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Abstract: Globally, there is a significant trend in the loss of native forests, including those of the
Polylepis genus, which are essential for soil conservation across the Andes Mountain range. These
forests play a critical role in regulating water flow, promoting soil regeneration, and retaining essential
nutrients and sediments, thereby contributing to the soil conservation of the region. In Ecuador,
these forests are often fragmented and isolated in areas of high cloud cover, making it difficult to use
remote sensing and spectral vegetation indices to detect this forest species. This study developed
twelve scenarios using medium- and high-resolution satellite data, integrating datasets such as
Sentinel-2 and PlanetScope (optical), Sentinel-1 (radar), and the Sigtierras project topographic data.
The scenarios were categorized into two groups: SC1–SC6, combining 5 m resolution data, and
SC7–SC12, combining 10 m resolution data. Additionally, each scenario was tested with two target
types: multiclass (distinguishing Polylepis stands, native forest, Pine, Shrub vegetation, and other
classes) and binary (distinguishing Polylepis from non-Polylepis). The Recursive Feature Elimination
technique was employed to identify the most effective variables for each scenario. This process
reduced the number of variables by selecting those with high importance according to a Random
Forest model, using accuracy and Kappa values as criteria. Finally, the scenario that presented the
highest reliability was SC10 (Sentinel-2 and Topography) with a pixel size of 10 m in a multiclass
target, achieving an accuracy of 0.91 and a Kappa coefficient of 0.80. For the Polylepis class, the User
Accuracy and Producer Accuracy were 0.90 and 0.89, respectively. The findings confirm that, despite
the limited area of the Polylepis stands, integrating topographic and spectral variables at a 10 m pixel
resolution improves detection accuracy.

Keywords: Andes Mountains; Google Earth Engine; NICFI; random forest; RFE

1. Introduction

In the South American Andes, the Polylepis forests hold significant conservation impor-
tance due to their roles in regulating water flow, facilitating soil regeneration, and retaining
essential nutrients and sediments [1–4]; however, they are some of the most threatened
ecosystems [5] mainly due to anthropogenic activities such as deforestation [1,2], agricul-
ture [6,7], large-scale cattle ranching, and demographic pressure [5,8]. Therefore, detecting
the location of Polylepis stands is crucial for maintaining these ecosystems, particularly in
Ecuador, which experiences high deforestation rates and significant forest loss along the
Andean slopes [6]. For instance, the remnants of native forests have been reduced from
approximately 68% to 56% between 1990 and 2018 [9].

Polylepis is generally found in protected areas (near lagoons, in rocky areas, canyons,
and stream banks) of the Andes Mountains [10,11] in Venezuela, Colombia, Ecuador,
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Peru, Bolivia, Chile, and Argentina, in altitudinal ranges from 1800 to 5200 m above sea
level (m.a.s.l.), in isolated stands with limited surface area and difficult accessibility [10].
However, certain factors that influence the distribution of Polylepis trees are still not known
in depth [12].

On the other hand, remote sensing techniques have been used to identify, characterize,
and assess forest species in biodiversity conservation and ecosystem management. For
example, the review by Kivinen et al. of Populus tremula L., an ecologically important
species in boreal forests, identified the importance of integrating ecological knowledge
with remotely sensed information to understand the biodiversity patterns of this species,
as well as its suitability for mapping [13]. In other studies, Schwager and Berg used remote
sensing to improve Species Distribution Models (SDMs) to determine the distribution of
alpine plant species [14]. Similarly, but in the Qilian Mountains (China), Ma et al. classified
four tree species: Sabina przewalskii, Picea crassifolia, Betula, and Populus using satellite
imagery (specifically Sentinel-2 imagery) [15]. Remote sensing has also made it possible
to assess spatiotemporal changes in forest cover, biomass, plant species composition, and
health, thus improving the ability to estimate biomass at the level of individual trees [16];
classify forests into species groups [17]; assessing the health status of urban forests [18];
understanding succession patterns in tropical forests to monitor their biodiversity [19]; or
analyzing forest recovery under diverse climatic conditions [20].

Using specific satellite images also makes identifying and characterizing species possi-
ble, as evidenced in the works cited above. Another important aspect refers to the Sentinel
mission images. Sentinel is a satellite constellation part of the Copernicus program of the
European Space Agency (ESA), providing free and medium-resolution satellite imagery.
In this context, two of the missions are Sentinel-1 (S1) and Sentinel-2 (S2). The first (S1)
has a Synthetic Aperture Radar (SAR) sensor that generates its energy wave and measures
backscattered radiation from the ground [21] and can penetrate cloud cover and obtain
data in different atmospheric conditions [22]. In addition, S1 mission data are used in the
construction of forest masks [23], in the assessment of physical characteristics and prop-
erties such as the roughness, water content (moisture), and structural geometry of forest
species [24], and in the detection of forest degradation and regeneration [25]. However,
it can have substantial distortions due to the effect of topography [23]. S2 optical images
are used in the detection and monitoring of land cover and other applications through the
MultiSpectral Instrument (MSI). Thanks to the operation of two similar satellites, S2A and
S2B, the image acquisition of the same area is achieved every five days. Its usefulness is re-
flected in the different applications of these images for the detection of invasive species [26],
the identification and classification of tree species [27], or the use of multitemporal data for
the characterization of regenerating forest stands [28]. To enhance the discrimination of
forest species, various studies have demonstrated the effectiveness of combining S1 and
S2 data [21,24], as well as their integration with topographic information [29], in Cloud
Computing platforms such as Google Earth Engine (GEE) [30–32]. On the other hand, there
is currently spectral information with better spatial resolution available through the Plan-
etScope platform, acquiring images with 3 m/pixel spatial resolution and capturing data in
the red (R), green (G), blue (B), and near-infrared (NIR) channels. However, the open-access
data provided by Norway’s International Climate and Forests Initiative (NICFI) program,
in collaboration with Planet Labs of the PlanetScope data, are available in semiannual
or monthly mosaics with a resolution of 4.77 m per pixel. Some studies, such as the one
from Vizzari (2022), use these data in the GEE environment to compare ten land use and
land cover (LULC) classification approaches, highlighting the advantages of adopting an
object-based (OB) approach with PlanetScope (PL) data and integrating PL with Sentinel-2
and Sentinel-1 data. These studies incorporate Gray-Level Co-occurrence Matrix texture
variables to aid classification [33].

