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Abstract 17 

 18 

Remote sensing has become a key tool for monitoring snowline dynamics in the Andes, yet 19 
cross-study comparison remains limited by heterogeneous definitions, sensors, classification 20 
schemes and spatial scales. Drawing on more than 60 studies covering satellite data from 21 
1984 to 2025, spanning optical, SAR and hybrid approaches, and following a PRISMA-22 
informed structure, this review examines how snowline-related metrics are defined, applied 23 
and interpreted in Andean research, with emphasis on local snowline altitude, snow 24 
persistence and catchment- to regional-scale snowline elevation. Andean applications rely 25 
predominantly on MODIS-derived snow products and snow-persistence approaches, whereas 26 
fewer studies exploit Landsat, Sentinel-2 or SAR workflows to derive transferable metrics or 27 
uncertainty-aware frameworks. Reported trends in the extratropical Andes (29° - 37° S) range 28 
from 10 to 30 m yr⁻¹, but these estimates are not directly comparable because they derive 29 
from different metrics, sensors, temporal windows and aggregation rules. Comparability is 30 
further constrained by inconsistent terminology, variable thresholding, limited treatment of 31 
digital elevation model and mixed-pixel effects, and scarce in situ validation. Rather than 32 
identifying a single optimal metric, the evidence indicates that different approaches suit 33 
different objectives: local metrics for event-scale analyses, snow persistence for 34 
climatological zonation, and regional snowline elevation for basin-to-regional trend 35 
assessment. We identify four priorities: standardized terminology and metric reporting; 36 
explicit propagation of uncertainty; systematic ground-truth validation; and stronger 37 
integration of SAR and cloud-computing workflows. Reframing snowline monitoring as a 38 
problem of metric selection, scale, uncertainty and application provides a basis for more 39 
reproducible and hydrologically meaningful assessments of Andean snowline dynamics. 40 

 41 
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1. Introduction 56 

Mountain snow, and particularly the position of the snowline, exerts a first-order control on 57 
the timing and magnitude of meltwater delivery to downstream basins worldwide, not only 58 
in South America (Masiokas et al., 2020; Schauwecker et al., 2022). The Andean cryosphere 59 
spans seasonal snow cover, glaciers, mountain permafrost and specialized ice forms such as 60 
penitentes, making it one of the most diverse cryospheric settings on Earth (Masiokas et al., 61 
2020; Dussaillant et al., 2019). In semi-arid catchments, where precipitation falls in only a 62 
handful of winter storms, the altitude of the snowline and its seasonal evolution determine 63 
how much water is stored as snow and subsequently released during the spring and summer 64 
melt (Masiokas et al., 2020). 65 

This hydrological role is most acute in central Chile and western Argentina, where snow and 66 
ice underpin urban supply, irrigation and hydropower (Masiokas et al., 2006; Masiokas et al., 67 
2020; McCarthy et al., 2022). Between roughly 30° and 37°S, winter snow accumulation 68 
explains more than 85% of the interannual variability in mountain river discharge, a striking 69 
measure of how completely regional water security depends on seasonal snow storage 70 
(Masiokas et al., 2006). The recent central-Chile drought has exposed both sides of this 71 
dependence: the cryosphere buffers supply yet is itself highly vulnerable, and snow-72 
dominated basins in the extratropical Andes display a long hydrological memory that 73 
prolongs runoff deficits under sustained precipitation shortfalls (Garreaud et al., 2017; 74 
McCarthy et al., 2022; Álvarez-Garretón et al., 2021). 75 

Against this backdrop, satellite remote sensing has become the primary source of information 76 
on snow cover and snowline dynamics in the Andes, especially in data-scarce mountain 77 
regions (Dietz et al., 2012; Masiokas et al., 2020; Gascoin et al., 2024). Andean studies 78 
nonetheless diverge widely in their choice of sensors, spectral indices, cloud treatment, 79 
elevation models, thresholds and snowline metrics, which makes cross-study comparison 80 
difficult and often methodologically ambiguous (Dietz et al., 2012; Gascoin et al., 2024). 81 
This heterogeneity is not merely technical but conceptual: terms such as ZSL, SLA, TSL, 82 
SLE, RSLE, snow persistence, ELA and even the 0 °C isotherm is frequently treated as 83 
interchangeable despite denoting different processes, spatial supports and temporal meanings 84 
(Schauwecker et al., 2022; Hu et al., 2019; Dietz et al., 2025). 85 

Existing reviews offer valuable overviews of snow remote sensing, ranging from early 86 
syntheses of remote sensing, GIS and GPS in glaciology (Gao and Liu, 2001) and of global 87 
satellite-derived snow products (Frei et al., 2012) to more recent assessments of mountain-88 
snow methods (Dietz et al., 2012; Nolin, 2010; Hammond et al.,2018; Gascoin et al., 2024). 89 
They tend, however, to emphasize sensors or broad cryospheric change rather than 90 
systematically comparing how individual snowline metrics perform under Andean 91 
conditions. The unresolved problem is therefore not a shortage of studies but the absence of 92 
an explicit methodological framework for comparing robustness, reproducibility, 93 
uncertainty, scalability and operational relevance across snowline approaches. That gap is 94 
especially consequential in the Andes, where high relief, aridity, cloud contamination, mixed 95 
pixels, DEM sensitivity and scarce in situ validation strongly condition the interpretation of 96 
snowline products (Dietz et al., 2012; Choubin et al., 2019; Gascoin et al., 2024). 97 

This review addresses that gap by positioning itself explicitly as a methodological review of 98 
Andean snowline monitoring rather than a general cryospheric or climatic overview. 99 
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Following a PRISMA-informed reporting structure, we make the identification, selection and 100 
synthesis of studies transparent, and we compare snowline-related metrics and remote-101 
sensing methods by their definitions, scale dependence, uncertainty sources, validation 102 
requirements and fitness for different hydrological and climatic objectives (Page et al., 2021). 103 
Three questions organize the review: (1) how do local snowline altitude, snow persistence 104 
and SLE/RSLE-type metrics differ in conceptual meaning and robustness; (2) what 105 
methodological limitations affect optical, SAR and hybrid approaches in the Andes; and (3) 106 
what elements would constitute a more reproducible, uncertainty-aware and operationally 107 
relevant multi-sensor framework for Andean snowline monitoring (Page et al., 2021; 108 
Masiokas et al., 2020; Gascoin et al., 2024). 109 

2. Materials and methods. 110 

This review was structured using a PRISMA-oriented approach to improve transparency, 111 
reproducibility, and consistency in the identification, screening, classification, and synthesis 112 
of studies addressing snowline monitoring in the Andes and comparable mountain 113 
environments (Page et al., 2021). In this context, the review was designed not only to compile 114 
Andean case studies, but also to compare the methodological performance of snowline-115 
related metrics and sensors under the specific environmental constraints of high-relief, data-116 
scarce mountain regions (Masiokas et al., 2020; Gascoin et al., 2024). 117 

2.1 Literature search strategy. 118 

The literature search was conducted using major scientific databases such as Web of Science, 119 
Scopus, and Google Scholar, which together provide broad coverage of remote-sensing, 120 
cryosphere, hydrology, and mountain-environment studies. Search strings combined 121 
geographic, methodological, and metric-related terms, including “Andes”, “snowline”, 122 
“snowline elevation”, “regional snowline elevation”, “snow persistence”, “remote sensing”, 123 
“optical”, “SAR”, “Sentinel-2”, “Landsat”, and “MODIS”, together with commonly used 124 
metric variants such as ZSL, SLA, TSL, SLE, and RSLE (Hu et al., 2019; Dietz et al., 2025; 125 
Schauwecker et al., 2022). Because snowline terminology is not standardized across the 126 
literature, the search strategy explicitly incorporated synonymous or partially overlapping 127 
expressions to avoid excluding relevant studies that use different conceptual labels for similar 128 
snow-no snow interface metrics. 129 

