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Abstract: The mountain cryosphere is crucial for socio-economic processes, especially during the dry
seasons. However, anthropogenic climate change has had a detrimental impact on the cryosphere
due to its sensitivity. Over the past two decades, there has been a decline in precipitation and a
temperature rise, leading to a substantial reduction in the timing and extent of snow cover. This
increase in temperature also elevates the snow line elevation (SLE), further diminishing the volume
of available freshwater in the snow-driven basins of the Andes. In this study, we use 22 years
(2000–2021) of 8-day snow product (MOD10A2) from the Moderate Resolution Imaging Spectrora-
diometer (MODIS) to analyze the annual and seasonal variability of snow cover area, SLE, and snow
persistence (SP, an indicator of the duration of snow) in the Yeso River basin in Central Chile and the
correlation of SP and SLE with hydrometeorological variables and climatic indices. We introduce
a new approach called the Maximum Dissimilarity Method to obtain the SLE even on cloudy days.
The results are as follows: (1) Snow cover area reductions of 34.0 km2 at low elevations in spring and
86.5 km2 at mid elevations in summer were found when comparing the period 2016–2021 to 2000–2004;
(2) SP trends at the annual scale revealed a significant decrease in 89% of its area and an average of
3.6 fewer days of snow cover per year; (3) an upward and significant trend of 21 m · year−1 in the
annual SLE was found; and (4) annual SP and SLE were highly correlated with annual hydrometeo-
rological variables, and spring and summer snow variables were significantly correlated with dry
streamflow. This methodology can potentially serve as a valuable tool for detecting trends in snow-
covered surfaces, and thereby associate these changes with climate change or other anthropogenic
effects in future research.

Keywords: snow basin; snow persistence; snow line detection; climatic trend; climate change;
MODIS; Andes

1. Introduction

Snow and glaciers are fundamental to life on Earth and human sustenance.
As freshwater reservoirs, they support the planetary ecosystems and influence our daily
lives, even for human settlements that live far away from snow-covered areas, allowing
the development of socio-economic activities, such as hydroelectric power, tourism, water
consumption, and agriculture [1–3]. Snowpack is the primary water resource in snow-
driven basins through stream discharge [4,5]. However, the snowpack is highly sensitive
to climate changes and is mainly controlled by two essential and covarying influences
on snow: temperature and precipitation [6,7]. In general, increasing temperature pro-
duces a rise in the SLE, which causes a decrease in the fraction of solid precipitation and
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snow cover [8,9]. Likewise, as pointed out in the last IPCC report, rising temperatures of
1.1 ◦C have been identified since 1960 due to the increases in greenhouse gases in the
atmosphere [10]. Positive temperature trends in alpine regions throughout the world have
been reported by different authors [7,11,12], which enhance snowmelt and the elevation of
the snow line and, consequently, impact the hydrological cycle during the dry season and
affect water availability [13–15].

Significant efforts have been made to analyze trends in snow cover, particularly in
mountain regions, to understand the impacts of climate change [2,5,16,17], and their im-
pacts on the spatiotemporal variations of snow cover in watersheds worldwide [18,19].
Remote sensing has become a valuable tool for analyzing snow variables because direct
measurements at high elevations are limited by challenging weather conditions and the
vast coverage areas [20,21]. Using snow products derived from MODIS, global stud-
ies have detected decreasing trends of SP over an area of 2.7 Mkm2 (which stands for
“million square kilometers”) worldwide from 2000 to 2016, mainly in Asia, Europe,
North America, and South America, with reductions of up to 16 fewer days of snow [22,23].
Asia, especially in the Tibetan Plateau, accounts for half of these negative trends. In the
Tianshan Mountains (1.4 Mkm2), a region of the Tibetan Plateau, a decreasing trend of SP
in 41% of the area above 3000 masl was reported between 2000 and 2015 [19]. Similarly,
negative SP trends have been observed in western North America (covering 2.3 Mkm2),
with 7% of its area exhibiting a significant positive trend of early snowmelt at mid-elevation
(1000–2500 masl), leading to a reduction of 7 snow days [24].

Another approach to analyzing the snow cover trends is through SLE, which has been
examined in the literature using various methods [25–27]. Notably, a positive trend in
SLE was observed in some regions. For instance, Nepal (0.15 Mkm2) exhibited a positive
trend of 33, 33, and 67 m · year−1 in Western, Central, and Eastern parts of the country,
respectively, between 2003 and 2018 [28]. In the Karakoram Region (7050 km2), remote
sensing identified a significant upward trend of 13 m · year−1 between 2003 and 2018 [29].

In the case of the Chilean Andes, researchers have analyzed different snow variables to
detect the changes in the cryosphere. For instance, a significant decrease in snow duration
of 2–5 days was observed between 29 and 36◦S in the Andes Mountains [11]. Further south,
the snow cover area of the Mocho-Choshuenco (250 km2; 40◦S) experienced a notable
permanent snow (SP > 95%) reduction of approximately 42.4 km2 in winter between
2015 and 2019 and between 1984 and 1990 [30]. The Aysen River catchment (11,540 km2;
45–46◦S) in the Chilean Patagonia exhibited a decreasing trend with an annual reduction of
20 km2 · year−1 in its snow cover area for the period 2000–2016 [31]. In addition, other
investigations have focused on SLE changes, revealing increasing trends of 10–30 m ·
year−1 in the range of 2000–4000 masl between 30 and 36◦S on the east and west sides of
the Andes [12]. These global findings highlight significant snow reduction trends over the
past century, reducing freshwater supply for local communities.

Worldwide, several authors have studied snow cover trends and explored statistical
relationships between hydrometeorological variables and climate signals (teleconnections),
which have proven valuable for hydrologic forecasting [12,23,32,33]. For example, El Niño-
Southern Oscillation (ENSO), a prominent climate pattern, strongly influences precipitation
worldwide, leading to increased snowfall at high altitudes and/or latitudes. Furthermore,
various studies have reported a significant strong correlation between snow variables and
ENSO’s climate signals [34–37]. In addition, Southern Annual Mode (SAM) [38], another
influential climate driver affecting global moisture patterns, exhibits a dominant spatial
correlation with snow persistence (with pixels over SP > 30%) in 45% of the territory of
South America, and as a second dominant presence in 31%, 27%, and 25% of the territory
of Asia, Africa, and Europe, respectively [23]. In the case of mainland Chile (18–57◦S),
snow variables are mainly influenced by large-scale modes of variability such as ENSO
and SAM. It is well-documented that, during the El Niño phase, a humid regime occurs in
the Central Chile region (between 29 and 42◦S), resulting in increased snow accumulation
in snow-dominated basins [4,35,39]. In addition, a strong correlation has been observed
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between SP and ENSO’s climate index from May to July (MJJ) between 24 and 31◦S [12].
A robust correlation was identified between the 3-month average December to February
(DJF) of SAM and precipitation weather stations from South Chile between 38 and 48◦S [40].
Moreover, Saavedra et al. [12] reported that the 3-month average (DJF) of SAM is primarily
correlated with SP for the mid-latitudes between 31 and 36◦S.

Other studies have focused on establishing correlations of climate indices with stream-
flow or using them for streamflow forecasting in snow-driven basins. For example, in
China [41] and the USA [42], the 3-month averages of climate indices and snow variables
were used to predict runoff in the study area, demonstrating a strong predictive skill in
high-flow events. Similarly, Maurer et al. [43] found that snow measurements and climate
teleconnections are vital components for improving the forecasting of surface runoff across
North America. Likewise, the relationship between streamflow signatures and SP has been
investigated in the same region, revealing a significant positive association between SP and
low flow, irrespective of the basin’s seasonality [44]. Nevertheless, there is a lack of studies
examining the link between SP and streamflow in Chile. Understanding these correlations
could allow water managers and stakeholders to make informed decisions during periods
of water scarcity by using forecasting models in the snow-dominated basins.

Assessing the spatiotemporal trends in snow cover along the Chilean Andes is crucial
for the effective management of water resources [12,45]. Previous studies have examined
these trends at a regional scale, providing extensive spatial coverage but without sufficient
detail to inform decision-making processes [12,30,31], as most of the relevant Andean basins,
in terms of their drinking water supply and hydropower generation, are smaller than
500 km2 [33,46]. Motivated by this, this study aims to characterize the spatiotemporal
changes in snow variables in the El Yeso River basin, which provides fresh water to seven
million people in Santiago (Chile’s capital), representing approximately 40% of the coun-
try’s total population [47]. The snow variables considered are the snow cover area, SLE, and
SP, which are obtained using snow products derived from MODIS. In addition, this study
examines the correlation (teleconnection) between the snow variables and hydrometeoro-
logical variables (climatic indices). The research aims to address the following research
questions: What has been the extent of the reduction in the snow cover area and SP over the
years and seasons? What are the spatiotemporal trends observed in snow variables during
the first 22 years of the 21st century (2000–2021)? What correlation (teleconnection) can be
identified between snow variables and hydrometeorological variables (climatic indices) to
facilitate streamflow forecasting?

