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Abstract 

Difficult access and a lack of in situ data limit monitoring of high-Andean wetlands, which are key 
components of water regulation in central Chile. This study analyzes the multitemporal dynamics 
of vegetation in three high Andean wetlands of the headwater (1HW), lateral (2LW), and confluence 
(3CW) types in the Los Nogales Nature Sanctuary between 2018 and 2025. We integrated Sentinel-
2 Level 2A images, annual accumulated precipitation from the ERA5-Land product (lag-1 year), and 
high-resolution UAV-derived boundaries to characterize six spectral indices (NDVI, EVI, NDRE704, 
NDRE705, NDWI, and SAVI) and their relationship with water variability. Annual precipitation 
ranged from ~420 to 780 mm during a regional megadrought. The headwater wetland showed the 
greatest climate sensitivity, with significant correlations between the previous year’s precipitation 
and NDVI, NDRE705, EVI, SAVI, and NDWI (|R| ≥ 0.70; p < 0.05), while in the lateral and 
confluence wetlands, the relationships were moderate or weak. Multitemporal mosaics showed 
maximum vegetative vigor between 2018 and 2021, followed by a decline. Overall, the results 
confirm that integrating the Sentinel-2 series, climate reanalysis, and UAV delimitation is an 
effective tool for ecohydrological monitoring and management of high-Andean wetlands. 

Keywords: Sentinel-2; ERA5-Land; high-Andean wetlands; UAV 
 

1. Introduction 

The sustained increase in greenhouse gas emissions has raised the global average temperature 
by 1.55 ± 0.13 °C above pre-industrial levels, intensifying the occurrence of extreme weather events 
and altering the dynamics of highly vulnerable ecosystems [1,2]. Among these, high-Andean 
wetlands stand out for their role in water regulation, carbon storage, and providing habitat for 
endemic and migratory species [3,4]. In Chile, these ecosystems are mainly distributed above 3000 
meters above sea level, in mountainous environments in the north, center, and south of the country, 
taking various forms such as meadows, bogs, peat bogs, and salt flats [5]. 
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These wetlands are highly hydroecologically sensitive due to their location in mountainous 
areas, where water availability depends heavily on winter precipitation and snowmelt [5]. This 
dependence makes them particularly susceptible to both climatic and anthropogenic disturbances. 
Added to this are pressures such as grazing, water extraction, and mining activities, which affect their 
hydrological and vegetational functioning [6,7]. Since 2010, the megadrought affecting central Chile 
has intensified this vulnerability, leading to sustained reductions in precipitation and altering the 
structure and productivity of vegetation [8,9]. 

Continuous monitoring of these ecosystems faces difficulties associated with their size, the 
complexity of access, and the scarcity of long-term hydrometeorological series [6,7]. In this context, 
satellite remote sensing has established itself as an efficient tool for characterizing vegetation 
dynamics using spectral indicators derived from multitemporal images [10]. Among the most widely 
used indices are EVI, NDRE704, NDRE705, NDVI, NDWI, and SAVI, which capture different 
dimensions of vegetation’s ecological response. EVI is sensitive to variations in biomass and 
vegetation cover structure; NDRE reflects changes in chlorophyll content and leaf stress; NDVI 
represents vegetation productivity and vigor; NDWI is related to foliage and surface soil moisture; 
and SAVI corrects for the effect of soil background in areas of low cover [11–17]. 

Several studies have shown that the magnitude and seasonality of precipitation directly 
influence vegetation cover, particularly in semi-arid and mountain environments [18–20]. Globally, 
research conducted in the Chilean-Bolivian highlands, the Salar de Huasco, and the Cordillera Blanca 
(Peru) has used remote sensing to characterize vegetation response to climate variability and 
environmental gradients [21–25]. However, in central Chile, studies that integrate multitemporal 
series of spectral indicators such as EVI, NDRE704, NDRE705, NDVI, NDWI, and SAVI remain 
scarce. In particular, wetlands located in the transition zones of the mountain range in the 
Metropolitan Region have limited research coverage and limited availability of systematic 
information, despite their relevance to regional water regulation [5]. This lack of specific studies 
underscores the need to evaluate their dynamics using spectral indicators derived from remote 
sensing. 

Over the last decade, the use of extensive time series and machine learning techniques has 
improved the detection of vegetation changes and the spatial characterization of wetlands [26,27]. 
These methodologies, which integrate multiple spectral indicators, have proven effective for 
analyzing the dynamics and functioning of ecosystems with high climatic and spatial variability [26]. 
Their application in high-Andean wetlands provides a solid methodological basis for evaluating 
changes in vegetation cover and responses to variations in the water regime, which are essential for 
addressing the objective of this study [21–25]. 