2.2 Screening and eligibility criteria 130 

The search was designed to capture both Andean applications and methodological studies 131 
from other mountain regions, provided the latter offer transferable approaches to snowline 132 
detection, uncertainty assessment or metric evaluation (Tang et al., 2014; Hu et al., 2020; Liu 133 
et al., 2021). This broader inclusion is warranted because several methods now applied in the 134 
Andes, regional snowline elevation, scene-based optical delineation and snow-persistence 135 
zoning, were first developed or comparatively tested in other mountain settings before being 136 
adapted to Andean conditions (Krajčí et al., 2014; Moore et al., 2015; Aranda et al., 2023). 137 
The regional snowline-elevation approach, for instance, has been extended to characterize 138 
snowmelt-runoff events across European basins (Parajka et al., 2019) and combined with 139 
snow persistence to map snow regimes in the Himalaya (Dixit et al., 2024), illustrating the 140 
cross-regional transferability that this review exploits. The exact search period, the date of 141 
the last search and any language restrictions applied are reported in accordance with PRISMA 142 
principles (Page et al., 2021). 143 
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Study selection was performed in two consecutive stages: an initial title and abstract 144 
screening, followed by full-text assessment of potentially relevant records (Page et al., 2021). 145 
Studies were included when they: (i) address snowline, snow-cover dynamics, or snow 146 
persistence in mountain environments; (ii) use remote sensing, DEM-based analysis, or 147 
related geospatial methods; (iii) report or enable interpretation of metrics such as ZSL, SLA, 148 
TSL, SLE, RSLE, or SP; and (iv) either focus directly on the Andes or provide methods that 149 
are demonstrably transferable to Andean mountain conditions. Studies were excluded when 150 
they are purely climatological without a snowline-related metric, when they lack sufficient 151 
methodological detail, when they are duplicates, or when their scope does not contribute to 152 
the comparative methodological objectives of the review. Additionally, prior to formal title 153 
and abstract screening, 1,227 records retrieved by the database queries were excluded at a 154 
pre-screening stage because they addressed snowlines in non-terrestrial contexts (planetary 155 
bodies, comets, and stellar astrophysics), which fall outside the scope of this review. This 156 
pre-screening step reduced the de-duplicated pool from 1,781 to 554 records that underwent 157 
formal title and abstract assessment (see Figure 1 and Table 1). 158 

This screening logic is particularly important in the present review because the review 159 
distinguishes among multiple non-equivalent concepts, including ZSL, SLA, Transient 160 
Snowline (TSL), SLE, RSLE, ELA, and the 0 °C isotherm altitude, which are sometimes 161 
used inconsistently in the literature (Schauwecker et al., 2022; Hu et al., 2019; Dietz et al., 162 
2025). A PRISMA flow diagram (Figure 1) summarizes the number of records identified, 163 
screened, excluded, and finally included, thereby making the literature selection process 164 
explicit and reproducible. 165 

 166 
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Table 1. Literature search and screening summary 167 

Databa

se 

Search 

date 

Time 

windo

w 

Search 

string / 

keywords 

Record

s 

retriev

ed 

Duplicat

es 

removed 

Record

s 

screene

d 

Full-

text 

assesse

d 

Full-

text 

exclude

d 

Final 

include

d 

studies 

Web of 

Science 

Januar

y-2026 

2000-

2026 

(“snowline

” OR 

“snow 

line” OR 

“snowline 

elevation” 

OR 

“regional 

snowline 

elevation” 

OR “snow 

persistence

”) AND 

(“Andes” 

OR 

“Andean” 

OR 

mountain) 

AND 

(“remote 

sensing” 

OR optical 

OR SAR 

OR 

MODIS 

OR 

Landsat 

OR 

Sentinel) 

1773 0 546 464 446 18 

Scopus Januar

y-2026 

2000-

2026 

(“snowline

” OR 

“snow 

line” OR 

“snowline 

elevation” 

OR 

“regional 

snowline 

elevation” 

OR “snow 

persistence

362 354 8 8 0 8 
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” AND 

(Andes 

OR 

Andean 

OR 

mountain) 

AND 

(“remote 

sensing” 

OR optical 

OR SAR 

OR 

MODIS 

OR 

Landsat 

OR 

Sentinel)) 

Google 

Scholar 

March 

2026 

2000-

2026 

“Snowline

” OR 

“snow 

persistence

” OR 

“regional 

snowline 

elevation” 

Andes 

“remote 

sensing” 

(MODIS 

OR 

Landsat 

OR 

Sentinel 

OR SAR) 

664 664 0 0 0 0 

Total 2026 26   2799 1018 554 472 446 26 

168 
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 169 
Figure 1. PRISMA 2020 flow diagram for the identification, screening, eligibility 170 
assessment, and inclusion of studies on remote sensing methods for Andean snowline 171 
monitoring. Records were retrieved from Web of Science (n = 1,773), Scopus (n = 362), and 172 
Google Scholar (n = 664) in January-March 2026. Prior to formal title/abstract screening, 173 
1,227 records addressing non-terrestrial snowlines (astronomy and planetary science) were 174 
excluded at a pre-screening stage. A total of 26 studies met all inclusion criteria and are 175 
synthesized in this review. Full search strings and record counts by database are provided in 176 
Table 1. 177 

2.3 Study classification framework 178 

After screening, the selected studies were classified using a structured framework that reflects 179 
the analytical goals of this review rather than purely chronological or regional ordering. At 180 
minimum, the classification includes the following dimensions: (i) metric type, including 181 
local snowline metrics and temporally integrated metrics; (ii) satellite platform or sensor, 182 
such as MODIS, Landsat (sensors MSS/TM/ETM+/OLI), Sentinel-2 (sensor MSI), SAR, or 183 
multi-sensor fusion; (iii) spatial scale, from slope or glacier scale to basin and regional scale; 184 
(iv) validation approach, including in situ observations, photographs, reanalysis products, or 185 
indirect hydrological consistency; and (v) uncertainty treatment, including threshold 186 
sensitivity, DEM sensitivity, cloud contamination, mixed pixels, and cross-sensor 187 
inconsistencies (Dietz et al., 2012; Choubin et al., 2019; Gascoin et al., 2024). 188 

An additional classification level distinguishes studies according to their primary application 189 
objective, such as event-based snowline detection, climatological zonation, long-term trend 190 
analysis, or operational hydrological support. This distinction is necessary because there is 191 
no single universally best method for determining the snowline; rather, metric suitability 192 
depends strongly on the temporal scale, spatial scale, and decision context of the analysis.193 
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Table 2. Classification framework of reviewed studies 194 

Author 

(Year) 

Region / 

sector 

Metric 

type 

Satellite 

(sensor) / 

data 

source 

Resolu

tion 

Validatio

n 

Uncertai

nty 

treatme

nt 

Repor

ted 

trend / 

chang

e 

Primary 

applicati

on 

Saavedra 

et al. 

(2017) 

Andes 

(tropical-

Patagonia

), Andes 

(8-55°S) 

SP MODIS 500 m / 
Daily 
→ 
seasona
l 

Climatolo

gical 

consistenc

y 

Cloud 

gaps, 

temporal 

sampling 

- Climatolo

gical 

zoning 

Saavedra 

et al. 

(2018) 

Extratropi

cal Andes, 

Andes 

(south of 

29°S) 

SP / SLE MODIS 500 m / 

2000-

2016 

Indirect / 

climatolo

gical 

Limited 

explicit 

propagat

ion 

+10-30 

m yr⁻¹ 

SLE 

Trend 

Aranda 

et al. 

(2023) 

Central 

Andes 

(~33°S), 

Yeso 

River 

basin 

SP / SLE MODIS 500 m / 

2000-

2021 

Basin 

consistenc

y 

Cloud, 

DEM 

+21 m 

yr⁻¹ 

SLE 

Trend 

Dietz et 

al. 

