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Abstract

Increasing temperature and decreasing precipitation threaten the extent, persistence, and
dynamics of snow across spatial scales, particularly ephemeral snow in Mediterranean
mountain regions. This study estimates ephemeral snow cover and snow water equivalent
(SWE) in the Sierra de San Pedro Martir, Baja California, Mexico, using open-access datasets
and remote sensing. Camera trap images and limited in situ data were used to calibrate
the normalized difference snow index (NDSI) for snow detection and to estimate SWE
and topographic effects on SWE from 2002 to 2023, encompassing wet, dry, and normal
years. The optimal NDSI threshold for snow detection was 6.4 for MODIS Terra and 5.3
for MODIS Aqua, substantially lower than thresholds commonly reported for seasonal
snowpacks in forested regions. In wet years, snowfall contributed up to 20% of annual
precipitation, compared with ~13% in dry years. In normal years, the average SWE is
70 mm (24% of annual precipitation). SWE increased by 30% (91 mm) during wet years and
decreased by 21% (55 mm) during dry years. Eastness (aspect) was the only statistically
significant topographic predictor of SWE for MTerra, with higher SWE values observed
on west-facing slopes. This study provides the first quantitative assessment of ephemeral
SWE dynamics in a Mexican Mediterranean mountain system and establishes a framework
for monitoring marginal snowpacks under increasing climatic variability.

Keywords: ephemeral snow; Mediterranean mountain; snow water equivalent; remote
sensing; NDSI; MODIS; GEE

1. Introduction

Snow cover and its water content are decreasing in mountain areas worldwide due to
climate change [1]. The snowline is expected to migrate to higher elevations, leading to
reduced snow accumulation [2] and shorter snowpack duration [3]. The reduction in snow
cover will impact watershed hydrology by increasing evapotranspiration and reducing
groundwater recharge, while also affecting socio-ecological processes by decreasing water
supplies and increasing risks of flooding and wildfires [4,5]. However, the magnitude of
climate change impacts on snow remains uncertain in regions dominated by ephemeral
and transitional snow regimes across different climates and spatial scales [5].
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Recent studies have introduced the concept of marginal snowpack to describe transi-
tional snow regimes characterized by intermittent accumulation, limited persistence, and
high sensitivity to temperature variability [6,7]. Marginal snowpacks occupy a continuum
between seasonal and ephemeral snow classes and are particularly common in Mediter-
ranean mountain environments, where strong inter- and intra-annual climatic variability
leads to pronounced spatial and temporal heterogeneity in snowpack depth, duration, and
extent [6-9]. This variability is especially evident in areas dominated by short-lived and
shallow snow events. Ephemeral snow (ES) cover is defined as snow cover resulting from
individual storm events. Depending on the environmental conditions, ephemeral snow can
persist from a few hours to several weeks, typically with shallow snow depths [3,8]. The
dynamics of ES—including snowfall, interception, sublimation, and melt—are influenced
by vegetation structure and density [10] as well as local climatic and topographic conditions
such as elevation, aspect, and slope. These factors influence snowpack duration and its
water content, commonly expressed as snow water equivalent (SWE).

The hydrological role of ephemeral snow remains poorly understood. In Mediter-
ranean mountain regions, ES melt contributes up to approximately 30% of winter runoff [11].
In dense forests, up to 50% of snowfall may reach the soil, enhancing infiltration and gen-
erating multiple soil moisture pulses during winter [12]. In landscapes characterized by
low tree density and heterogeneous forest structure across landforms such as canyons,
slopes, and ridges [13], significant knowledge gaps persist regarding the contribution of
snow cover area (SCA) and SWE to watershed hydrology and the implications of snowpack
decline under climate warming [10,12].

Previous studies highlight the need for improved characterization of ephemeral snow
dynamics across climate gradients and ecohydrological contexts [3,12,14]. Remote sensing
approaches have been widely applied to overcome limitations associated with sparse in
situ observations. Snow cover area is commonly estimated using the normalized difference
snow index (NDSI), which uses the green and shortwave near-infrared (SWIR) bands, with
a conventional threshold of 0.4 to indicate snow presence [15]. However, this threshold is
not universally applicable, as it depends on vegetation cover, snow depth, and topographic
conditions [16-18]. Camera traps provide valuable ground-based observations that can
support the calibration of NDSI thresholds, improve snow detection in remote areas, and
document snow dynamics [10,12,19,20].

In addition to SCA, SWE is a primary measure of snow variability in mountain regions.
SWE reconstruction based on a time series of SCA and a mass ablation balance model has
been applied to overcome the challenges of field measurements with accurate results even
in areas with scarce reference data [21-24].