In this context, the present study evaluates the multitemporal dynamics of vegetation in three 
high-Andean wetlands within the Los Nogales Nature Sanctuary, representative of the functional 
types of headwaters, laterals, and confluences, during the period 2018–2025. The analysis uses 
spectral indicators derived from Sentinel-2 images and supplements them with annual accumulated 
precipitation data from the ERA5-Land product. Multispectral drone flights delimited the wetlands. 

The main objective is to identify which spectral indicator shows the most consistent relationship 
with the accumulated precipitation of the previous year, as well as to determine which functional 
type of wetland exhibits greater sensitivity to variations in the water regime. 

2. Materials and Methods 

2.1. Study Area 

The Los Nogales Nature Sanctuary (SNLN) lies in the Metropolitan Region of Chile, between 
coordinates 33°19′46.441″ S; 70°26′52.526″ W and 33°6′19.015″ S; 70°20′52.037″ W (Figure 1). 

In the northwestern sector of the sanctuary, a system of approximately eight high-Andean 
wetlands is distributed altitudinally from the highest part of the basin to the middle and lower areas, 
forming an ecohydrological gradient associated with variations in slope, humidity, and water supply. 
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Within this system, we identify three wetlands representative of the main functional types of the 
ecosystem: headwater wetland (1HW), lateral wetland (2LW), and confluence wetland (3CW). These 
three wetlands differ in their position on the altitudinal gradient and in their characteristic 
hydrological conditions. 

The surfaces of each wetland are presented in Table 1, with values of 9.17 ha for the headwater 
wetland, 8.18 ha for the lateral wetland, and 2.14 ha for the confluence wetland, for a total of 19.49 
ha. Figure 1 shows the location of the SNLN within the regional context and the spatial distribution 
of the three analyzed wetlands. The base map uses a satellite image from Maxar (2022), while flights 
conducted with a multispectral drone provided the precise delimitation of the wetlands. 

 

Figure 1. Study area. 

Table 1. Area of Andean wetland analyzed. 

Wetlands Surface (ha) 
1HW 2LW 3CW Total Surface 
9.17 8.18 2.14 19.49 
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2.2. Methodology 

To evaluate the relationship between vegetation and precipitation in the three high-Andean 
wetlands of the SNLN, the methodological flow shown in Figure 2 was applied. This procedure 
integrated climate data, satellite imagery, and UAV-derived photogrammetric products. 

 
Figure 2. Methodological workflow for the acquisition, processing, and analysis of remote sensing data used to 

evaluate vegetation–climate relationships in high-Andean wetlands (2018–2025). 

We used three primary sources of information: 

(i) Climate data from the ERA5-Land product (2017–2025) 
(ii) Sentinel-2 Level 2A images (2018–2025). 
(iii) UAV flights for the precise delimitation of wetlands (carried out on 2 February 2025) 

The ERA5-Land data, obtained from Google Earth Engine (GEE), have a spatial resolution of 
0.1° (~9 km) and a monthly temporal resolution. Based on these data, we calculated the annual 
accumulated precipitation (lag-1 year), following methodologies applied in ecohydrological studies 
of semi-arid and high Andean areas [7,8,31]. 

The spectral indices EVI, NDRE704, NDRE705, NDVI, NDWI, and SAVI were generated in GEE 
using Sentinel-2 Level 2A images (10 m, 5-day revisit), selected under a cloud cover threshold of 
<10%. Masking was applied using the Scene Classification Layer (SCL) to remove pixels with clouds, 
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shadows, and cirrus clouds [32]. For each wetland, we extracted the average value of each index 
within the polygon, yielding a monthly time series from 2018 to 2025. 

We conducted the UAV flights on February 2, 2025, and processed the data in Site Scan for 
ArcGIS [35] to generate RGB orthomosaics with resolutions of 2–5 cm. We used these products to 
accurately delimit the wetlands. 

Finally, we performed a Pearson correlation analysis between the cumulative annual 
precipitation of the previous year and the average summer (December–February) values of each 
spectral index. We selected this coefficient because studies evaluating linear relationships between 
climate variables and vegetation spectral responses have used it [38]. 

2.3. Climatic Data 

We obtained climate data from the ERA5-Land reanalysis dataset, developed by the European 
Center for Medium-Range Weather Forecasts (ECMWF). This product provides high spatial and 
temporal resolution information, optimized for the analysis of land surface variables [31]. 

We extracted total precipitation (rain + snow) from the Total Precipitation (tp) band, initially 
expressed in meters per unit of time, and subsequently converted it to monthly millimeters. We used 
data from January 2017 to September 2025 to analyze the influence of the previous year’s accumulated 
precipitation (PPc) on vegetation development the following year. 