(2025) 

Central 

Chilean 

Andes, 

Aconcagu

a-Maipo 

SLE Landsat 30 m / 

1985-

2024 

Noted in 

study 

Method-

depende

nt 

+9.8-

15.6 m 

yr⁻¹ 

SLE 

Trend 

Saavedra 

et al. 

(2026) 

Andes 

(Chile) 

SP / SCA MODIS 500 m / 

2000-

2025 

Cloud-

reduction 

validation 

Cloud 
(49→29
%) 

Contin

ued 

snow 

decline 

Zoning / 

trend 

Schauwe

cker et 

al. 

(2022) 

Dry 

subtropica

l Andes, 

Subtropic

al Chilean 

Andes 

ZSL / 

Z0° 

Sentinel-2 

+ stations 

+ ERA5 

10-20 

m / 

2011-

2021 

events 

Citizen 

science + 

stations 

Event-

scale 

ZSL 

below 

Z0° 

Event 

Cordero 

et al. 

(2019) 

Andes 

(tropical-

extratropi

cal), 

Andes 

(18-40°S) 

SCA 

(ZSL 

proxy) 

Landsat / 

MODIS 

30-500 

m / 

1986-

2018 

Limited Fixed-

threshold 

bias 

Declini

ng 

snow-

cover 

extent 

Trend 

Cortés et 

al. 

(2014) 

Extratropi

cal Andes 

(32-38°S) 

FSC 

(sub-

pixel) 

Landsat 

5/7 

30 m / 

1986-

2013 

High-

resolution 

imagery 

Unmixin

g / 

endmem

ber 

Declini

ng 

min. 

snow/i

ce 

Trend 

Cortés 

and 

Margulis 

(2017) 

Extratropi

cal Andes 

SWE 

(assimila

tion) 

Landsat + 

reanalysis 

~100-

500 m / 

1985-

2015 

Reanalysi

s / in situ 

Model + 

observati

on error 

- Hydrolog

y 
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Veettil et 

al. 

(2016) 

Tropical 

Andes 

(Peru), 

Cordillera 

Blanca 

Annual 

max 

snowline 

(TSL) 

Landsat 30 m / 

1984-

2015 

Glacier 

records 

Scene 

availabili

ty 

Rising 

end-of-

summe

r 

snowli

ne 

Trend 

Klein 

and 

Isacks 

(1999) 

Tropical 

Andes 

(Bolivia/P

eru), 

Zongo / 

Quelccay

a 

TSL 

(spectral 

unmixing

) 

Landsat 

TM 

30 m / 

Event 

Mass-

balance 

ELA 

Endmem

ber 

selection 

- Event 

Rabatel 

et al. 

(2012) 

Tropical 

Andes, 

Outer 

tropics 

TSL → 
ELA 

Landsat / 

SPOT 

10-30 

m / 

Annual 

Glacier 

mass 

balance 

Snowlin

e-ELA 

offset 

- Zoning 

Carrasco 

et al. 

(2008) 

Southern 

Andes, 

western 

side 

ELA (0 

°C 

isotherm) 

Radioson

de + 

surface 

- Surface 

stations 

- Rising 

ELA 

(secula

r) 

Trend 

(atmosphe

ric proxy) 

MacFee 

et al. 

(2025) 

SH 

glaciers 

(incl. 

Andes) 

Glacier 

snowline 

altitude 

MODIS 500 m - - Broadl

y 

rising 

SLA 

Trend 

(hemisphe

ric) 

Krajčí et 

al. 

(2014) 

Analogue 

(Europe) 

Carpathia

ns 

RSLE MODIS 500 m / 

Daily 

Runoff 

consistenc

y 

DEM, 

classifica

tion 

- Trend 

Parajka 

et al. 

(2019) 

Analogue 

(Europe) 

European 

basins 

RSLE MODIS 500 m / 

Daily 

(events

) 

Runoff DEM, 

clouds 

- Hydrolog

y 

Hu et al. 

(2019) 

Analogue 

(Europe) 

European 

mountains 

RSLE Landsat 30 m / 

1984-

2018 

- DEM, 

classifica

tion 

- Trend 

Hu et al. 

(2020) 

Analogue 

(Alps) 

European 

Alps 

RSLE Landsat 30 m / 

1985-

2018 

- DEM, 

clouds 

- Trend 

Tang et 

al. 

(2014) 

Analogue 

(HMA), 

Tibetan 

Plateau 

SLA MODIS 

FSC 

500 m / 

2001-

2013 

- Cloud, 

DEM 

- Trend 

Liu et al. 

(2021) 

Analogue 

(HMA), 

Eastern 

Tibetan 

Plateau 

SLA Landsat 

(GEE / 

Otsu) 

30 m / 

1995-

2016 

- Threshol

d, 

geometr

y 

- Trend 

Dixit et 

al. 

(2024) 

Analogue 

(HMA), 

Indus-

Ganga-

SP / 

RSLE 

MODIS 500 m / 

2003-

2021 

Köppen 

zones 

Cloud, 

threshold 

- Zoning / 

trend 
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Brahmapu

tra 

Racovite

anu et al. 

(2019) 

Analogue 

(HMA), 

Karakora

m-E. 

Himalaya 

SLA 

(automat

ed) 

Landsat / 

ASTER 

15-30 

m / 

End-of-

season 

DEM / 

visual 

DEM, 

clouds 

- Event 

Wu et al. 

(2014) 

Analogue 

(HMA), 

Tien Shan 

SLA → 
ELA 

HJ-1 30 m / 

2009-

2010 

In situ 

ELA 

SLA-

ELA 

mismatc

h 

- Event 

Hammon

d et al. 

(2018) 

Analogue 

(global) 

SP MODIS 500 m / 

2001-

2016 

- Gap-

filling 

- Zoning / 

trend 

Callegari 

et al. 

(2016) 

Analogue 

(Alps), 

European 

Alps 

TSL 

(PolSAR

) 

SAR 

(RADAR

SAT-2) 

~10 m / 

Event 

Reference 

maps 

Geometr

y, 

classifica

tion 

- Event 

Snauffer 

et al. 

(2018) 

Analogue 

(N. 

America), 

British 

Columbia 

SWE 

(ML 

fusion) 

Multi-

source + 

ML 

Gridde

d / 

Annual 

Station 

SWE 

Training 

bias 

- Hydrolog

y 

Bonnell 

(2024) 

Analogue 

(N. 

America), 

Western 

US 

SWE (L-

band 

InSAR) 

Airborne / 

UAVSAR 

<500 m 

/ 

Weekly 

In situ / 

GPR 

Phase, 

snow 

density 

- Snow-

state 

Portenier 

et al. 