Although remote sensing is widely applied in identifying, monitoring, and character-
izing forest species, its implementation presents important challenges in the study of the
genus Polylepis. Some studies are focused on this species, such as the one conducted by
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López et al., who evaluated the distribution and cover of a Polylepis species (P. tarapacana)
and its relationship with topographic, environmental, and climatic factors in the Andean
zone of northern Argentina, identifying that elevation and slope are significant factors in
the distribution of this species within the study sector [11]. Caballero-Villalobos et al. [12]
evaluated the possible distribution of Polylepis quadrijuga in the Colombian Andes due
to its ecological importance, using different future temporal scenarios, demonstrating
that climate change could generate a considerable loss of suitable habitat for this species.
Rojas et al. evaluated the unique climatic habitat conditions of Polylepis Tarapacana in the
Chilean Andes. They highlighted the urgent need to develop studies that analyze adaptive
strategies for this species to withstand climate changes at high altitudes [34]. It is worth
noting that studies employing pixel and object classification methods [35,36] within the
mountainous forests of the Andean region have major limitations [22], mainly due to the
topographic complexity, shadows, and illuminated areas [35], the limited availability of
cloud-free satellite images [8,37], and the challenge of finding completely homogeneous
pixels [22]. However, there are approximations through the detection of native forests with
the combination of optical and radar features [38].

Combining remote sensing data with image processing and classification methods
is useful to analyze and identify forest entities [39]. Several works present the feasibility
of the evaluation of forest ecosystems through Machine Learning (ML) algorithms such
as Random Forest (RF) [22,30,35,36,38,40–42], Support Vector Machines [22,35,36,43], Gra-
dient Boosting [44], Naive Bayes [45], being RF one of the most used, especially in the
discrimination and identification of mountain forests and shrublands [22]. Additionally,
some researchers used hyperspectral images obtained from Unmanned Aerial Vehicles
(UAVs) for the identification of Polylepis [10] and other forest species [46–48].

Despite this progress, several challenges remain in identifying Polylepis using remote
sensing. These challenges include (1) The small size of Polylepis stands limits their detection
with freely available satellite data. (2) Accessibility to these forests is complicated, making
it challenging to obtain field validation data. (3) The spectral signature of Polylepis is similar
to those of other shrub vegetation in the study zone.

Given this background, the objective of this study is to (a) Compare classification
scenarios at spatial resolutions of 5 and 10 m and evaluate if there is any difference in the
efficiency of Polylepis detection based on the spatial resolution of the input data; (b) evaluate
the combination of optical, radar, and topographic data for Polylepis stands identification;
and (c) identify the minimum variables needed to classify Polylepis stands using a pixel-
based approach.

2. Materials and Methods
2.1. Study Zone

The study area is located in the Andes Mountains in southern Ecuador (Figure 1), with
an approximate area of 137,211 ha. It has an altitude range from 918 to 4534 m.a.s.l. The
predominant land cover is paramo, an ecosystem where Polylepis species are present [49],
occupying approximately 45% of the area. Vegetation classes such as native forests, Polylepis
stands, forest plantations, and shrublands (chaparro) account for approximately 24% of the
area, with Polylepis being one of the least represented, covering less than 1%. Polylepis stands
are believed to be “possible remnants of vegetation that once covered larger areas” [50].
The remaining area corresponds to other classes, such as water bodies and bare soil.

Although a significant portion of the study area falls within the protected boundaries of
Cajas National Park (CNP), it remains vulnerable to deforestation and associated threats [6].

2.2. Polylepis Stands

Polylepis stands are distributed along the western and eastern sierras [49] and in
Ecuador. According to the Global Biodiversity Information Facility (GBIF) database https://
www.gbif.org/es/ (accessed on 25 July 2022), these stands can be found above 1067 m.a.s.l.
Their height ranges from 8 to 10 m, with twisted branches covered with moss [49]. Ecuador

https://www.gbif.org/es/
https://www.gbif.org/es/
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is the eighth country with the greatest variety of tree species in the world [51]. Of the genus
Polylepis (identification target), seven native species can be found: P. incana, P. lanuginosa,
P. microphylla, P. pauta, P. reticulata, P. sericea, and P. weberbaueri. In the study area (southern
Ecuador), four of these species are found: P. reticulata (Figure 2), P. lanuginosa, P. weberbaueri,
and P. incana [49].

Remote Sens. 2024, 16, 4271 4 of 17 
 

 
Figure 1. Sentinel-2A image mosaic covering tiles 17MPS, 17MPT, 17MQS, and 17MQT (24 August 
2020) of the study area and location of Polylepis stands. 

2.2. Polylepis Stands 
Polylepis stands are distributed along the western and eastern sierras [49] and in Ec-

uador. According to the Global Biodiversity Information Facility (GBIF) database 
https://www.gbif.org/es/ (accessed on 25 July 2022), these stands can be found above 1067 
m.a.s.l. Their height ranges from 8 to 10 m, with twisted branches covered with moss [49]. 
Ecuador is the eighth country with the greatest variety of tree species in the world [51]. Of 
the genus Polylepis (identification target), seven native species can be found: P. incana, P. 
lanuginosa, P. microphylla, P. pauta, P. reticulata, P. sericea, and P. weberbaueri. In the study 
area (southern Ecuador), four of these species are found: P. reticulata (Figure 2), P. lanugi-
nosa, P. weberbaueri, and P. incana [49]. 

  
(a) (b) 

Figure 2. Polylepis reticulata tree (a) and stand (b) in Toreadora lagoon zone. 

2.3. Workflow Description 
With the vector and satellite data available, a methodology was proposed that can be 

explained in four stages (Figure 3). The first stage consisted of searching for information 
on the location of Polylepis stands in the study area and integrating it with a land use and 
land cover (LULC) map, which generated a base map from which the target classes of the 
classification model were determined (green section). In the second stage, satellite data 
were selected and prepared through the GEE platform, including S2 and PlanetScope 
spectral data (bands and indices) and textures of the NIR band of PlanetScope image, S1 
radar data, and the Digital Elevation Model (DEM) obtained from the Sigtierras project 
[52] (yellow section). In the third stage, the scenarios to be evaluated were defined, con-
sidering the spatial resolution and the combination of different types of variables (orange 

Figure 1. Sentinel-2A image mosaic covering tiles 17MPS, 17MPT, 17MQS, and 17MQT (24 August
2020) of the study area and location of Polylepis stands.

