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A B S T R A C T

Monitoring and evaluation of landscape fragmentation is important in numerous research areas, such as natural
resource protection and management, sustainable development, and climate change. One of the main challenges
in image classification is the intricate selection of parameters, as the optimal combination significantly affects the
accuracy and reliability of the final results. This research aimed to analyze landscape change and fragmentation
in northwestern Peru. We utilized accurate land cover and land use (LULC) maps derived from Landsat imagery
using Google Earth Engine (GEE) and ArcGIS software. For this, we identified the best dataset based on its
highest overall accuracy, and kappa index; then we performed an analysis of variance (ANOVA) to assess the
differences in accuracies among the datasets, finally, we obtained the LULC and fragmentation maps and
analyzed them. We generated 31 datasets resulting from the combination of spectral bands, indices of vegetation,
water, soil and clusters. Our analysis revealed that dataset 19, incorporating spectral bands along with water and
soil indices, emerged as the optimal choice. Regarding the number of trees utilized in classification, we deter-
mined that using between 10 and 400 decision trees in Random Forest classification doesn’t significantly affect
overall accuracy or the Kappa index, but we observed a slight cumulative increase in accuracy metrics when
using 100 decision trees. Additionally, between 1989 and 2023, the categories Artificial surfaces, Agricultural
areas, and Scrub/ Herbaceous vegetation exhibit a positive rate of change, while the categories Forest and Open
spaces with little or no vegetation display a decreasing trend. Consequently, the areas of patches and perforated
have expanded in terms of area units, contributing to a reduction in forested areas (Core 3) due to fragmentation.
As a result, forested areas smaller than 500 acres (Core 1 and 2) have increased. Finally, our research provides a
methodological framework for image classification and assessment of landscape change and fragmentation,
crucial information for decision makers in a current agricultural zone of northwestern Peru.

1. Introduction

On a global scale, in the last 25 years, almost 125 million hectares of
forest have been deforested (Curtis et al., 2018), and a current global
rate of forest loss of 0.6% per year (Hansen et al., 2013), likewise, for the

period 1990 to 2015, the total forest area of the world decreased by 3%
(Ban et al., 2019). Specifically, South America, between 2015 and 2020
lost>15million hectares of forest, becoming the secondmost deforested
region in the world, with agriculture, forestry, forest fires and urbani-
zation being the main drivers of deforestation (Chamberlain et al., 2020;
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Curtis et al., 2018).
Forest fragmentation refers to changes in forest cover and can be

measured using land cover maps derived from satellite products (Myr-
oniuk et al., 2020). Anthropogenic activities, such as agricultural
expansion and urbanization(Ellis and Ramankutty, 2008), as well as
logging and stand burning (Haddad et al., 2015), are the main causes of
forest landscape loss and fragmentation (Negi et al., 2019). Under the
dual actions of climate change and land cover change, global biodiver-
sity and ecosystem functioning face serious threats, especially in glob-
ally recognized biodiversity hotspots (DeFries et al., 2002; Kanade and
John, 2018).

Forests are a crucial terrestrial ecosystem, and have an indispensable
role in nutrient cycling and energy flow in ecological processes (Chaz-
don et al., 2016). Fragmentation of landscapes results in a mixture of
land cover patches of different classes, sizes and shapes (Numata et al.,
2011). Thus, forest landscape fragmentation can negatively affect many
processes that occur within an ecosystem (Xun et al., 2014), in addition,
fragmentation impacts species richness and distribution patterns of
biodiversity (Gibson et al., 2013; Pardini et al., 2010), ecosystem ser-
vices (Nagendra et al., 2009; Rocha-Santos et al., 2016; Uddin et al.,
2015), habitat quality (Fahrig, 2003; Reddy et al., 2013), and invasive
species emergence (Reddy et al., 2013; Thuiller et al., 2008).

Specifically, the loss and fragmentation of forest cover is considered
the main cause of global ecosystem degradation (Newman et al., 2014).
In addition, fragmented forests may be more vulnerable to stress and
have lower resilience compared to connected forests (Shimizu et al.,
2017). Specifically, the higher the degree of landscape fragmentation,
the lower its stability, due to the reduction of resources and therefore,
the survival of key species of the ecosystem is put at risk (Zhang et al.,
2021). Therefore, quantifying landscape changes is imperative to un-
derstand the spatial and structural viability of land use and its associated
ecological effects (Turner, 2005).

A recent study revealed that 70% of the world’s forests are within 1
km of the forest edge, subject to the degrading effects of fragmentation
(Ganivet and Bloomberg, 2019). Frequent landscape fragmentation oc-
curs particularly in many developing countries (Abdullah et al., 2019).
Thus, there has been a growing need to better understand the impor-
tance of landscape fragmentation processes (Hermosilla et al., 2019;
Hysa and Başkaya, 2017).

The level of landscape fragmentation is an important attribute of
land pattern because it has potential implications for land loss preven-
tion and management [30]. That is, it can change environmental con-
ditions and species composition in ways that could influence forest
susceptibility (Schwartz et al., 2019). Thus, assessing the extent of
fragmented forests can help inform policy and decision making for forest
management practices (Wulder et al., 2009). Therefore, forest mapping
on fragmented landscapes is essential at a regional scale (Myroniuk
et al., 2020).