(2022) 

Analogue 

(Alps), 

Swiss 

Alps 

RSLE 

(webcam

s) 

Public 

webcams 

Variabl

e / Sub-

daily 

DEM-

projected 

Viewpoi

nt, 

mapping 

- Event 

 195 

2.4 Evidence synthesis criteria 196 

The synthesis of evidence was guided by a comparative methodological perspective focused 197 
on robustness, reproducibility, uncertainty, scalability, and suitability for trend detection. In 198 
practical terms, each study was assessed according to its sensitivity to cloud contamination, 199 
topographic shadowing, DEM quality, threshold choice, mixed-pixel effects, temporal 200 
compositing strategy, and validation support, because these factors strongly affect the 201 
interpretation of snowline products in the Andes (Dietz et al., 2012; Harer et al., 2018; 202 
Choubin et al., 2019; Gascoin et al., 2024). 203 

Within this framework each metric is treated as a distinct analytical tool rather than a label 204 
for a single phenomenon; the metric-by-metric comparison is developed in Section 4, and the 205 
classification dimensions are summarized in Table 2. Where persistent cloud cover limits 206 
optical products, SAR and optical-SAR fusion is noted as complementary sources, although 207 
their Andean use remains comparatively limited. The aim of overarching is to identify which 208 
combinations of metrics, sensors and processing strategies are most reproducible and 209 
operationally meaningful for Andean snowline monitoring. 210 
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3. Conceptual framework: Andean cryosphere and snowline metrics. 211 

3.1 The Andean cryosphere and its hydrological role 212 

The Andean cryosphere encompasses every component of the Earth system in which water 213 
occurs in solid form, seasonal snow, glaciers, permafrost and other frozen materials in the 214 
atmosphere, on land and in the oceans (Masiokas et al., 2020). Spanning more than 60° of 215 
latitude, this domain is exceptionally diverse, ranging from tropical high-elevation glaciers 216 
through the extensive temperate ice fields of Patagonia, where twentieth-century glacier 217 
recession is well documented (Masiokas et al., 2008), to the seasonally snow-covered 218 
mountains of the semi-arid sectors (Masiokas et al., 2020; Dussaillant et al., 2019). The 219 
resulting latitudinal and altitudinal gradients generate a strongly heterogeneous cryospheric 220 
mosaic in which snow and ice regimes change markedly both along and across the range 221 
(Masiokas et al., 2020). In the tropical Andes this gradient is also ecological: the snowline 222 
and the treeline together bound the habitable mountain landscape and respond jointly to 223 
climate variability (Young et al., 2016). 224 

Hydrologically, the Andean cryosphere acts at once as a seasonal snow reservoir and as a 225 
longer-term ice store that buffers downstream flow (Masiokas et al., 2020). This dependence 226 
is strongest in the semi-arid sectors of central Chile and western Argentina, where solid 227 
precipitation above the snowline governs most of the interannual variability in river discharge 228 
(Masiokas et al., 2006). Changes in snow and ice storage therefore propagate directly to urban 229 
supply, irrigation, hydropower and other water-dependent sectors in the adjacent lowlands 230 
(Masiokas et al., 2020; McCarthy et al., 2022). 231 

The recent central-Chile drought has laid bare the vulnerability of this system: as snowfall 232 
declined, glacier melt became a non-negligible contributor to river flow during prolonged 233 
precipitation deficits (Garreaud et al., 2017; McCarthy et al., 2022). Snow-dominated 234 
catchments between about 30° and 35°S likewise reveal a long hydrological memory, in 235 
which groundwater-supported baseflow and carry-over snowmelt amplify runoff deficits 236 
during extended dry spells (Álvarez-Garretón et al., 2021). Within this setting, the altitude of 237 
the snowline and its seasonal evolution emerge as sensitive indicators of both climate forcing 238 
and hydrological response in Andean basins (Masiokas et al., 2020). 239 
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3.2 Snowline, freezing level and equilibrium line altitude 240 

 241 
Figure 2. Conceptual diagram illustrating the vertical relationships among three key 242 
mountain cryosphere metrics over the central Chilean Andes (29°-37°S). The Equilibrium 243 
Line Altitude (ELA, purple line) marks the glacier surface where annual mass accumulation 244 
equals ablation. The 0°C isotherm altitude (Z0°, red dashed line) represents the altitude in 245 
the free atmosphere where air temperature is exactly 0°C, marking the level at which falling 246 
precipitation transitions from snow to rain. The Local Snowline Altitude (ZSL, blue line) is 247 
the actual lower boundary of visible seasonal snow cover on the mountain slope. During 248 
precipitation events, ZSL is observed at an average of ≈280m below Z0° due to mesoscale 249 
cooling from melting hydrometeors and adiabatic cooling of orographically lifted air 250 
(Schauwecker et al., 2022). The vertical arrow indicates this mean offset. The summary table 251 
(bottom) compares the three metrics by domain, definition, primary driver, and temporal 252 
scale. 253 

The snowline is most defined as the lower altitudinal limit of seasonal snow cover on a 254 
mountain slope after a precipitation or melt event, that is, the visible surface boundary 255 
between snow-covered and snow-free terrain (Schauwecker et al., 2022). Its position 256 
integrates the atmospheric and surface controls operating during storm and melt episodes, 257 
precipitation phase, advection, radiative exchange and terrain-controlled microclimates 258 
(Schauwecker et al., 2022). Importantly, the climatic sensitivity of this boundary is not fixed 259 
but varies with the moisture regime. In the central Andes, Klein et al. (1999) showed that 260 
snowlines in the humid eastern cordillera lie close to the mean annual 0 °C isotherm and 261 
respond mainly to temperature, whereas in the more arid western cordillera they rise far 262 
higher and are governed primarily by accumulation. ZSL therefore captures an instantaneous, 263 
event-specific boundary whose very drivers are spatially variable, whereas snow-persistence 264 
and regional-elevation metrics integrate this signal over longer windows and broader spatial 265 
supports. 266 
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The altitude of the 0 °C isotherm (Z0°) is frequently used as a proxy for the rain-snow 267 
transition, yet it is not equivalent to the surface snowline (Minder et al., 2011; Minder and 268 
Kingsmill, 2013; Schauwecker et al., 2022). Mesoscale processes, isothermal layers, variable 269 
lapse rates, windward -leeward contrasts and cold-air pooling, can displace the freezing level 270 
from the actual surface snowline by several hundred meters, particularly in the steep, narrow 271 
valleys typical of the Andes (Minder et al., 2011; Minder and Kingsmill, 2013; Schauwecker 272 
et al., 2022). This offset is not merely theoretical: in the dry subtropical Chilean Andes, 273 
Schauwecker et al. (2022) found that event snowlines typically lie below the 0 °C isotherm, 274 
so substituting Z0° directly for snowline position introduces systematic conceptual and 275 
operational mismatches. 276 

The snowline is likewise related to, but not interchangeable with, the equilibrium-line altitude 277 
(ELA) of glaciers. Whereas ZSL marks an instantaneous lower boundary of seasonal snow, 278 
the ELA is the spatially averaged altitude at which glacier surface mass balance is zero over 279 
a defined interval, separating the accumulation and ablation zones (Masiokas et al., 2020). 280 
The two are physically coupled: Condom et al. (2007) reconstructed the ELA across the entire 281 
Andes (10°N-55°S) from the 0 °C isotherm altitude and precipitation, and the end-of-summer 282 
transient snowline is widely treated as a proxy for the ELA on individual glaciers. That proxy 283 
relationship is not universal, however. Wu et al. (2014) demonstrated in the Tien Shan that 284 
the optically derived snowline can depart substantially from the in-situ ELA where 285 
accumulation and ablation occur simultaneously throughout the year, a caveat that is directly 286 
relevant to the semi-arid Andes. In the central Chilean Andes, ELA reconstructions from 287 
atmospheric variables reveal upward shifts consistent with regional warming since the late 288 
twentieth century (Carrasco et al., 2005, 2008; Barría et al., 2019). Hydrologically, the 289 
snowline and the ELA jointly govern the altitudinal distribution of seasonal snow and 290 
perennial ice, and hence the timing and magnitude of meltwater delivery to rivers (Masiokas 291 
et al., 2006; McCarthy et al., 2022). 292 

Throughout this review, ZSL denotes local, scene-based estimates of the lower snow 293 
boundary, whereas SLE and RSLE are reserved for catchment- and regional-scale metrics 294 
derived from the joint elevation distribution of snow-covered and snow-free pixels (Hu et al., 295 
2019; Dietz et al., 2025). The distinction matters because the single term “snowline” can 296 
denote different spatial supports and aggregation rules depending on the method applied. 297 
Table 3 fixes these conceptual differences before the methodological comparison developed 298 
in Section 4.299 
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Table 3. Conceptual distinctions among snowline-related metrics used in this review 300 

Concept / 

metric 

Operational 

definition 

Spatial 

scale 

Temporal 

scale 

Relation 

to 

snowline 

Main 

sensitivity 

Best suited 

use 

Local 

Snowline 

Altitude 

(ZSL) 

Lower 

boundary of 

visible 

seasonal 

snow in a 

single scene, 

derived from 

direct 

delineation 

or 

thresholding 

of the snow-

land 

transition. 