The ERA5-Land Monthly Aggregated product has a spatial resolution of 0.1° (~9 km) and a 
monthly temporal resolution, enabling it to capture interannual climate variability in mountain 
ecohydrological studies accurately. 

Scripts developed in Google Earth Engine (GEE) [32] generated the monthly and annual series 
using the ECMWF/ERA5_LAND/MONTHLY_AGGR collection. The data were then exported and 
processed in RStudio (v4.3.3) to calculate the PPc and organize the time series. 

We used a 1-year time lag between precipitation and vegetation indices to evaluate the delayed 
response of vegetation to water availability, following methodologies applied in semi-arid and high-
Andean ecosystems in Chile [7,8]. 

2.4. Vegetation Indices Derived of Sentinel-2 and UAV Data 

We calculated six spectral indices derived from Sentinel-2 Level 2A images spanning January 
2018 to September 2025 to characterize the seasonal and interannual variability of vegetation in high 
Andean wetlands. The indices included were NDVI, EVI, NDRE704, NDRE705, NDWI, and SAVI, 
selected for their established use in vegetation monitoring and for representing complementary 
dimensions related to vigor, chlorophyll content, vegetation cover moisture, and soil background 
effects [10–17]. 

Table 2 presents the equations, bands used, uses, and corresponding references for each index: 
For each available date, we calculated the index values within the polygon of each wetland. 

When a wetland had multiple polygons or internal subdivisions, the final value used was the average 
index within each polygon or subdivision to obtain a representative time series for the wetland. This 
approach is standard in vegetation studies based on optical sensors when the objective is to 
characterize temporal trends at the patch or ecosystem scale [21–23]. We subsequently used these 
series to identify the maximum annual values and to calculate the summer averages used in the 
statistical analyses. 

We calculated the Sentinel-2-derived indices using scripts in Google Earth Engine (GEE) [32], 
using only Level 2A images with cloud cover <10%. For preprocessing, we applied atmospheric 
masking based on the Scene Classification Layer (SCL), removing pixels classified as clouds, 
shadows, or cirrus clouds. 
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Table 2. Spectral indices used in the study, Sentinel-2 and UAV bands, and references. 

Index Equation Sentinel-2 Bands Main purpose Reference 

NDVI (B8 – B4) / (B8 + B4)  
B8 (NIR – 842 nm), B4 

(Red – 665 nm) 
Evaluates vegetation vigor and 

productivity. 
[10] 

EVI 
2.5 × (B8 – B4) / (B8 + 

6×B4 – 7.5×B2 + 1) 

B8 (NIR– 842 nm), B4 
(Red – 665 nm), B2 (Blue – 

490 nm) 

Enhances sensitivity in high 
biomass areas and reduces 

atmospheric effects. 
[11] 

NDRE704 (B8 – B5) / (B8 + B5) 
B8 (NIR– 842 nm), B5 
(Red Edge 1 – 704 nm) 

Detects variations in chlorophyll 
content and foliar stress. 

[12] 

NDRE705 (B8 – B6) / (B8 + B6)  
B8 (NIR– 842 nm), B6 
(Red Edge 2 – 705 nm) 

Evaluates early physiological 
conditions of the canopy. 

[13] 

NDWI (B8 – B11) / (B8 + B11) 
B8 (NIR– 842 nm), B11 

(SWIR – 1610 nm) 
Estimates canopy and surface soil 

moisture. 
[15] 

SAVI 
(1.5 × (B8 – B4)) / (B8 + 

B4 + 0.5) 
B8 (NIR– 842 nm), B4 

(Red – 665 nm) 
Corrects soil background effects in 
areas with low vegetation cover. 

[17] 

2.5. Statistical Analysis 

Statistical analysis was performed in R (v4.3.2) using RStudio as the integrated development 
environment [36,37]. We used the dplyr, tidyr, lubridate, ggplot2, Metrics and purrr libraries for data 
processing and visualization. 

The objective of the analysis was to quantify the linear relationship between the cumulative 
annual precipitation of the previous year (lag-1) and the average summer (December–February) 
values of the vegetation indices for each wetland and spectral indicator. 

We imported the files derived from the EVI, NDRE704, NDRE705, NDVI, NDWI, and SAVI 
indices from specific directories for each wetland functional type (headwaters, lateral, and 
confluence). We standardized each file to contain the variables date, index, wetland, and value. We 
homogenized the dates using a robust parsing function to ensure compatibility between different 
formats. 

For each year, we calculated summer averages by grouping the months of December, January, 
and February. The month of December was assigned to the following year, generating the temporal 
variable summer_year, which represents each summer season. 