Remote Sens. 2024, 16, 4271 4 of 17 
 

 
Figure 1. Sentinel-2A image mosaic covering tiles 17MPS, 17MPT, 17MQS, and 17MQT (24 August 
2020) of the study area and location of Polylepis stands. 

2.2. Polylepis Stands 
Polylepis stands are distributed along the western and eastern sierras [49] and in Ec-

uador. According to the Global Biodiversity Information Facility (GBIF) database 
https://www.gbif.org/es/ (accessed on 25 July 2022), these stands can be found above 1067 
m.a.s.l. Their height ranges from 8 to 10 m, with twisted branches covered with moss [49]. 
Ecuador is the eighth country with the greatest variety of tree species in the world [51]. Of 
the genus Polylepis (identification target), seven native species can be found: P. incana, P. 
lanuginosa, P. microphylla, P. pauta, P. reticulata, P. sericea, and P. weberbaueri. In the study 
area (southern Ecuador), four of these species are found: P. reticulata (Figure 2), P. lanugi-
nosa, P. weberbaueri, and P. incana [49]. 

  
(a) (b) 

Figure 2. Polylepis reticulata tree (a) and stand (b) in Toreadora lagoon zone. 

2.3. Workflow Description 
With the vector and satellite data available, a methodology was proposed that can be 

explained in four stages (Figure 3). The first stage consisted of searching for information 
on the location of Polylepis stands in the study area and integrating it with a land use and 
land cover (LULC) map, which generated a base map from which the target classes of the 
classification model were determined (green section). In the second stage, satellite data 
were selected and prepared through the GEE platform, including S2 and PlanetScope 
spectral data (bands and indices) and textures of the NIR band of PlanetScope image, S1 
radar data, and the Digital Elevation Model (DEM) obtained from the Sigtierras project 
[52] (yellow section). In the third stage, the scenarios to be evaluated were defined, con-
sidering the spatial resolution and the combination of different types of variables (orange 

Figure 2. Polylepis reticulata tree (a) and stand (b) in Toreadora lagoon zone.

2.3. Workflow Description

With the vector and satellite data available, a methodology was proposed that can be
explained in four stages (Figure 3). The first stage consisted of searching for information
on the location of Polylepis stands in the study area and integrating it with a land use and
land cover (LULC) map, which generated a base map from which the target classes of
the classification model were determined (green section). In the second stage, satellite
data were selected and prepared through the GEE platform, including S2 and PlanetScope
spectral data (bands and indices) and textures of the NIR band of PlanetScope image, S1
radar data, and the Digital Elevation Model (DEM) obtained from the Sigtierras project [52]
(yellow section). In the third stage, the scenarios to be evaluated were defined, considering
the spatial resolution and the combination of different types of variables (orange section).
The final stage consisted of comparing different scenarios and variables to determine the
combination that produces the highest reliability in detecting Polylepis stands. Metrics from
each scenario were evaluated, and the best-performing scenario was selected. Using this
scenario, a Polylepis map was generated and validated by forestry specialists in the region
(blue section).
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2.3.1. Data Integration

The LULC map of the study area was obtained from the Azuay province at a scale of
1:5000 [53], which was constructed from the aerial orthophotography of the SIGTIERRAS
project of Ecuador [52]. The Polylepis occurrence data for the study area were sourced from
georeferenced records available in online repositories, including the Global Biodiversity
Information Facility (GBIF) and Herbario Azuay, collected in 2016. These initial records
were validated through field verification conducted between July 2016 and October 2017.
The final dataset comprises 244 presence records of the Polylepis genus distributed as follows:
55 records for P. incana, 86 for P. lanuginosa, 50 for P. reticulata, and 53 for P. weberbaueri.
Of the total dataset, 73% represents field-verified observations, while the remaining 27%
corresponds to botanical collection data or herbarium records.

Based on this LULC map, we generated random points in two targets, multiclass and
binary, for the classification processes (Table 1). In the binary target, the No Polylepis class
groups classes such as native forests, pine, shrub vegetation, and non-forest classes. Finally,
seventy percent of the points were allocated for training, while the remaining thirty percent
were reserved for validation.

Table 1. Forest classes and points (pixels) number for training and validation in multiclass and
binary targets.

Multiclass Target Binary Target
Class Name Code Train Validation Total Class Name Code Train Validation Total

Polylepis 1 2362 974 3336 Polylepis 1 2362 974 3336

Native forest 2 303 150 453
No

Polylepis 2 11,732 5113 16,845
Pine 3 93 35 128

Shrub
vegetation 4 1674 700 2374

Other classes 5 9662 4228 13,890

2.3.2. Satellite Data Preparation

Satellite data acquisition (Table 2) and the generation of satellite information indices
(Table 3) were conducted using the GEE tool. This Cloud Computing approach enabled
multiple tasks to be performed on a high volume of data [54], facilitating the workflow.
The data used were as follows:
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Table 2. Multispectral, SAR, and topographic datasets used in the study.

Dataset Temporality Spatial Resolution/Bands Reference

Sentinel-2A MSI Mean value August 2020
10 m (TCI_R, TCI_G, TCI_B, B2, B3, B4, B8)
20 m (B5, B6, B7, B8A, B11, B12)
60 m (B1, B9)

[55]

Sentinel-1 SAR GRD Mean value August 2020 10 m (VH, VV) [23,56]

PlanetScope normalized analytic Mosaic June
2020–August 2020 4.77 m (R, G, B, NIR) [33]

Topographic data Photogrammetric fly 2010 3 m (Elevation, Slope, Aspect) [56]

Table 3. Vegetation indices and formulas used in this study.