Hillslope / 

sub-basin / 

single 

glacier 

Event / 

instantaneou

s 

Direct 

surface 

snowline 

estimate 

Clouds, 

shadows, 

subjective 

delineation, 

sub-pixel 

heterogeneity 

Event-based 

monitoring 

and individual 

storm or melt 

episodes 

Snowline 

Altitude / 

Transient 

Snowline 

(SLA / 

TSL) 

Snowline 

extracted 

from an 

individual 

optical 

image, often 

after cloud 

masking and 

elevation 

filtering. 

Hillslope / 

glacier / 

small 

catchment 

Event / 

seasonal 

Direct but 

scene-

specific 

snowline 

estimate 

Viewing 

geometry, 

cloud 

contamination

, pixel mixing 

Short-term 

snowline 

dynamics and 

seasonal melt 

evolution 

0 °C 

Isotherm 

Altitude 

(Z0°) 

Altitude in 

the free 

atmosphere 

where air 

temperature 

reaches 0 °C. 

Atmospheri

c column / 

basin 

Hourly to 

daily 

Proxy, not 

equivalen

t to 

surface 

snowline 

Lapse rate 

variability, 

cold-air 

pooling, 

terrain effects 

Meteorologica

l context for 

rain-snow 

transition 

Equilibriu

m Line 

Altitude 

(ELA) 

Altitude 

where 

glacier mass 

balance is 

zero over a 

defined 

period, 

separating 

accumulatio

n and 

ablation 

zones. 

Glacier / 

glacierized 

basin 

Annual to 

multiyear 

Related to 

snowline, 

but not 

equivalen

t 

Climate 

forcing, 

glacier 

geometry, 

accumulation-

ablation 

balance 

Glacier-

climate studies 

and long-term 

mass-balance 

interpretation 

Snowline 

Elevation 

(SLE) / 

Regional 

Snowline 

Elevation 

(RSLE) 

Catchment- 

or region-

scale 

snowline 

derived from 

the elevation 

distribution 

of snow-

covered and 

Catchment / 

regional 

Seasonal / 

multiyear 

Regional 

snowline 

metric 

DEM quality, 

classification 

errors, 

topographic 

heterogeneity 

Trend 

detection and 

inter-basin 

comparison 
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snow-free 

pixels. 

Snow 

Persistence 

(SP) 

Fraction of a 

period 

during which 

a pixel 

remains 

snow 

covered. 

Pixel / grid-

cell / region 

Seasonal / 

annual 

Indirect 

snowline 

descriptor 

through 

snow 

zoning 

Cloud gaps, 

temporal 

sampling, gap-

filling 

assumptions 

Snow-climate 

zonation and 

climatological 

snow 

distribution 

 301 

3.3 Recent snowline changes: climatic drivers and global context 302 

Snowline variability in the Andes is governed by regional and large-scale climate models 303 
that modulate both precipitation and temperature. The El Niño-Southern Oscillation (ENSO) 304 
and the Southern Annular Mode (SAM) strongly condition snow accumulation by shifting 305 
storm tracks, moisture transport and freezing-level heights (Garreaud, 2009; Masiokas et al., 306 
2020). South of about 35°S, the extratropical westerlies dominate, delivering abundant 307 
snowfall on the windward Chilean flank while casting a heavy rain shadow over leeward 308 
Argentina (Viale et al., 2019b). Over recent decades a positive SAM trend has pushed the 309 
westerlies poleward, reducing cold-season precipitation and raising freezing levels across 310 
central Chile (Cordero et al., 2019; Garreaud et al., 2017). 311 

These circulation changes coincided with the onset, since 2010 of the unprecedented central-312 
Chile megadrought-sustained precipitation deficits, elevated temperatures and a marked 313 
decline in low-elevation snow events (Cordero et al., 2019; Garreaud et al., 2017). Under 314 
such conditions the snowline migrates upward, the snow season shortens and the extent of 315 
seasonal snow contracts, most sharply in basins whose climatological snowline already sits 316 
close to the 0 °C isotherm (Masiokas et al., 2020). The consequences are amplified in semi-317 
arid basins, where snow storage carries a disproportionate share of the seasonal water supply 318 
and small upward shifts in snowline position translate into large changes in meltwater 319 
availability. 320 

Satellite-based analyses for the extratropical Andes between roughly 29° and 36°S have 321 
reported upward trends in snowline metrics on the order of 10-30 m yr⁻¹ over recent decades, 322 
consistent with regional warming and rising freezing-level heights (Saavedra et al., 2018; 323 
Dietz et al., 2025). However, these rates should be interpreted cautiously because they are 324 
not directly comparable across metrics, sensors, time periods or aggregation rules. For that 325 
reason, this review treats the reported trends as evidence of a persistent upward tendency 326 
rather than as a single uniform rate for the entire Andes. 327 

Comparable patterns of rising snowlines and shortening snow seasons have been documented 328 
across other mountain ranges, including the European Alps and High Mountain Asia, where 329 
regional snowline-elevation metrics prove especially sensitive to warming in mid-latitude 330 
and maritime-influenced settings (Hu et al., 2020; Prein and Heymsfield, 2020; Liu et al., 331 
2021; Bernat et al., 2025). Indeed, the upward migration of the high-mountain snowline has 332 
been characterized as a global imprint of atmospheric warming (Li et al., 2026), while snow 333 
droughts have lengthened and intensified across several hotspots over recent decades 334 
(Huning and AghaKouchak, 2020). These analogues situate the Andean signal within a 335 
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broader global pattern and reinforce the value of robust, regionally consistent metrics such 336 
as SLE and RSLE for detecting and comparing change across climatic regimes.  337 

 338 

4. Remote sensing methods for snowline detection 339 

Remote sensing products such as MODIS were designed to provide automated, consistent 340 
inputs for climate studies, with improved snow-cloud discrimination and quality-assessment 341 
information compared with earlier operational products (Hall et al., 2002). Building on this 342 
foundation, Krajčí et al. (2014) introduced Regional Snowline Elevation (RSLE) as a 343 
catchment-scale metric derived from MODIS imagery for seasonally snow-covered 344 
mountain basins. Their method identifies the elevation at which the number of snow-covered 345 
pixels below a given altitude equals the number of snow-free pixels above it, thereby 346 
maximizing the correspondence between topography and snow-cover patterns. RSLE 347 
therefore provides a topography-aware snowline metric that integrates information from 348 
many pixels and reduces sensitivity to local cloud contamination and small-scale terrain 349 
effects. 350 

4.1 Historical development of optical snowline metrics 351 

The most widely used technique for snow cover mapping from optical satellite sensors is the 352 
Normalized Difference Snow Index (NDSI), which exploits the high reflectance of snow in 353 
visible wavelengths and its strong absorption in shortwave infrared bands. Salomonson and 354 
Appel (2004) showed that MODIS-based NDSI, when combined with threshold tests, 355 
provides robust automated binary mapping of snow cover and established relationships 356 
between NDSI values and fractional snow cover within 500 m pixels. This work extended 357 
the binary snow-mapping approach underlying operational products such as MOD10A1 (Hall 358 
et al., 2002) and marked a transition from binary snow/no-snow classification toward sub-359 
pixel representations of snow cover that are essential for snowline detection in heterogeneous 360 
terrain. 361 