Additionally, studies have been conducted examining forest frag-
mentation in different regions of the world. For example, in Bangladesh,
between 1989 and 2021, using remote sensing data, identified changes
in forest cover and forest fragmentation, highlighting the importance of
forest restoration (Hassan et al., 2023). Another study optimized the
VOR model to measure ecosystem health using remote sensing tech-
nology, showing a gradual decline in regional ecosystem health over
time (Bao et al., 2022). Similarly, a study analyzed the impact of land-
scape fragmentation on the provision of ecosystem services over three
decades, identifying a negative relationship between landscape frag-
mentation and the value of these services (Do et al., 2022).

By 2030, it is estimated that the Peruvian Amazon will experience
greater deforestation and forest degradation than any other region,
driven by agriculture, commercial mining, and land artificialization due
to urbanization (Smith and Schwartz, 2015). To date, studies in the
Amazonas region have focused on LULC changes; however, landscape
fragmentation levels have been scarcely studied (Rojas Briceño et al.,
2019). Therefore, it is essential to provide a methodological framework

that integrates the assessment of LULC changes and associated frag-
mentation in high Andean areas, where the expansion of agriculture and
forest resource utilization continues to advance.

Landsat images are considered the standard Earth observation data
for large-scale ecological monitoring and provide unique opportunities
to assess changes in forest cover (Wulder et al., 2012), due to their long
time series, high spatial resolution and free access (Huang et al., 2010;
Shen et al., 2019; Zhu and Woodcock, 2014). In recent decades, satellite
imagery collected by Landsat platforms in forestry applications has
increased due to the availability of long time series of satellite obser-
vations of land cover and its dynamics (Gu et al., 2020). Also, many
studies have detected changes in forest cover and monitored forest
fragmentation using remote sensing data at regional and global scales
(Da Ponte et al., 2017; Gong et al., 2013; Vogeler et al., 2020).

On the other hand, the advent of cloud-based computing Google
Earth Engine (GEE) (Gorelick et al., 2017), in recent years has helped to
facilitate large-scale studies using high-performance mapping algo-
rithms (Garcia et al., 2023; Kennedy et al., 2018; Parente and Ferreira,
2018; Zhu et al., 2019). Thus, GEE with its robust computation and
storage capabilities, has attracted a great deal of attention (Gorelick
et al., 2017) and has been widely applied in vegetation monitoring
(Wang et al., 2019a; Xie et al., 2019), crop mapping (Jin-Ming et al.,
2019; Wang et al., 2019b), and LULC classification (Ge et al., 2019; Tsai
et al., 2019). Also, GEE allows easy access to different publicly available
datasets, including the collection of preprocessed Landsat imagery,
reducing the time needed to generate accurate maps (Myroniuk et al.,
2020). In particular, Landsat data hosted on the GEE platform provide a
unique opportunity to monitor forest cover change at high spatial res-
olutions, from local to global scales.

Therefore, we used Landsat satellite products and GIS tools to eval-
uate forest landscape fragmentation in Northwest Peru. To do this: i) in
GEE we obtained accurate LULC maps for the years 1989, 2005 and
2023, ii) we analyzed the changes and level of fragmentation for each
period using Landscape Fragmentation Tool v2 in ArcGIS software.
Finally, this study provides baseline information on the current state of
landscape conservation for proper land management. This evaluation
strategy will allow not only quantifying landscape fragmentation but
also providing valuable information for decision-making in environ-
mental management and conservation of natural resources in the region.

2. Materials and methods

2.1. Study area

The study area extends from 78◦06′ to 78◦58′ west longitude, and
5◦30′ to 6◦02′ south latitude, covering 2904.96 km2, has elevations from
351 to 3684 m.a.s.l. and encompasses the Alto Marañón II and III inter-
basins, as well as the lower Utcubamba river basin, as shown in Fig. 1.

This area was chosen as a case study because it is currently the most
affected sector by the cultivation of rice, coffee, cocoa, and extensive
livestock farming in the aforementioned watersheds of the Amazonas
and Cajamarca regions, located in the northwest Peru (Gobierno
Regional de Amazonas (GOREA) and Instituto de Investigaciones de la
Amazonía Peruana (IIAP), 2007; Gobierno Regional de Cajamarca
(GRC), 2010MIDAGRI, 2021).

On the other hand, according to the climatic classification elaborated
by SENAMHI (2020), the study area is conditioned by the C(r)B type,
that is, Semi-dry with abundant humidity in all seasons of the year, and
with temperate temperature efficiency, the maximum temperature
ranges from 21 to 25 ◦C, and minimum from 7 to 11 ◦C, with respect to
precipitation, in this type of climate 700 to 2000 mm per year are
registered.

2.2. Methodological flow

Fig. 2 presents an overview of the methodological flow employed for
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the analysis of landscape fragmentation in Northwest Peru since 1989 to
2023, applying Landscape Fragmentation Tool (LFT) as GIS tools and
Landsat image classification.

We initiated the process of identifying the optimal combination of
data to effectively classify Landsat 8 images. To achieve this, within the
GEE platform, we filtered the image collection removing cloudy areas
using a cloud mask, then, we combined spectral bands, indices of
vegetation, soil, water, and clusters generated, this process yielded a
total of 31 unique data combinations.