The cumulative annual precipitation (PPc), obtained from the ERA5-Land product, was 
calculated considering a time lag of one year (lag-1), comparing the PPc of year Y–1 with the 
vegetation response in the summer of year Y. This approach has been previously applied in studies 
analyzing delayed ecological reactions to variations in water availability in semi-arid and high-
Andean systems [7,8]. 

We evaluated the relationship between precipitation and spectral indices using Pearson’s 
correlation coefficient (r), widely used in ecological and remote sensing studies to measure the 
strength and direction of linear relationships between biophysical indicators and climate variables 
[38]. For each wetland–index combination, the following statistical metrics were calculated [39–41]: 

• R: Pearson correlation coefficient. 
• R²: coefficient of determination. 
• RMSE (Root Mean Square Error) and MAE (Mean Absolute Error): indicators of model fitting 

error. 
• p-value: level of statistical significance. 

Linear models (lm(y ~ x)) were fitted for each wetland case, generating scatter plots with 
regression lines and statistical results. 

We present the equations and interpretations for each metric in Table 3. 
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Table 3. Statistical metrics used in the correlation analysis. 

Metric Equation Description and Interpretation Reference 

Pearson 
correlation 

coefficient (R) 

R = Σ[(xᵢ − x̄)(yᵢ − ȳ)] / 
√[Σ(xᵢ − x̄)² × Σ(yᵢ − ȳ)²] 

Measures the strength and direction of the 
linear relationship between the previous-

year precipitation (x) and the average 
summer vegetation index (y). Values near 1 

or −1 indicate a strong correlation. 

[38] 

Coefficient of 
determination 

(R²) 

R² = 1 − [Σ(yᵢ − ŷᵢ)² / Σ(yᵢ − ȳ)²] 

Indicates the proportion of variance in y 
explained by x under a linear model. Values 
close to 1 indicate high explanatory power. 

[40] 

Root Mean 
Square Error 

(RMSE) 

RMSE = √[(1/n) × Σ(yᵢ − 
ŷᵢ)²] 

Quantifies the average magnitude of 
residuals (in the same units as y). Lower 

RMSE indicates better model performance. 
[39] 

Mean 
Absolute 

Error (MAE) 
MAE = (1 / n) × Σ | yi − ŷi |

The Mean Absolute Error (MAE) represents 
the average of the absolute differences 

between observed (yi) and predicted (ŷi) 
values. It reflects the mean magnitude of 

prediction errors, regardless of their 
direction (overestimation or 

underestimation).  

[36] 

p-value t = [R × √(n − 2)] / √(1 − R²), 
t ~ t(n−2) 

Tests the null hypothesis H₀: β₁ = 0 in the 
model y = β₀ + β₁x + ε. A p < 0.05 indicates a 

statistically significant correlation. 
[41] 

2.6. UAV Photogrammetry 

Before the flights, we conducted a terrain survey to verify access, topographic conditions, and 
the location of each wetland. On this basis, we conducted photogrammetric flights with a DJI Mavic 
3 Multispectral UAV (DJI, Shenzhen, China), equipped with a multispectral camera (blue, green, red, 
red-edge, and NIR) and a high-resolution RGB sensor. The flights were planned in DJI Pilot 2, setting 
an altitude of 100 m and a longitudinal and lateral overlap of 80%, which ensured complete coverage 
and adequate spatial continuity for photogrammetric processing. The spatial resolution (GSD) of the 
resulting orthomosaics ranged from 2 to 5 cm per pixel, depending on the local topography. 

Image processing was performed in Site Scan for ArcGIS [26], following an automated workflow 
consisting of: 

(i) image alignment using automatic matching points 
(ii) generation of dense point clouds 
(iii) construction of the digital surface model (DSM) and digital elevation model (DEM) 
(iv) production of RGB orthomosaics. 

We used orthomosaics to delineate the final polygons for each wetland, which we then used to 
compute spectral indices from Sentinel-2 imagery. 

3. Results 

3.1. Climatic Description 

The climate characterization was carried out for the entire Los Nogales Nature Sanctuary 
(SNLN), using the ERA5-Land time series for the period 2017–2025. Figure 3 shows cumulative 
annual precipitation, ranging from approximately 420 mm in 2019 (the driest year on record) to more 
than 780 mm in 2023 and 2024, both characterized by positive precipitation anomalies. 

The annual average over the entire period was close to 610 mm, with a standard deviation of 
±130 mm, indicating alternating cycles of water deficit and recovery. 
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Monthly rainfall patterns (Figure 4) show the typical seasonality of the Mediterranean mountain 
climate, with precipitation concentrated between May and September. Linear regression applied to 
the monthly series shows a slight positive trend (slope = 0.13 mm/month), suggesting a very modest 
increase in average precipitation intensity towards the end of the period, albeit within a context of 
high inter-monthly variability. 