Indices Formula Reference

EVI Enhanced Vegetation Index 2.5 ∗ NIR−Red
(NIR+6Red−7.5Blue)+1 [57]

SIPI Structure Insensitive Pigment Index NIR−Aerosols
NIR−Red [58]

NDWI Normalized Difference Water Index Green−NIR
Green+NIR [56]

MSI Simple Ratio 1600/820 Moisture Stress SWIR 1
NIR [41]

ARI Anthocyanin Reflectance Index 1
Green−

1
Red Edge 1 [58]

CCCI Canopy Chlorophyll Content Index
NIR − Red Edge 1
NIR + Red Edge 1

NIR − Red
NIR + Red

[58]

MSR Modified Simple Ratio 670/800 NIR−Blue
Red+Blue [58]

GLI Green Leaf Index 2Green−Red Edge 1−Blue
2Green+Red Edge 1+Blue

[58]

NDVI Normalized Difference Vegetation Index NIR−Red
NIR+Red [33,41,56,57]

NGRDI Normalized Green Red Difference Index Green−Red Edge 1
Green+Red Edge 1 [58]

(a) Sentinel-2 optical data (level 2A), radiometrically corrected to ground reflectance level,
were used. There data correspond to the mosaic of tiles 17MPS, 17MPT, 17MQS, and
17MQT from 24 August 2020 to compose an image with the minimum presence of
clouds. In GEE, the COPERNICUS/S2_SR_HARMONIZED repository was used in
which the values of the scenes were harmonized so that the most recent data (after
25 January 2020) are in the same range as the oldest scenes [55].

(b) Synthetic Aperture Radar (SAR) data in Interferometric Wide (IW) mode and pro-
cessed in Ground Range Detected (GRD) format were obtained from the Sentinel-1
sensor. This sensor offers two polarities: VV (vertical transmit/vertical receive) and
VH (vertical transmit/horizontal receive).

(c) Norway’s International Climate and Forests Initiative (NICFI) provides free access
to high-resolution PlanetScope imagery in Google Earth Engine (GEE). This dataset
includes the red, green, blue, and near-infrared (NIR) bands, available as a mosaic
spanning from June 2020 to August 2020, and resampled from 4.77 m to 5 m of
pixel size. The textural features obtained from the NIR band were extracted via
Gray-Level Co-occurrence Matrix (GLCM). The features generated include Max Corr.
Coefficient (N_maxcorr), Angular Second Moment (N_asm), Entropy (N_ent), Cluster
Prominence (N_prom), Difference Entropy (N_dent), Sum Entropy (N_sent), Variance
(N_var), Inertia (N_inertia), Information Measure of Corr. 1 (N_imcorr1), Information
Measure of Corr. 2 (N_imcorr2), Contrast (N_contrast), Difference Variance (N_dvar),
Sum Variance (N_svar), Correlation (N_corr), Dissimilarity (N_diss), Shade (N_shade),
and Inverse Difference Moment (N_idm).

(d) Topography data were obtained from the Ecuador Sigtierras project, which provides
data distributed with a pixel size of 3 m. This dataset was used to determine the
terrain topography and derive slope and orientation, resampled to a pixel size of
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5 and 10 m using bilinear interpolation. Due to the varying spatial resolutions of the
satellite data, the data were grouped into categories of 5 m and 10 m resolutions.

2.3.3. Scenarios Definition

After defining the datasets to be used, we evaluated different scenarios while main-
taining spatial resolutions of 5 m (RF1-RF6) and 10 m (RF7-RF12). This analysis aimed to
determine whether spatial resolution influenced the outcomes, as summarized in Table 4.
The datasets are represented as follows: “TOPO” refers to Digital Elevation Model data
from Sigtierras, including slope and aspect derivatives. “PS” represents PlanetScope im-
agery and indexes, while “GLMC” denotes textures derived from the near-infrared band of
PS. “S2” represents Sentinel-2 data and indexes, and “S1” represents Sentinel-1 data. In
the proposed scenarios, the multiclass or binary target approach will also be evaluated to
distinguish Polylepis from other shrub classes.

Table 4. Scenario definition based on dataset combination.

Scenario Resolution Dataset
Combination

Variables
Number

SC1

5 m

TOPO 3
SC2 PS 7
SC3 GLCM NIR 18
SC4 TOPO + PS 10
SC5 TOPO + GLCM NIR 21
SC6 PS + TOPO + NIR GLCM 28

SC7

10 m

S1 2
SC8 S2 24
SC9 S1 + TOPO 5

SC10 S2 + TOPO 27
SC11 S2 + S1 26
SC12 S2 + S1 + TOPO 29

Variable Reduction

GEE provides a variety of supervised classification algorithms suitable for satellite
image classification. This study employed the Random Forest (RF) algorithm, implemented
in GEE as smileRandomForest (SRF). RF is a nonparametric statistical method of decision
tree assembly widely used in land cover classification from remote sensing data [21].
Each tree is trained with different data so that by combining the results, some errors are
compensated by others. This algorithm is used by several authors in forestry domains
based on pixel classification of satellite images [22,45,59–61] and with object approach as
in [36,40]. For this study, the number of trees was set to 50, while other parameters were
left at their default values to facilitate scenario reliability comparison.

From the former, the Recursive Feature Elimination (RFE) technique has been selected
for its ability to eliminate noise and irrelevant features, using a Machine Learning algorithm
to rank features by importance, discard the least important features, and re-fit the model to
improve the performance of the classification model [62]. In GEE, the SRF algorithm was
employed to assess the importance of variables in each classification scenario. The variable
reduction with RFE was performed by being the first iteration run with all variables, and,
in the following runs, the features of lesser importance were removed. After eliminating
the least significant variables, the classification process was run again, and the proposed
metrics were evaluated.

Scenarios Comparation

The classification results with all variables were evaluated in a general way, using
the Global Accuracy, which refers to the ratio between correctly classified pixels and all
verification pixels (the main diagonal of the confusion matrix), and the Kappa coefficient to
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evaluate the classification performance compared to the expected random assignment [63].
Other metrics used focused on evaluating the classification performance of the Polylepis
class, using for this purpose the User Accuracy (UA), which refers to the ratio between
the total number of correctly classified samples for a particular class and the total number
of reference samples classified in that same class; and the Producer Accuracy (PA), which
shows the ratio between the accurately classified reference samples of a particular class
and the total number of reference samples of that class [63], this in GEE.

Finally, the F-score is a harmonic mean between Precision and Recall [33], which
allows the individual evaluation of class behavior. This process will be carried out on the
most reliable scenarios using scikit-learn library version 1.5.2 and Python version 3.10.12.