We used the Random Forest algorithm for classification, using
training points for each data set. Subsequently, an evaluation was per-
formed using field points to determine the accuracies of the 31 data sets.
An ANOVA was then used to identify significant differences between the
data sets. Once the combination yielding the highest accuracies was
identified, the 1989 and 2005 maps were ranked using the input data
from the most accurate dataset. These maps were then reclassified into
forest and non-forest categories. Finally, fragmentation maps were

generated for all three years using ArcMap 10.5 and LFT v2.

2.3. Obtaining LULC maps in GEE

2.3.1. Data source and classification algorithm
LULC maps were generated in GEE (Gorelick et al., 2017), from the

oldest year with adequate data (1989 in our case) to the most recent year
(2023), divided into two periods with similar number of years (1989 to
2005 and 2005 to 2023). For this purpose, we use Landsat images
(Landsat 4, 5 y 8 images courtesy of the U.S. Geological Survey). The
data from the Landsat-4 Thematic Mapper (TM) mission were used to
obtain the 1989 LULC map, whereas Landsat-5 TM images were
employed for the 2005 LULC map, and finally, Landsat-8 Operational
Land Imager and Thermal Infrared Sensor (OLI-TIRS) images were used
to obtain the 2023 LULC map.

The Landsat data used for the three years of analysis were from Level
2, Collection 2, Tier 1, this means that the surface reflectance was

Fig. 1. Geographic location of study area in Northwest Peru.
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Fig. 2. Methodological flow used in the analysis of landscape fragmentation in Northwest Peru from 1989 to 2023.
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atmospherically corrected using the Land Surface Reflectance Code; this
correction eliminated the influence of aerosol scattering, thin clouds,
and other atmospheric effects on the detection and characterization of
land surface changes (Masek et al., 2006; Vermote et al., 2016). Addi-
tionally, to avoid problems associated with cloud cover, a cloud mask
procedure was conducted using the quality assessment band available in
the Landsat data. We used Bitmasks 1, 2, 3, 4, and 6, which represent
dilated clouds, high confidence cirrus, clouds, cloud shadows, and clear
conditions, respectively. For more details, refer to Section 1 of the script
shared in the supplementary material.

On the other hand, based on the fact that, with respect to other
classification algorithms running in GEE, Random Forest (RF) is one of
the machine learning classifiers with the best accuracies in the classifi-
cation of satellite images to obtain LULC maps (Gómez Fernández et al.,
2022; Ouma et al., 2022; Shetty, 2019; Talukdar et al., 2020), therefore,
for the classification, the RF algorithm was trained using training points
collected in the field and the inputs of the best dataset, obtaining LULC
maps with 30-m pixels, according to the spatial resolution of Landsat
missions, finally, through a post classification and visual inspection, the
products were improved.

2.3.2. Datasets of classification variables
A total of 31 data combinations were generated (Table 2), resulting

from the combination of spectral bands, vegetation indices, soil, water,
and clusters. Subsequently, the best dataset was selected as the combi-
nation that accumulated the highest overall accuracy by summing the
accuracies of the 9 decision trees. To determine the optimal number of
decision trees, the accuracies of the 31 datasets were summed, and the
decision tree with the highest overall accuracy accumulated was chosen.

The input data were i) spectral bands: Ultra blue, Blue, Green, Red,
Near Infrared (NIR), Shortwave Infrared 1 (SWIR-1) and Shortwave
Infrared 2 (SWIR-2), ii) Vegetation Indices: Normalized Difference
Vegetation Index (NDVI) and Enhanced vegetation index (EVI), iii) Soil
Indices: Soil Adjusted Vegetation Index (SAVI) and Bare Soil Index (BSI),
iv) Water Indices: Modified Normalized Difference Water Index
(MNDWI) and Normalized Difference Moisture Index (NDMI), and v)
Clusters.

The aforementioned spectral indices were calculated according to
the formulas in Table 1. In order to obtain clusters, a superpixel clus-
tering based on Simple Non-Iterative Clustering (SNIC), was performed
in GEE using the function ee.Algorithms.Image.Segmentation.SNIC. For
more details, refer to Section 2 of the script shared in the supplementary
material.

Table 2 shows the obtained combinations of spectral bands, vege-
tation, soil, water indices, and clusters. The combinations were gener-
ated online (https://es.planetcalc.com/3757/), and to obtain the 31
datasets, combinations of size one, two, three, four, and five were used.

2.3.3. Definition of LULC classes
The LULC classes defined in this research were aligned with the

Coordination of Information on the Environment (CORINE) Land Cover
(CLC) methodology. Table 3 below shows the LULC classes present in the
study area and their respective descriptions.

2.3.4. Sampling size and validation areas
On this occasion, to define the training and testing samples, we relied

on Chuvieco (2020), who argues that for categorical variables, at least
196 test points should be considered. Furthermore, Chuvieco (2020),
also mentions that, at times, this number can be very small when
compared to the total number of pixels in the image. Therefore, we
explored new sampling strategies that combine the previous scientific
foundation with the current capabilities of GEE.