Binary snow maps alone, however, do not resolve the geometry of the snowline, especially 362 
in narrow valleys, complex topography, and partially cloud-covered scenes. This limitation 363 
motivated the development of metric-specific approaches such as Regional Snowline 364 
Elevation (RSLE), snowline altitude (SLA) and transient snowline (TSL), which use 365 
elevation information to translate snow-cover distributions into snowline estimates. 366 

Complementary scene-based approaches extract snowline altitude from individual optical 367 
images, typically combining cloud-filtered fractional snow-cover products with digital 368 
elevation models. An early Andean example is the spectral mixture analysis of Klein and 369 
Isacks (1999), who unmixed Landsat TM imagery to locate the transient snowline on tropical 370 
glaciers in Bolivia and Peru and showed that the end-of-summer snowline approximates the 371 
equilibrium line. Subsequent work has automated the delineation: Tang et al. (2014) derived 372 
a snowline-altitude field over the Tibetan Plateau for 2001-2013 from cloud-removed 373 
MODIS fractional snow cover and a DEM, revealing strong seasonal and interannual SLA 374 
variability and high correlations with melt-season temperature, while Racoviteanu et al. 375 
(2019) developed an automated algorithm to estimate snowline altitudes from optical 376 
imagery across High Mountain Asia. Comparable automated pipelines have been built 377 
specifically for glaciers: Rastner et al. (2019) mapped glacier snow cover and computed 378 
snowline altitudes from multi-temporal Landsat, and Shea et al. (2013) derived regional snow 379 
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lines from MODIS to constrain glacier mass change in western North America; earlier still, 380 
Turpin et al. (1997) used satellite-observed snowline rise to calibrate a glacier runoff model, 381 
an early demonstration of the metric’s hydrological value. Together these developments mark 382 
the shift from mapping snow presence alone toward deriving standardized, comparable 383 
snowline metrics across seasons, basins and climate regimes. 384 

 385 
Figure 3. Integrated multi-sensor framework for Andean snowline monitoring, organized 386 
into five thematic blocks: (1) climate drivers and context (ENSO, SAM, PDO/IPO and the 387 
subtropical megadrought); (2) remote-sensing methods (optical constellations, 388 
microwave/SAR sensing and hybrid machine-learning approaches); (3) snowline metrics 389 
(ZSL, RSLE and snow-persistence zones); (4) validation and uncertainty (UAV/CubeSat 390 
ground truth, DEM error and threshold sensitivity); and (5) applications (climate-trend 391 
detection and streamflow forecasting). 392 

4.2 Snowline metrics and their robustness under Andean conditions 393 

Although several remote-sensing metrics are used to characterize the snowline, they are not 394 
methodologically equivalent and should not be interpreted as interchangeable under Andean 395 
conditions (Krajčí et al., 2014; Hu et al., 2019; Dietz et al., 2025). A central issue for this 396 
review is therefore not only how each metric is calculated, but also how each one responds 397 
to the main sources of uncertainty that affect snowline monitoring in the Andes, including 398 
cloud contamination, mixed pixels, DEM quality, threshold dependence and limited ground 399 
validation (Dietz et al., 2012; Choubin et al., 2019; Gascoin et al., 2024). From this 400 
perspective, the robustness of a snowline metric depends on its sensitivity to local noise, its 401 
capacity to scale across basins and climatic sectors, and its suitability for detecting long-term 402 
changes rather than isolated events. 403 

Local snowline altitude (ZSL) is the most intuitive metric because it attempts to delineate the 404 
visible transition between snow-covered and snow-free terrain in individual scenes 405 
(Schauwecker et al., 2022; Tang et al., 2014). This makes ZSL useful for event-based 406 
analyses, storm reconstruction and high-resolution interpretation of hillslope-scale 407 
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variability, particularly when Landsat or Sentinel-2 imagery is available (Tang et al., 2014; 408 
Xiao and Liang, 2024). However, its apparent simplicity masks substantial methodological 409 
fragility: ZSL is highly sensitive to partial cloud cover, terrain shadows, viewing geometry, 410 
sub-pixel heterogeneity and operator decisions regarding which boundary pixels represent 411 
the actual snowline (Dietz et al., 2012; Choubin et al., 2019; Gascoin et al., 2024). In steep 412 
Andean terrain, these factors can introduce strong scene-to-scene noise and limit the 413 
reproducibility of multi-decadal time series based on local delineations alone (Dietz et al., 414 
2012; Choubin et al., 2019). 415 

Catchment- and regional-scale metrics such as SLE and RSLE were developed to reduce this 416 
sensitivity to local noise by aggregating snow-cover information across many pixels and 417 
explicitly linking snow distribution to elevation (Krajčí et al., 2014; Hu et al., 2019; Dietz et 418 
al., 2025). In RSLE, the objective is not to trace a visible line on a single slope, but to identify 419 
the elevation that best separates snow-covered terrain below from snow-free terrain above at 420 
the basin or regional scale (Krajčí et al., 2014). This aggregation reduces the influence of 421 
local cloud contamination, isolated misclassified pixels and small-scale terrain heterogeneity, 422 
making SLE/RSLE more suitable for interannual comparison and trend detection across 423 
multiple basins (Krajčí et al., 2014; Aranda et al., 2023; Dietz et al., 2025). Even so, these 424 
metrics are not uncertainty-free, because their performance depends strongly on DEM 425 
resolution, vertical accuracy and the way snow/no-snow classifications are generated from 426 
optical data (Choubin et al., 2019; Dietz et al., 2012). In the Andes, where slopes are steep 427 
and relief is high, DEM errors and threshold choices can propagate into vertical snowline 428 
uncertainties of tens to hundreds of metres if they are not explicitly evaluated (Choubin et 429 
al., 2019; Harer et al., 2018). A recent Andean refinement of this family is the Maximum 430 
Dissimilarity Method (MDM) of Aranda et al. (2023), which retrieves SLE from MODIS 431 
even on cloudy days and over largely snow-covered basins by selecting the elevation that 432 
maximizes the statistical dissimilarity between snow and snow-free bands. Benchmarked 433 
against the regional snow-line elevation estimation method in a snowmelt-driven basin of the 434 
central Chilean Andes, the MDM recovered a coherent 22-year series and an upward SLE 435 
trend of about 21 m per year, illustrating how Andean studies are beginning to adapt, rather 436 
than merely import, regional snowline algorithms. 437 

Snow persistence (SP) metrics provide a different but complementary perspective by 438 
integrating snow occurrence through time rather than estimating a snowline from a single 439 
image (Moore et al., 2015; Saavedra et al., 2017; Hammond et al., 2018). In this framework, 440 
the relevant variable is the fraction of a season or year during which each pixel remains snow-441 
covered, allowing the delineation of intermittent, transitional and persistent snow zones 442 
(Moore et al., 2015; Saavedra et al., 2017). Because SP reduces dependence on individual 443 
scenes, it is less vulnerable than ZSL to transient cloud conditions and isolated classification 444 
errors, and it is especially useful for climatological zonation and long-term regional 445 
comparison (Saavedra et al., 2017; Hammond et al., 2018; Aranda et al., 2023). This is 446 
particularly relevant in the Andes, where SP-based approaches have been used to define 447 
snowline elevation from persistence thresholds and to detect upward migration of snow zones 448 
over recent decades (Saavedra et al., 2017; Saavedra et al., 2018). Nevertheless, SP is not a 449 
direct event-scale snowline metric, and its interpretation depends on the selected temporal 450 
window, gap-filling strategy and persistence threshold, so comparisons across studies can 451 
also become inconsistent when reporting standards are weak (Hammond et al., 2018; Aranda 452 
et al., 2023; Dietz et al., 2025). 453 
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Taken together, these contrasts show that metric selection should follow the research 454 
objective rather than convention: ZSL suits event-scale or slope-specific analyses, 455 
SLE/RSLE basin- to regional-scale trend assessment, and SP climatological zonation and 456 
temporally integrated monitoring (Krajčí et al., 2014; Saavedra et al., 2017; Hu et al., 2019; 457 
Dietz et al., 2025). Because each metric operates on a different spatial and temporal support, 458 
the resulting Andean trends are not directly comparable even when all are labelled “snowline 459 
change”; they must be treated as distinct analytical tools with their own uncertainty 460 
structures, scaling properties and interpretive limits. This principle, developed once here, 461 
underpins the methodological reading of observed trends in Section 5 and the 462 
recommendations in Section 6. The consolidated metric- and approach-level comparison is 463 
presented in Table 4 (Section 4.5). 464 