2. Materials and Methods
2.1. Study Area

The study area corresponds to the Yeso River basin (YRB), located in the semi-arid
Andes of central Chile (33.6◦S, 70.0◦W). The basin covers an area of 627 km2, with an
elevation range of 1240–6030 masl. The YRB exhibits steep slopes and contains two lagoons
(5.8 km2) and the Yeso reservoir (8.7 km2). The drainage area upstream of the Yeso Reser-
voir corresponds to the Yeso Reservoir basin (YReB), which has an area of 354 km2 and an
elevation range of 2510–6030 masl. In addition, the YRB has covered glaciers (CG), uncov-
ered glaciers (UG), and rock glaciers (RG) (Figure 1), with three major glaciers: the Yeso
(2.9 km2, UG), Bello (4.6 km2, UG), and Piramide (4.7 km2, CG) glaciers, which contribute
between 3 and 32% of the basin’s streamflow during the dry season [11].

The climate in the basin corresponds to a mild Mediterranean climate, with a snow-
glacier regime [48]. This region experiences a hot and dry summer season, while winter
(May to September) is cold and rainy, primarily influenced by cold fronts [49]. Peak
flows occur in December and January as a result of the snow melting during the summer
(Figure A7, Appendix A). On average, the snow line elevation of the study zone (33.6◦S) is
above 2400 masl [12]. Regarding weather characteristics, the average annual temperature
(2000–2022) at “El Yeso Embalse” (Figure 1B, 2475 masl) is 8.8 ◦C for the Chilean hy-
drological year (CHY, April of the current year to March of the following year), with
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a minimum (maximum) average monthly temperature in winter (summer) of −2 ◦C
(17 ◦C) and the mean annual precipitation corresponds to 567 mm (Figure A8, Appendix A).
However, previous studies have registered a significant positive trend of temperatures of
0.25 ◦C · decade−1 at “El Yeso Embalse” [50] and a decrease in rainfall between 25 and 45%
in Central Chile (30–38◦S) since 2010, a period known as the “Mega Drought” (MD) [51].
Both phenomena have implications for snow accumulation and melting in this basin,
resulting in a negative balance in the water supply [52].
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Figure 1. Map of the Yeso River basin. (A) Location of the Yeso River basin (YRB) in Chile and
South America. (B) Boundaries of the YRB and Yeso Reservoir (YReB) basins, including a meteo-
rological station (“El Yeso Embalse”), two lagoons, Yeso reservoir, and glaciers which are defined
as covered glaciers, uncovered glaciers, and rock glaciers in IPG 2014. (C) Regridded MODIS
Elevations of the YRB.

During winter, the snow in the study area occurs above 1786 masl. Thus, the SLE trend
analysis is conducted using data from the YRB with a minimum elevation of
1286 masl, which is lower than the average SLE. This approach allows us to evaluate
temporal variability while considering the influence of spatial factors in calculating SLE.
The trend and correlation (teleconnection) analysis of snow persistence (SP) with hydrome-
teorological variables (climatic indices) is performed in the YReB. This decision is based on
the proximity of meteorological and streamflow stations to this sub-basin. Additionally,
water bodies in the basin are excluded from the snow analysis because the snow product
cannot detect the presence of snow in these zones.

2.2. Data Sets
2.2.1. Remote Sensing Products

The snow cover analysis was conducted using the MODIS/Terra Snow Cover 8-day
L3 Global 500 m Grid Version 61 image dataset (MOD10A2) [53] for 22 years (2000–2021).
This product provides an 8-day Maximum Snow Cover Extent with 500 m grid spatial
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resolution. In each image, pixels contain numerical values to define the presence of different
elements, such as snow or clouds. The dataset was analyzed considering the Chilean
hydrological year (from April of the present year until March of the next year). Each year has
46 time-steps, resulting in 1012 images for the entire study period (2000–2021). For more
details, see Table A1 (Appendix A).

We acknowledge that the coarse resolution of the MODIS product (500 m) can intro-
duce uncertainties due to the mixed pixel effects caused by the topography. Despite this
limitation, we conducted a comparative analysis, involving six MODIS scenes (MOD10A2)
alongside six Landsat-8 scenes from Collection 2 Level 2 data. The six scenes correspond
to three distinct seasons (winter, spring, and summer) from a wet (2015) and a dry (2020)
year. This variety of scenes allowed for comparing data obtained from both satellites and
assessing any discrepancies. To estimate the snow cover using Landsat data, we employed
a threshold of NDSI > 0.4 to distinguish between snow and non-snow pixels [54]. The
selection of Landsat scenes was based on cloudless images via visual inspection.

We computed the ‘agreement’ between MODIS and Landsat pixels for each scene.
This ‘agreement’ represents the percentage of Landsat pixels that match the corresponding
MODIS pixel. An ‘agreement’ of 100% indicates that all pixels are correctly classified as
snow-covered or snow-free (True Positives/Negatives). Conversely, if the ‘agreement’
implies that all pixels are classified oppositely, this represents False Negatives/Positives.
For values falling between these extremes, we consider values over 50% as indicating
a correct classification (True Positives/Negatives) and values below 50% as incorrect
(False Negatives/Positives). To summarize the results, the confusion matrix (Table A2,
Appendix A) shows the values assigned to the four possible cases of pixel classification.

In the final step, we completed the ‘confusion matrix’ by counting the number of pixels
corresponding to each case and computing the agreement for the six scenes considered.
Our results (Table A3, Appendix A) indicate a strong agreement between both satellite data
sources during winter, with an agreement of 80–90%. For the other seasons, the rate of
false positives increases as we approach summer (more pixels classified as having snow
in MODIS but not in Landsat); however, the agreement remains high (above 60%). These
results suggest that, although the snow line elevation in summer could be underestimated
compared to the Landsat data, the percentage of discrepancy is not high, which validates
the use of MODIS in this work. Figures A1–A6 (Appendix A) offer a detailed comparison
between the two satellite datasets.

2.2.2. Digital Elevation Model

To analyze the effect of elevation on snow patterns, we used the digital elevation
model (DEM) developed by the Shuttle Radar Topography Mission (SRTM), which has a
spatial resolution of 30 m [55]. This DEM was regridded to a 500 m grid using a bilinear
method to maintain consistency with the resolution of the MODIS products.

2.2.3. Hydrometeorological Data

In the study area, there is one meteorological ground station (“El Yeso Embalse”—Figure 1B)
located at 2475 masl, which is managed by the Chilean Water Directorate (Dirección General
de Aguas, DGA). The station provides daily records of the maximum and minimum
temperature and precipitation (https://snia.mop.gob.cl/BNAConsultas/reportes (accessed
on 12 June 2022)). The streamflow released by the Yeso Reservoir basin is estimated
indirectly using a mass balance, with information provided by Aguas Andinas (AA, a
water supply and sanitation company located in the Metropolitan Region). More detailed
information about the hydrometeorological variables can be found in Table 1.

https://snia.mop.gob.cl/BNAConsultas/reportes
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Table 1. Detailed information of hydrometeorological variables and climatic indices.

Variable Name Variable
Abbreviation Units Institution Temporal

Resolution *
Available

Data *

Precipitation P mm DGA Daily 1962–2022
Temperature T ◦C DGA Daily 1962–2022
Streamflow Q m3 s−1 AA Daily 1996–2022

Multivariate ENSO
Index MEI - NOAA Monthly 1979–2022

Southern
Oscillation Index SOI - NOAA Monthly 1951–2022

Annular Antarctic
Oscillation AAO - BAS Monthly 1957–2022

* We only used the data from April 2000 (1 April 2000) to March 2022 (31 March 2022).

2.2.4. Climatic Indices

We retrieved 3-month running mean values from spring (of the previous year) to winter
(of the present year) of monthly ENSO-related time series (Multivariate ENSO Index, MEI;
Southern Oscillation Index, SOI) from the National Ocean and Atmospheric Administration
(NOAA, https://psl.noaa.gov/data/climateindices/list/ (accessed on 31 July 2022)). We
also obtained the SAM index, also known as the Annular Antarctic Oscillation (AAO),
from the British Antarctic Survey (BAS, https://legacy.bas.ac.uk/met/gjma/sam.html
(accessed on 31 July 2022)). These large-scale climate indices were considered because of
their strong teleconnections with snow variables at high elevations reported in previous
studies in the Andes [4,12,35,39,56]. More detailed information about the climatic indices
can be found in Table 1.

2.3. Methods
2.3.1. Snow Persistence

The snow persistence (SP) was obtained using the method of Richer et al. [18] which
estimates the snow duration percentage in a pixel, given that a specific level of cloudiness is
not exceeded. To identify pixels with cloudiness, we computed the cloud confidence index
(CCI) following Moore et al. [57]. The SP and CCI for each pixel are defined as follows:

SP =
S

N − C
(1)

CCI =
C
N

(2)

where S, C, and N represent the number of time steps with snow, cloud, and the total time
steps in a year or season for each pixel in the MOD10A2 product. Annual and seasonal
SP was recomputed for pixels with CCI > 30% [57,58]. The pixels that meet the previous
condition were filled using the annual (seasonal) linear regression between precipitation
and SP fitted for time steps from the entire period (22 Chilean hydrological years) where
SP was below CCI < 30%.