Taking into account Congalton (1991) and Hay (1979), who suggest
at least 50 pixels per thematic class, we decided to implement an
alternative strategy. Instead of strictly distributing 196 training areas
among the 6 thematic classes, we chose to include pure training areas.
These well-identified areas should contain at least 50 pixels in total and
prominently represent the class of interest. This distribution was carried
out through simplified random sampling (Chuvieco, 2020), allowing us
to effectively capture variability within each class and improve the

Table 1
Spectral indices calculated for each collection.

Index Formula Reference

NDVI (NIR − RED)/(NIR + RED) (Rouse et al., 1974)
EVI C*[(NIR − RED)/(NIR + C1*RED − C2*BLUE + L) ] (Gao et al., 2003)
SAVI [(NIR − RED)/(NIR + RED + L) ]*1+ L (Huete, 1988)
BSI [(RED + SWIR) − (NIR + BLUE) ]/[(RED + SWIR) + (NIR + BLUE) ] (Rikimaru et al., 2002)

MNDWI (GREEN − SWIR1)/(GREEN + SWIR1) (McFeeters, 2007)
NDMI (NIR − SWIR1)/(NIR + SWIR1) (Wilson and Sader, 2002)

*Where: C = 2.5; C1 = 6; C2 = 7.5; L = 0.5 and Blue, Red, Green, NIR, SWIR depend on each Landsat. Mission band.

Table 2
Datasets obtained.

Name Inputs Name Inputs

Dataset 1 Spectral bands (B) Dataset 17 B + VI + WI
Dataset 2 Vegetation Indices (VI) Dataset 18 B + VI + C
Dataset 3 Soil Indices (SI) Dataset 19 B + SI + WI
Dataset 4 Water Indices (WI) Dataset 20 B + SI + C
Dataset 5 Cluster (C) Dataset 21 B + WI + C
Dataset 6 B + VI Dataset 22 VI + SI + WI
Dataset 7 B + SI Dataset 23 VI + SI + C
Dataset 8 B + WI Dataset 24 VI + WI + C
Dataset 9 B + C Dataset 25 SI + WI + C
Dataset 10 VI + SI Dataset 26 B + VI + SI + WI
Dataset 11 VI + WI Dataset 27 B + VI + SI + C
Dataset 12 VI + C Dataset 28 B + VI + WI + C
Dataset 13 SI + WI Dataset 29 B + SI + WI + C
Dataset 14 SI + C Dataset 30 VI + SI + WI + C
Dataset 15 WI + C Dataset 31 B + VI + SI + WI + C
Dataset 16 B + VI + SI

Table 3
LULC classes based on CLC methodology.

Class Description Code RGB color

Artificial surfaces All classes of continuous and
discontinuous urban fabric.

1 230–000-
077

Agricultural areas All arable land, permanent crops,
pastures and heterogenous

agricultural areas.

2 255–255-
168

Forest All broad-leaved, coniferous and
mixed forest

3 128–255-
000

Scrub and/or
herbaceous
vegetation

All natural grasslands, Moors and
heathland, Sclerophyllous
vegetation and Transitional

woodland-shrub

4 204–242-
077

Open spaces with
little or no
vegetation

All sand, bare rocks, sparsely
vegetated and burnt areas

5 230–230-
230

Water bodies All water courses and water bodies 6 128–242-
230

No data No data 999 –
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representativeness of our samples.
Finally, for the validation areas, a minimum of 25% of the training

areas was considered. Therefore, in this research, we used 40 training
areas, comprising 2463 pixels, and, additionally, 10 validation areas,
comprising 866 pixels. For more details, please refer to Section 3.1 of the
script shared in the supplementary material.

2.3.5. Measuring the accuracy of LULC maps
The assessment of accuracy can be approached from various per-

spectives, utilizing expert judgment (visual inspection) or external sta-
tistical sources, and this process must be carried out to ensure the
highest reliability of the results with the ground truth (Blissag et al.,
2024). In this research, the measurement of accuracy was based on the
validation points. Using this approach, the confusion matrix was
calculated, allowing us to obtain the Overall Accuracy (OA) and Kappa
Index (KI), coefficients necessary for the evaluation of classification
accuracy (Thomlinson et al., 1999). For this purpose, Eqs. (1) and (2)
were followed.

OA =
Total number of pixel classified correctly

total number of pixels
*100 (1)

KI =
N
∑n

i=1
ai,i −

∑n

i=1
(Ti + Fi)

N2 −
∑n

i=1
(Ti + Fi)

(2)

Where: i represent the class number. N is the total number of clas-
sified values compared to truth-values. ai,i is the number of values of the
truth class i classified also as class i, which is the values found along the
diagonal of the confusion matrix. Fi represents the total number of
predicted values of the i class and Ti is the total number of truth-values
of the i class (Foody, 2020; Stehman, 1997a; Stehman, 1997b).

Additionally, to make a decision based on the two-accuracy metrics,
Table 4 shows the classification accuracy according to the Kappa index,
and the operator’s decision on the classification.

Finally, in order to select a specific dataset, an ANOVA of one way of
the 31 datasets was performed in Google Colaboratory, considering a
significance level of 95%. The null hypothesis was that “all the means of
the dataset accuracies are equal,” while the alternative hypothesis was
that “at least one mean is different from the others”. This analysis was
conducted in relation to the number of repetitions, taking into account
each accuracy obtained with different numbers of decision trees.