3. Results
3.1. Variable Reduction Using RFE and Comparison of Classification Metrics for Different Scenarios

The reliability values obtained from the various classification scenarios (GEE) are com-
pared in Table 5. This table reports the total number of variables and the variables selected
by the RFE process, considering their importance in the RF algorithm. The initial variable
set (N column) is significantly reduced in most scenarios through the Recursive Feature
Elimination (RFE) process, underscoring its effectiveness in filtering out less informative
features. For example, in SC6, the original 28 variables are pared down to 11 post-RFE
(Figure 4). Conversely, RFE retains a smaller subset of features in scenarios that start with
fewer variables (e.g., SC1 and SC7), suggesting that these scenarios either have inherently
simpler data structures or initially contain fewer irrelevant features.

Table 5. Polylepis classification scenarios: spatial resolution of input features, number of features
produced and selected, Accuracy (Acc), and Kappa coefficient after the RFE reduction process for
binary and multiclass targets. UA and PA refer to the Polylepis class.

Multiclass Target Binary Target
Name Resolution Datasets N * RFE Acc Kappa UA PA RFE Acc Kappa UA PA

SC1

5 m

TOPO 3 3 0.73 0.37 0.46 0.30 3 0.83 0.26 0.45 0.29
SC2 PS 7 7 0.86 0.69 0.75 0.79 7 0.93 0.72 0.80 0.74
SC3 GLCM NIR 18 5 0.68 0.12 0.36 0.12 18 0.84 0.08 0.42 0.07
SC4 TOPO + PS 10 9 0.90 0.78 0.87 0.89 9 0.96 0.86 0.89 0.87
SC5 TOPO + GLCM NIR 21 7 0.76 0.41 0.64 0.25 6 0.85 0.29 0.59 0.25

SC6 PS + TOPO + NIR
GLCM 28 11 0.90 0.78 0.88 0.88 7 0.96 0.86 0.90 0.87

SC7

10 m

S1 2 2 0.68 0.24 0.29 0.20 2 0.82 0.09 0.31 0.12
SC8 S2 24 8 0.88 0.74 0.85 0.85 8 0.95 0.81 0.87 0.81
SC9 S1 + TOPO 5 5 0.82 0.60 0.74 0.66 4 0.88 0.53 0.69 0.54

SC10 S2 + TOPO 27 11 0.91 0.80 0.90 0.89 7 0.97 0.87 0.90 0.88
SC11 S2 + S1 26 13 0.89 0.76 0.85 0.86 10 0.95 0.82 0.88 0.82
SC12 S2 + S1 + TOPO 29 7 0.91 0.80 0.89 0.90 9 0.96 0.86 0.90 0.87

* The column N represents the initial number of variables for each scenery. This is reduced by the RFE process
and presents the new number of variables in column RFE.

The scenarios that produced the best accuracy and Kappa values are SC4 (0.90 and
0.78) for the 5 m datasets. In the 10 m datasets for the multiclass approach, SC10 (0.91 and
0.80) and SC12 (0.91 and 0.80) were the best. For the binary target, SC6 (0.96 and 0.86) and
SC10 (0.96 and 0.87) were the best. On the other hand, the scenarios that evaluated the
datasets without multispectral information (SC1, SC3, SC7, and SC9) had lower reliability
compared to the other scenarios that included these types of variables.

In scenarios using 10 m resolution data (SC7–SC12), the models exhibit strong pre-
dictive performance across both multiclass and binary classification tasks, with particu-
larly notable gains when Sentinel-2 imagery is combined with topographic data (TOPO).
Meanwhile, in scenarios employing 5 m resolution data, the integration of PlanetScope
imagery with additional layers, such as topographic or texture-based features (e.g., SC4,
SC5, and SC6), consistently improves classification accuracy. These findings imply that the
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combined use of high-resolution data and a diverse set of feature types can mitigate the
constraints imposed by the coarser resolution of certain datasets, thereby enhancing overall
model performance.
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An examination of the F1 scores (Table 6) across various land cover classes in optimal
scenarios (SC4, SC6, SC10, and SC12) reveals a consistent trend in the multiclass classifi-
cation. For instance, the Polylepis class maintains high accuracy across all configurations,
ranging from 0.88 to 0.90, whereas the Pine class exhibits substantial variability, with accu-
racy scores ranging from as low as 0.00 in SC6 to 0.48 in SC10. In the binary classification
setting, which differentiates between Polylepis and No Polylepis, both classes achieve robust
accuracies, with scores between 0.88 and 0.98. Lower performance is observed in classes
with limited sample sizes, such as Pine and Native Forest, potentially due to restricted data
representation or class overlap, which may challenge the model’s discrimination capacity.

Table 6. F1-score comparison by best scenarios.

Target Class Pixels
Number SC4 SC6 SC10 SC12

Multiclass

Polylepis 974 0.88 0.88 0.90 0.89
Native forest 150 0.49 0.45 0.37 0.25

Pine 35 0.06 0.00 0.48 0.37
Shrub vegetation 700 0.72 0.73 0.73 0.74

Other classes 4228 0.94 0.95 0.95 0.95

Binary Polylepis 974 0.88 0.88 0.89 0.89
No Polylepis 5113 0.98 0.98 0.98 0.98

In the best scenarios, several variables are repeated multiple times, indicating their
importance across different scenarios. This is particularly true for topographic variables
such as elevation, slope, and aspect (Figure 5). In the multispectral domain, the indices
PS_NDVI (5 m), CCCI, MSR, and MSI from S2 (10 m) appeared in various classification
scenarios; these indices have in common the band 8 of S2 in the range of 835.1 nm.

