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A B S T R A C T

Coffee cultivation is a strategic economic activity in the Andean-Amazonian region of Peru, 
characterized by its diversity of production systems and complex landscape. In this study, a 
methodological approach based on multitemporal mapping of land cover and land use (LULC) 
was developed to identify coffee crops by integrating optical satellite imagery (Sentinel-2) and 
radar data (Sentinel-1), as well as topographic variables, processed on the Google Earth Engine 
(GEE) platform, with supervised classification based on the Random Forest (RF) algorithm. The 
study area covered the provinces of Jaen and San Ignacio (Cajamarca), the main coffee-growing 
areas in the country's north. A time series of satellite data from 2019 to 2024 was used, 
considering two climatic seasons (dry and wet). The 69 spectral, textural, and topographic var
iables were evaluated but subsequently reduced to 22 using the Variance Inflation Factor (VIF). 
The classification distinguished 11 LULC classes, including shade-grown and non-shade-grown 
coffee, achieving an overall accuracy of over 84% and a Kappa index of 0.90. The binary cof
fee maps made it possible to quantify and analyze the spatial dynamics of the crop in both 
provinces, showing a growing trend toward shade-grown coffee, especially in San Ignacio. The 
proposed approach proved to be operational for mountainous tropical areas with high cloud cover 
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and represents a replicable methodological contribution to agricultural monitoring and sustain
able rural landscape management in similar contexts.

1. Introduction

Coffee (Coffea arabica L) is one of the world's most valuable agricultural commodities and one of the most widely consumed 
beverages, playing a fundamental role in the economy of many tropical countries (Torres et al., 2020). The coffee sector has expe
rienced sustained growth across Africa, Asia, and the Americas, with particularly promising prospects in Latin America (Widjaya and 
Yanuarti, 2024). Peru is internationally recognized for producing high-quality Arabica coffee characterized by its distinctive aroma 
and flavor. Coffee is cultivated on more than 425,000 ha distributed across approximately 210 rural districts, providing livelihoods for 
more than 200,000 farming families (JNC, 2020; MINAGRI, 2018). Although the province of Chanchamayo (Junín) remains the 
country's principal producer, the departments of Amazonas and San Martín have substantially increased their production in recent 
years (JNC, 2020). Nevertheless, coffee production continues to face important challenges associated with market price fluctuations, 
pest outbreaks, diseases, and climate variability, which directly affect both cultivated area and producers' livelihoods (JNC, 2020; 
Julca-Otiniano et al., 2023).

Coffee cultivation is commonly established in heterogeneous tropical landscapes comprising forests, secondary vegetation, agri
cultural areas, and agroforestry systems. In these environments, shade-grown coffee frequently exhibits spectral characteristics similar 
to those of surrounding natural vegetation, making it difficult to discriminate using conventional optical remote sensing approaches. 
Furthermore, persistent cloud cover, rugged topography, and fragmented agricultural landscapes considerably reduce the accuracy 
and temporal consistency of Land Use and Land Cover (LULC) mapping in tropical mountain regions (Chemura et al., 2017; Kelley 
et al., 2018; Wachowiak et al., 2017). Consequently, reliable and up-to-date spatial information on coffee cultivation is essential 
for supporting sustainable agricultural management, environmental monitoring, certification processes, and territorial planning.

Recent advances in Earth observation have considerably improved the monitoring of agricultural systems. Sentinel-2 multispectral 
imagery provides detailed spectral information for vegetation characterization, whereas Sentinel-1 Synthetic Aperture Radar (SAR) 
supplies structural information independent of atmospheric conditions, allowing continuous observations in regions frequently 
affected by cloud cover (Marin et al., 2021; Maskell et al., 2021; Putra et al., 2020). Likewise, cloud computing platforms such as 
Google Earth Engine (GEE) have facilitated processing of large satellite image archives, while machine learning algorithms have 
substantially improved LULC classification performance (Gorelick et al., 2017). Several studies have successfully applied these 
technologies to map coffee cultivation and agroforestry systems in different countries. For example, Sentinel-2 imagery achieved an 
overall accuracy of 84% for coffee mapping in Nigeria (Hegazy and Kaloop, 2015), while the integration of deep learning and 
Sentinel-2 imagery produced classification accuracies close to 95% in Vietnam (Le et al., 2022). Likewise, the combination of 
Sentinel-1 and Sentinel-2 imagery improved crop discrimination in Morocco(Saad et al., 2022), mango mapping in Zimbabwe (Maskell 
et al., 2021), and agroforestry classification in Mexico (Escobar-López et al., 2022), demonstrating the advantages of integrating 
multisource remote sensing data.