This study analyzes the interannual variability of the snow cover and snow water
equivalent of ephemeral snow and its topographic controls in the coniferous forest of
the supra-Mediterranean belt (>2000 m.a.s.1.) in the Sierra de San Pedro Martir (SSPM),
Baja California, Mexico, to address three primary research questions: (1) How sensitive is
MODIS V6 to detect ephemeral snow cover area (SCA) in low-density forests and open
vegetation between Terra and Aqua MODIS observations? (2) Are there temporal trends
in SCA and SWE over time? (3) What environmental conditions control the spatial and
temporal differences in SCA and SWE over two decades? We hypothesized that (a) defining
an optimal threshold for snow detection in the SSPM improves the estimation of SCA
and SWE across a region with sparse vegetation and steep topography, and (b) there is
a difference between the values of SCA estimated from Terra and Aqua due to the short
duration of the snowpack and to differences in the time of overpass.

To answer these questions, we identify an optimal NDSI threshold for snow detection
and quantify the dynamics of ephemeral SCA and SWE and their evolution through the
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reconstruction of 20 years of SWE in the study area. This information improves strategies
for adapting to climate change and water resource management to conserve ecosystems
and the hydrologic services of the SSPM that provide benefits to downstream communities
and ecosystems.

2. Materials and Methods
2.1. Study Area

The SSPM is located in the north central portion of the state of Baja California, Mexico
(Figure 1). The zone has a Mediterranean climate, with an average air temperature of
10.3 °C during the day and 7 °C at night. Precipitation occurs primarily during winter
frontal systems and summer convective storms associated with the North American Mon-
soon [25,26], resulting in a bimodal precipitation regime that reflects a Mediterranean
climate modified by monsoonal influence. The average annual rainfall ranges from 260 mm
at low elevations to 700 mm at high elevations [27]. In winter, 50% of the precipitation falls
as snow [27], which is considered an important source of moisture to the ecosystems [28],
which include approximately 500 vascular plant species [29], 27 herpetofauna species [30],
54 mammalian species [31], 193 bird species [32], and 2 fishes species [33], with a high
percentage of endemic species.

80000 1204000

Al

\

3450000

3450000

N
N Ly o The United States of America A o
A ‘ Jal, | |
g S, i 8
3 » ’ / — 5"1
i d
. w N 5y
g LR L 2N f ol 8
3 7 3 s
3 Y 3 g
3 y 3 ,‘;_; e
(& ; P <
sy ) ..‘ B 800000 1208000
=3 )’ =]
R W 3 Legend
e ,' O : Study area — 2201 - 2300
8 g —— 2301 - 2500
< ) 3 %  Camera traps 2501 - 2700
AR Elevation (m.a.s.l.) 2701 - 3000
g ) g N @ Historic field
S 1 E measurements
NE

3415000

3415000
g

3410000

340?000

3410000

W 27 37

3405000

SW

3400000

1
3400000

T T
665000 670000

Figure 1. The Sierra de San Pedro Martir (SSPM) study area (black line). The elevation of the SSPM is
represented on a color scale from black to white at the highest elevations. The Aspect-Slope Map of
the forest delimitation in the SSPM is on a color scale (from yellow to magenta). Camera traps are
indicated by black stars and the historic point field measurement in a red dot. Red polygon indicates
the regional location of the study area.
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In the SSPM, there are three main types of vegetation whose ranges are influenced
by elevation: coniferous forest (high-elevation), chaparral (mid-elevation), and shrubs
(low-elevation) [28,34]. The mixed coniferous forest is an open forest with low tree density
and mature trees [27], representing one of the main forest reserves in the state [35], which
since 1947 has been declared a Protected Natural Area (PNA) as a National Park [35].

The main ecosystem services in the SSPM include the hydrological service of recharg-
ing the coastal aquifers that supply water resources to the population of the San Quintin
Valley and nearby towns [36]. There is a knowledge gap of how communities depend on
these ecosystem services, mainly because the lack of knowledge of how much water the
Sierra produces [36] and the impacts or contribution of snow in different socioecological
systems in the Sierra and its surroundings.

2.2. Ephemeral Snow Mapping

Mapping SCA, SWE, and their topographic controls was carried out using remote
sensing techniques and workflows developed through the Google Earth Engine (GEE)
platform. GEE is a cloud platform for processing, analysis, and management of big data
from Earth observations (satellite images or reanalysis data) [37]. Two main scripts were
developed, one to generate an SCA time series and one to homogenize the projection
and the spatial resolution between the environmental variables for the reconstruction of
the SWE (Table 1). To account for elevation-dependent temperature variability during
downscaling from ERA5-Land (11 km) to the MODIS 500 m grid, a standard environmental
lapse rate of —6.5 °C km~! was applied [38].

Table 1. Variables selected in GEE to reconstruct SWE.

. . Spatial Temporal

Variable Dataset Units Resolution Resolution
Temperature K—°C
Precipitation m/h — mm/da i

P ERA5 land—hourly y 11 km * 1 dlaﬂy/ h
Net radiation W/m? 981-present
Snow density kg/m3
Modis collectionVé6:
Terra (MOD10A1) . . daily
1
NDSI and Aqua Dimensionless 500 m 2002-5023
(MYD10A1)

* Downscaling to MODIS resolution; ! Estimation of SCA through the NDSL.