We considered the classifications of SP proposed by Moore et al. [57] and Chavez et al. [30],
which describe the snow persistence zones (SPZ) as Ephemeral Snow (ES; SP [0–25%]), Inter-
mittent Snow (IS; SP [25–50%]), Temporal Snow (TS; SP [50–75%]), High Persistent Snow
(HPS; SP [75–95%]), and Permanent Snow (PS; SP > 95%).

2.3.2. Snow Line Elevation

Several methods have been used to estimate the elevation of the SLE in a snow drive
basin, and most of them rely on the visible snow information from satellite images [25,27,29].
However, the main limiting factor for their application is cloud coverage, which is particu-
larly large in mountain regions [26,27,59]. To overcome this problem, we propose a new

https://psl.noaa.gov/data/climateindices/list/
https://legacy.bas.ac.uk/met/gjma/sam.html
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methodology for SLE detection, called the “Maximum Dissimilarity Method” (MDM), that
can estimate SLE even if there is a high percentage of clouds in the scene of analysis. The
method is based on the detection of boundary pixels between snow-covered and uncovered
regions inside the basin to estimate the elevation of that belt. For this, snow products from
MOD10A2 are converted to binary images to facilitate the detection of boundary pixels,
i.e., values of 1 and 0 are assigned to pixels with Snow (S) and No Snow (NS), respectively
(Figure 2A,B). Then, the method considers the standard deviation (SD) of nine contiguous
pixels as the metric to detect a boundary pixel (Figure 2C). Thus, the central pixel of the
nine-pixel array configuration corresponds to a boundary pixel if the SD of the array is
higher than a predefined threshold. We set an SD value of 0.47 as the threshold based on
the SD values obtained for different S and NS pixel combinations for a nine-pixel array
configuration (Figure 2D).
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Figure 2. Snow pixels and boundary pixels classification (A) Distribution example of nine pixels
with S (cyan) and NS (brown). The red box corresponds to the central pixel. (B) The same as before,
but with binaries values (S = 1, NS = 0). (C) Standard deviation (SD) of 9 pixels example. The SD
value is assigned to the central pixel. (D) The table displays how variations in the number of pixels
of S and NS (first and second row) correspond to changes in SD (third row). The SD threshold
considered for boundary pixels is 0.47 (red, 6S-3NS, and 5S-4NS configurations or vice versa). The
other configurations represent the near boundary pixels (0 < SD < 0.47; yellow) and full similarity
(grey, SD = 0).

This process is repeated for all pixels in the basin, obtaining SD and classifying them as
boundary pixels (BP), near boundary pixels (NBP), full similarity (FS), or cloud (Figure 3A).
The elevation of the boundary pixels is extracted from the regridded DEM considering
the abovementioned conditions. We defined the representative SLE of the basin based
on statistical metrics of the SLE distribution of the boundary pixels, such as the mean,
median, and maximum of the kernel density estimation (maxdk, Figure 3C). To identify
which statistical metric best represents the SLE obtained using MDM, we compare these
metrics with the SLE obtained using the Regional Snowline Elevation Estimation Method
(RSLEEM) [27]. The RSLEEM consists of obtaining the SLE that minimizes the function
F(SLE), which represents the sum of the percentage of NS pixels above the SLE and the
percentage of S pixels below the SLE.

F(SLE) =
Pixels NS > SLE

Pixels (N + NS) > SLE
+

Pixels S ≤ SLE
Pixels(N + NS) ≤ SLE

(3)

We computed this function for all the elevation values of the regridded DEM and
selected the elevation that minimizes the function. This elevation corresponds to the
SLE (Figure 3B). The SLE obtained using RSLEEM (RSLEEM-SLE) is compared with the
SLE obtained using MDM (MDM-SLE) for each statistical measure (Figure 3C). This pro-
cedure was repeated for each time step from the 22-year series (1012 MODIS images),
where 114 time steps showed an entirely snowed basin, 4 were no available images, and
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83 were checked visually. Then, to test which statistical measure from MDM is the most
appropriate compared with results from RSLEEM, the difference in absolute value between
both methods is quantified for suitable time steps (a total of 894 scenes). Lastly, the valida-
tion process illustrated that the maxdk, median, and mean were more appropriate 55%, 19%,
and 26% of the time, respectively (Figure 3D). Moreover, maxdk presented a closer range to
zero than the other two, with a median error value of 103 m. Therefore, to characterize the
SLE in the YRB, we used the MDM with the maxdk as the statistical measure for the entire
study period. It is important to note that the four non-available images were completed
with information from the concurrent precipitation (same time-step). We only checked
seven scenes because of irregular patches of snow.
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Figure 3. SLE detection example for a MODIS time-step (Time step 7—2009) and selection of best
statistical measure for MDM-SLE. (A) SD classification example for a time-step of YRB, (B) SLE
delineation (solid magenta line) using the RSLEEM for the same time-step. (C) Histogram of elevation
from boundary pixels and statistical metrics (mean, median, and maxdk). (D) Boxplots of the absolute
difference between the two methods obtained per each statistical measure for available time steps.
The legend displays the percentage of the time that the absolute difference between the methods
using the statistical metric is the minimum. The lower (upper) hinges from boxplots correspond to the
first (third) quartiles, while the center value corresponds to the median. The upper (lower) whisker
extends from the hinge to the largest (smallest) value no further than 1.5 · IQR (inter-quartile range).
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2.3.3. Snow Variables Trend and Their Correlations

We used the Mann–Kendall Trend Test (MKTT) [60,61] to detect temporal trends of
the variables analyzed. The MKTT has been used widely to identify trends in hydromete-
orological series and their significance worldwide [62–64]. Once the MKTT was applied,
the results were summarized in 5 cases: negative and significant trend (TD (−), p < 0.05),
negative and non-significant trend (TD (−), p > 0.05), no trend (TD (↔), p > 0.05), positive
and non-significant trend (TD (+), p > 0.05), and positive and significant trend (TD (+),
p < 0.05). Additionally, we computed the Thiel–Sen slope estimator (TSEE) [65] to obtain
the magnitude of the trends in SP and SLE.

We considered Spearman’s rank correlation coefficient (SRCC) [66] with a 95% confi-
dence level to detect the correlation (teleconnections) of SP with the hydrometeorological
variables (climatic indices) at annual and seasonal scales.

3. Results and Discussion
3.1. Spatiotemporal Variation in the Snow Cover and Persistence
3.1.1. Elevation Bands Definition

As expected, Figure 4 shows the SP increases with the elevation, meaning the snow
lasts longer due to the temperature reduction with the altitude. The zones IS, TS, and HPS,
which together represent 82.6% of the basin area (280.8 km2), present a linear behavior
(R2 = 0.59), revealing that snow persists, on average, between 91 and 346 days · year−1,
with a positive trend of 4.1% · 10−2 · m−1. This trend implies that snow lasts an addi-
tional 15 days per each increase of 100 m in elevation. Also, almost half of the basin
(43.8%) corresponds to TS (3000–4000 m), suggesting that most snow lasts between 183 and
274 days · year−1. Only 18.4% of the basin area (59.1 km2) presents an annual SP > 95%
(PS), which is the zone where the snow lasts more than 11 months. The snow cover
exhibits a SP = 100% above 4000 masl, which is associated to the presence of glaciers.
We noted that two pixels at the same elevation may have different SP values due to fac-
tors related to the topography and snow transport processes, such as the orientation of
slopes, slope gradient, and wind transport [67]. Lastly, we defined elevation bands in the
basin that correspond to elevation levels associated with SP = 25%, 65%, and 95% based
on the linear regression (Figure 4A). Then, we categorized these bands as low elevation
(L: [2510 masl–3410 masl]), medium elevation (M: [3410 masl–4140 masl]), and high eleva-
tion band (H: [4140 masl–6000 masl]), to study spatiotemporal changes in snow cover area.
The lowest elevation for the L band is defined according to the lowest elevation of the YReB.
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Figure 4. Elevation bands categorization. (A) Scatter plot of annual SP versus elevation per pixel.
The five colored boxes indicate the SPZ. The red dashed line corresponds to a linear regression of all
the pixels with annual SP < 95%. The black dashed lines show the elevation levels corresponding to
25%, 65%, and 95% of SP based on a linear regression. (B) Band elevation of YReB, where green, gold,
and firebrick represent L, M, and H, respectively.