Despite these advances, important methodological challenges remain. Most previous studies have focused on mapping coffee 
plantations or agroforestry systems independently, whereas relatively few have simultaneously produced detailed LULC classifications 
alongside coffee cultivation maps to better understand the landscape context surrounding coffee-growing areas. In addition, previous 
investigations have employed different combinations of optical imagery, radar data, machine learning algorithms, and validation 
strategies, making methodological comparisons difficult and limiting the identification of operational workflows applicable to tropical 
mountainous regions (Kelley et al., 2018; Maskell et al., 2021; Poortinga et al., 2019; Saad et al., 2022). Furthermore, studies inte
grating Sentinel-1 SAR, Sentinel-2 multispectral imagery, topographic variables, feature-selection procedures, and cloud-computing 
platforms remain scarce in Peru despite the country's importance as one of the leading Arabica coffee producers in South America 
(Medina et al., 2026).

To address these limitations, this study proposes an integrated methodology that combines Sentinel-1 SAR, Sentinel-2 multispectral 
imagery, topographic variables, feature selection using the Variance Inflation Factor (VIF), Random Forest (RF) classification, and 
cloud computing via GEE. Rather than introducing a new classification algorithm, the main contribution of this study lies in the 
integration of these complementary components into a reproducible framework for multitemporal mapping of coffee cultivation in 
tropical mountainous environments. Unlike previous investigations that focused exclusively on coffee plantation mapping, the pro
posed framework simultaneously generates annual LULC maps comprising eleven thematic classes, in which shade-grown and sun- 
grown coffee are explicitly represented as LULC classes. Binary coffee cultivation maps are subsequently derived from this LULC 
framework to facilitate the analysis of coffee distribution and temporal dynamics. This integrated approach provides a more 
comprehensive assessment of coffee cultivation and its relationship with the surrounding landscape under tropical mountain 
conditions.

Therefore, the objective of this study was to develop and evaluate an integrated methodology for mapping coffee cultivation using 
vegetation cover and LULC in the tropical region of Jaen and San Ignacio, Cajamarca (Peru), based on Sentinel-1 and Sentinel-2 data, 
machine learning, and GEE. Specifically, the study aimed to (i) evaluate the contribution of multisource remote sensing variables to 
improve LULC classification, (ii) generate annual maps of shade-grown coffee, sun-grown coffee, and the principal LULC classes be
tween 2019 and 2024, and (iii) analyze the spatial distribution of coffee cultivation under different environmental conditions of 
elevation, slope, precipitation, and temperature.

E. Barboza et al.                                                                                                                                                                                                       Remote Sensing Applications: Society and Environment 43 (2026) 102200 

2 



2. Materials and methods

2.1. Study area

In northeastern Peru, we find the provinces of Jaen and San Ignacio, located in the northern part of the department of Cajamarca, 
with areas of 5232.57 km2 and 4990.3 km2, respectively (Fig. 1). Their altitudes range from 400 to 2800 m above sea level. They have a 
warm and humid climate, with average annual temperatures of 22 to 26 ◦C and rainfall between 813 and 1334 mm, providing ideal 
conditions for agricultural activities such as coffee cultivation (INEI, 2022). These provinces are home to a wide range of biodiversity, 
notably tropical and subtropical rainforests, as well as iconic species such as the spectacled bear (Tremarctos ornatus) and endemic birds 
such as the cock-of-the-rock, Peru's national bird (Rupicola peruvianus)(SENAMHI, 2020).

Coffee production is an agricultural activity in Jaen and San Ignacio, with annual yields of 30,000 and 25,000 tons/year, 
consolidating them as leaders in northern Peru. Coffee cultivation is mainly carried out under rainfed conditions in suitable agro
climatic conditions, providing the economic livelihood of local families and surpassing other crops such as rice and cocoa in impor
tance (Ocaña-Zuñiga et al., 2025; SENAMHI, 2020).

The methodological process for mapping coffee cultivation in tropical ecosystems using Sentinel optical and radar data and a 
Random Forest model is shown in Fig. 2. The first step involved acquiring and preprocessing Sentinel-2, Sentinel-1, and topographic 
(digital elevation model) data. The preprocessing of the optical data consisted of masking clouds and cloud shadows, calculating 
spectral indices using Sentinel-2 bands, computing spatial-temporal metrics from Sentinel-1, and deriving slope and aspect. The results 
of the previous steps were used to create a layer stack and select the most essential variables using the Variance Inflation Factor (VIF) 
(O'brien, 2007). Finally, supervised classification and evaluation of the thematic accuracy of the final mapping were performed.

2.2. Data acquisition

Data acquisition was performed using the GEE platform (Gorelick et al., 2017; Tamiminia et al., 2020), which consisted of data 
from the Sentinel-1 (ID: COPERNICUS/SENTINEL-1_GRD) and Sentinel-2 (ID: COPERNICUS/SENTINEL-2_SR_HARMONIZED) col
lections, as well as topographic data (ID: USGS/SRTMGL1_003). The resolutions of the Sentinel-2 data ranged from 10 to 60 m 
(Table S1), the Ground Resolution Data (GRD) from Sentinel-1 C-band SAR was 10 m, and the digital elevation model from the Shuttle 
Radar Topographic Mission (SRTM) was 30 m. The time filter applied to Sentinel-1 and Sentinel-2 images was from December 1, 2018, 
to November 30, 2024, covering the wet and dry seasons (December to May) and the dry seasons (June to November) (Fig. S1). The 
result was a composite image (computed using the median) for each season and year. This definition was based on historical time series 
analysis.