Pixel-wise fractional SCA (0-1) was mapped using the MODIS (Moderate-Resolution
Imaging Spectroradiometer) for Terra (MTerra), the MOD10A1 collection, and for Aqua
(MAqua) MYD10A1 of the snow products, which have a daily global resolution of 500 m
with a difference of observations between orbital passes of 3 h (MTerra 10:30, MAqua
13:30) [15].

We generated a time series of SCA for 20 water years (2003-2023) from Terra and Aqua
satellites in the winter season and compared them with camera traps to define an optimal
normalized difference snow index (NDSI) threshold for ES in the SSPM.

2.2.1. SCA: Ground Reference, NDSI Thresholds, and Validation

To select the optimal threshold of the NDSI for the SSPM, a confusion matrix
(Appendix A.1: Table A1) was built using the winter season images from camera traps
(n = 87 images) deployed within the National Park in the SSPM to provide a ground
reference of snow presence at different time periods: 2011-2013, 2015-2016, and 2022-2023
(Appendix A.1: Figure Al). The trap images closest to the MODIS pass times (10:30 and
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13:30) were selected for validation (49 for MTerra and 38 for MAqua). The NDSI at the
location of the camera traps was compared with the NDVI (<0.1) to corroborate snow
cover in pixels with uncertainty (according to the NDSI snow cover class bands from
MODIS (V6) about the snow presence [39]). The images from camera traps were classified
visually into four classes (0-25%, 50%, 75%, and 100% snow cover).

Local optimal thresholds of NDSI were determined by varying NDSI thresholds from
0 to 100 and creating binary SCA maps for each threshold. The accuracy of each map was
quantified using the ROC (Receiver-Operating-Characteristic) analysis following [19]. We
developed the workflow in RStudio 4.3.3 [40] using the pROC package [41]. The ROC
curve is a statistical analysis used to evaluate the relationship between the sensitivity
(true positive rate) as a function of false positive rate (1 — specificity) in different cut-off
points or thresholds [41]. The optimal NDSI threshold was defined with the Youden Index
(sensitivity + specificity —1), which represents the cut point of the maximum sensitivity and
SP metrics [42]. In this case, the NDSI threshold is reported on a scale of 0-100, according
to the scale used in the dataset of MODIS V6. In previous studies, NDSI values were
commonly reported between —1 and 1. In MODIS Collection 6, however, the NDSI is
rescaled to a 0-100 range [19].

The performance of the binary classification was assessed using the following metrics:
overall accuracy (OA), precision (P), specificity (SP), and sensitivity (S) (Appendix A.1:
Equations (A1)—(A4)).

2.2.2. SWE Reconstruction

The optimal NDSI threshold for each satellite was used to map SCA and to select days
with snowfall events, defined as days with precipitation greater than zero but temperature
lower than the temperature threshold for snow (<4 °C) [43] from the ERA5-Land dataset.
The SWE was reconstructed using the melt potential model (Table 2) for each pixel’s snow
cover depletion cover [21] for each snowfall event in the SSPM.

Table 2. Description of the variables used in the model of SWE reconstruction.

Reference Description of Variables Equation No.

Mp;: melting potential (mm/day)
Td;: mean daily air temperature (>0°).
Rmn: daily net radiation (w/ m?).
[21] DDF: the degree day factor (cm °C~! day ')
Mg;: the energy of water depth conversion
(0.026 cm W1 m~—2 day_l)
J: day of analysis

Mp] = Td] x DDF + (1)

pw: density of water

_ ps
ps: density of snow DDF=11 <ﬁ> &)

M; = melt potential generated by the energy
[21] exchange of the SCA M; = Mpj x SCA; (©)]
SCA, = the fractional snow cover area

SCAj=—0.01 + 145 x

[15] NDSI = values of NDSI (MTerra or MAqua) NDSI 4)
SWE: sum of the of the potential snowmelt for v .
[21] each snowfall event SWE =Y, -1 Mpj, ®)

We also compared SWE estimates from each satellite and assessed their diurnal differ-
ences by computing the mean of the MTerra and MAqua SWE estimates (hereafter referred
to as SWE match).
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2.3. Variation of SWE Reconstruction Between Climate Conditions

For the 20 water years of analysis, we identify wet, dry, and normal water years using
the Standardized Precipitation Evapotranspiration Index (SPEI), which is an indicator of
drought season in multiple years. The SPEI is the difference between precipitation and the
potential evapotranspiration to determine when a year is wet (>0.5), normal (—0.5 to 0.5),
or dry (<—0.5) [45,46]. These wet-dry periods were used to compare the SWE estimation in
ephemeral conditions in a Mediterranean climate and identify the years that could act as a
proxy for the possible effects of climate change in terms of snowmelt accumulation.