2.4. Measurement of LULC change

We calculated the areas (in km2) of each LULC class for the years
1989, 2005, and 2023. This enabled us to ascertain the gains and losses
of each category over the evaluated years. Subsequently, we determined
the rate of change using Eq. (3), as described in (Food and Agriculture
Organization of the United Nations, 1993; Puyravaud, 2003).

r =
(

1
t2 − t1

)

*ln
(

A2
A1

)

(3)

Where: r is the rate of change per year, t represents year and A the
area covered by the class, subscripts 2 and 1 represent the final and
initial period, respectively.

2.5. Fragmentation measurement

In the ArcGIS 10.5 software, the Landscape Fragmentation Tool
(LFT) (Uddin et al., 2015; Vogt et al., 2006), was utilized to generate
fragmentation maps. Initially, the LULC maps were converted into a
binary format (foreground/background). The Forest and Scrub/Herba-
ceous vegetation classes were designated as the foreground, while the
remaining classes (Artificial surfaces, Agricultural areas, Open spaces
with little or no vegetation and Water bodies) comprised the
background.

As for the input parameters of the LFT, the reclassified raster was
assigned two classes: 1 = nonforest (background), and 2 = forest
(foreground), ultimately with an edge width of 100 m, as argued by
Uddin et al. (2015) and Vogt et al. (2006). The fragmentation maps
generated had the following forest patterns and/or fragmentation cat-
egories: The “Core” is situated at a considerable distance from the
boundary between forest and non-forest areas, while the “Patch” con-
sists of cohesive forest regions that are too limited in size to encompass
the core forest. The “Perforated” establishes the limits between the core
forest and relatively small perforations, and the “Edge” encompasses
interior boundaries with relatively large perforations, as well as the
external boundaries of core forest regions (Vogt et al., 2006).

2.5.1. Determination of transitions and risk levels
Due to fragmentation causing a loss of connectivity within the

ecosystem, it’s considered one of the main drivers of landscape degra-
dation (Jaramillo et al., 2023), by intersecting and summing the codes of
fragmentation categories for the years 1989, 2005, and 2023, in ArcGIS
Pro version 3.0.1, we generated transition matrices for the periods
1989–2005, 2005–2023 and 1989–2023.

In Table 5, we present the base transition matrix, with the 6 cate-
gories of fragmentation, this allowed us to identify the changes from one
category to another in the aforementioned periods.

On the other hand, in Table 6 shows the risk levels that each tran-
sition represents, based on the definitions of each forest pattern (Vogt
et al., 2006).

3. Results

3.1. Dataset accuracy metrics

We obtained 31 datasets and calculated their OA and KI. In Fig. 3
displays the variation of OA and KI along the Y-axis, corresponding to
the number of decision trees on the X-axis.

It can be observed that OA and KI exhibit an increasing trend up to a
certain point. Afterward, they stabilize or begin to decrease. This phe-
nomenon is associated with the number of decision trees utilized. In
some dataset increasing the number of decision trees contributes to
enhanced accuracies, while in others, the opposite occurs. The accu-
racies of the 31 datasets were highly variable, in the case of OA, it
ranged from 0.33 to 0.92, while KI varied between 0.2 and 0.90.

Five datasets were identified that exceeded 0.9 for overall accuracy
and 0.87 for Kappa index, of which Dataset 19 was selected as the most
suitable due to its highest cumulative OA value. Fig. 4 shows the cu-
mulative overall accuracy of the 31 datasets as a function of the 9 types
of decision trees used, identifying Dataset 19 as the best dataset with
8.32 and 0.92 for cumulative and average OA, respectively.

Fig. 4 confirms the positive impact of spectral indices on classifica-
tion accuracy. For example, in Dataset 1, which only utilized spectral
bands, an acceptable accuracy was achieved. However, by adding water
indices, this accuracy slightly improved, and by also including soil
indices, the highest classification accuracy was reached, as observed in
the stacked bar of Dataset 19. On the other hand, a noticeable aspect is
the low accuracy of Dataset 5, which only used the cluster band. This
low accuracy negatively affected the accuracy of datasets that included
this band. Therefore, caution is recommended when combining it for a

Table 4
Classification accuracy according kappa index.

Kappa Index Accuracy Decision

> 0.90 Very high Acceptable
0.80–0.90 High Acceptable
0.60–0.79 Moderate Depend of application
< 0.50 Low Not acceptable

Note: Table data adapted from (Cohen, 1960; Landis and Koch, 1977).
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definitive classification.
Therefore, to solidify the results and demonstrate significant differ-

ences among the datasets, the results of the ANOVA conducted are
shown in Table 7.

Table 7 displays the principal results of ANOVA, indicating a highly
significant p-value, which is less than the conventional significance level
of 0.05, additionally, F-statistic is greater than the critical value (0.05).
Therefore, there is compelling evidence to reject the null hypothesis that
the average of overall accuracy and kappa index of all datasets are equal.
Instead, we accept the alternative hypothesis, suggesting that at least
one average of OA and KI among the datasets differs from the others.