3.2. Comparison of the Maps of the Best Scenarios

Figure 6 presents a detailed example of the supervised classification results in a sub-
area of the Toreadora Lagoon, which includes a variety of shrub classes. In this region,
pixels classified as Polylepis are shown in green. The scenario SC4, with a multiclass target
and a spatial resolution of 5 m, also performs well with a high accuracy of 0.90 and Kappa of
0.78, indicating that different resolutions can yield similar results depending on the dataset
combination. However, the evaluation of known areas reveals high separability between
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Polylepis and other vegetation classes in the 10 m SC10 and SC12 multiclass scenarios. In
the multiclass target, red polygons indicate a Pine plantation. Although the Accuracy
and Kappa metrics favor the SC4 scenario in the binary classification, the UA and PA for
Polylepis, when evaluated together, were better in the SC10 multiclass scenario. This is
reflected in an improved distinction of the Polylepis class from other shrubs, as shown in
Figure 6.
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The final scenario selected was SC10 with a multiclass target (Figure 7), showing
Polylepis located in the paramo zone. This was achieved using variables MSI, B9, B2, MSR,
CCCI, B12, ARI, and NDVI of S2 in conjunction with aspect, slope, and elevation. The
variable importance analysis (Figure 8) revealed that elevation and slope were the most
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significant factors, while the selected spectral indices and S2 bands had a similar contribu-
tion. In this map, another known area is Llaviuco Lagoon, where a clear distinction can be
observed between Polylepis stands and shrub vegetation despite both classes presenting
similar spectral characteristics.

Remote Sens. 2024, 16, 4271 12 of 17 
 

 
Figure 7. SC10 multiclass map was selected as the best scenario. Known regions such as Toreadora 
Lagoon (purple polygon) and Llaviuco Lagoon (red polygon) helped to visually interpret the quality 
of the classification models. Other land uses and coverages in the area are shown in white color. 

 
Figure 8. Feature importance of SC10 multiclass scenario. 

4. Discussion 
In this work, we compared twelve scenarios resulting from combinations of Sentinel-

2 (S2), Sentinel-1 (S1), PlanetScope (PS), texture GLCM for NIR PS band, and topographic 
data (elevation, slope, and aspect), using two target types (multiclass or binary) for the 
classification of Polylepis stands. Among all scenarios, four (SC4, SC6, SC10, and SC12) 
demonstrated the highest reliability in Accuracy and Kappa. Although in several scenar-
ios, the metrics did not show significant differences, selecting known review areas allowed 
for a better detection of the best scenario by Polylepis discrimination, providing a qualita-
tive assessment of each scenario’s validity. 

Figure 7. SC10 multiclass map was selected as the best scenario. Known regions such as Toreadora
Lagoon (purple polygon) and Llaviuco Lagoon (red polygon) helped to visually interpret the quality
of the classification models. Other land uses and coverages in the area are shown in white color.

Remote Sens. 2024, 16, 4271 12 of 17 
 

 
Figure 7. SC10 multiclass map was selected as the best scenario. Known regions such as Toreadora 
Lagoon (purple polygon) and Llaviuco Lagoon (red polygon) helped to visually interpret the quality 
of the classification models. Other land uses and coverages in the area are shown in white color. 

 
Figure 8. Feature importance of SC10 multiclass scenario. 

4. Discussion 
In this work, we compared twelve scenarios resulting from combinations of Sentinel-

2 (S2), Sentinel-1 (S1), PlanetScope (PS), texture GLCM for NIR PS band, and topographic 
data (elevation, slope, and aspect), using two target types (multiclass or binary) for the 
classification of Polylepis stands. Among all scenarios, four (SC4, SC6, SC10, and SC12) 
demonstrated the highest reliability in Accuracy and Kappa. Although in several scenar-
ios, the metrics did not show significant differences, selecting known review areas allowed 
for a better detection of the best scenario by Polylepis discrimination, providing a qualita-
tive assessment of each scenario’s validity. 

Figure 8. Feature importance of SC10 multiclass scenario.

The reports and confusion matrix of each scenario are available at https://gis.uazuay.
edu.ec/papers/polylepis/ (accessed on 24 September 2024).

The map in Figure 7 presents the spatial distribution of land cover classes in the study
area, focusing on the classification of Polylepis stands, native forest, pine plantations, shrub
vegetation, and other vegetation types. Polylepis stands are highlighted in light green,
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native forests in brown, pine plantations in red, shrub vegetation in dark green, and other
classes in gray. The mapped area includes two highlighted zones outlined in red and
magenta, labeled as “Llaviuco” and “Toreadora”, respectively, indicating specific regions
of interest for Polylepis detection.

The spatial extent shows that Polylepis stands are dispersed in specific regions, mostly
fragmented and interspersed with other vegetation classes. Native forest areas appear
more contiguous, primarily concentrated in the lower central part of the map, while pine
plantations are present in relatively small clusters, mostly located near the Llaviuco region.
Shrub vegetation and other classes occupy larger contiguous areas, particularly along
the central and southern regions of the map, suggesting a gradient of vegetation types
influenced by altitude and possibly other topographic variables.

This map allows for a visual evaluation of classification accuracy and the spatial
distribution of Polylepis stands within a diverse landscape matrix, providing insights into
potential ecological factors affecting Polylepis distribution.

4. Discussion

In this work, we compared twelve scenarios resulting from combinations of Sentinel-2
(S2), Sentinel-1 (S1), PlanetScope (PS), texture GLCM for NIR PS band, and topographic
data (elevation, slope, and aspect), using two target types (multiclass or binary) for the
classification of Polylepis stands. Among all scenarios, four (SC4, SC6, SC10, and SC12)
demonstrated the highest reliability in Accuracy and Kappa. Although in several scenarios,
the metrics did not show significant differences, selecting known review areas allowed for
a better detection of the best scenario by Polylepis discrimination, providing a qualitative
assessment of each scenario’s validity.

The combination of Sentinel-2 and topographic data (S2 and TOPO) provides the most
effective scenario for achieving high classification accuracy in a multiclass context. Pizarro
et al. (2022) [31] obtained the highest reliability with this same combination of variables
using Random Forest. However, their study focused on discriminating against land use
and land cover in the Andes, while ours specifically targeted the identification of Polylepis.

Discrimination between Polylepis and pine was more effective in a 10 m scenario (SC10
and SC12) despite the fact that the metrics Accuracy and the Kappa of scenarios SC4 and SC6
do not have a significant difference. This makes us think that a greater range of radiometric
spectra promotes the distinction of Polylepis. This finding challenges the assumption that
higher spatial resolution automatically translates to better classification results.