2.4. Cross-Validation of the SWE Reconstruction and Topographic Controls

Validation of the SWE reconstruction was carried out using in situ SWE measurements
taken in the SSPM National Park from December 2021 to March 2023 and K-fold cross-
validation. The K-fold method divides the dataset into equal subsets to generate a testing
and training dataset k times for validation [47]. The literature recommends using 5 or
10 k-folds, depending on the database and the computational resources [48]. We used 5
k-folds in the cross-validation. At the end, four metrics were calculated: R2 (determination
coefficient), RMSE (root mean square error), NRMSE (RMSE divided by the mean observed
SWE, resulting in a unitless metric), and the bias (prediction—observation).

2.5. Relationship Between Topographic Variables

Topographic variables (elevation, slope, and aspect) were estimated using a DEM
(Digital Elevation Model) from INEGI (National Institute of Statistics and Geography) with
a spatial resolution of 15 m (Figure 1). The aspect was transformed to a continuous gradient
as Northness and Eastness followed Equations (6) and (7). The values range between —1
and 1, where values near 1 indicate an aspect to the north (Northness) or east (Eastness).

Northness = cos (aspect) * sin (slope) (6)

Eastness = sin (aspect) * sin (slope) (7)

Multiple regression modeling was performed in RStudio to test the hypothesized
relationship between topographic variables and SWE. Statistical significance of regression
coefficients was assessed using t-tests (p-values). We hypothesized that higher SWE values
would occur on north-facing slopes and at higher elevations due to lower temperatures
and reduced solar radiation and on gentler slopes where snow redistribution is minimized.
Although vegetation strongly influences SWE in many mountain systems, forest density
in the SSPM is relatively low and spatially homogeneous compared to dense conifer
forests in temperate regions. Therefore, vegetation effects were not explicitly included
in the regression model but should be considered in future studies incorporating canopy
structure data.

3. Results
3.1. SCA Observations and the Optimal Threshold of NDSI

The NDSI-based snow presence and observed snow presence from camera traps had
81% overall accuracy for each satellite. The other assessment metrics differed between
the two satellites. For MTerra, both precision and specificity were 100%. For MAqua
observations, the precision was 89%, and the specificity was 96%, since at least one false
positive was found in the validation. The sensitivity was 52% and 57% for MTerra and
MAqua, respectively (Table 3), indicating that a little more than half of the images with
snow from the camera traps also had MODIS-indicated snow.
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Table 3. Classification performance metrics for MTerra and MAqua.
Observed Class MTerra MAqua
Snow No Snow Snow No Snow
Snow 10 9 8 6
No snow 0 30 1 23
OA (%) 82 82
P (%) 100 89
SP (%) 100 96
Sensitivity (%) 52 57
ROC-AUC 0.75 0.76
ROC-Optimal threshold 6.43 5.35

The optimal NDSI threshold in the SSPM was 6.43 for MTerra and 5.35 for MAqua.
These values had an area under the curve (AUC) of 0.75 (MTerra) and 0.76 (MAqua); this
means that for these NDSI thresholds, the probability of the model distinguishing between
the snow and no snow classes is 75% and 76% using MTerra and MAqua, respectively
(Table 3).

3.2. Interannual Variability of Ephemeral Snow and Its Water Equivalent

In the 20-year analysis of climatic variables (2003-2023), in the forest zone, the mean
annual precipitation from ERA-5 LAND was 300 mm, the mean minimum temperature
was 9 °C, and the maximum was 20 °C; in the winter, the mean precipitation was 111 mm,
the temperature was 8 °C, and the SCA percentage was around 25% per pixel (the highest
SCA was 73), which is equivalent to up to 180 mm depending on the climatic conditions.

Based on SPEI, the wettest water years (WWY) were 2005, 2010, 2015, 2019, and 2023,
while the driest water years (DWY) were 2003, 2007, 2011, 2012, 2018, 2021, and 2022. The
remaining years were classified as near-normal (NWY): 2004, 2006, 2008, 2009, 2013, 2014,
2016, 2017, and 2020.

Precipitation during the 20-year period exhibited clear seasonal partitioning between
summer and winter rainfall. In wet years, winter precipitation accounted for approximately
47% of the annual total, compared to 28% in dry years and 35% in normal years. The
contribution of SWE varied with climatic conditions; on average, across all years, snowfall
represented approximately 65% of winter precipitation (Figure 2). This corresponds to
approximately 12-20% of total annual precipitation depending on water year type.

Using the NDSI threshold, we identified 193 snowfall events, whose cumulative SWE
represents 18% of total precipitation, including 154 events identified with MTerra and 164
with MAqua. The years with the most events were 2010 and 2023 (14 events), and the
month with the most snowfall was February for both satellites (6 events in 2010 and 2023,
both considered as WWY).

The maximum total SWE occurred in the 2010 water year, with 192 mm and 122 mm
accumulated in MTerra and MAqua, respectively. The water years with the minimum
total SWE (non-zero) were 2018 (14 mm in MTerra) and 2015 (18 mm in MAqua). The
event with the maximum SWE was March 2020 for MTerra (76 mm) and February 2023 for
MAgqua (62 mm). In the case of the potential SWEmatch (average of MTerra and MAqua
estimations), the maximum SWE was February (59 mm in 2009), and the minimum non-zero
SWE occurred in December 2021 (4 mm, Figure 3c).
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Figure 2. Comparison of the time series (2003-2023) of the SPEI (color scale from red (DWY) to blue
(WWY) and mean air temperature (black solid line) in the SSPM (a). The mean SCA (dotted green line)
compared with mean SWE results (blue solid line) (b) and the proportion of rainfall for the summer

season (blue bar) and winter (light blue bar) per water year from the total annual precipitation (gray
bar) and its trend (dotted black line) (c).