For more details regarding the global accuracy, Fig. 5 illustrates the
differences and similarities between groups derived from the Tukey
Honestly Significant Difference (HSD) test, considering a Family-Wise
Error Rate (FWER) of 0.05 to control the overall risk of type I error in
the statistical analysis. In 69% of the comparisons, there are significant
differences, meaning that the means of OA aren’t equal. On the other
hand, in the remaining 31%, statistically the means of global accuracies
are equal, as depicted in Fig. 5, where the blue color indicates similarity
between means and gray the opposite.

Then, after selecting the best dataset, we proceeded to identify the
most effective decision tree. On this occasion, in sub-Fig. 6a, the cu-
mulative and average overall accuracy of each decision tree is presented,
and in sub-Fig. 6b, the same overall accuracy but standardized. This
standardization was carried out because the differences between the
trees were minimal and not clearly appreciated in sub-Fig. 6a.

As seen in Fig. 6, there aren’t differences in the cumulative overall
accuracies, which was also statistically confirmed, obtaining a p-value of
0.99 in an ANOVA performed. Therefore, with the parameters consid-
ered in this research, the number of decision trees doesn’t directly

influence the overall accuracy of the classification. However, it is
noteworthy that when 100 decision trees were used, the overall accu-
racy was slightly higher than the others.

Additionally, Fig. 7 shows the distribution of the overall accuracies
of the 9 decision trees, indicating that the highest density of cases is
concentrated in the accuracy range between 0.6 and 1. This suggests a
common trend towards high levels of overall accuracy in the classifi-
cations performed by all types of trees.

3.2. LULC maps

As Dataset 19 obtained higher accuracies, its inputs were used to
obtain the LULC map of 1989 and 2005, and 100 decision trees for each
year. Fig. 8 displays the RGB and LULC maps for 1989, 2005, and 2023.

3.2.1. LULC changes
Fig. 9 shows the square kilometers covered by the different LULC

categories and Table 8 shows gains and losses for the three years of
analysis.

From Fig. 9 and Table 8, a shift towards more intensive land use and
a loss of forested areas is evident. Over the analyzed periods, there is an
acceleration in the conversion of land to agricultural and urban uses at
the expense of natural and semi-natural areas, reflecting a clear pattern
of urbanization and expansion of agricultural areas.

Between 1989 and 2005, artificial surfaces increased from 16.2 km2

to 33.4 km2, following the same trend as agricultural areas, which rose
from 571.2 km2 to 676.5 km2. Conversely, forest cover decreased from
556.2 km2 to 470.36 km2, as did open spaces with little or no vegetation,
which shrank from 973.9 km2 to 796.9 km2.

From 2005 to 2023, artificial areas continued to expand, reaching 44

Table 5
Transition matrix of fragmentation categories.

Table 6
Considered transitions and risk levels.
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Fig. 3. Variation of OA and KI among the 31-dataset obtained for 2023, as influenced by the number of decision trees utilized.
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km2, and agricultural areas grew to 954.2 km2. Forest cover continued to
decline to 410 km2, and open spaces with little or no vegetation also
decreased to 526.56 km2.

Overall, from 1989 to 2023, artificial surfaces increased by 27.80

km2, while agricultural areas expanded by 383.00 km2. The accumu-
lated loss of forest cover was 145.70 km2, and open spaces with little or
no vegetation decreased by 447.34 km2.

While Table 8 provides substantial information, Table 9 below shows
the rate of change for the periods 1989–2005, 2005–2023 and
1989–2023.

As shown in Table 9, artificial surfaces grew at an annual rate of
2.94%, and agricultural areas at a rate of 1.51% per year. Forest cover
decreased at an annual rate of − 0.89%, while shrub and/or herbaceous
vegetation grew at a rate of 0.71% per year. Open spaces with little or no
vegetation decreased at a rate of − 1.81% per year, and water bodies
increased at an annual rate of 0.49%. These trends confirm the ongoing

Fig. 4. Variation of the cumulative overall accuracy of the 31 datasets according to the 9 types of decision trees considered.

Table 7
Summary of the analysis of variance performed.

F-Statistic P-value

Overall accuracy 161.36 5.14e− 145

Kappa index 158.93 3.06e− 144

Fig. 5. Differences and similarities between groups considering OA values.
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urbanization and agricultural expansion over time, as well as the
continuous decrease in forests and open spaces.

3.3. Fragmentation maps

Fig. 10 shows the fragmentation levels for the years 1989, 2005 and
2023. It can be seen that in 1989 the study area presented a greater
forest core, while in 2023 the appearance of patches and edges is more
frequent.

From Fig. 10 it can be inferred that the area covered by patches has
increased, as have the edges, which is not the case for fragmentation
category Core 3 (Cores >500 acres). For this reason, Fig. 11 shows the
area covered calculated in km2 of the different fragmentation categories,
showing that, effectively since 1989 to 2023, patches increased 21.81
km2, and edges increased 156.95 km2, while Core 3 has a decreasing
trend, losing a total of 322.24 km2 for the period of analysis, affecting
the increase of Core 1 (Cores <250 acres), which increased 49.95 km2.