3.1.2. Spatiotemporal Variation in Snow

Together with the analysis based on elevation bands, we divide the study period into
4 subperiods: first-half pre-MD (2000–2004), second-half pre-MD (2005–2009), first-half MD
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(2010–2015), and second-half MD (2016–2021). Figure 5 shows the snow-covered area and
SP classification for each subperiod and the three elevation bands (L, M, and H). The next
annual and seasonal scale findings are based on comparing the persistence changes and
snow cover area between the fourth and first subperiods. At the annual scale (Figure 5A),
the L band shows the most abrupt change in IS, increasing from 13.8 km2 to 61.0 km2,
indicating that half of the area has a duration of 137 days · year−1 of snow. The M band
exhibits the highest increase in TS, having 26.4 km2 to 105.7 km2, meaning that more than
70% of the band presents 228 days · year−1 of snow. The H band is most affected at PS,
decreasing from 54.7 km2 to 34.2 km2, with most of the reduction occurring in the last two
periods strongly related to the MD.
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Figure 5. Evolution of snow area and persistence. Annual (A) and seasonal (B) change in mean area
and SP in the Yeso Reservoir basin for four subperiods between 2000 and 2022. Bars indicate the mean
area of each elevation band (L, M, and H). Colors in the bars indicate the mean area corresponding to
each SPZ. The ES range was not included.

At the seasonal scale (Figure 5B), the cold season presents minor changes in SP and
a non-substantial reduction in snow cover area. For example, only the L band in winter
decreases 29.4 km2 in PS, which is compensated by an increase of 20.3 km2 in HPS and
8.7 km2 in TS. Each elevation band and SP change in autumn is similar to the annual scale.
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However, the most affected zones are the L band, which reduces 26.6 km2 in HPS, and the
M band, which depletes 37.0 km2 in HPS and 38.3 km2 in PS. As expected, the dry season
is the most affected in all elevation bands, with a major depletion of snow cover area and
SP. For the snow cover area, the total depletion in spring at L and M bands corresponds
to 34.0 km2 (10% of basin area), where the L band is the most affected with a reduction of
33.7 km2 (122.6 to 88.9 km2). Moreover, an abrupt decrease in snow cover area is observed
at all band elevations in summer (L: 19.5 km2, M: 64.7 km2, and H: 2.4 km2), with a total
reduction of 86.5 km2 (25.4% of area basin). This result emphasizes that the M band is
the most affected in terms of snow cover area reduction (123.7 to 59.0 km2). In the case of
SP, spring exhibits a reduction in PS at all elevation bands (L: 14.7 km2, M: 95.4 km2, and
H: 28.1 km2). Also, there is a diminishing 32.0 km2 in HPS and 15.1 km2 in TS at the L band,
highlighting that the M band is the most affected altitude in persistence (95.4 km2). Finally,
in summer, as in spring, PS is reduced at all elevation bands (L: 1.9 km2, M: 18.6 km2, and
H: 19.0 km2). Also, at the M band a diminishing of 14.7 km2 in IS, 17.3 km2 in TS, and
14.1 km2 in HPS is observed, highlighting that the last band (like spring and autumn) is the
most affected altitude in persistence (64.7 km2). Detailed information between subperiods
can be found in Table A4 (Appendix A).

3.2. Snow Persistence Trends
3.2.1. Temporal Variation in SP at Basin Scale

During the study period, the average SP in the Yeso Reservoir basin shows a significant
decreasing trend at the seasonal and annual time scales at basin scale (Figure 6). At the
annual scale, SP values decrease from 80.7% to 56.7% with a negative TSSE of 0.80% ·
year−1, which implies 2.9 fewer days of snow each year (FDOS). At the seasonal scale,
SP values are similar to the annual scale for autumn, with a decreasing TSSE of 0.62% ·
year−1 (0.6 FDOS). The winter season shows a stable behavior in SP with values between
94.6 and 99.9% and a minor decreasing trend of 0.08% · year−1 (0.1 FDOS). Spring and
summer are the most affected seasons, with negative trends of 1.41% · year−1 and 1.33% ·
year−1 (1.4 and 1.2 FDOS), and SP values varying between 44.0 and 95.9% and between
19.6 and 64.2%, respectively. As expected, winter presents the greatest snow persistence,
with an SP = 98.7%, whereas the summer presents the lowest SP values, with SP = 40.7%.
While the autumn and spring show similar values (SP = 78.3% and 77.8%), the spring tends
to present larger persistence than autumn for some years. In addition, before 2010 (before
the MD), spring showed more persistence than autumn for most years because of the wet
period (high precipitation in the cold season, Figure A8, Appendix A), which results in large
amounts of snow accumulating at the beginning of spring. There are only two years, 2004
and 2007, where spring presents lower persistence than autumn, which is explained by the
fact that these are the driest years of the period. After 2010 (the beginning of MD), autumn
SP is persistently greater than that of spring, as this is a period marked by a dry season with
severe precipitation deficits in the cold season, which causes a reduction in the amount of
snow available for melting in spring. However, the behavior was different in 2011, 2015,
and 2018, which could be explained by lower precipitation in autumn (below 150 mm)
than in winter (Figure A8, Appendix A), except for 2019 and 2021, the driest years. For
example, in 2015, a year influenced by El Niño conditions [68], there was no precipitation
in autumn, and snowfall was concentrated in winter and spring. These findings lead to
the conclusion that the amount and frequency of precipitation in the cold season controls
the available snow for the dry season and, therefore, the available freshwater derived from
the snow melting.
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3.2.2. Spatial Distribution and Variation

Figure 7A–E shows the annual and seasonal averages of the spatial distribution of SP
in the YReB for the entire study period (2000–2021), along with a histogram representing
the area for each SPZ. At the annual scale (Figure 7A), the basin presents a spatial average
of SP = 73.8%, where 5.4% (18.4 km2) of the basin area corresponds to uncovered glaciers
(UG, 4000–6000 masl); these do not show temporal changes during the study period, main-
taining SP = 100%. If we compare our results to IPG 2014 [69], there was an initial UG area of
24.3 km2 (date of satellite acquisition: 31 March 2000), which implies a retreat of
5.9 km2 in the last 22 years. Seasonally, the spatial distribution of SP for autumn
(Figure 7B) is similar to that of the annual scale, with 39.9% of the area corresponding to TS
(2500–4000 masl) and a spatial average of 78.3%. In winter (Figure 7C), as expected, the
spatial average of SP is close to 100% (SP = 98.6%), with 73.7% of the basin corresponding to
PS (SP = 100%, >3000 masl) and remaining invariant for the entire period. During spring
and summer (Figure 7D,E), the basin average of SP reduces to 77.8% and 40.7%, respec-
tively. In spring, 37% of the basin area is classified as HPS in the elevation range of
3500–4000 masl, while 43.8% is classified as ES between 2500 and 3500 masl for summer.
These results reveal the interannual variations of the snow cover in the basin, showing that
most snow is concentrated in winter because of the high precipitation and low temperatures
in the cold season (Figure A7, Appendix A). The melting of the ES, IS, and TS at medium
and low elevations begins in spring, followed by the thawing of HPS, PS, and glaciers,
because of the increase in temperatures during summer. Finally, in autumn, snowfall
begins, temperature decreases, and SP increases again, repeating the cycle again.

To assess the temporal trend of SP, we compute the significance and magnitude of its
trend using MKTT (Figure 7F–J) and TSSE (Figure 7K–O), where the latter is expressed
as the reduction in days of snow per year (days · year−1, abbrev. as d · ry−1). At the
annual scale, 89.4% of the basin shows a significant negative temporal trend (Figure 7F),
corresponding to the region below 4500 masl. In addition, there is an average of 3.6 fewer
days of snow cover per year in the basin (Figure 7K), which can be expressed as 79 FDOS
for the 22 years. This highlights that 51.6% and 16.6% of the basin area present a trend
of [−4.5, −3] and [−9, −4.5] days · year−1 with snow. Regarding the cold seasons, autumn
shows a significant decreasing trend in 37.3% of the area (Figure 7G) associated with an
elevation range of 3500–4500 masl, with a snow reduction of 1 day per year (Figure 7L),
where 67.2% of the area presented a trend [−1.5, 0] days · year−1. For winter, only 10.8%
of the area has a significant negative trend (Figure 7H, the region under 3000 masl) with
an average of 1.0 fewer snow days per year (Figure 7M, only 5.5% of the basin area).
Notably, 73.8% of the basin shows no temporal trend because most of the basin is entirely
snowed over during this season. In the case of the dry seasons, spring and summer present
significant negative trends in 84.5% and 52.0% of the area (Figure 7I,J), respectively. In
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the case of spring, the significant trends are distributed over almost all the region under
4500 masl, while, in summer, they are mainly located between 3500 and 4500 masl. Both
have an average reduction of 1.8 and 1.5 days of snow cover per year (Figure 7N,O), which
indicates 40 and 33 FDOS for the study period.
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Figure 7. Snow persistence trends in the Yeso Reservoir basin for the entire study period. (A–E) Mean
annual SP (SP) for 22 hydrological years (2000–2021). Annually in the first row and each season from
the second to fifth rows. (F–J) MKTT SP per year and season for the entire study period. (K–O) SP
but as a change in the number of days per year (season) and per pixel (SC, snow change). The value
above each graph represents the mean SP for 22 hydrological years at basin scale (first column), the
percentage of the area with a negative trend (p < 0.05 and p > 0.05) in SP (second column), and the
mean of negative snow change values in the basin (third column). To the right of each graph, there is
a histogram that summarizes the percentage of the basin area used by each variable (SP, MKTT SP,
and SC). The close brackets ([]) denote that endpoints are included in the set, while open brackets (] [)
indicate the exclusion of them.