There were statistically significant differences in SWE between WWY and DWY for
both satellites, according to the Wilcoxon test (W = 15797, and p < 0.001). In dry years, there
was a difference of up to 35% between the two satellite estimations of SWE, while in wet
years, the difference was 12%, compared to 33% in normal years. The mean SWE in WWY5s
was 21 mm higher (30%) than in NWY (mean = 70 mm), while in dry conditions, a deficit
of 15 mm (21%) is expected (Appendix A.2: Figure A2).

https://doi.org/10.3390/earth7020039


https://doi.org/10.3390/earth7020039

Earth 2026, 7, 39

90f19

5
D
5

o

SWE

mm/month
12 Il [

_.
=
N
=
|
||
-
|
30

[ ]

=
||
||
|
|l
N
8

Month

© O ~NO G BWwN
© O ND G BEWwN
o
=3

2005 2010 2015 2020 2005 2010 2015 2020
Year Year

@
=

-
=)
=3

M SWE #

[l SWE MAqua
B SWE MTerra
— SWE Match

SWE (mm)
8

3
<
@
1=
S
«

2005-04
05-
0
2006-12
2007-04
2007-12
2008-04
2008-12
2009-04
2009-12
2010-04
201112
2012-04
O 2012412
2013-12
2014-04
2014-12
2015-04
2015-12
2016-04
2016-12
2017-04
201712
2018-04
2018-12
2019-04
201912
2020-04
2020-12
2021-04
2021-12
2022-04
2022-12
2023-04

o
N
]
=3
S
«

2 2013-04

Figure 3. Interannual variability of SWE (mm) reconstruction of the forest zone in the SSPM using
MTerra (a) and MAqua (b) observations (scale color from light blue to dark blue), (c) the difference

(sky blue bar) between SWE results from MTerra (blue bar) and MAqua (light blue bar), and the
potential SWE by combining the SCA of both satellites (gray line).

3.3. Cross-Validation of SWE Reconstruction

SWE estimated by MAqua explains 62% of the variability in observed SWE, with an
RMSE of 0.54 mm and an NRMSE of 0.27 (Table 3). In the case of SWE by MTerra, the RMSE
was 0.66 mm, the NRMSE was 0.33, and the R? was 90%. Although MAqua presented
lower RMSE, MTerra explained a higher proportion of variance (R?). The potential SWE
using both satellites (SWE match) for the 20 years of analysis results in an RMSE of 0.76 mm
and NRMSE of 0.37, with 88% of SWE variability explained by the model. These results
suggest that MTerra-derived SWE aligns more closely with in situ observations, possibly
due to the timing of field measurements conducted in the morning corresponding more
closely with Terra’s overpass time (10:30-11:30) compared to Aqua (1:30-2:30 p.m.).

A positive bias of 0.05 mm was found with the SWE from MAqua, but using MTerra
or using both satellites together (SWE match), the SWE was slightly underestimated (biases
of —0.06 and —0.02 mm, respectively) (Table 4).

Table 4. Results of k-fold cross-validation of the SWE reconstruction and in situ dataset in the
National Park (NP).

NP In Situ Measurement (37 Samples)

R? Bias (mm) RMSE (mm) NRMSE
SWE MTerra 0.90 —0.06 0.66 0.33
SWE MAqua 0.62 0.05 0.54 0.27
SWEmatch 0.88 —0.02 0.76 0.37

3.4. Relationship Between SWE and Topographic Variables

In the forest, 84% of the total surface has slopes < 30°, and the exposure is preferentially
oriented to the southwest, and 4% of the area is flat (slope < 1°). The aspect with higher
SWE is to the west and south (Figure 4a,d). The highest SWE values are mostly located on
slopes < 10° in both satellites (Figure 4b,e).
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Figure 4. Topographic variables compared with the SWE reconstruction values in the forest zone.
SWE MTerra comparatives are in (a) aspect (Northness—Eastness), (b) slope (°), and (c) elevation
(m.a.s.l.); in the bottom panel are the MAqua estimations (d) aspect (Northness—-Eastness), (e) slope
(°), and (f) elevation (m.a.s.l.).