 
Figure 3. Annual cumulative precipitation (mm) for the period 2017–2025 derived from ERA5-Land. 

 
Figure 4. Monthly precipitation (mm) and linear trend derived from ERA5-Land for the period 2017–2025. 

3.2. Temporal Dynamics of Spectral Vegetation Indices 

The time series of spectral indices derived from Sentinel-2 showed distinct linear trends across 
the three functional types of wetlands for the period 2018–2025 (Figures 5–7). The linear fit for each 
time series reports the slope as an annual rate of change (index units per year). 

(i) Headwater wetland (1HW): The NDVI, EVI, and SAVI indices showed positive slopes between 
0.007 and 0.015 year⁻¹, indicating a gradual increase in their average values during 2018–2025. 
The NDWI showed a negative slope of –0.009 year⁻¹, associated with a reduction in surface 
moisture index values. 
The NDRE704 and NDRE705 indices showed positive trends of low magnitude (<0.002 year⁻¹) 
(Figure 5). 
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Figure 5. Temporal trends of vegetation and water indices in headwater wetlands (2018–2025). 

(ii) Lateral wetland (2LW): Linear trends showed greater interannual variability than at the 
headwaters. NDVI and EVI showed slight increases between 0.001 and 0.012 year⁻¹, while SAVI 
did not show a marked trend. 
NDWI showed a negative slope (–0.007 year⁻¹), indicating gradual decreases. NDRE704 and 
NDRE705 values were relatively stable, with increases of less than 0.001 year⁻¹ (Figure 6). 

 

Figure 6. Temporal trends of vegetation and water indices in lateral wetlands (2018–2025). 

(iii) Confluence wetland (3CW): The NDVI, EVI, and SAVI indices showed low positive slopes 
(0.001–0.007 year⁻¹). 
The NDRE indices remained stable, with slopes close to zero. 
The NDWI did not show any significant changes over the analyzed period (Figure 7). 
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Figure 7. Temporal trends of vegetation and water indices in confluence wetlands (2018–2025). 

3.7. Correlation Analysis 

(i) Headwater wetland (1HW): In the headwater wetland, five spectral indices showed positive 
correlations with the previous year’s accumulated precipitation (Figure 8 and Table 4): 

• NDVI: R = 0.79; R² = 0.63; p = 0.019 
• NDRE705: R = 0.79; R² = 0.62; p = 0.020 
• EVI: R = 0.72; R² = 0.52; p = 0.040 
• SAVI: R = 0.70; R² = 0.50; p = 0.050 
• NDRE704: R = 0.66; R² = 0.43; p = 0.080 

Among them, NDVI, NDRE705, EVI, and SAVI presented significant values (p < 0.05). The 
NDWI index showed a negative correlation (R = –0.80; R² = 0.63; p = 0.018). The error metrics for these 
models ranged between: 

• RMSE: 0.026–0.043 
• MAE: 0.02–0.04 

(ii) Lateral wetland (2LW): In the lateral wetland, the correlations between the previous year’s 
cumulative annual precipitation and the spectral indices yielded the following values (Figure 9 
and Table 3): 

Indices with positive correlation 

• EVI: R = 0.52; R² = 0.27; p = 0.18 
• NDRE705: R = 0.60; R² = 0.36; p = 0.12 
• NDVI: R = 0.59; R² = 0.35; p = 0.12 
• SAVI: R = 0.43; R² = 0.19; p = 0.28 

Indices with negative correlation 

• NDRE704: R = –0.18; R² = 0.03; p = 0.67 
• NDWI: R = –0.35; R² = 0.12; p = 0.40 

In terms of significance, none of the indices evaluated presented significant values (p < 0.05). On 
the other hand, the values associated with the error metrics were in the following ranges: 

• RMSE: 0.03–0.05 
• MAE: 0.02–0.04 
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Figure 8. Linear correlation between previous-year annual precipitation and summer vegetation indices for the 
headwater wetland (1HW). 

 

Figure 9. Linear correlation between previous-year annual precipitation and summer vegetation indices for the 
lateral wetland (2LW). 