Fig. 1. Location of the study area: a) provinces of Jaen and San Ignacio, b) department of Cajamarca, and c) Peru in South America.
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Images with < 30% cloud cover were considered, followed by cloud masking using the cloud score algorithm implemented in GEE 
and the Temporal Dark Outlier Mask (TDOM) method (Barboza et al., 2020; Housman et al., 2018; Schmitt et al., 2019) for each mosaic 
per season and per year. TDOM improves cloud shadow detection by obtaining a dark pixel anomaly as clouds move (Nguyen et al., 
2020). Vertical-vertical (VV) and vertical-horizontal (VH) polarizations were used for Sentinel-1. Topographic data were obtained 
from SRTM with a resolution of 30 m (Farr et al., 2007).

2.3. Preprocessing of spatial data

The Sentinel-2 image collection was subdivided into wet and dry seasons for each year from 2019 to 2024. The mosaic for each 
annual season was calculated using the median, where maximum or minimum values could be contaminated by clouds and cloud 
shadows (Maskell et al., 2021). Spectral indices were calculated for each mosaic using band mathematics with the Tasseled Cap 
Transformation (Shi and Xu, 2019), which were included as individual bands in each scene (Table S2). These metrics have been used 
for optical images, such as Landsat, in less cloudy regions (Hu et al., 2018; Müller et al., 2015).

Following the proposal by Maskell et al. (2021), temporal statistics derived from SAR and texture characteristics were calculated for 
both polarizations (VV and VH) for the Sentinel-1 scenes (Table S3). For this process, spectral temporal statistics were first calculated 
for the descending VV and descending VH time series, including the median, 25th and 75th percentiles, and standard deviation for each 
scene (Table S3). Based on the above result, spectral temporal metrics were determined using eight texture variables from the Gray 
Level Co-occurrence Matrix (GLCM) as reported in different studies (Drielsma et al., 2022; Haralick et al., 1973; Lelong and 
Thong-Chane, 2003; Moreira and Valeriano, 2014). Likewise, for the median composite of the descending VH series using a 5×5 
moving window, with a displacement of 1, and averaged in four spatial orientations (Maskell et al., 2021). This is because SAR 
Sentinel-1 texture information has been shown to help discriminate land cover types and land use in heterogeneous coffee plantation 
landscapes, mapping agroforestry systems, and distributing disturbances in tropical forests (Balling et al., 2023; Kawakubo and Pérez 
Machado, 2016; Mishra et al., 2019; Numbisi et al., 2019). 

Fig. 2. Methodological process for mapping coffee using Sentinel and GEE data in tropical ecosystems in Peru.
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VIF=
1

1 − R2 (1) 

All layers derived from the Sentinel-2 and Sentinel-1 collections, as well as topographic variables (elevation, slope, and aspect), 
were cropped within the study area and combined into a single multiband image, resulting in a collection of 69 bands with a resolution 
of 10 m (Tables S2 and S3), as a result of the resampling applied in GEE. It has been shown that many input bands can be highly 
correlated with each other, which can negatively affect the detection and classification of minority classes during model application 
(Hasanuzzaman et al., 2024; Waldner et al., 2019). To avoid multicollinearity between bands, a VIF was applied (Dormann et al., 2013; 
O'brien, 2007).

The characteristics obtained through sampling at the reference points were exported from GEE and analyzed in R Studio. VIF was 
determined using Equation (1), where R2 is the coefficient of determination, calculated for each band. Any feature with a VIF greater 
than 10 was removed. Although VIF reduced the predictor set from 69 to 22 variables, the selected subset maintained the main 
biophysical characteristics associated with coffee cultivation. The retained variables included vegetation indices related to canopy 
vigor and moisture, SAR backscatter metrics describing vegetation structure, texture variables representing canopy heterogeneity, and 
topographic variables controlling local environmental conditions. Therefore, the reduction primarily removed redundant information 
rather than agronomically relevant predictors (Table 1 and Fig. S2).

We applied a sensitivity analysis performed on 648 combinations of hyperparameters of the RF algorithm (Breiman, 2001) to 
evaluate the model's performance using the Kappa coefficient based on the values of n_trees, var_split, and bag_fraction. This will allow 
us to determine the appropriate parameters for classifying LULC maps.