The forest elevation is between 2000 and 3098 m.a.s.l., and the elevations with relatively
high SWE from both MTerra and MAqua range between 2000 and 2600 m.a.s.l. (Figure 4cf).
In MTerra, the highest value of SWE is at 2233 m.a.s.l. oriented SW and a slope of 5°, and
the lowest non-zero value (1 mm) is at an altitude of 2322 m.a.s.l., oriented NE on a slope
of 27°; for MAqua values, the highest value (27 mm) is at 2112 m.a.s.l., oriented to NW,
on a slope of 7°, and the lowest values (2 mm) are at 2516 m.a.s.l., oriented to SW, on a
slope of 12°. Spatially, SWE tended to occur on gentle slopes and on west- to south-facing
aspects (Figure 4). However, in the multiple regression analysis (Table 5), Eastness was the
only statistically significant predictor for MTerra (p < 0.001), whereas elevation, slope, and
Northness were not significant. For MAqua, none of the analyzed topographic variables
were statistically significant.

Table 5. Coefficients of the multiple regression analysis between SWE values (MTerra and MAqua)
and the topographic variables (elevation, slope, and aspect).

SWE MTerra SWE MAqua

Estimate

Std.
Error

Std.
Error

t Value p-Value Estimate t Value p-Value

(Intercept)

5.18

3.31 1.56 0.120 2.46 0.55 441 1.86 x 107

Elevation

—0.04

0.06 —0.67 0.50 —0.01 0.01 —1.01 0.31

Slope

0.94

1.66 0.56 0.57 1.20 0.86 1.39 0.16

Northness

0.98

1.13 0.86 0.38 —-0.32 0.96 —0.33 0.73

Eastness

-5.72

1.42 —4.01 9.61 x 107° -1.85 1.00 —1.84 0.06

In the multiple regression analysis (Table 5), Eastness was significantly related to SWE
derived from MTerra (p < 0.001), with SWE decreasing by 5.72 mm (£1.42 mm) per unit
increase in Eastness. In contrast, the other topographic variables were not statistically
significant in MTerra observations. For MAqua, no significant relationship was found
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between SWE and the analyzed topographic variables. Overall, these results suggest
that the aspect was the dominant topographic control on SWE in the SSPM, particularly
for MTerra observations, while future studies should explore additional environmental
variables to better explain SWE variability derived from MAqua.

4. Discussion

We used the daily snow products of MODIS V6 to analyze the interannual variability
of the SWE in the SSPM. Diverse studies have explored different methodologies to improve
the SCA and SWE estimation on a global scale [49,50] and local scale [24,51], but there
is a gap of information about the impacts and snow dynamics in low tree density with
ephemeral snow.

4.1. SCA Observations

Estimates of SCA had an 81% overall accuracy compared with camera traps for both
satellites, but sensitivity was only around 52-57% to identify the presence of snow in
both datasets. The sensitivity values are significantly lower than those reported by Breen
et al. [19] in Scandinavia using camera traps and MODIS, who found a true positive
rate (sensitivity) of 88% using MTerra. One of the main reasons why the results are
significantly different from previous work is the number of cameras and images used for
the confusion matrix; in [19], hundreds of images were available from thousands of camera
traps distributed in their study area. In our case, fewer cameras and images (n = 87 images)
were available, and the cameras in the SSPM were preferentially located in the northern
part of the park. It was not possible to capture snow cover at many different elevations
and vegetation coverage. This suggests the need to expand the network of camera traps
or equipment for snow monitoring to gather more precise information about the snow
dynamics and impacts on ecosystems in the SSPM.

For the evaluation of accuracy between NDSI and absence/presence on the trap
images, we had fewer than 50 images from five winter seasons because we chose the trap
images closest to the time of satellite pass (MTerra and MAqua). The limited number
of images could influence the evaluation and the complexity of estimating the SCA in
ephemeral sites due to the shallow depth and heterogeneous distribution, as reported
in other studies [52,53]. In future studies in the SSPM, it will be necessary to carry out
field campaigns to estimate the snow depth, expand the network of camera traps, and
propose other techniques to estimate diverse snow metrics and dynamics on Mediterranean
mountains with ephemeral snow.

4.2. Optimal Threshold of NDSI

The optimal threshold of NDSI for the SSPM are 6.4 (MTerra) and 5.3 (MAqua),
which were below the thresholds reported in recent studies (10 to 41), as well as the
AUC results of 75% (MTerra) and 76% (MAqua). The optimal threshold of NDSI with
MODIS observations is sensitive to the depth of the snowpack, vegetation, and topographic
characteristics [17,18,54] and the altitude, snow depth, and latitude influence accuracy. The
authors of [18,19] found an agreement between the SCA products by MODIS (MTerra) and
the absence or presence of snow in images taken using camera traps and found an optimal
threshold of 40.51 in a closed forest and an optimal threshold of 41.5 in open areas, results
similar to the globally reported NDSI threshold reported by [55]. Our threshold NDSI
values (5-6) are much lower, probably due to the patchy nature of snow cover.

In China, a threshold of 10 is reported to be optimal for better accuracy [18], but the
threshold differs for each region, depth of snowpack, and vegetation. For example, using
MODIS V6, the optimal threshold of NDSI was 0.2 for forests in Morocco [16] and for
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thin snowpacks (<5 cm) in Italy [54]. In the results of our study and previous studies,
differences are observed between the optimal threshold of NDSI and the accuracy obtained
with MTerra and MAqua observations. According to [17], these differences are mostly in
zones with irregular snow conditions and shallow depths (1-5 cm). Our results establish
an important additional threshold of NDSI for ephemeral snowpacks.