(iii) Confluence wetland (3CW): In the confluence wetland, the correlations between the previous 
year’s cumulative annual precipitation and the spectral indices yielded the following values: 

Indices with positive correlation 

• EVI: R = 0.56; R² = 0.32; p = 0.15 
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• NDRE705: R = 0.22; R² = 0.05; p = 0.61 
• NDVI: R = 0.19; R² = 0.04; p = 0.64 
• NDWI: R = 0.06; R² = 0.02; p = 0.73 
• SAVI: R = 0.07; R² = 0.00; p = 0.87 

Indices with negative correlation 

• NDRE704: R = –0.48; R² = 0.23; p = 0.23 

In terms of statistical significance, none of the indices evaluated presented statistically significant 
values (p < 0.05). The values of the goodness-of-fit metrics presented the following error ranges: 

• RMSE: 0.01–0.06 
• MAE: 0.01–0.04 

 

Figure 10. Linear correlation between previous-year annual precipitation and summer vegetation indices for 
the confluence wetland (3CW). 

Table 4. Linear regression metrics between previous-year annual precipitation and summer vegetation indices 
for each wetland. Statistically significant values (p < 0.05) are marked with an asterisk (*). 

Wetland Vegetation index Slope R R2 RMSE MAE p-value 

Headwater wetland (1HW) 

EVI 0.00026 0.72 0.52 0.04 0.03 0.04* 
NDRE704 0.00002 0.66 0.43 0.00 0.00 0.08 
NDRE705 0.00025 0.79 0.62 0.03 0.02 0.02* 

NDVI 0.00040 0.79 0.63 0.04 0.04 0.02* 
NDWI -0.00025 -0.80 0.63 0.03 0.02 0.02* 
SAVI 0.00022 0.70 0.50 0.03 0.03 0.05* 

Lateral wetland (2LW) 

EVI 0.00020 0.52 0.27 0.05 0.04 0.18 
NDRE704 -0.00001 -0.18 0.03 0.01 0.01 0.67 
NDRE705 0.00019 0.60 0.36 0.03 0.02 0.12 

NDVI 0.00025 0.59 0.35 0.05 0.04 0.12 
NDWI -0.00009 -0.35 0.12 0.03 0.03 0.40 
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SAVI 0.00013 0.43 0.19 0.04 0.03 0.28 

Confluence wetland (3CW) 

EVI 0.00010 0.56 0.32 0.02 0.02 0.15 
NDRE704 -0.00004 -0.48 0.23 0.01 0.01 0.23 
NDRE705 0.00005 0.22 0.05 0.03 0.02 0.61 

NDVI 0.00007 0.19 0.04 0.05 0.04 0.64 
NDWI 0.00006 0.15 0.02 0.06 0.04 0.73 
SAVI 0.00002 0.07 0.00 0.03 0.02 0.87 

3.3. Multitemporal Color Composites 

Multitemporal analysis using color mosaics was performed only for spectral indices that showed 
the best statistical performance in each wetland, as measured by linear correlation (R), coefficient of 
determination (R²), and significance (p-value). The maximum and minimum values were extracted 
directly from the monthly series for each available date (2018–2025), enabling quantitative 
characterization of interannual variation in vegetation vigor and the dominant spectral signal at each 
site. 

• Header wetland (1HW) 

The indices selected for this wetland were NDVI, NDRE705, and NDWI, which showed the 
highest and most significant correlations with the previous year’s precipitation. 

 NDVI 

The NDVI in the headwater wetland ranged from 0.25 to 0.85. The period between 2018 and 2021 
recorded the highest values, during which they mainly ranged from 0.60 to 0.80, indicating a 
consistent presence of dense vegetation. Starting in 2022, the index declined to intermediate levels 
(0.40–0.65) and, finally, in 2024–2025, the lowest greenness intensity was observed, with reduced 
ranges between 0.30 and 0.55, especially in the central and lower areas of the wetland (Figure 11). 

 

Figure 11. Multitemporal NDVI color composite for the Headwater wetland (2018–2025) derived from 
Sentinel-2 imagery during the summer season. 
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 NDRE705 

The NDRE705 recorded values that fluctuated between 0.09 and 0.18 throughout the evaluation 
period. The period between 2019 and 2021 showed the highest values, when the index ranged from 
0.15 to 0.18, suggesting a higher concentration of chlorophyll and greater photosynthetic activity. 
Since 2022, the index has decreased to intermediate values between 0.10 and 0.14, maintaining a more 
stable but lower signal (Figure 12). 

 

Figure 12. Multitemporal NDRE705 color composite for the Headwater wetland (2018–2025) showing subtle 
changes in photosynthetic activity and vegetation density. 

 NDWI 

The NDWI ranged from –0.30 to 0.12, reflecting significant variations in surface moisture. The 
highest values for the period (between 0.00 and 0.12) were recorded between 2019 and 2021, while 
negative values between –0.30 and –0.05 predominated from 2022 onwards, consistent with drier 
conditions in the central and lower sectors of the wetland (Figure 13). 