Previous findings in the Andes reported 23–63 FDOS (31–40◦S) between 2000 and
2016 [70]. Likewise, Notarnicola [71] observed 4–38 FDOS (29–42◦S) at the elevation range
between 2500 and 4000 m, and Saavedra et al. [12] reported that snow tends to persist
2–5 fewer days of snow · year−1 at annual scale (34–85 FDOS, 8–36◦S). In this study, we
observed 79 FDOS, which is consistent with the range presented by Saavedra et al. [12]
but higher than other investigations. This could be related to the persistence of the MD
(from 2010 to the present), with significant negative (positive) trends of precipitation
(temperature), which have increased a dry regime in the zone [15,40,51]. A limitation of
this analysis corresponds to the coarse spatial resolution of MODIS (500 m) and a temporal
resolution of 8 days that can limit the detection of snow and, consequently, increase its
uncertainty. However, this spatial and temporal resolution is enough to detect seasonal
patterns [18,58].
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3.2.3. Change in SP between Pre and Megadrought Periods

To assess the change in SP (as shown in Figure A9, Appendix A) between the pre-
Chilean MD periods (2000–2009) and the Chilean MD period (2010–2021), and to determine
which elevation range has experienced the greatest impact, Figure 8 displays the annual
and seasonal difference in SP (∆SP) per pixel. At the annual scale (Figure 8A), there is
a reduction in ∆SP of a 9.2%, meaning there were less than 35 FDOS on average in the
basin. Moreover, 69.2% of the basin area below 4000 masl presents a ∆SP reduction in the
interval [−16%, −8%] (29–58 FDOS). Similar behavior is observed in autumn (Figure 8B)
when there is a reduction in ∆SP of 7.7% (7 FDOS), and only 47.8% of the basin (between
3000 and 4000 masl) presents ∆SP reduction in the interval [−16%, −8%] (7–14 FDOS). In
winter (Figure 8C), 73.7% of the basin shows no reduction in SP over 3000 masl, with a ∆SP
reduction of 1.1% (1 FDOS). Dry seasons (spring and summer, Figure 8D,E) are the most
affected, with a ∆SP reduction of 13.6% and 13.7% (12–13 FDOS). Spring presents a ∆SP
reduction of 47.3% (41.3% plus 6.0%) in the interval [−32%, −16%] (15–29 FDOS) below
4000 masl. Meanwhile, in summer, there is a ∆SP reduction of 35.7% in the interval [−56%,
−16%] (15–51 FDOS) between 3500 and 4500 masl.
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3.3. Snow Line Elevation Trend
3.3.1. Temporal Variation in SLE

Figure 9A shows that at an annual timescale, the SLE had a significant positive trend
of 21 m · year−1, increasing from 2508 to 3085 masl (2000–2021), which indicates an average
area depletion of 151 km2 (from 536 to 385 km2). On a seasonal scale, winter SLE has an
average value of 1768 masl, covering 100% of the YReB and 97.5% of the YRB. Until 2009,
only 1 year (2003) presents an increase in their SLE over their average value, which could
be explained because this was the year with the lowest winter and spring precipitation
of the period (Figure A8, Appendix A) before the Chilean MD. However, since 2010, the
beginning of MD, there has been a constant increase in annual SLE with values over
2700 masl (18% area without snow). The general trend in winter is significantly positive
at 21 m · year−1, where SLE varies from 1550 to 2190 masl (2000–2021), equivalent to a
diminishing of 37 km2 of snow cover area in the YRB. The main reason why the winter
SLE increases is because of the abrupt decrease in winter precipitation. In the autumn
season, SLE is 2550 masl, with a non-significant positive trend of 19 m · year−1 for the study
period. This non-significance is attributed to the abrupt intra-annual variability of SLE,
which could be explained by the early or late arrival of the rainy season during this period.
It stands out that autumn SLE was over the average in 2010–2011, 2015, and 2018–2021;
meanwhile, SLE was under the average in 2012–2014 and 2016–2017. This behavior is also
related to precipitation. While the first group presented precipitation under 150 mm in
autumn, the second group presented values approximately over this threshold.

While most observed trends are statistically significant, we emphasized that these
results should be interpreted cautiously due to the limited length of the SLE time series
(22 hydrological years).

Spring shows a SLE of 2856 masl with a significant positive trend of 33 m · year−1.
After 2010, spring SLE has an increasing trend (except for 2015), with the last three years
being the critical ones (behavior almost similar to the summer season). There is an increase
of 822 m if we compare the first and last year (from 2491 to 3313). This SLE increase implies
a diminishing snow cover area from 539 km2 to 307 km2 (a depletion of 231 km2, 57% of
the initial area remains in the YRB). It is important to note that the spring SLE of 2009
and 2015 show values under autumn SLE when the general trend was the contrary. This
could be explained because there were late rains (mostly in winter) in both years, and
temperatures were the highest and lowest (both near 10 ◦C) in the study period for autumn
and spring, respectively (Figure A8, Appendix A). In summer, as expected, SLE is highly
related to the presence of two major and highest UG corresponding to Yeso and Bello
glaciers (Figure 1), which, according to IPG 2014, have a minimum elevation of 3827 and
3987 masl, respectively. The summer has a significant positive trend of 20 m · year−1, which
is a response to the ablation of permanent snow, such as glaciers mentioned before, and that
snow lasts more than one year. This result denotes a glacial retreat in the 22 years of the
study from the minimum elevation values detected from both glaciers in IPG 2014 because
of the long period of a dry regime (MD) detected by the “El Yeso Embalse” weather station.

Other studies worldwide have reported an increase in SLE of 33–67 m · year−1 between
2003 and 2018 (initial SLE of 4250 masl and area of 0.15 Mkm2) in Nepal [28], which is
higher than those findings in this study. Nevertheless, in Karakoram Region (7050 km2),
a significant upward trend of 13 m · year−1 between 2003 and 2018 was reported [29], a
minor magnitude in comparison to the findings of this study. Moreover, these results are
consistent with those found in the Andes (8–36◦S) by Saavedra et al. [12], who found a
significant increase in the elevation of the snow line at 10–30 m · year−1 at an annual scale.
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Figure 9. Snow line elevation evolution. (A) Seasonal and annual mean SLE time series, including the
MKTT, TSSE, and mean. (B) Interannual variation in the 8-day historical mean SLE time series (solid
black line). The color dot on the black line corresponds to MKTT. The dashed red (blue) line specifies
the maximum (minimum) SLE per time scene. The solid red (blue) line corresponds to the maximum
(minimum) value for the entire period (22 years). The grey line corresponds to the average basin’s
cloudiness per time scene. (C) SLE Boxplots per time step. The color inside represents TSSE, and the
black dots are outliers. The lower and upper hinges correspond to the first and third quartiles, while
the center value corresponds to the median. The upper (lower) whisker extends from the hinge to the
largest (smallest) value no further than 1.5 IQR (inter-quartile range).

3.3.2. Interannual Variation in SLE

Figure 9B shows the interannual variation in SLE, displaying the minimum, average,
and maximum values of SLE for 46 8-day time intervals (MODIS temporal resolution).
In total, 45/46 of the time intervals presented a positive trend (98% of the time), but this
trend is significant for only 20/46 of these intervals (44% of the time). During the CHY,
there is a high altitude range of SLE in the cold season, with minimum values close to
1294 masl (elevation under YRB, where the basin is entirely snowed) and the maximum
varying between 2500 and 4000 masl because of late rains in the season. It is noted that
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autumn has a constant decrease in SLE from 3500 to 1500 masl from the 1st to 14th time-
lapse (April to July); meanwhile, in winter, SLE begins slightly to increase from the 15th to
23rd time-lapse. This can be explained because snowfall concentrates in the cold season
(mainly April to September), which also correlates with the higher cloudiness in the basin
during these months. Furthermore, although winter and autumn SLE exhibit a positive
trend for the study period (Figure 9A), most time-lapses present non-significant values
(18/23 time-lapses). However, autumn shows a trend range of TSSE between 0 and 56 m ·
year−1 (14 m · year−1 on average), implying a high intra-seasonal variability (Figure 9C).
Winter presents a trend range of TSSE between 0 and 37 m · year−1 (12 m · year−1 on
average), with the highest values at the end of the season, which is related to the rise in
temperature and the beginning of the spring season.

The worrying situation occurs in spring, where the change in SLE presented a signifi-
cant positive trend in most time-lapses (11/12) with a TSSE range of 24 and 40 m · year−1

(with 32 m · year−1 on average). Although it is not feasible to infer the magnitude of the
cumulative snow depth on a temporal and spatial scale, previous results reveal that SLE
from the cold season showed mostly non-significant trends, which could imply that the
snow depth from autumn and winter is changing. The season when melting occurs (August
to January), and the impact observed in the snow cover and SLE is related to the rapid
melting of the low amount of accumulated snow in the cold season. Lastly, summer shows
SLE values ranging between 3000 and 4000 masl (around 3500 masl on average), except for
outliers related to summer rain because of atmospheric rivers [72]. This season is mainly
controlled by the melting of the remaining accumulated snow and glaciers, displaying a
TSSE range between 7 and 28 m · year−1 (16 m · year−1 on average), and more than half
presented a non-significant positive trend value (6/11 time-lapses).