2.4. Classification of LULC maps

The reference data for parameterizing, training, and validating the classification were collected using high-resolution images such 
as Google Earth and Planet Scope for 2019, 2020, 2021, 2022, 2023, and 2024 across the entire study area. Field data were also 
collected during the 2023 dry season, where the Locus Map app's location points for the different LULC classes were georeferenced 
(Barboza et al., 2024). We used a classification scheme for both data sets with examples of high-resolution images from Google Earth 
for the reference data (points/pixels). If the randomly sampled data fell between classes or in a mixed area, it was resampled within the 
training area previously defined in GEE for all relevant courses. Likewise, iterative sampling was applied for coffee and cultivated 
vegetation classes, as these classes are most often confused with coffee. The reference samples were randomly divided into training 
(70%) and validation (30%) datasets using stratified random sampling to preserve the proportional representation of each LULC class. 
A fixed random seed was adopted to ensure reproducibility of the sampling process. The same sampling strategy was independently 
applied for each annual classification. A total of ~35,000 points per year were determined, ensuring that each class had at least 3000 
training points (Fig. 3).

To eliminate salt and pepper classification errors, a spatial filter based on the GEE “connectedPixelCount” function was applied to 
each year's LULC maps (Crawford et al., 2013). Fill filters were also applied to replace information gaps caused by clouds with 
consistent temporal classification values, and a temporal filter was used to identify class transitions following the methodology 
proposed by Turpo et al. (2022). A minimum mappable area of approximately 0.5 ha was considered.

Table 1 
Features entered the classifier after feature reduction (using a VIF method).

Category Features included (22)

Sentinel-2- dry season GCVI
MSAVI
NDWI
Blue
NIR
Red Edge 1

Sentinel-2- wet season NIR
EVI
STI
NDWI

Sentinel-1 SAR (including spatiotemporal metrics) VV_a
VV_d_sd
VV_d_75
ratio_VH_VV_a
ratio_VH_VV_d

Sentinel-1 SAR texture metrics VH_d_corr
VH_d_contrast
VH_d_svar
VH_d_asm

Metrics derived from the DEM Elevation
Slope
Aspect
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2.5. Thematic validation

The accuracy of the LULC classification was evaluated using a cross-validation analysis employing a confusion matrix, constructed 
from reference data (actual classes) and data predicted by the model for each year of study. From this matrix, the following metrics 
were calculated: Overall Accuracy (OA), Kappa index (κ), Producer precision (Recall), User's precision (Accuracy), F1-Score, Omission 
error, and Commission error. These metrics were calculated for each class and year, allowing for the evaluation of the temporal 
performance and stability of the classification model.

Fig. 3. Classification scheme, with examples of high-resolution images from Google Earth for reference data (points/pixels).

Fig. 4. The study includes the types of land use and land cover.
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2.6. LULC changes and spatial and environmental patterns of coffee cultivation

The LULC maps were analyzed in two periods: 2019–2021 and 2021–2024, to identify changes, continuities, and transitions be
tween classes. At the same time, the spatial and environmental patterns associated with coffee cultivation were evaluated, integrating 
the cultivated areas by combining the classes corresponding to all the years of the study (2019–2024). These areas were superimposed 
on environmental layers available in GEE, including slope and elevation (USGS/SRTMGL1_003), annual precipitation (UDEL/PETM/ 
ANNUAL), and average yearly temperature (WORLDCLIM/V1/BIO). For each coffee polygon, the values associated with each variable 
were extracted, reclassified, and spatially analyzed. This approach made it possible to identify the optimal topographic and climatic 
conditions that define the ecological niche of coffee in the study region.

3. Results

3.1. Multitemporal vegetation cover maps

The results for determining the hyperparameters for classifying coffee crops and LULC in the study area showed that the Kappa 
value remained constant (0.84) for a wide range of combinations, particularly when n_trees was set to 400 and bag_fraction to 0.9. 
When comparing the var_split values, it was evident that configurations such as var_split = 1 and var_split = 3 offered the same per
formance. The integration of Sentinel-1, Sentinel-2, and topographic data allowed for a detailed classification of the 11 LULC classes, 
covering an area of approximately 10,222.87 km2. The classes were sun coffee (plots with only coffee plants) (SC), coffee trees (plots 
with coffee plants and other forest species) (CT), forest (F), scrubland and herbaceous (SH), Paramo (P), rice (R), agriculture (AG), 
Pasture (PA), built (BU), water (W), and bare soil (BS) (Fig. 4). The classified and natural-color cultivation of unshaded and shaded 
coffee is shown in Fig. 4a–b, while the paramo, pastures, and forests classes are presented in Fig. 4c.

In the province of San Ignacio, changes in LULC between 2019 and 2024 show spatial stability with slight interannual variations. 
Forest cover remained the dominant class, with values ranging from 3240.13 km2 in 2019 to 3268.63 km2 in 2024, totaling 
19,670.93 km2 in the period analyzed. Coffee plantations, grouped into the SC and CT classes, occupied 1691.27 km2, with CT being 
more extensive, reaching 298.97 km2 in 2020 as its peak. Pasture areas also showed a significant presence with a cumulative 
3000.66 km2, although with a slight reduction in recent years, from 541.42 km2 in 2020 to 421.96 km2 in 2024. On the other hand, 
scrub and herbaceous areas grew significantly, from 388.37 km2 in 2022 to 555.31 km2 in 2024, which could be related to agricultural 
abandonment or secondary regeneration processes.