In general, SWE depends on temperature and storm conditions [23]. In the SWE
reconstruction, the maximum SCA and SWE are in WWY and the minimum in DWY. The
mean percent difference between SCA or SWE from the MTerra and MAqua was 12% in
WWY and higher (35%) in DWY, likely because dry years include patchier snow cover. Dry
years may serve as analog conditions for potential warming-induced reductions in SWE
because of the increase in temperature, which accelerated the melting process. Increased
future temperatures would result in a decreased frequency of snowfall events, early melting,
which means earlier pulses of soil moisture but, potential water stress in vegetation by the
spring and summer. Continued research is needed to better understand the implications
of changing snow regimes for downstream water availability and ecosystem services that
support local communities.

In the study region (SSPM), snowfall only occurs in the winter and represents between
13% (DWY) and 22% (WWY) of annual precipitation, which is similar to other studies in
Mediterranean mountains, including [11], where the melt of ephemeral snow contributes
an average of 30% to annual discharge. Although dense forest cover typically reduces SWE
due to canopy interception, the relatively open conifer forest in the SSPM may promote
heterogeneous accumulation patterns, with localized retention due to shading depending
on slope and aspect [52].

The SWE reconstruction based on a mass ablation balance model typically has
high precision even in areas with scarce data and large basins [21-24]. According to the
cross-validation, the SWE estimate using MAqua had a better fit (RMSE = 0.54 mm and
NRMSE = 0.27) than SWE from MTerra (RMSE = 0.66 mm and NRMSE = 0.33) and from
SWEmatch (RMSE = 0.76 mm and NRMSE = 0.37). In general, the SWE response depends
on temperature and the timing of the storms [23], which was observed in the wet and
dry periods, as well as in the results between MODIS observations. Differences between
MTerra and MAqua estimates likely reflect diurnal melt processes, as Aqua overpasses oc-
cur approximately three hours later than Terra, potentially capturing additional snowmelt
during sunny days.

The accuracy of SWE reconstruction models depends on the quality and spatial repre-
sentativeness of temperature and radiation inputs [24]. Accounting for elevation-dependent
temperature variability during ERA5-Land downscaling enhances the physical realism of
the SWE reconstruction in this complex topographic setting, where ephemeral snow pro-
cesses are highly sensitive to small thermal gradients [38]. We used MODIS and ERA5-Land
as input datasets for SWE reconstruction; MODIS has demonstrated high reliability for
snow cover mapping even in forested areas [56], and ERA5-Land (11 km spatial resolution)
has shown strong performance for interannual variability analyses and for assessing trends
and correlations of snow cover in regions with limited in situ data [53,57].

4.3. Relationship Between Topographic Variables

The topographic influences on SWE differ between MTerra and MAqua. In MTerra,
SWE showed higher values on gentle slopes and on west-facing slopes (Table 5). The
maximum SWE was on slopes between 4° and 14°; by contrast, according to [57], the
maximum SCA was on slopes between 20° and 30° in the western Himalayas, but Kour
et al. [58] found that the maximum SCA was found on slopes of 5-10°, while Chu et al. [59]
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found the maximum SCA in 5-10° slopes and a strong influence of elevation, similar to our
results, which found the highest SWE on slopes less than 10° (Figure 4b,e).

In contrast to MTerra, SWE results derived from MAqua did not show a significant
relationship with any of the analyzed topographic variables. However, in some regions,
such as China, previous studies have reported that higher elevation is associated with
faster snowmelt [24]. Other studies have also found that elevation strongly influenced the
variability of snow accumulation, mainly due to temperature gradients and the timing of
storm events [23,51,58].

In forested and shrubland areas, aspect has been reported to be a controlling factor in
snow depth variability [60], with high variability of snowpack variability in north faces [61].
In the Sierra Nevada, California, the deepest snowpack was found on NW-facing slopes [60].
In the SSPM, we found that the highest SWE was in the SW-facing (MTerra) and NW-facing
slopes (MAqua), but the lowest was in the NE-facing slopes for both satellites (MTerra
and MAqua). Other studies found a greater SCA on north-facing slopes [57,59,62] or on
south- and east-facing slopes [56,61]. It is also possible that vegetation density differs
subtly between west- and east-facing slopes, influencing snow retention through shading
and interception effects. Detailed canopy structure analysis would be needed to test this
hypothesis. Broxton et al. [63] found that lower vegetation cover reduces the SWE on
south-facing slopes because shadows from vegetation reduce the melt flux, and in dense
forest, the SWE is lower than in sparse forest due to canopy interception [64].