3.4. Correlation of Snow Variables with Hydrometeorological Variables and Large-Scale
Climate Indices
3.4.1. Annual Correlation with SP

Figure 10 displays the correlation between the mean annual SP at each grid point and
annual hydrometeorological variables and climatic indices. As mentioned before, 5.4% of
the YReB presented UG (annual SP = 100%). Therefore, the next results concentrate on
the annual SP < 100% range. Both precipitation and streamflow (Figure 10A,B) show a
significant positive SRCC, ranging from moderate to strong (P: [0.65,0.97]; Q: [0.50, 0.85]) for
84.7% and 85.9% of the YReB, respectively. For the annual mean temperature (Figure 10C),
there is a significant negative but moderate SRCC (T: [−0.65, −0.45]) for 67.2% of the basin
area. Furthermore, we assess the correlation for only grid points where SP < 95% (82.6%,
no permanent snow zone) and SP > 95% (17.4% − 5.4% = 12.0%, permanent snow zone,
which excludes UG). If we consider no permanent snow zone, 99.9% and 99.0% of grid
points have significant positive SRCC with P and Q, respectively. Meanwhile, T presents a
significant negative SRCC for 86.7% of the grid points. For the permanent snow zone, SRCC
tends to decrease (increase) as SP increases for precipitation and streamflow (temperature).
However, only 72.0%, 69.3%, and 27.5% of these grid points show a significant SRCC
for P, Q, and T, respectively. These results reveal that the area with no permanent snow
(SP < 95%), mainly located in L and M regions (<4140 masl), is highly correlated with
short-term (current hydrological year) hydrometeorological variables. In comparison, the
region located at a high altitude and related to permanent snow (>4140 masl and SP > 95%)
does not correlate with those variables. This absence of correlation could be explained by
high elevation, orientation, slope gradient, and/or proximity to glaciers, which produces
lower temperatures, reduces snowpack ablation, and increases their SP.
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Figure 10. Correlation between mean annual SP at each grid point and annual hydrometeorological
variables (large-scale climate indices). The first row displays SRCC between annual SP and hydrom-
eteorological variables: (A) annual cumulative precipitation, (B) annual average streamflow, and
(C) annual average temperature. The second row denotes SRCC between large-scale climatic indices:
mean (D) MEI in MJJ (May to July), (E) SAM in MJJ, and (F) SOI in MAM (March to May). The fill
color points in the graphs show the statistical significance test for SRCC (SST-SRCC), where green
points denote significant SRCC at a 95% confidence level and purple the opposite.

In the case of large-scale climate indices (Figure 10D–F), for MEI and SAM, the best
correlations are obtained for MJJ, while for the SOI, the best correlation is seen for MAM.
Regarding the correlation significance, all the indices present a non-significant correlation
for most of the basin area (83.6%, 94.4%, and 90.9% of the area for MEI, SAM, and SOI).
Nevertheless, MEI presents a positive but weak correlation; SOI and SAM show a negative
and weak correlation. This finding does not match the high correlation between those
climatic indices and hydrometeorological variables (e.g., precipitation and snow height)
documented by some previous studies in central Chile, but is supported by the weakening
of the ENSO teleconnection at the end of the 20th century reported in other studies [73–75].
Some of the causes that are associated with the weakening of the Walker circulation and an
increase in greenhouse gases changing the gradient in sea surface temperatures [73,74,76,77].
More detailed information about the correlation assessment is displayed in Table A5
(Appendix A).

3.4.2. Seasonal Correlation with SP

As shown in Figures 5 and 7, the highest negative SP trends occur in the dry seasons.
Thus, for the seasonal correlation, we focus on spring and summer and the same hydrome-
teorological variables considered at the annual scale. Figure 11 displays the SRCC between
the gridded seasonal mean (summer and spring) SP and hydrometeorological variables
from the same or another season with the highest correlation. For spring SP, as expected,
total winter precipitation (Figure 11A) presents a significant positive correlation for 83.2%
of the basin area, with a strong to moderate SRCC ([0.60, 0.85]) in 53.2% of the area. This
reduction in SRCC between annual and seasonal scales is because autumn precipitation
is as important as winter precipitation for SP in the dry season (Figure A8, Appendix A).
In the case of the mean spring temperature (Figure 11B), 76.4% of the basin area shows
a significant negative SRCC, ranging from strong to moderate ([−0.7, −0.45]) for 73.1%
of the basin. In addition, the mean spring (summer) streamflow (Figure 11C,D) shows
a significant positive correlation for 83.2% (86.7%) of the basin area, with a moderate to
strong SRCC (spring: [0.60, 0.80], summer: [0.70, 0.97]) for 53.0% (67.9%) of the basin area.
Note that the high correlation between the spring SP and summer mean streamflow offers
prospects for implementing seasonal flow forecasting models, which could be helpful for
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water managers and stakeholders during water scarcity periods. For SP > 85% (almost
permanent snow), as in Figure 10, there is a reduction in SRCC (absolute value).
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Figure 11. Correlation between seasonal mean SP at each grid point and seasonal mean hydrometeo-
rological variables. The first row corresponds to the SRCC of spring SP with (A) winter precipitation,
(B) spring temperature, (C) spring streamflow, and (D) summer streamflow. The second row denotes
the SRCC of summer SP with (E) winter precipitation, (F) winter temperature, (G) spring streamflow,
and (H) summer streamflow. Green points denote significant SRCC at a 95% confidence level.

The summer mean SP shows the same SRCC sign reported in spring for hydrometeo-
rological variables considered but with a reduction in the SRCC magnitude. The winter
precipitation (Figure 11E) has a significant positive correlation in 52.5% of the basin area,
while the winter mean temperature (Figure 11F) shows a significant negative correlation in
42.0% of the basin area. Moreover, 43.4% and 36.7% of the basin area present moderate to
strong correlation (P: [0.5, 0.8]; T: [−0.7, −0.45]). For spring and summer mean streamflow
(Figure 11G,H), there is a significant positive correlation at 46.6% and 54.8% of the basin
area, respectively. The decrease in significant correlation is because of low elevation grid
points (ES), which are related to snow that melts mainly in spring.

3.4.3. Annual Correlation with Snow Variables at Basin Spatial Scale

SRCC is calculated for all variables that presented a high correlation (Figures 10 and 11)
but aggregated in a basin spatial scale (Table 2). It is observed that the annual SP (first row)
presents a significant and higher correlation than the annual SLE with all the hydrometeo-
rological variables. For the dry season (second and third row), meteorological variables
(precipitation and temperature) correlate better with SP than SLE. Likewise, spring SP
presents a better correlation with dry streamflow than spring SLE. Nevertheless, the sum-
mer SLE correlates better with dry streamflow than the summer SP. These findings are
highly correlated with significant negative trends of streamflow in spring and summer
(Figures A7 and A8, Appendix A), revealing that the dry season is mainly influenced by
the precipitation from the cold season (autumn and winter) and temperatures from the
winter and spring. This result implies that the snow would increase its persistence during
the dry season if there is an increase in precipitation during the cold season and reduction
in temperatures in winter and spring.
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Table 2. Correlation between snow variables (SP and SLE aggregated at a basin-scale) and hydrome-
teorological variables. SRCC values between snow variables and hydrometeorological variables such
as Precipitation (P), Temperature (T), and Streamflow (Q) at different temporal scales. The first and
third columns indicate the temporal scale of the corresponding variables.

Temporal
Scale

Snow
Variable

Temporal
Scale

Hydrometeorological
Variable SRCC

Annual SP Annual P 0.88 *
Annual SP Annual T 0.55 *
Annual SP Annual Q 0.74 *

Annual SLE Annual P −0.35
Annual SLE Annual T −0.20
Annual SLE Annual Q −0.36

Spring SP Winter P 0.72 *
Spring SP Spring T 0.61 *
Spring SP Spring Q 0.75 *
Spring SP Summer Q 0.93 *

Spring SLE Winter P −0.58 *
Spring SLE Winter T −0.39
Spring SLE Spring Q −0.59 *
Spring SLE Summer Q −0.66 *

Summer SP Winter P 0.63 *
Summer SP Winter T 0.43 *
Summer SP Spring Q 0.62 *
Summer SP Summer Q 0.71 *

Summer SLE Winter P −0.63 *
Summer SLE Winter T −0.30
Summer SLE Spring Q −0.83 *
Summer SLE Summer Q −0.84 *

* Values present a statistically significant (p < 0.05) correlation between both variables.

Our results imply a significant negative trend of SP, a significant positive trend of SLE,
and uncovered glacier retreat, which produced a reduction in the available streamflow
and acceleration of the runoff peak. To support these ideas, we plotted the mean monthly
streamflow pre-megadrought and during the MD (Figure A10, see Appendix A), where we
see there was an approximate streamflow reduction of 50% between the periods. While
we observe that peak flow tends to take place in January (Figure A10A,B), there are only
two CHY (2000, 2001) in the first period (pre-MD) where the peak flow occurs in December
(Figure A10A). This contrasts with the four episodes (2011, 2013, 2017, and 2020) observed
during the MD (Figure A10B).