Similar patterns were observed in the province of Jaen, with more marked variations. Forest cover was also dominant, increasing 
from 1772.72 km2 in 2019 to 1891.37 km2 in 2024, for 10,870.59 km2. However, scrubland and grassland areas had a much greater 
weight than San Ignacio, with a total of 7539.98 km2, surpassing coffee plantations and agricultural land. The area dedicated to rice 
remained high and stable, totaling 1267.77 km2, peaking in 2020 with 219.50 km2. Areas of bare soil reached 3778.71 km2 over the 
entire period, with a peak of 680.25 km2 in 2020, which contrasts sharply with San Ignacio. Finally, urbanized areas also grew slightly, 
from 75.13 km2 in 2019 to 103.65 km2 in 2024, possibly reflecting processes of urban expansion and land use change (Table 2).

SC and CT are distributed in the study area from north to south between the districts of San José de Lourdes, San Ignacio, Huarango, 

Table 2 
Area (km2) of LULC classes for the provinces of San Ignacio and Jaen.

LULC 2019 2020 2021 2022 2023 2024

San Ignacio
Sun coffee (SC) 25.56 26.77 14.04 31.80 31.48 23.50
Coffee trees (CT) 261.88 298.97 285.38 294.16 273.26 277.61
Forest (F) 3240.13 3245.34 3387.23 3288.72 3240.88 3268.63
Scrubland and herbaceous (SH) 465.94 406.85 392.59 388.37 477.45 555.31
Paramo (P) 99.00 90.91 94.50 89.61 79.60 85.70
Rice (R) 34.61 30.23 32.11 31.53 40.84 37.15
Agriculture (AG) 127.69 148.02 128.58 157.84 147.35 112.30
Pasture (PA) 531.04 541.42 461.42 529.17 515.66 421.96
Built (BU) 69.56 67.76 73.21 69.05 72.54 80.05
Water (W) 10.94 13.17 12.36 14.35 12.49 11.36
Bare soil (BS) 44.02 40.94 28.96 15.76 18.81 36.81
Jaen
Sun coffee (SC) 50.06 60.53 43.63 41.54 49.73 42.55
Coffee trees (CT) 199.20 187.98 188.61 169.99 161.42 175.79
Forest (F) 1772.72 1818.52 1886.55 1754.91 1746.52 1891.37
Scrubland and herbaceous (SH) 1248.96 1192.12 1286.43 1344.56 1266.11 1201.80
Paramo (P) 162.98 154.80 156.82 160.84 143.09 190.10
Rice (R) 211.88 219.50 215.93 213.72 207.79 198.94
Agriculture (AG) 450.72 435.09 422.81 478.19 506.83 449.32
Pasture (PA) 195.13 178.46 145.12 173.41 173.74 149.67
Built (BU) 75.13 87.87 90.40 93.98 103.80 103.65
Water (W) 22.49 23.66 21.58 20.09 16.47 18.32
Bare soil (BS) 649.48 680.25 580.91 587.54 663.26 617.26
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Chirinos, Santa Rosa, La Coipa, Tabaconas, San José del Alto, Huabal, Las Pirias, Chontali, and Colasay (Fig. 5). The forest type is 
located in the highest altitude areas of both provinces, between the northeast and southwest of San Ignacio. In contrast, the province of 
Jaen is situated in the center and northwest. Agricultural areas, where rice is grown, are located near bodies of water (the Marañón, 
Amojú, and Chichipe rivers) and urban areas, mainly in the provincial and district capitals (e.g., Jaen and San Ignacio). Areas without 
vegetation or bare land are located in the south and southwest of the province of Jaen, mainly represented by bare sandbanks.

3.2. Cartographic accuracy

The accuracy for the user (i.e., commission error) of the generated maps shows consistently high values, exceeding 95% in most 
classes and years, indicating high reliability in label assignment and low commission error. However, the CT and PA classes show slight 
variability in some years (Fig. 6a), which could reflect confusion with neighboring coverages such as AG and SH (Fig. 6b). On the other 
hand, the omission error shows that SC and CT have the highest values, particularly in 2019, 2022, and 2024, with omissions exceeding 
10% in some cases (Fig. 6c), suggesting a lower sensitivity of the model to detect these classes in those periods.

The commission error was generally low for all classes (<5%), confirming the accuracy of the models in class assignment (Fig. 6d). 
However, slight increases were observed in the CT class in some years. Overall, the F1-Score performance remained high in most 
classes (>0.90), indicating a good balance between the model's precision and sensitivity (Fig. 6e). Finally, the OA ranged from 0.84 
(2019) to 0.91 (2022 and 2024), while the Kappa index varied between 0.82 and 0.90 (Fig. 6f), reflecting acceptable performance and 
substantial agreement between the classified maps and the reference data.

