022

Land use and land

2014 2030

cover

T OultsTide T OultsTide T OultsTide
Forest 454397' 775317.0 4245149' 655246.5 393;‘57' 565606.8
;‘(‘)?‘m“;: O“n"" forest 1708 15657 1841  1687.4 1911  1797.9
ﬁ\‘;’ers'fgét‘;'e:"d 166152 2354242 464485 350009.3 77502.1  436059.7
;“r‘e’;""ege‘a‘ed 1038.6 30383  2180.1 82862 15233 95645
z:za” infrastruc- 2.3 1299.4 395 2052.6 56.2 3181.2
Water body 37766 83323 30187  7694.8 32802 87639

Table 3. Annual area (in hectares) of land cover and land use
inside and outside indigenous territories.

This contribution has been peer-reviewed.
https://doi.org/10.5194/isprs-archives-XLVIII-3-2024-571-2024 | © Author(s) 2024. CC BY 4.0 License.

574



The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLVIII-3-2024
ISPRS TC Il Mid-term Symposium “Beyond the canopy: technologies and applications of remote sensing”, 4—8 November 2024, Belém, Brazil

Notable differences in land cover changes were identified among
the classes of indigenous territories, highlighting the reduction of
forest formations (Table 4). Native communities (NC) in the
titling process reflected the highest percentage of forest
reduction, with a 20.4% loss in the period from 2014 to 2022,
projecting a 21.6% reduction in forests for the period from 2022
to 2030, resulting in a total reduction of 37.5% of forest cover for
the entire period (2014-2030). The second class with the greatest
impact from anthropogenic activities were the NC with
expansions in titling process, where a 19.4% reduction in forest
formations is projected for the entire period. Established
indigenous reserves in the territory represent the class with the
highest conservation of natural forest covers, with a 4% reduction
for the period from 2014 to 2030.

Areain hectares Percent of change

Classes of IT’s

2014 2022 2030  2014-2022 2022-2030 2014-2030

Indigenous Reserves 145501.1 142036.0 139644.1  -2.4% -1.7% -4.0%

NC in titling process 19006.5 15139.1 11876.3  -20.4% -21.6% -37.5%

NC with expansions

S 68520.9 621414 552487  -9.3% -11.1% -19.4%
in titling process

NC with land titles  221368.6 204833.1 186688.8  -7.5% -8.9% -15.7%

Table 4. Annual area (in hectares) of forest formation and
percentage of change in land cover and use by class of
indigenous territory.

4, Conclusions

Our results highlight significant patterns of forest cover loss and
agricultural expansion during the study period (2014-2030)
across the Kakataibo landscape, as well as the importance of
indigenous territories in mitigating forest loss. Although native
communities located in our study area experienced forest cover
loss, its rate was lower than outside this category. This
underscores the crucial role of indigenous territories in
counteracting the pressures caused by anthropogenic activities in
the landscape, our projections for 2030 also indicate a continuing
trend of progressive forest cover decline within indigenous
communities.

Our results also to emphasize the vulnerability faced by native
communities undergoing the titling processes, as they exhibit the
highest forest cover loss among the different sub-classes of
indigenous territories that were analyzed. This points towards the
urgency of completing titling processes and providing
appropriate legal protection to these communities to prevent
further environmental degradation.

Manually calibrated model presented better results compared to
the default model. This underscores the importance of manual
calibration and the incorporation of local knowledge to enhance
the accuracy of LULC projections. Boundaries of protected
natural areas, indigenous territories, and basin variables were
crucial for obtaining these improved results. Therefore, we
recommend the use a categorized layer to perform the
sectorization of areas of interest, allowing the model to consider
more specific weights of evidence for each of the categories or
sectors.

This study not only sheds light on the current situation of
deforestation and the significance of indigenous territories in the
conservation of Amazonian forests but also provides a
framework for future actions that could mitigate the negative

impacts of anthropogenic expansion and promote sustainable
development in the region.
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