The superior performance of the multiclass approach, as opposed to binary, suggests
that capturing the variation within Polylepis stands, rather than simply the presence or
absence, is crucial for accurate mapping. By distinguishing between multiple classes, the
model can account for the ecological diversity within Polylepis habitats. This approach
enables a more detailed understanding of Polylepis distribution, which is essential for
effective conservation and management. The stands of these forests often exhibit substantial
heterogeneity due to environmental gradients, such as altitude, slope, and soil type.

The reduction in variables using RFE is the best scenario (SC10); it was possible
to reduce the number of variables from 27 to 11 (8 spectral and 3 topographic) without
significantly affecting accuracy and Kappa. The selected variables were MSI, B9, B2,
MSR, CCCI, B12, ARI, and NDVI of S2, in conjunction with aspect, slope, and elevation,
characterized by the inclusion of elevation and slope as key variables, findings consistent
with prior studies [11,23,24,35]. Conversely, scenarios with the lowest reliability (SC1,
SC3, and SC7) omitted topographic factors. This underscores the sensitivity of Polylepis
to altitude (typically above 3000 m) and slope (favoring drainage and sunlight exposure),
highlighting the critical role of these variables in its growth.

In classifying Polylepis stands, the moisture content of vegetation, indicated by various
spectral indices, plays a crucial role in distinguishing these areas. The Moisture Stress
Index (MSI), alongside Sentinel-2 bands B9 and B12, is particularly sensitive to water
content in the high canopy moisture. Band B2, while mainly used for detecting chlorophyll
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content, can also provide insight into vegetation health and indirectly reflect moisture levels.
Additionally, indices like the Modified Simple Ratio (MSR) and the Anthocyanin Reflectance
Index (ARI) highlight specific vegetation properties, with ARI being useful for detecting
stress in plants, which can signal varying moisture content. The Canopy Chlorophyll
Content Index (CCCI) integrates red-edge bands, useful for capturing subtle changes
in chlorophyll and moisture, which estimates chlorophyll content variations within the
canopy, offering insights into plant health and vitality. Previous studies, such as Kapari et al.
(2024) [64], compared ML algorithms to estimate water stress in maize crops, obtaining that
CCCI was an important predictor variable. Finally, the Normalized Difference Vegetation
Index (NDVI), while more general in application, supports overall vegetation classification
and health monitoring. By combining these indices, a more accurate understanding of
Polylepis conditions is achievable, aiding in reliable classification by isolating forest areas
with specific moisture and health characteristics.

In RFE, we selected the iteration with the highest values of Accuracy and Kappa as
the optimal number of variables, even if the differences from other variable sets were
not statistically significant. This approach was chosen to maximize the inclusion of vari-
ables, allowing for a broader analysis of their relevance in identifying Polylepis stands.
By prioritizing the highest value, we aimed to capture a comprehensive range of con-
tributing variables, providing a more robust understanding of their relative importance
in the classification model. This method enabled a more thorough interpretation of each
variable’s role, ultimately supporting a refined and potentially more effective identification
of Polylepis ecosystems.

The ability to detect smaller Polylepis stands was constrained by the spatial resolution
of S2, which impacts the final result. While Sentinel-2 provides valuable data for large-scale
vegetation analysis due to its high spatial resolution and multispectral bands, its 10 to 20 m
resolution poses challenges when it comes to identifying and accurately mapping smaller
or fragmented Polylepis patches. These limitations can lead to an underestimation of the
distribution and extent of these smaller stands.

Future endeavors will prioritize ongoing expert data validation to augment the dataset
and acquire additional samples for broader coverage of the study area. Furthermore, there
will be an exploration of advanced techniques like Neural Networks applied to high
spatial resolution imagery such as PS, aiming to enhance classification reliability in remote
sensing images.

5. Conclusions

This work demonstrates the effectiveness of combining Sentinel-2 imagery with topo-
graphic variables for the detection of Polylepis stands. The integration of Sentinel-2 spectral
bands and topographic data outperforms the use of higher spatial resolution data from
PlanetScope, texture-based variables derived from the NIR spectral band of PlanetScope,
or SAR data from Sentinel-1. The importance of spectral and topographic features over
spatial resolution in this specific classification task is notably.

Utilizing RFE with smileRandomForest within GEE proved to be effective, reducing
the number of variables from 27 to 11 without compromising accuracy. The key variables
selected include Sentinel-2 derived indices and bands (NDVI, MSR, MSI, B9, B2, CCCI,
B12, and ARI) along with topographic features (elevation, aspect, and slope). The selected
variables represent a balanced combination of spectral indices, specific Sentinel-2 bands,
and topographic features, indicating that these features are essential for differentiating
Polylepis stands from other land cover types.

The streamlined feature set includes critical indices sensitive to vegetation health,
structure, and moisture content, such as NDVI, MSR, and CCCI, as well as elevation and
slope, which are known to influence Polylepis distribution. By focusing on these key
variables, the model achieves a high degree of accuracy in detecting Polylepis habitats,
which are often found in challenging, high-altitude environments with unique topographic
characteristics. The effectiveness of this variable reduction also underscores the value of the
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RFE process for refining remote sensing models, enabling a focus on the most informative
features while reducing noise from less relevant data.

Moreover, the success of smileRandomForest within GEE highlights the utility of
cloud-based platforms for large-scale ecological classification tasks. GEE’s extensive data
library and computational power facilitate the integration of multispectral, SAR, and
topographic datasets, making it possible to replicate and scale this approach for other
regions or similar ecological studies. This streamlined approach not only improves the
efficiency of data processing and analysis but also makes it feasible to apply the model
across large or multi-temporal datasets, supporting long-term monitoring efforts.

Random Forest (RF) has been demonstrated to be a powerful tool for managing
imbalanced datasets, especially when distinguishing the Polylepis class. Additionally, RF is
highly resilient to overfitting, making it particularly effective in complex classification tasks.

The results suggest that the identification of Polylepis stands was more effective when
combining spectral (S2) and topographic variables, with spectral resolution playing a more
critical role than spatial resolution.

Identifying Polylepis forests using satellite data is essential as a baseline for applying
advanced remote sensing techniques in Land-Use Change monitoring in the Andean
region. This approach enables tracking changes over time with diverse data sources,
including radar and spectral imagery, to improve classification accuracy and support the
establishment of remote monitoring mechanisms. Accurately mapping these unique, high-
altitude ecosystems enhances the precision of LULUCF inventories and identifies areas
where Polylepis forests significantly contribute to carbon sequestration. Developing robust
detection methodologies and validating the reliability of remote sensing data for these
stands can greatly support national and international reporting requirements.
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1–16.