• Lateral Wetland (2LW) 

The indices selected for this wetland were NDVI, NDRE705, and EVI, which showed the highest 
and most significant correlations with the previous year’s precipitation. 

 NDVI 

The NDVI in the lateral wetland ranged from 0.20 to 0.78. The analysis observed the highest 
values between 2018 and 2021, with values predominantly between 0.60 and 0.75, especially along 
the central axis of the wetland. From 2022 onward, the NDVI decreased to intermediate values (0.40–
0.60), and in 2024–2025, the lowest values were recorded, ranging from 0.30 to 0.50, indicating a 
reduction in vegetation vigor (Figure 14). 
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Figure 13. Multitemporal NDWI color composite for the Headwater wetland (2018–2025) indicating temporal 
variations in surface water content. 

 

Figure 14. Multitemporal NDVI color composite for the Lateral wetland (2018–2025), derived from Sentinel-2 
imagery acquired during the summer season. 
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 NDRE705 

The NDRE705 ranged from 0.08 to 0.17. The years 2020–2021 had the highest values (0.14-0.17), 
associated with higher chlorophyll content. From 2022 onwards, the ranges decreased to intervals of 
0.09–0.13, with greater spatial variability and lower intensity in the southern and central areas (Figure 
15). 

 

Figure 15. Multitemporal NDRE705 color composite for the Lateral wetland (2018–2025), showing changes in 
canopy structure and photosynthetic activity. 

 EVI 

The EVI ranged from 0.15 to 0.55. Between 2018 and 2021, the highest values were recorded, 
with a typical range of 0.40 to 0.55. Subsequently, in 2022–2025, the index shifted toward lower values, 
ranging from 0.25 to 0.40, suggesting a downward trend in summer vegetation vigor (Figure 16). 

• Confluence wetland (3CW) 

The indices selected for this wetland were EVI and NDRE704, which showed the highest and 
most significant correlations with the previous year’s precipitation. 

 EVI 

The EVI in the confluence wetland ranged from 0.10 to 0.48. We observed the highest values 
between 2018 and 2021 (0.32-0.48), reflecting more active vegetation in the central sectors. Since 2022, 
the index has shown a progressive decline, ranging from 0.20 to 0.35, while in 2024–2025, the lowest 
values on record (0.10-0.25) were observed (Figure 17). 
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Figure 16. Multi-temporal EVI mosaic for the Lateral wetland (2018–2025), showing annual variations in 
vegetation vigor. 

 

Figure 17. Multitemporal EVI color composite for the Confluence wetland (2018–2025), showing annual 
variations in vegetation vigor. 

 NDRE704 

The NDRE704 ranged between 0.06 and 0.13. The highest values were recorded between 2020 
and 2021, with values ranging from 0.11 to 0.13 indicating higher chlorophyll levels. Since 2022, 
values have fallen to 0.07-0.10, maintaining a reduced, relatively homogeneous signal across most of 
the wetland (Figure 18). 
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Figure 18. Multitemporal NDRE704 color composite for the Confluence wetland (2018–2025), representing 
spatial and temporal variations in chlorophyll concentration. 

4. Discussion 

The high-Andean wetlands of the SNLN are located in a hydroclimatic context characterized by 
substantial interannual variability in precipitation and the megadrought affecting central Chile since 
2010 [8,9]. Precipitation is the primary hydrological determinant of these ecosystems, regulating the 
availability of surface and groundwater, soil saturation, and summer plant productivity [6,7,18–20]. 
In this scenario, evaluating vegetation responses using spectral indicators derived from Sentinel-2 
allows us to characterize structural and functional changes associated with the water regime. 

4.1. State of Wetlands and Expected Response to the Climate Context 

The results reflect contrasting behaviors among the three functional types of wetlands analyzed. 
The headwater wetland showed the greatest sensitivity to interannual climate variability, with 
sustained increases in NDVI, EVI, and SAVI between 2018 and 2025, along with a progressive 
decrease in NDWI. This pattern, consistent with previous studies in high Andean wetlands 
dependent on snowmelt recharge [6,19], suggests that years with higher antecedent precipitation 
favored greater vegetation vigor, but also higher summer water consumption. 

The lateral wetland showed more pronounced fluctuations and less consistent trends, as 
expected in systems with intermediate hydrological connectivity, gentle slopes, and greater soil 
exposure, where local topographic factors modulate the spectral response [7,21,22]. In contrast, the 
confluence wetland showed overall stability in the indices evaluated, consistent with ecosystems that 
receive contributions from lateral and subsurface flow that buffer short-term climate variability 
[21,25]. 