3.3. Binary map coffee/no coffee

The area under coffee cultivation in the provinces of Jaen and San Ignacio during the period 2019-2024 shows variations with 
reductions and increases in some years (Fig. 7). In the province of Jaen, the area under coffee cultivation was 249.27 km2 in 2019, with 
a slight decrease in the following years, reaching 211.15 km2 in 2023. However, in 2024, there was an increase, with a cultivated area 
of 218.34 km2. On the other hand, the province of San Ignacio showed a different trend, with an increase in the area under coffee 
cultivation from 287.44 km2 in 2019 to 325.97 km2 in 2022, with a slight decrease in 2023 (304.74 km2) and stability in 2024 
(301.12 km2).

Fig. 5. Land use and land cover in study area for years a) 2019, b) 2020, c) 2021, d) 2022, e) 2023 and f) 2024.
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Fig. 8 shows the spatial distribution of coffee cultivation by province. The area cultivated with sun and trees coffee extends from the 
center of the province of Jaen to the east, north, and west of San Ignacio.

3.4. Land use and land cover change dynamics

In the first period (P1, 2019–2021), the greatest loss occurred in the sun coffee class (68.26%), followed by pasture (49.03%) and 
coffee trees (38.59%). The most significant gains were recorded in sun coffee (44.52%), coffee trees (41.39%), and built-up areas 
(40.62%). The highest net positive changes corresponded to sun coffee (− 23.74%) and built-up areas (13.08%) (Fig. 9a).

In the second period (P2, 2021–2024), the sun coffee class again showed the largest loss (64.77%), followed by pasture (52.01%) 
and coffee trees (45.37%). The highest gains were observed in sun coffee (79.30%), pasture (46.25%), and agriculture (44.98%). Net 
positive changes were most notable for sun coffee (14.53%) and agriculture (1.86%) (Fig. 9b).

The distribution of coffee cultivation according to topographical and climatological variables is shown in Fig. 10. Coffee-growing 
areas are between 0 and 50%, indicating a preference for moderately sloping terrain (Fig. 10a). About altitude (Fig. 10b), the crop is 
grown at altitudes ranging from 500 to 2500 m above sea level, which coincides with the optimal conditions for Arabica coffee in 
mountainous areas.

In terms of precipitation (Fig. 10c), coffee plantations are distributed in the regions that receive between 400 and 1000 mm of 
annual rainfall, while in terms of average yearly temperature (Fig. 10d), coffee is mainly found in areas with temperatures between 15 
and 24 ◦C, which are favorable climatic conditions for its growth and phenological development.

Fig. 6. Accuracy metrics for maps generated from coffee mapping: a) Producer's Accuracy, b) User's Accuracy, c) Omission Error, d) Commission 
Error, e) F1-Score, and f) Overall Accuracy and Kappa index.

Fig. 7. Coffee cultivation area for the provinces of Jaen and San Ignacio.
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4. Discussion

In this study, we mapped coffee crops using an LULC classification framework based on Sentinel data and machine learning 
techniques in tropical ecosystems in Cajamarca, Peru, to identify coffee-growing areas and types of vegetation cover and land use. This 
is one of the first attempts to map coffee crops in tropical ecosystems in Peru. In this study, we focused on large-scale mapping of a 
permanent crop, following the methodology of Maskell et al. (2021), who integrated Sentinel optical and radar data to map small
holder coffee production systems in Vietnam. Unlike previous studies that primarily focused on coffee plantation mapping as a single 
classification target, our workflow simultaneously generated multitemporal LULC maps and coffee-specific maps derived from the 
same classification framework. This unified approach enables a more comprehensive assessment of coffee cultivation dynamics while 
preserving the spatial context of the surrounding landscape, representing one of the main methodological contributions of this study.

The methodology presented is based on the use of open data and its processing on freely accessible platforms such as GEE and R 
Studio for mapping coffee cultivation in heterogeneous areas that are very complex to map due to the characteristics of the landscapes. 

Fig. 8. Comparison between the a) multiclass LULC classification and the b) derived binary coffee map. Areas A and B show representative sub
regions illustrating how the shade-grown and sun-grown coffee classes from the LULC classification are integrated into a binary coffee/non- 
coffee product.
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Many studies have used Sentinel data for large-scale crop mapping, generally focusing on crops such as corn, cotton, rice, sorghum, 
soybeans, and wheat (Adrah et al., 2025; Aires et al., 2025; Liu et al., 2025; Medina Medina et al., 2024; Qiu et al., 2025; Zhao et al., 
2024). Rather than proposing a new classification algorithm, the main contribution of this work lies in the integration of multisource 
remote sensing data, feature selection, machine learning, and cloud computing into a reproducible workflow for coffee cultivation 
mapping in tropical mountainous environments.