4. Cuyckens, G.A.E.; Renison, D. Ecología y Conservación de Los Bosques Montanos de Polylepis: Una Introducción al Número
Especial. Ecol. Austral. 2018, 28, 157–162. [CrossRef]

5. Armenteras, D.; Rodríguez, N.; Retana, J.; Morales, M. Understanding Deforestation in Montane and Lowland Forests of the
Colombian Andes. Reg Environ. Chang. 2011, 11, 693–705. [CrossRef]

6. Kleemann, J.; Zamora, C.; Villacis-Chiluisa, A.B.; Cuenca, P.; Koo, H.; Noh, J.K.; Fürst, C.; Thiel, M. Deforestation in Continental
Ecuador with a Focus on Protected Areas. Land 2022, 11, 268. [CrossRef]

7. Balthazar, V.; Vanacker, V.; Molina, A.; Lambin, E.F. Impacts of Forest Cover Change on Ecosystem Services in High Andean
Mountains. Ecol. Indic. 2015, 48, 63–75. [CrossRef]

8. Navarro, G.; Molina, J.A.; Barra, N.D. la Classification of the High-Andean Polylepis Forests in Bolivia. Plant. Ecol. 2005, 176,
113–130. [CrossRef]

https://doi.org/10.1017/S0030605315000198
https://doi.org/10.25260/EA.18.28.1.1.766
https://doi.org/10.1007/s10113-010-0200-y
https://doi.org/10.3390/land11020268
https://doi.org/10.1016/j.ecolind.2014.07.043
https://doi.org/10.1007/s11258-004-0025-1


Remote Sens. 2024, 16, 4271 15 of 17

9. Sierra, R.; Calva, O.; Guevara, A. La Deforestación En El Ecuador, 1990–2018. Factores Promotores y Tendencias Recientes; Ministerio de
Ambiente y Agua del Ecuador: Quito, Ecuador, 2021.

10. Contreras, O. Identificación de La Especie Polylepis Reticulata Mediante Teledetección En Las Zonas Alto Andinas Del Ecuador.
Bachelor’s Thesis, Escuela Superior Politécnica de Chimborazo, Riobamba, Ecuador, 2019.

11. López, V.L.; Huertas Herrera, A.; Rosas, Y.M.; Cellini, J.M. Optimal Environmental Drivers of High-Mountains Forest: Polylepis
Tarapacana Cover Evaluation in Their Southernmost Distribution Range of the Andes. Trees For. People 2022, 9, 100321. [CrossRef]

12. Caballero-Villalobos, L.; Fajardo-Gutiérrez, F.; Calbi, M.; Silva-Arias, G.A. Climate Change Can Drive a Significant Loss of Suitable
Habitat for Polylepis Quadrijuga, a Treeline Species in the Sky Islands of the Northern Andes. Front. Ecol. Evol. 2021, 9, 661550.
[CrossRef]

13. Kivinen, S.; Koivisto, E.; Keski-Saari, S.; Poikolainen, L.; Tanhuanpää, T.; Kuzmin, A.; Viinikka, A.; Heikkinen, R.K.; Pykälä, J.;
Virkkala, R.; et al. A Keystone Species, European Aspen (Populus tremula L.), in Boreal Forests: Ecological Role, Knowledge Needs
and Mapping Using Remote Sensing. For. Ecol. Manag. 2020, 462, 118008. [CrossRef]

14. Schwager, P.; Berg, C. Remote Sensing Variables Improve Species Distribution Models for Alpine Plant Species. Basic Appl. Ecol.
2021, 54, 1–13. [CrossRef]

15. Ma, M.; Liu, J.; Liu, M.; Zeng, J.; Li, Y. Tree Species Classification Based on Sentinel-2 Imagery and Random Forest Classifier in the
Eastern Regions of the Qilian Mountains. Forests 2021, 12, 1736. [CrossRef]

16. Xu, D.; Wang, H.; Xu, W.; Luan, Z.; Xu, X. LiDAR Applications to Estimate Forest Biomass at Individual Tree Scale: Opportunities,
Challenges and Future Perspectives. Forests 2021, 12, 550. [CrossRef]

17. Bjerreskov, K.S.; Nord-Larsen, T.; Fensholt, R. Classification of Nemoral Forests with Fusion of Multi-Temporal Sentinel-1 and 2
Data. Remote Sens. 2021, 13, 950. [CrossRef]

18. Georgieva, M.; Georgiev, G.; Ivanov, M.; Tyufekchiev, K.; Belilov, S.; Dodev, Y.; Glogov, P.; Georgieva, M.L.; Popov, G.; Madzhov, S.
Integrated Approach for Health Status Assessment of Urban Forests in the Municipalities of Etropole and Pravets, Bulgaria. Silva
Balc. 2022, 23, 89–102. [CrossRef]

19. Chraibi, E.; Arnold, H.; Luque, S.; Deacon, A.; Magurran, A.E.; Féret, J.B. A Remote Sensing Approach to Understanding Patterns
of Secondary Succession in Tropical Forest. Remote Sens. 2021, 13, 2148. [CrossRef]

20. Luber, A.; Ramachandran, V.; Jaafar, W.S.W.M.; Bajaj, S.; De-Miguel, S.; Cardil, A.; Doaemo, W.; Mohan, M. UAVs for Monitoring
Responses of Regenerating Forests under Increasing Climate Change-Driven Droughts—A Review. IOP Conf. Ser. Earth Environ.
Sci. 2022, 1167, 012030. [CrossRef]

21. Vali, A.; Comai, S.; Matteucci, M. Deep Learning for Land Use and Land Cover Classification Based on Hyperspectral and
Multispectral Earth Observation Data: A Review. Remote Sens. 2020, 12, 2495. [CrossRef]

22. Vega Isuhuaylas, L.A.; Hirata, Y.; Santos, L.C.V.; Torobeo, N.S. Natural Forest Mapping in the Andes (Peru): A Comparison of the
Performance of Machine-Learning Algorithms. Remote Sens. 2018, 10, 782. [CrossRef]
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