In summary, Figs. 10 and 11 show that the appearance of patches and
edges (as a result of agricultural activities or other factors) has brought
with it the fragmentation of forests, that is, the increase of level 1 and 2
cores.

Below, Fig. 12 displays the transitions of fragmentation categories
for the periods 1989–2005, 2005–2023, and 1989–2023. Additionally,
Table 8 provides detailed information on the risk levels and the covered
area (km2) for each transition.

Table 10 consolidates the changes in the four risk levels for the three
analysis periods, showing a trend towards increased fragmentation and
a decrease in core forest areas. Specifically, from 1989 to 2005, the
transition from Core to Patch-Edge covered an area of 71.96 km2, rep-
resenting 66.76% of the total high-risk transitions, and increased to
86.93 km2 by 2023. Similarly, the transition from Edge to Patch and
from Perforated to Patch covered 28.75 km2 in the first period and
increased to 41.92 km2 by 2023.

Regarding medium-risk transitions, the transition from Core to
Perforated covered an area of 132.34 km2 (44.48%) from 1989 to 2005
but decreased to 118.50 km2 by 2023. On the other hand, moderate-risk
transitions showed more stable patterns. For example, the transitions
from Perforated to Cores covered 35.12 km2 from 1989 to 2005, then
increased to 75.54 km2 by 2023, highlighting a trend towards the
consolidation of fragmented areas.

Finally, low-risk transitions showed minimal changes. Transitions of
the Core 3 unchanged covered the largest area within this level,

Fig. 6. Cumulative and average overall accuracy (a) and its standardization (b) of the 31 datasets based on each decision tree used.

Fig. 7. Distribution of the overall accuracy of the 31 datasets based on each decision tree used.
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encompassing 96.29% in 1989–2005 and 99.18% of the low-risk tran-
sitions throughout the study period, indicating the stability of core forest
areas despite the surrounding fragmentation dynamic.

4. Discussion

Similarly to Cho et al. (2022), who used the spectral bands of Landsat
products and derived vegetation indices, obtaining 17 predictors for
classification, we generated 31 datasets, considering spectral bands,

Fig. 8. RGB Compositions and LULC maps obtained for 1989, 2005 and 2023. In the RGB compositions the white pixels correspond to cloud masked, that will be
considered as NoData in the calculation of areas.
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vegetation, soil and water indices and clusters, with the objective of
determining which combination yields the highest accuracies.

We run Random Forest in GEE, as it is one of the best machine
learning classifiers (Gómez Fernández et al., 2022), in turn, supported
by Talukdar et al. (2020), through an evaluation of six LULC classifiers
determined that Random Forest is the best classifier but still needs to be
tested in different morphoclimatic conditions.

The accuracies of the maps vary according to the input parameters,
and various factors must be considered, in our case, on average the 31
datasets had OA between 0.33 and 0.92 and KI between 0.2 and 0.90,
while Rwanga et al. (2017), who classified Landsat 8 images, consid-
ering similar LULC classes as our research, but obtained OA and KI of
0.817 and 0.722, respectively. On the other hand, Aghababaei et al.
(2021) in multitemporal image classification obtained a kappa index of
0.74 and an overall accuracy of 0.81.

Nowadays, analyses of variance are very useful to identify sources of
variability in the data, and to determine if these sources have a signifi-
cant effect on the accuracy of the maps, for example, Lin et al. (2015),
analyzed the impact of atmospheric correction and pansharpening on
the accuracy of LULC classification using a two-factor factorial design
and determined that atmospheric correction was statistically insignifi-
cant, while pansharpening and the interaction with atmospheric
correction were statistically significant. On the other hand, Hua (2017),
analyzed land cover changes and their impact on water quality, and
through an ANOVA between LULC and water quality data concluded
that the built-up area significantly contaminated water quality.

In this research, through an ANOVA we determined the significant
differences of the 31 datasets, because the accuracies were almost high,
concluding that, if there were significant differences with a confidence
level of 95%, it was decided to use the inputs of the most accurate

Fig. 9. Coverage in square kilometers of LULC classes for 1989, 2005 and 2023.

Table 8
LULC changes for 1989, 2005 and 2023.

1989 2005 2023 Gains and losses (Km2)

Km2 % Km2 % Km2 % 1989 to 2005 2005 to 2023 1989 to 2023

Artificial surfaces 16.20 0.56 33.40 1.15 44.00 1.51 17.20 10.60 27.80
Agricultural areas 571.20 19.66 676.50 23.29 954.20 32.85 105.30 277.70 383.00

Forest 556.2 19.15 470.36 16.19 410.50 14.13 − 85.84 − 59.86 − 145.70
Scrub and/or herbaceous vegetation 739.71 25.46 894.50 30.79 940.80 32.39 154.79 46.30 201.09

Open spaces with little or no vegetation 973.90 33.53 796.90 27.43 526.56 18.13 − 177.00 − 270.34 − 447.34
Water bodies 20.60 0.71 22.70 0.78 24.30 0.84 2.10 1.60 3.70

NoData 27.15 0.93 10.60 0.36 4.60 0.16
Total 2904.96 100 2904.96 100 2904.96 100

Table 9
Rate of change for the periods 1989–2005, 2005–2023 and 1989–2023.