The optical remote sensing data, such as that from many NASA satellites, has several limitations that affect its usefulness for 
detailed ground analysis. The spatial resolution is often too coarse to capture fine-scale features, making it difficult to monitor small 
land cover changes. Additionally, the spectral resolution may be insufficient to distinguish between similar vegetation types or subtle 
surface variations. Optical sensors also cannot penetrate cloud cover or smoke, which can result in data gaps or reduced reliability, 

Fig. 9. Gain and loss by class and period of analysis in the study area, a) 2019-2021 and b) 2021-2024.

Fig. 10. Spatial patterns of slope (a), elevation (b), annual precipitation (c), and temperature (d) of coffee in the study area.
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especially in regions with frequent atmospheric interference. Furthermore, these sensors are unable to penetrate dense forest canopies, 
limiting visibility of ground-level or understory conditions. In recent years, the integration of Sentinel-1 and Sentinel-2 data in crop 
mapping has been widely applied in different parts of the world, allowing for better crop classification and monitoring (Bahrami et al., 
2022).

Including Sentinel-1 has the main advantage of overcoming cloud cover in areas with constant rainfall, as in the study area (Maskell 
et al., 2021). There are an increasing number of studies that integrate these two types of data in the mapping of forest plantations 
(Balling et al., 2023; Hu et al., 2018; Liu et al., 2018; Numbisi et al., 2019), crops (Mansaray et al., 2020; Qiu et al., 2022; W. F. Silva 
et al., 2009), and individual trees (Camino et al., 2025; Klehr et al., 2025; X. Liu et al., 2023; Schulz et al., 2024). At the level of 
mapping coffee production systems, studies have been developed in other areas such as Indonesia, Ethiopia, Vietnam, El Salvador, and 
Brazil, integrating Sentinel-1 and Sentinel-2 data and obtaining accuracies greater than 84% (Chemura et al., 2018; Kawakubo and 
Pérez, 2016; Le et al., 2022; Masolele et al., 2022; Ortega-Huerta et al., 2012; Son et al., 2023; Tridawati et al., 2020). In the pre
sent study, the additional incorporation of topographic variables complemented the spectral and structural information provided by 
Sentinel-2 and Sentinel-1, respectively. This multisource integration proved particularly valuable under the persistent cloud cover and 
complex topographic conditions of the Peruvian tropical Andes, improving the discrimination of coffee cultivation from surrounding 
LULC classes while maintaining consistent multitemporal observations.

The selection of variables in this study was based on biophysical and spectral criteria that explain the agronomic behavior of coffee 
crops under different management conditions (with or without shade). The spectral bands from Sentinel-2 allowed the calculation of 
vegetation indices such as NDVI, EVI, GCVI, MSAVI, and NDWI, which capture key aspects such as vegetation vigor, chlorophyll 
presence, active green cover, canopy moisture, and the effect of exposed soil (Bernardes et al., 2012; da Silva et al., 2024; Nogueira 
et al., 2018). These indices were fundamental in differentiating densely covered plots (trees whit coffee) from those that were more 
exposed (sun coffee), especially in the dry season, when the spectral response of the vegetation is more contrasting. On the other hand, 
metrics derived from Sentinel-1, such as VV, VH polarization, and their combinations, provided structural information about the crop, 
helpful in detecting differences in roughness, coverage density, and surface moisture, which are relevant attributes in cloudy condi
tions or where optical signals are limited (Haralick et al., 1973; Lelong and Thong-Chane, 2003; Silva et al., 2009).

In this context, coffee under shade trees generally presents greater surface roughness due to the heterogeneous canopy formed by 
multiple vegetation strata, higher coverage density because of overlapping foliage from trees and coffee plants, and greater surface 
moisture retention owing to reduced direct solar radiation and lower evapotranspiration rates (Avelino et al., 2023; Maskell et al., 
2021; Somarriba et al., 2024). Conversely, sun coffee plots tend to exhibit smoother surface textures with more homogeneous can
opy structure, lower overall coverage density, and reduced surface moisture, as the absence of shade increases soil exposure, accel
erates drying, and leads to more uniform but less dense vegetation patterns (Ehrenbergerová et al., 2021). These structural contrasts 
explain the distinct backscatter responses in VV and VH polarizations and their derived ratios, which enhance the discrimination trees 
coffee and sun coffee systems in radar imagery (Bousbih et al., 2017; Bouvet et al., 2018).

Likewise, texture metrics derived from both optical and radar images provided a more detailed spatial characterization of the crop 
pattern, being particularly useful for identifying agroforestry systems with coffee with greater structural heterogeneity (Chemura et al., 
2018; Le et al., 2022; Mansaray et al., 2020). For their part, topographic variables such as elevation, slope, and aspect, derived from the 
digital elevation model, allowed for the integration of the physical component of the landscape, given that coffee grows in specific 
altitudinal ranges and its productivity is influenced by sun exposure and terrain slope (Fekadu and Andarege, 2025; Liu et al., 2025; 
Salas et al., 2020; Tassew et al., 2021). Together, the combination of these variables strengthens the discriminatory capacity of the 
classification models and technically supports the detailed mapping of coffee in the study area.