Lastly, we detected a statistically significant reduction in streamflow during spring and
summer (Figure A8, see Appendix A), demonstrating adverse impacts on the availability of
water resources. The latter is reaffirmed by the correlation analysis between snow variables
(SP and SLE) and hydrometeorological variables (Table 2), where we identified a robust
correlation between snow variables and dry season streamflow, suggesting that the decrease
in streamflow can be detected through either of these snow variables. All these findings
suggest a reduction in freshwater supply in the dry season, when most of the population
employs the water resource for socio-economic activities, such as agriculture, industry,
energy, and water consumption [1,2,4,7]. This shortage may produce conflicts between
stakeholders, considering the increased freshwater demands in Santiago, the capital city of
Chile [48,78].

4. Conclusions

This study examines the snow product MOD10A2 for 22 hydrological years from 2000
to 2021 to detect spatiotemporal variation in snow cover in the Yeso River Basin (YRB,
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1240–6030 masl) and its sub-basin, the Yeso Reservoir Basin (YReB, 2510–6030 masl), located
in the Chilean Andes (33.6◦S, 70.0◦W), near to Yeso Reservoir, which supplies freshwater to
six million habitants in Santiago (capital city). We analyzed the spatiotemporal change in the
snow cover area, SP (in YReB), and SLE (in YRB) trends and the correlation of snow variables
with hydrometeorological variables and large-scale climatic indices. To obtain the snow
line elevation (SLE), we introduced a new methodology called the Maximum Dissimilarity
Method (MDM). The main goals of this research are to assess the spatiotemporal changes
in the snow cover area and SP in the YReB, the trends of snow variables (SP and SLE), and
their correlation with hydrometeorological variables and large-scale climatic indices.

We conclude that SP, an indicator of the duration of snow, has experienced a severe
reduction in the YReB for all elevations bands (except winter over 3000 masl), but only the
dry season decreased its snow cover area, with losses concentrated at low elevations and
medium elevations for spring (34.0 km2) and summer (86.5 km2), respectively. In the case
of snow cover trends, annual and seasonal average SP (SLE) presented a negative (positive)
and significant trend, with the dry season being the most affected. Regarding SP’s spatial
distribution and variation at annual and seasonal scales, more than 90% of the YReB area
(except winter) presented a decreasing trend under 4500 masl. In addition, at the annual
scale, SLE showed an upward significant trend of 21 m · year−1, increasing from 2508 to
3085 m in the study period.

The correlation analysis between snow variables (SP and SLE) and hydrometeorologi-
cal variables showed significant correlations at annual and seasonal scales. The large-scale
climate indices showed low and non-significant correlation with SP, as the trends found
for spring and summer snow variables (SP and SLE) are tightly linked to streamflow in
the dry season.

All these previous results provide encouraging perspectives for using snow variables
in flow forecasting models during the dry season, which could be helpful for water man-
agers and stakeholders during dry periods. The potential effectiveness of this approach
could be expanded to cover the entire Andes, contingent upon the availability of adequate
satellite data throughout the study area. This would allow for the examination of trends
in snow-derived variables, such as the snow-covered area, which may suggest changes in
streamflow magnitude or timing in unmonitored regions. The continuous monitoring of
the spatial patterns of snow cover trends using satellite data, as presented in this work, will
help identify the effects of climate change in snow-driven basins, which supply freshwater
for socio-economic activities in the dry season.
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Appendix A

Table A1. Shows the total periods per year. Period 1 represents the days between 1st January and
8th January and so on. Furthermore, it shows the season, the time step for the Chilean hydrological
year used, and the approximate initial and final date of the period.

Period Days of the
Year Season Time Step Initial Date Final Date

1 1–8

Summer

36 01-January 08-January
2 9–16 37 09-January 16-January
3 17–24 38 17-January 24-January
4 25–32 39 25-January 01-February
5 33–40 40 02-February 09-February
6 41–48 41 10-February 17-February
7 49–56 42 18-February 25-February
8 57–64 43 26-February 05-March
9 65–72 44 06-March 13-March
10 73–80 45 14-March 21-March
11 81–88 46 22-March 29-March

12 89–96

Autumn

1 30-March 06-April
13 97–104 2 07-April 14-April
14 105–112 3 15-April 22-April
15 113–120 4 23-April 30-April
16 121–128 5 01-May 08-May
17 129–136 6 09-May 16-May
18 137–144 7 17-May 24-May
19 145–152 8 25-May 01-June
20 153–160 9 02-June 09-June
21 161–168 10 10-June 17-June
22 169–176 11 18-June 25-June
23 177–184 12 26-June 03-July

24 185–192

Winter

13 04-July 11-July
25 193–200 14 12-July 19-July
26 201–208 15 20-July 27-July
27 209–216 16 28-July 04-August
28 217–224 17 05-August 12-August
29 225–232 18 13-August 20-August
30 233–240 19 21-August 28-August
31 241–248 20 29-August 05-September
32 249–256 21 06-September 13-September
33 257–264 22 14-September 21-September
34 265–272 23 22-September 29-September

35 273–280

Spring

24 30-September 07-October
36 281–288 25 08-October 15-October
37 289–296 26 16-October 23-October
38 297–304 27 24-October 31-October
39 305–312 28 01-November 08-November
40 313–320 29 09-November 16-November
41 321–328 30 17-November 24-November
42 329–336 31 25-November 02-December
43 337–344 32 03-December 10-December
44 345–352 33 11-December 18-December
45 353–360 34 19-December 26-December
46 361–368 * 35 27-December 03-January

* Includes 2 or 3 days from the next year.

Table A2. Confusion matrix values.

Confusion Matrix
Landsat

Snow (1) No Snow (0)

MODIS
Snow (1) 11 10

No Snow (0) 01 00
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Table A3. Confusion matrix results for six Landsat and MODIS scenes.

CHY Season Figure Date
MODIS

Date
Landsat-8

Confusion Matrix Values True
+/−

False
+/−11 10 01 00

2015
Winter Figure A1 23 July 2015 23 July 2015 2560 267 0 9 90.6% 9.4%
Spring Figure A2 12 December 2015 28 November 2015 1569 375 16 888 86.3% 13.7%

Summer Figure A3 14 March 2016 19 March 2016 46 637 0 2168 77.7% 22.3%

2020
Winter Figure A4 28 July 2020 29 July 2020 2596 243 0 9 91.5% 8.5%
Spring Figure A5 8 October 2020 8 October 2020 1336 1079 0 436 62.2% 37.8%

Summer Figure A6 19 February 2021 22 February 2021 189 892 0 1769 68.7% 31.3%

Table A4. Results of annual and seasonal spatiotemporal variation in snow cover area and snow
persistence in YReB per SP’s classification and elevation band.

Period
Elevation Band Low (L):

2510–3410 masl
Low (L):

3410–4140 masl
Low (L):

4140–6000 masl
SP (%) 25–50 50–75 75–95 >95 25–50 50–75 75–95 >95 25–50 50–75 75–95 >95
Range IT TS HPS PS IT TS HPS PS IT TS HPS PS

Annual

2000–2004 13.8 82.4 22.7 3.9 0.0 26.8 86.3 36.1 0.0 0.0 13.2 54.7
2005–2009 17.5 84.6 17.1 3.7 0.0 37.2 76.3 35.7 0.0 0.0 14.3 53.6
2010–2015 49.5 64.9 7.1 1.3 0.6 89.3 47.1 12.1 0.0 3.9 20.5 43.5
2016–2021 61.0 55.6 5.4 0.9 2.8 106.0 34.4 6.1 0.0 9.1 24.9 34.0

Autumn

2000–2004 3.2 70.9 40.4 8.2 0.0 8.0 88.4 52.8 0.0 0.0 10.2 57.7
2005–2009 10.4 84.6 21.2 6.7 0.0 27.0 87.6 34.6 0.0 0.6 17.9 49.3
2010–2015 26.2 78.1 14.5 4.1 0.0 72.0 59.0 18.2 0.0 4.1 18.8 45.0
2016–2021 13.8 92.1 13.2 3.5 0.0 83.5 50.8 14.9 0.0 4.8 23.1 40.0

Winter

2000–2004 0.2 0.6 11.0 110.9 0.0 0.0 0.0 149.2 0.0 0.0 0.0 67.9
2005–2009 0.2 0.9 6.7 115.0 0.0 0.0 0.2 149.0 0.0 0.0 0.0 67.9
2010–2015 0.2 1.9 24.2 96.4 0.0 0.0 0.2 149.0 0.0 0.0 0.0 67.9
2016–2021 0.9 9.1 31.4 81.5 0.0 0.2 3.7 145.3 0.0 0.0 0.0 67.9

Spring

2000–2004 21.6 44.5 40.7 15.8 0.2 3.5 40.0 105.5 0.0 0.0 0.0 67.9
2005–2009 25.5 42.2 36.8 18.4 0.2 3.9 37.0 108.1 0.0 0.0 0.0 67.9
2010–2015 49.5 38.7 17.3 3.7 3.7 32.7 70.5 42.4 0.0 0.2 11.0 56.7
2016–2021 49.7 29.4 8.7 1.1 13.8 70.5 54.5 10.2 0.0 5.8 22.3 39.8

Summer

2000–2004 17.3 9.5 3.7 2.2 48.9 32.2 21.6 21.0 2.4 8.0 10.4 47.1
2005–2009 13.0 8.2 3.2 2.2 45.2 26.4 21.6 24.0 2.8 6.7 8.0 50.4
2010–2015 7.1 2.2 2.2 0.6 42.8 17.7 10.4 5.8 9.7 9.3 14.1 34.6
2016–2021 8.9 1.7 2.4 0.2 34.4 14.7 7.6 2.4 10.2 15.1 12.1 28.1

Table A5. Percentage of basin area with significant (p < 0.05) and non-significant (p > 0.05) SRCC in
Yeso Reservoir basin per SPZ. The row total describes the total percentage area per SPZ.