Categories 1989 2005 2023 Rate of Change

Km2 Km2 Km2 1989 to 2005 2005 to 2023 1989 to 2023

Artificial surfaces 22.73 20.82 24.41 4.52% 1.53% 2.94%
Agricultural areas 682.88 720.18 857.13 1.06% 1.91% 1.51%

Forest 565.12 327.63 398.80 − 1.05% − 0.76% − 0.89%
Scrub and/or herbaceous vegetation 589.13 766.17 703.09 1.19% 0.28% 0.71%

Open spaces with little or no vegetation 982.02 716.84 444.86 − 1.25% − 2.30% − 1.81%
Water bodies 14.23 32.82 44.03 0.61% 0.38% 0.49%

NoData 48.84 320.50 432.64
Total 2904.96 2904.96 2904.96
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dataset.
The rates of changes of LULC categories vary based on the analysis

period (Arunyawat and Shrestha, 2016; Talukdar et al., 2020), for
example, Traore et al. (2021), determined that, the Bare Ground dras-
tically decreased (− 155.83), while, the Artificialized and Forested area
increased (137.06 and 8. 44%, respectively, since 1986 to 2017), in our
case, since 1989 to 2023: Open spaces with little or no vegetation
decreased − 1.81% per year, while Artificial surfaces increased 2.94%

per year, along with Agricultural areas (1.51%). However, Forests
decreased − 0.89% per year, as shown in Table 9 and Fig. 9, Forest losses
and Open spaces with little or no vegetation transformations are linked
to the rise of Agricultural areas, and artificial surfaces.

Globally, due to fragmentation, forests have decreased in size and
cover, while the total number of forest fragments has increased (Encisa-
Garcia et al., 2020; Taubert et al., 2018), this phenomenon brings about
changes in the composition of plant communities, with these changes

Fig. 10. Fragmentation’s levels for 1989, 2005 and 2023.

Fig. 11. Coverage of fragmentation classes for 1989, 2005 and 2023.
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are more pronounced in highly fragmented habitats compared to less
fragmented ones (Collins et al., 2017), in addition, fragmentation can
also affect seed dispersal (Dener et al., 2021).

Deforestation often brings with it various changes, for example
variation in surface temperature, Traore et al. (2021), quantified the
LULC changes and their relationship with the surface temperature

changes, being the built-up areas and bare soils those areas that pre-
sented higher temperatures with respect to the vegetation and bodies of
water.

Identifying the drivers of deforestation is feasible through co-
occurrence and supply chain analysis, as in the case of Cho et al.
(2022), who analyzed deforestation and its relationship with rubber

Fig. 12. Transitions of fragmentation categories for the 3 periods of analysis.

Table 10
Risk levels and covered area (km2) for each fragmentation category transition.
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production, concluding that rubber production may be driving defor-
estation, which may have a negative impact on the environment. Simi-
larly, future research should assess deforestation and its relationship
with the advancement of the agricultural frontier in northwest Peru.

It should be noted that changes in land use aren’t always negative,
many times the expansion of agricultural land has a positive impact on
the economy of farmers, for example, Appelt et al. (2022), through a
systematic review, evaluated the socioeconomic results, the possible
compensations and synergies of changes in the use of agricultural land in
Southeast Asia, finding positive impacts for income and employment,
negative impacts for food security, equality of gender and economic, and
mixed impacts in the health sector.

As shown in Fig. 1, the study area is located in a tropical zone with
altitudes between 351 and 3684m.a.s.l, which leads to high cloud cover,
but thanks to filter and masking functions in GEE it was possible to
obtain mosaics with minimal cloud cover. In addition, the calculation of
spectral indices and the generation of clusters was fast and flexible due
to the strength of GEE, so that this research, despite the limitations,
presents substantial information for the study area.

In synthesis, the present research provides substantial information
for land management, reporting LULC changes, as well as landscape
fragmentation levels, thus becoming a starting point for future research
such as, identification of deforestation drivers, impact of deforestation
on local economy, environmental quality of agricultural zone, evalua-
tion of map accuracies using other classifiers, relationship of LULC
changes and climatic anomalies etc.

5. Conclusions

We identified the optimal dataset for generating accurate LULCmaps
for the years 1989, 2005, and 2023, based on statistical tests applied to
the results from 31 datasets and 9 types of decision trees. Our analysis
determined that using between 10 and 400 decision trees in Random
Forest classification doesn’t significantly affect overall accuracy or the
Kappa index. However, we observed a slight cumulative increase in
accuracy metrics when using 100 decision trees. Therefore, we recom-
mend using 100 decision trees for the Random Forest classifier and
selecting Dataset 19 (spectral bands, soil, and water indices) as input
bands for areas similar to our study area.

We show graphically and numerically the changes, fragmentation
and rate of change of the LULC categories, being Artificial surfaces
(2.94%) and Agricultural areas (1.51%) the ones with the highest pos-
itive rate, on the other hand, Forest (− 0.89%) and Open spaces with
little or no vegetation (− 1.81%) present negative rates. Finally, it was
determined that the coverage of level 3 forests cores decreased, and
consequently, the coverage by patches and level 1 cores increased, thus
showing a fragmentation of the landscape in the study area.
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