5. Conclusions

We analyzed the interannual variability of SCA and SWE of ephemeral snow and its
distribution based on topographic variables in the SSPM forest. Local optimal thresholds of
NDSI were determined by varying NDSI thresholds from 0 to 100 and creating binary SCA
maps for each threshold. For the open forest in SSPM, we found thresholds of 6.4 (MTerra)
and 5.3 for MAqua, which is consistent with other locations with forest cover and/or
thin snowpacks.

Annual maximum values of SWE ranged from 14 mm to 190 mm, averaging about
55 mm in dry water years (DWY) and 91 mm in wet water years. The months with the
highest SWE values were March (MTerra) and February (MAqua). SWE was slightly
overestimated by MAqua (mean bias = 0.05 mm) and slightly underestimated by MTerra
(—0.06 mm), while the matched dataset showed a bias of —0.02 mm, reflecting sensitivity
to satellite overpass timing. Although overall accuracy in estimating SCA and SWE
was good, MODIS V6 sensitivity remains limited in ephemeral snow in low-density
forests; snowfall events were identified by combining NDSI-derived SCA with temperature
(<4 °C) and precipitation data from ERA5-Land to reduce false detections under marginal
thermal conditions.

We conclude that mapping SCA and SWE in dynamic ephemeral snow conditions must
take into account differences in overpass times of the satellite (MTerra or MAqua), combined
with the topographic characteristics and environmental variables. For SWE derived from
MTerra, aspect (Eastness) emerged as the only statistically significant topographic control
in the regression analysis, while slope and elevation showed non-significant tendencies.
The stronger topographic control observed in MTerra may be related to the closer alignment
between Terra overpass timing and morning field measurements, as well as reduced melt
effects earlier in the day.

For future investigations of snow cover and its snow water equivalent, it is essential to
augment the dataset of in situ measurements of snow depth and to increase the number of
camera traps along the SSPM, but preferably in other vegetation types and across different
topographic variables such as elevation, slope, and facing aspects, to improve the SWE
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estimates. It will be important to use different sources of information and methods like
machine learning and other emerging techniques in remote sensing (such as LiDAR, UAV
(Unmanned Aerial Vehicle) mapping, or GNSS-IR) to capture ephemeral snow dynamics.
Citizen science will be an important strategy to estimate ephemeral snow variables (snow
depth, snow phenology, or snow cover) through the involvement of the population that
visits the SSPM during the winter.

Finally, this work provides valuable information on SCA and the SWE in a location
where the field data is scarce to improve conservation strategies, management strate-
gies, and regulation of water resources in Mexican Mediterranean mountain areas with
ephemeral snow cover.
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Abbreviations

The following abbreviations are used in this manuscript:

SWE Snow water equivalent

ES Ephemeral snow

MODIS  Moderate-Resolution Imaging Spectroradiometer
SSPM Sierra de San Pedro Mértir

SCA Snow cover area

NDSI Normalized difference snow index

GEE Google Earth Engine

ROC Receiver-Operating-Characteristic

SPEI Standardized Precipitation Evapotranspiration Index

DWY Dry water year

WWY Wet water year

NWY Normal water year

RMSE Root mean square error

NRMSE Normalized root mean square error
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Appendix A
Appendix A.1

We use a confusion matrix to determine the optimal local threshold for ephemeral
snow using MODIS observations and images for a camera traps.

Table A1. Confusion matrix between MODIS observations and camera trap observations in the SSPM.

Predicted Classes (MODIS)

Actual classes (camera traps images) Snow No snow
Snow TP! FN 2
No snow FP3 TN 4

L'TP: true positive (actual and predicted class were snow); 2 FN: false negative (actual was snow and predicted
class was no snow); 3 FP: false positive (actual was no snow and predicted class were snow); * TN: true negative
(actual and predicted class were no snow).

To assess the performance of the binary classification we determine, the following
equations were used for each metric:

OA = TP+£\DI——|—|—YI;II\9]+ FN’ A
P = %fpp (A2)
SP = TNT—fFP (A3)
so T "

where TP is true positive, TN is true negative, FP is false positive, and FN is false negative.
Overall accuracy (OA) is the percentage of observations that are correctly classified; the
precision (P) is the ratio of the correct positives to the total number of positive observations;
specificity (SP) is the ratio of correct negatives to all negative classes in the classification
(Equation (A3)); and sensitivity (S) is the ratio of correct positives to all positives in the
classification (Equation (A4)).

The camera trap images capture the depletion of snowpack between the passage of
the MTerra and MAqua satellites (Figure A1).

01-04-2016 14:56:12

Figure Al. Example of one image taken from the camera trap in the SSPM: (a) morning image and
(b) evening image in an observed snowfall event.
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Appendix A.2

In addition to the clear differences between SCA and its SWE during satellite over-
passes, these differences become more evident under varying climatic conditions (wet,
normal, and dry years) (Figure A2).

SWE
(mm/pixel)

30

2018 DWY

0
SCA (%)
100

2013 NWY

2010 WWY

Figure A2. Spatial distribution of SCA and SWE from MTerra (a,b,e f,i,j) and MAqua (c,d,gh k1)
observations for a day with the highest values of SCA and SWE estimation in three different years.
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