4.2. Contributions from the Combined Use of Spectral Indices and Climate Data 

The integrated analysis of multispectral indices and accumulated precipitation (lag-1) allowed 
us to identify ecohydrological relationships consistent with the expected dynamics for mountain 
wetlands. In the headwater wetland, NDVI and NDRE705 showed positive, significant correlations 
with previous precipitation (R = 0.79; p < 0.05), indicating a direct dependence on the water regime 
of the last cycle. This type of delayed response has been widely described in mountain ecosystems, 
where vegetation depends on winter storage rather than immediate precipitation [6,7,18]. 
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In the lateral wetland, correlations were moderate and insignificant, evidencing the influence of 
local factors in addition to precipitation. The confluence wetland showed very low correlations, 
suggesting more stable functioning and less dependence on interannual rainfall variability [25]. 

Multitemporal mosaics supported these results, showing maximum vegetation vigor between 
2018 and 2021, followed by a progressive decline toward 2024–2025, consistent with the transition 
from wet years to a drier period, as documented in recent studies in Andean wetlands of the Altiplano 
and the Cordillera Blanca [19,22,25]. 

4.3. Strengths and Limitations of the Applied Approach 

The combined use of Sentinel-2 images, ERA5-Land data, and UAV flights exclusively dedicated 
to the precise delimitation of wetlands provided a solid basis for analyzing the ecohydrological 
dynamics of the SNLN. The multiscale approach enabled capturing both subtle changes in vegetation 
(NDRE, NDVI) and variations in surface moisture (NDWI) with a level of detail appropriate for 
small-scale ecosystems with high spatial heterogeneity [12,13,15,26]. However, the study has 
limitations: 

• The spectral response may be saturated in areas of high biomass (NDVI, EVI) [11] 
• NDWI is sensitive to spectral mixing between vegetation, water, and shade [15,16] 
• Linear models may underestimate nonlinear behaviors or ecohydrological thresholds [26] 
• The time series (2018–2025) coincides with a period of extreme weather, which may influence 

the interpretation of trends. 

These challenges are consistent with recent recommendations promoting the integration of 
hyperspectral and thermal sensors and machine learning-based models to improve the 
characterization of complex wetlands [26,27]. 

4.5. Relevance for the Monitoring and Future Management of High Andean Wetlands 

The results reinforce the fact that wetlands do not respond uniformly to climate variability. The 
headwater wetland emerges as an indicator site sensitive to regional hydrological conditions. In 
contrast, lateral and confluence wetlands require integrating geomorphological metrics, local 
hydrological information, and spatial modeling to understand their functioning fully [21,25]. 

The combination of satellite imagery and UAV delimitation provides a robust, replicable tool for 
adaptive monitoring of high-Andean wetlands under scenarios of prolonged drought and increased 
temperatures projected by the IPCC [1]. 

5. Conclusions 

This study integrated Sentinel-2 imagery, ERA5-Land climate data, and UAV delineations to 
evaluate vegetation dynamics in three high-Andean wetlands within the Los Nogales Nature 
Sanctuary between 2018 and 2025. The results showed that the previous year’s cumulative annual 
precipitation is a determining factor in the summer spectral response, especially in the headwater 
wetland (1HW), where indices such as NDVI and NDRE705 showed significant correlations (R = 0.79; 
p < 0.05). This behavior confirms the dependence of these ecosystems on the processes of snow 
accumulation and deep infiltration described in high Andean wetlands and semi-arid areas [6,7,18]. 

Multitemporal mosaics revealed a period of greater vegetative vigor between 2018 and 2021, 
followed by a progressive decline toward 2024–2025, coinciding with rainfall deficits during the 
megadrought in central Chile [8,9] and with the global temperature increase observed [1,2]. The 
wetlands showed different responses: the headwaters were most sensitive to water variability, the 
lateral wetland exhibited intermediate fluctuations, and the confluence wetland showed relative 
stability, consistent with systems where surface and groundwater flows converge [19,21,25]. 

Methodologically, the combination of vegetation indices (NDVI, EVI, SAVI), red-edge bands 
(NDRE704–705), and NDWI allowed for a comprehensive characterization of the structure, vigor, 
and moisture content of the vegetation cover, confirming the value of multiscale approaches based 
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on remote sensing for monitoring mountain wetlands [12,13,15,26]. High-resolution delimitation 
using UAVs improved the spatial accuracy of satellite analyses, although we did not use it as spectral 
input. 

Taken together, the results show that high-Andean wetlands respond differently to climate 
variability, and that integrating multi-temporal remote sensing series is an effective tool for their 
monitoring and adaptive management. This approach provides a solid basis for strengthening the 
conservation of these vulnerable ecosystems and can guide applications to other high Andean 
systems with similar characteristics. 
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