 465 
Figure 4. Evolution of mountain snowline detection, from traditional manual interpretation 466 
of coarse NOAA-AVHRR imagery and fixed NDSI thresholding (pre-2000s) toward 467 
fractional snow cover, dynamic (Otsu-type) thresholding, active microwave and SAR 468 
sensing, and AI-driven multi-sensor data assimilation (2000s-present). The lower table 469 
compares the main satellite platforms (NOAA-AVHRR, MODIS, Landsat 8/9, Sentinel-2 470 
and Sentinel-1) in terms of spatial resolution, temporal revisit and principal benefit for 471 
snowline monitoring. 472 

4.3 Optical methods and snow indices under Andean constraints 473 

Optical methods remain the backbone of snowline monitoring in the Andes because they 474 
provide long time series, relatively high spatial detail, and direct sensitivity to surface snow 475 
cover conditions (Salomonson and Appel, 2004; Saavedra et al.,2017; Hall et al., 2002). 476 
However, their performance in the Andes is constrained by persistent cloud cover, strong 477 
topographic shading, aridity, and high surface reflectance from bare rock and soil, all of 478 
which complicate the interpretation of snow masks and the derivation of snowline metrics 479 
(Dietz et al., 2012; Gascoin et al., 2024). For this reason, optical methods should be treated 480 
not as a single universal solution, but as a family of approaches whose suitability depends on 481 
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the metric being estimated, the spatial scale of the analysis, and the level of uncertainty that 482 
can be tolerated. 483 

Traditional applications commonly use fixed NDSI thresholds to derive binary snow maps 484 
from MODIS, Landsat, or Sentinel-2 data, but these thresholds can be problematic in semi-485 
arid Andean environments where bright non-snow surfaces are frequent (Dietz et al., 2012; 486 
Salomonson and Appel, 2004; Saavedra et al.,2017). Threshold choice should not be treated 487 
as a minor technical detail, because it directly affects robustness, reproducibility, and 488 
comparability across studies. In steep terrain, small shifts in classification can translate into 489 
large changes in estimated snowline elevation, so threshold sensitivity should be treated 490 
explicitly as a source of methodological uncertainty rather than as a background issue 491 
(Choubin et al., 2019; Harer et al., 2018). 492 

Adaptive approaches such as Otsu-based thresholding and multi-index classification can 493 
reduce some of these biases by allowing thresholds to respond to local scene conditions rather 494 
than imposing a fixed global cutoff (Otsu, 1979; Masson et al., 2018; Bhardwaj et al., 2015). 495 
This is particularly relevant in the Andes, where illumination, land cover, and snow 496 
properties vary strongly with elevation and exposure, and where a single binary threshold 497 
may not transfer well across catchments or seasons. At the same time, adaptive methods 498 
introduce their own challenges, because they may improve local classification while reducing 499 
direct comparability across time or between basins if the decision rules are not reported 500 
transparently. 501 

4.3.1 Fractional snow cover approaches 502 

Fractional snow-cover (FSC) products provide a firmer basis for snowline analysis than 503 
binary snow/no-snow maps because they resolve the sub-pixel heterogeneity that pervades 504 
mountain terrain (Salomonson and Appel, 2004; Rittger et al., 2013). This is critical in the 505 
Andes, where the snowline frequently falls within mixed pixels, in narrow valleys, on steep 506 
slopes and across the transition between persistent snow and exposed ground (Saavedra et 507 
al.,2017). Cloud-removed MODIS FSC data have been used to derive snowline-altitude 508 
fields and quantify seasonal variability over large mountain regions, a useful analogue for 509 
Andean applications (Tang et al., 2014). The approach has also been demonstrated directly 510 
in the Andes: Cortés et al. (2014) applied spectral unmixing to the historical Landsat archive 511 
to retrieve sub-pixel snow and ice extent over the extratropical Andes, validating the 512 
retrievals against high-resolution imagery and extracting multidecadal trend evidence that 513 
FSC unmixing is viable for long-term Andean snowline monitoring. 514 

Fractional snow cover is also helpful for connecting local snowline estimates with regional 515 
metrics such as SLE and RSLE, because it provides a more continuous representation of the 516 
snow-no snow transition than binary classification alone. Recent assessments of snow-cover 517 
mapping algorithms indicate that multi-index and fractional approaches generally outperform 518 
simple fixed-threshold methods in heterogeneous terrain, especially when forests, shadows, 519 
or bright rock surfaces are present (Masson et al., 2018; Teleubay et al., 2022). For the Andes, 520 
this suggests that FSC-based workflows should be prioritized where the goal is 521 
methodological robustness rather than simply maximizing operational simplicity. 522 
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4.3.2 DEM dependence and topographic sensitivity 523 

The estimation of snowline elevation from optical imagery depends strongly on the quality 524 
of the underlying DEM because elevation is the vertical reference used to locate the snowline 525 
boundary (Choubin et al., 2019). In steep Andean terrain, even moderate vertical errors can 526 
produce substantial horizontal displacement of the snowline boundary, which affects both 527 
ZSL and elevation-based metrics such as SLE and RSLE. This issue is central to a rigorous 528 
treatment of uncertainty propagation, encompassing DEM sensitivity, mixed pixels, and 529 
threshold effects. 530 

The manuscript should therefore avoid presenting DEM use as a routine preprocessing step 531 
and instead describe it as a source of structural uncertainty that must be documented, tested, 532 
and, where possible, propagated into the final snowline estimates (Choubin et al., 2019). 533 
Studies in high-relief environments show that DEM errors, terrain ruggedness, and the choice 534 
of elevation binning rules can alter reported snowline values enough to affect multi-year trend 535 
interpretation, particularly when the analysis seeks to compare basins or sensors. This is one 536 
of the reasons why RSLE and SP-based metrics are often more defensible for long-term 537 
comparisons than single-scene ZSL estimates. 538 

4.3.3 Cloud gaps and compositing 539 

Cloud contamination is one of the principal limitations of optical snowline detection in the 540 
Andes because it reduces the number of usable scenes and increases the risk of biased 541 
snowline estimates in storm-prone or persistently cloudy seasons (Dietz et al., 2012; 542 
Saavedra et al.,2017; Gascoin et al., 2024). Temporal compositing, cloud masking, and gap-543 
filling strategies can partially alleviate this problem, but they also introduce assumptions that 544 
should be stated explicitly in any scientific studies. Snowline studies should not overstate the 545 
precision of optical snowline estimates without acknowledging that scene availability itself 546 
can control the reliability of the resulting trend analysis. 547 

Recent work in the tropical Andes shows that MODIS MOD10A1 products processed in 548 
Google Earth Engine can yield long snow-cover-area time series when paired with Landsat-549 
based validation masks, underscoring the value of cloud-based workflows for large-scale 550 
monitoring (Calizaya et al., 2023). Cloud contamination itself can be mitigated rather than 551 
merely tolerated: Saavedra et al. (2026) applied multi-step spatio-temporal gap-filling to 552 
MODIS snow products over the central Andes, substantially increasing the number of cloud-553 
free observations available for trend analysis and reducing the bias that intermittent cloud 554 
cover imposes on snowline estimates. These results indicate that operational optical 555 
workflows in the Andes are most effective when they couple automated processing and 556 
explicit cloud reduction with a metric that absorbs residual missing-data effects, such as SP 557 
or RSLE. Optical methods are therefore best framed not as a standalone solution but as a core 558 
component of a multi-metric monitoring system. 559 