SP
Time
Scale

Variable
Time
Scale

SP (%) 0–25% 25–50% 50–75% 75–95% >95% 100%
SPZ ES IT TS HPS PS -

Variable p > 0.05 p < 0.05 p > 0.05 p < 0.05 p > 0.05 p < 0.05 p > 0.05 p < 0.05 p > 0.05 p < 0.05 -

Annual

Annual P 0.0% 0.0% 0.1% 9.9% 0.0% 43.8% 0.0% 28.8% 3.4% 8.7% 5.4%
Annual T 0.0% 0.0% 0.2% 9.8% 0.0% 43.8% 0.6% 28.1% 3.7% 8.3% 5.4%
Annual Q 0.0% 0.0% 3.4% 6.6% 3.8% 40.1% 3.8% 25.0% 8.7% 3.3% 5.4%

MJM MEI 0.0% 0.0% 9.7% 0.4% 37.8% 5.7% 24.5% 4.4% 11.6% 0.4% 5.4%
MJM SOI 0.0% 0.0% 9.9% 0.2% 43.6% 0.0% 28.9% 0.0% 12.0% 0.0% 5.4%
MAM AAO 0.0% 0.0% 10.1% 0.0% 42.9% 0.6% 27.7% 1.2% 10.2% 1.8% 5.4%

Total 0.0% 10.1% 43.6% 28.9% 12.0% 5.4%

Spring

Winter P 0.1% 1.2% 0.4% 13.7% 0.1% 19.6% 0.1% 36.9% 6.3% 11.8% 9.9%
Spring T 0.0% 1.3% 0.4% 13.6% 0.6% 19.0% 1.6% 35.4% 11.0% 7.1% 9.9%
Spring Q 0.1% 1.1% 0.8% 13.3% 0.0% 19.7% 0.1% 36.9% 5.9% 12.2% 9.9%

Summer Q 0.0% 1.3% 0.2% 13.9% 0.0% 19.7% 0.0% 37.0% 3.2% 14.9% 9.9%

Total 1.3% 14.1% 19.7% 37.0% 18.1% 9.9%

Summer

Winter P 33.0% 11.1% 1.9% 19.5% 0.8% 10.7% 1.7% 9.8% 4.0% 1.4% 6.1%
Winter T 35.7% 8.3% 4.1% 17.3% 2.6% 8.9% 4.8% 6.7% 4.7% 0.7% 6.1%
Spring Q 37.7% 6.4% 5.0% 16.5% 1.0% 10.5% 0.8% 10.7% 2.8% 2.6% 6.1%

Summer Q 32.7% 11.3% 2.4% 19.1% 0.7% 10.8% 0.6% 10.9% 2.7% 2.7% 6.1%

Total 44.0% 21.4% 11.5% 11.5% 5.4% 6.1%
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Figure A1. Pixel comparison between Landsat and MODIS products for Winter—2015. (A) Landsat
scene (30 m of spatial resolution). (B) MODIS scene (500 m of spatial resolution). (C) Percentage of
Agreement in detecting snow-covered and snow-free pixels for both satellites. This “Agreement”
essentially signifies the accuracy of how many percentage of Landsat image pixels within a MODIS
pixel are correctly represented. A 100% agreement indicates a precise classification of all pixels
as either snow-covered or snow-free for both satellites, while 0% reflects the opposite. (D) Confu-
sion Values Classification, where we defined whether a pixel presents an “Agreement” of 100%,
indicates that all Landsat pixels within a MODIS pixel are correctly classified as snow-covered or
snow-free. These cases indicate True Positives (Negatives), defined as “11” (“00”) (see Table A2).
Conversely, if the “Agreement” implies that all pixels are classified oppositely, this represents False
Negatives (Positives), defined as “01” (“10”) (see Table A2). For values falling between these ex-
tremes (some of them are snow-free and others snow-covered), we consider values over 50% as
indicative of a correct classification (True Positives/Negatives) and values below 50% as incorrect
(False Negatives/Positives).
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(B) MODIS scene (500 m of spatial resolution). (C) Percentage of Agreement in detecting snow-covered
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and snow-free pixels for both satellites. (D) Confusion Values Classification, where we defined
whether a pixel presents an “Agreement” of 100%, indicates that all Landsat pixels within a MODIS
pixel are correctly classified as snow-covered or snow-free.
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Figure A3. As in Figure A1 but for Summer—2015. (A) Landsat scene (30 m of spatial resolution).
(B) MODIS scene (500 m of spatial resolution). (C) Percentage of Agreement in detecting snow-
covered and snow-free pixels for both satellites. (D) Confusion Values Classification, where we
defined whether a pixel presents an “Agreement” of 100%, indicates that all Landsat pixels within a
MODIS pixel are correctly classified as snow-covered or snow-free.
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and snow-free pixels for both satellites. (D) Confusion Values Classification, where we defined
whether a pixel presents an “Agreement” of 100%, indicates that all Landsat pixels within a MODIS
pixel are correctly classified as snow-covered or snow-free.

Remote Sens. 2023, 15, x FOR PEER REVIEW  27  of  35 
 

 

defined whether a pixel presents an “Agreement” of 100%, indicates that all Landsat pixels within 

a MODIS pixel are correctly classified as snow-covered or snow-free. 

 

Figure A4. As in Figure A1 but for Winter—2020. (A) Landsat scene (30 m of spatial resolution). 

(B) MODIS scene (500 m of spatial resolution). (C) Percentage of Agreement in detecting snow-

covered and snow-free pixels for both satellites. (D) Confusion Values Classification, where we 

defined whether a pixel presents an “Agreement” of 100%, indicates that all Landsat pixels within 

a MODIS pixel are correctly classified as snow-covered or snow-free. 

 

Figure A5. As in Figure A1 but for Spring—2020. (A) Landsat scene (30 m of spatial resolution).
(B) MODIS scene (500 m of spatial resolution). (C) Percentage of Agreement in detecting snow-
covered and snow-free pixels for both satellites. (D) Confusion Values Classification, where we
defined whether a pixel presents an “Agreement” of 100%, indicates that all Landsat pixels within a
MODIS pixel are correctly classified as snow-covered or snow-free.
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(B) MODIS scene (500 m of spatial resolution). (C) Percentage of Agreement in detecting snow-covered
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and snow-free pixels for both satellites. (D) Confusion Values Classification, where we defined
whether a pixel presents an “Agreement” of 100%, indicates that all Landsat pixels within a MODIS
pixel are correctly classified as snow-covered or snow-free.
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Figure A7. Interannual hydrometeorological variables trends for the entire study period. The height
of bars (B) and solid black lines (A,C) represent the average monthly values for (A) precipitation,
(B) temperature, and (C) streamflow. The legend presents the magnitude of TSSE per each bar and
dot. The green (purple) color around the bar or dot represents if the series is statistically significant
(non-significant) with p < 0.05 (p > 0.05). The red (blue) dots and dashed lines represent the series’
maximum (minimum) value.
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Figure A8. (A) Annual and seasonal average temperature series. (B) Seasonal cumulative precipita-
tion series. The annual cumulative precipitation corresponds to the total height of the bar per year,
which is represented by a thin red line around the bars. (C) Annual and seasonal average streamflow
series. All of them present their average at annual and seasonal scales, MKTT and TSSE.
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Figure A9. First column (A–E) shows the SP for 10 hydrological years (2000–2009, period before
“Mega Drought”); meanwhile, the second column (F–J) displays the SP for 12 hydrological years
(2010–2021, period during “Mega Drought”). Annually in the first row and for each season from the
second to fifth rows. The value above each graph represents the mean SP between periods of the
basin (first and second columns). The close brackets ([]) denote that endpoints are included in the set,
while open brackets (] [) indicate the exclusion of them.
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Figure A10. Mean monthly streamflow in pre-megadrought ((A), 2000–2009) and during Mega
Drought ((B), 2010–2021) per each Chilean Hydrological Year in the YReB.
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