The application of the Random Forest algorithm for supervised classification proved adequate due to its ability to handle complex, 
multicollinear datasets with noise, characteristics that are common in tropical mountainous environments. The evaluation of 
hyperparameters, which not only ensured stability in the results but also reduced the computational load without compromising 
accuracy. On the other hand, the LULC maps generated at a spatial resolution of 10 m allowed us to distinguish 11 classes of agri
cultural and natural landscape, including shade-grown coffee, non-shade-grown coffee, forest, agriculture, rice, grasslands, shrub
lands/grasslands, paramo, water bodies, urban areas, and bare soil, which could be important for developing projects or activities 
focused on a specific LULC class in the study area. The validation metrics were similar to those obtained in other studies (Escobar-López 
et al., 2022; Ibrahim et al., 2021; Le et al., 2022; Ortega-Huerta et al., 2012).

At the territorial level, there was evidence of spatial differentiation in the dynamics of coffee cultivation. In San Ignacio, the area 
under coffee cultivation experienced an upward trend between 2019 and 2022, stabilizing in 2024, which could be associated with 
local coffee promotion policies, the adoption of agroforestry systems, or productive reconversion processes. In Jaen, on the other hand, 
there was a slight contraction in the area under cultivation, followed by a partial recovery in the last year, possibly linked to market 
fluctuations, territorial restrictions, or technical limitations on crop expansion. These patterns were captured using binary coffee maps 
(coffee/non-coffee), a valuable tool for monitoring cultivated areas and territorial planning.

However, this study has some limitations. First, the lack of specific phenological and agronomic data (e.g., the age of the coffee 
trees, the varieties grown, canopy management, or fertilization) limits the model's ability to distinguish between productive subclasses 
or stages of crop development. Second, the low representativeness of certain classes and the high heterogeneity of land cover types 
such as grasslands and scrublands may have contributed to the errors observed in some classification metrics. Third, the training and 
validation samples were selected randomly; spatial dependence may exist between nearby observations. Consequently, the reported 
accuracy values should be interpreted as estimates of classification performance under the sampling design adopted in this study, 
rather than as absolute measures of the model's generalization. Furthermore, the absence of an independent external test dataset limits 
the assessment of the model's transferability beyond the study area. Furthermore, the propagation of uncertainty was not evaluated, 
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which should be considered in future studies. Based on these results, developing a classification architecture based on deep learning 
models (e.g., CNN, U-Net) that can take advantage of spatial and temporal information more efficiently is proposed as a future line of 
research. Similarly, integrating socioeconomic information, land management data, and climatic variables would enrich the analysis 
and link the generated cartography with real productive processes and adaptation strategies to climate change.

In this sense, the proposed approach constitutes a first methodological step for the systematic and multiannual monitoring of coffee 
in tropical Andean-Amazon regions. Furthermore, it lays the foundations for developing automated geographic information systems 
oriented towards sustainable management of the rural landscape, agricultural planning, and decision-making in public policies related 
to the coffee sector. The methodology applied in this study still needs to be demonstrated in other coffee-growing regions. Future 
studies could integrate other classification methods, such as neural networks, using multispectral images from drones as training areas 
to classify high and medium-resolution images, and incorporating metrics obtained from LiDAR data and cross-validation to improve 
crop classification accuracy.

5. Conclusions

This study developed an integrated methodology for mapping coffee cultivation based on vegetation LULC in the tropical region of 
Jaen and San Ignacio, Cajamarca (Peru), by integrating Sentinel-1 SAR, Sentinel-2 multispectral imagery, topographic variables, RF 
classification, and GEE. The proposed approach achieved overall accuracies above 84% and Kappa coefficients between 0.82 and 0.90, 
demonstrating its capability to discriminate shade-grown coffee, sun-grown coffee, and the principal LULC classes under the envi
ronmental conditions of the study area. Feature selection reduced the predictor set from 69 to 22 variables, highlighting the impor
tance of combining spectral indices, SAR metrics, texture measures, and topographic variables to improve classification performance.

The multitemporal maps revealed changes in coffee cultivation between 2019 and 2024 and showed that coffee distribution was 
mainly associated with specific ranges of elevation, slope, precipitation, and temperature. From a practical perspective, the obtained 
classification accuracy provides a reliable basis for regional-scale monitoring of coffee cultivation, supporting agricultural planning, 
land-use change assessment, and environmental management in the study area. Although the methodology showed operational 
performance in northern Cajamarca, its potential applicability to other coffee-producing regions or agroforestry systems should be 
evaluated in future studies before broader generalization.
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