4.4 SAR and microwave methods for snowline detection 560 

Synthetic Aperture Radar (SAR) is a valuable complement to optical methods because it can 561 
acquire data regardless of daylight and cloud cover, which is a major advantage in 562 
mountainous environments with frequent winter cloud contamination (Tsai et al., 2019). Its 563 
signal is sensitive to snow dielectric properties, grain structure, and especially liquid water 564 
content, meaning that wet snow typically produces much lower backscatter than dry snow or 565 
bare ground, which can be exploited to identify the transient snowline (TSL) (Tsai et al., 566 
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2019). In a review focused on the Andes, this advantage should be framed carefully: SAR is 567 
not universally superior, but it is particularly useful when optical observations are incomplete 568 
or temporally sparse. 569 

The main methodological challenge is that SAR interpretation in steep terrain is strongly 570 
affected by geometric distortions such as layover and foreshortening, as well as by 571 
shadowing, incidence angle variability, and coherence loss (Callegari et al., 2016; Tsai et al., 572 
2019). These effects are especially relevant in the Andes because extreme relief can distort 573 
the radar geometry enough to complicate the separation between snow, ice, rock, and 574 
vegetation. For that reason, SAR-based snowline products should always be presented 575 
together with a clear discussion of topographic correction and scene geometry, otherwise the 576 
method can appear more robust than it really is 577 

Polarimetric SAR improves snowline detection by adding scattering information that helps 578 
separate wet snow from other surfaces. Li et al. (2012) proposed glacier snowline detection 579 
using polarimetric SAR and Support Vector Machine (SVM) classification, defining the TSL 580 
as the boundary between wet snow and ice on the classification map. Callegari et al. (2016) 581 
showed that topographic correction and polarimetric decomposition features improve 582 
classification performance, with accuracy gains over backscatter-only methods and higher 583 
performance for fully polarimetric configurations than for simpler dual-pol setups. Although 584 
these examples are not Andean, they are methodologically relevant because they show that 585 
SAR is most effective when geometry, scattering mechanism and surface state are handled 586 
explicitly rather than treated as secondary details. Beyond mapping, the transient snowline 587 
retrieved from such imagery can itself constrain glacier mass balance: Barandun et al. (2018) 588 
reconstructed multi-decadal mass-balance series for Kyrgyz glaciers in the Tien Shan from 589 
transient-snowline observations, illustrating how snowline products feed directly into 590 
climate-relevant variables in data-sparse high mountains. 591 

Interferometric SAR (InSAR) has been explored for snow-depth and snow-water-equivalent 592 
(SWE) retrieval, which can indirectly support snowline analysis by improving snow-state 593 
characterization in space and time (Schaffhauser et al., 2008). Interest has intensified with 594 
longer-wavelength sensors: L-band InSAR penetrates the snowpack more effectively and has 595 
emerged as a promising route to spatially distributed SWE, although retrievals still hinge on 596 
phase-unwrapping accuracy and on changes in snow density and stratigraphy between 597 
acquisitions; assessments over shallow, heterogeneous snowpacks confirm both the promise 598 
and the strong sensitivity of these retrievals to snow state (Bonnell, 2024; Palomäki and 599 
Sproles, 2023). These applications nonetheless remain difficult, because temporal 600 
decorrelation, variable snow metamorphism and complex scattering reduce retrieval stability, 601 
particularly in operational settings. In the Andes, InSAR is therefore best presented as an 602 
emerging complement rather than a routine snowline-monitoring solution, pending further 603 
validation and a stronger empirical record in steep mountain terrain gap that upcoming L- 604 
and S-band missions are well placed to fill. 605 

Overall, SAR is best treated in this review as the most promising all-weather alternative for 606 
cloud-prone periods, but also as a method whose usefulness depends heavily on terrain 607 
correction, acquisition geometry, and the snow condition being observed (Tsai et al., 2019). 608 
In practical terms, SAR is most valuable when it is used to support optical snowline metrics, 609 
not to replace them entirely, and when the review explicitly distinguishes wet-snow 610 
detection, dry-snow ambiguity, and geometry-driven uncertainty. 611 
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4.5 Hybrid, data-assimilation and machine-learning approaches 612 

Hybrid approaches combine optical, microwave, atmospheric, and model-based information 613 
to infer snowline behavior indirectly through snow cover depletion, snow water equivalent, 614 
or snow-state transitions when direct optical detection is limited by cloud cover or complex 615 
terrain (Dietz et al., 2012; Cortés and Margulis, 2017). In the Andes, this type of integration 616 
is especially relevant because snowline monitoring is constrained by persistent cloud 617 
contamination, strong topographic gradients, limited in situ validation, and the coexistence 618 
of multiple non-equivalent metrics such as ZSL, SLE/RSLE and SP. Rather than replacing 619 
snowline metrics, hybrid systems should be understood as frameworks that improve their 620 
consistency, spatial continuity and operational usability across time and space. 621 

Cortés and Margulis (2017) illustrated this logic by assimilating Landsat-derived snow 622 
depletion information into a high-resolution SWE reanalysis over the extratropical Andes, 623 
showing that remote sensing can effectively constrain model estimates in data-sparse basins. 624 
This is important for the present review because it demonstrates that snowline-related 625 
observations can play a role beyond mapping: they can also serve as boundary conditions, 626 
validation layers, or calibration targets for hydrological and land-surface models. In that 627 
sense, hybrid methods are not merely technical add-ons, but an avenue for connecting 628 
snowline monitoring with runoff prediction and climate-impact assessment. 629 

Data-assimilation and data-fusion approaches are particularly useful when the snowline is 630 
intermittently obscured or when the objective is a continuous basin-scale variable rather than 631 
a scene-based boundary. Merging Landsat, MODIS, reanalysis and land-surface-model 632 
outputs reduce uncertainty relative to any single source, especially where cloud gaps, spatial 633 
aliasing or sensor-specific biases would otherwise dominate the signal. Spatio-temporal 634 
fusion offers a complementary route to the same end: Yang et al. (2024) fused polar-orbiting 635 
Sentinel-3 with geostationary Himawari-9 imagery and found that an enhanced spatio-636 
temporal adaptive reflectance fusion model (ESTARFM) reconstructed cloud-gap snow 637 
cover in mountainous terrain more faithfully than a simpler multi-temporal scheme, 638 
recovering sub-daily snow dynamics that any single sensor would miss. Such methods 639 
nonetheless demand care: they add robustness only when the target variable, the error 640 
structure and the validation strategy are explicitly defined. 641 

Machine-learning methods extend this logic by learning relationships among optical, SAR, 642 
topographic, and climatic predictors, with the goal of improving snow classification, gap-643 
filling, or sub-pixel snow-cover retrieval. Snauffer et al. (2018) showed that neural-network 644 
fusion of multiple SWE products and covariates can outperform individual products and 645 
simpler regression approaches, suggesting a potentially valuable pathway for Andean 646 
applications where complex terrain and sparse observations limit conventional calibration. 647 
At the same time, the Andes still lack dense high-elevation training and validation datasets, 648 
which means that machine-learning outputs should be interpreted as model-assisted estimates 649 
rather than direct observations. 650 

From a methodological standpoint, the most promising hybrid workflow for the Andes is not 651 
a fully generic “black box” fusion system, but a tiered framework in which optical 652 
ZSL/SLE/RSLE or SP products are first derived, then corrected or complemented using SAR 653 
and model-based information and finally evaluated against any available in situ or 654 
photographic evidence. This tiered logic responds directly to the need for a more operational 655 
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and reproducible framework, because it links metric selection, uncertainty handling and data 656 
fusion within a single methodological pathway (Dietz et al., 2012; Gascoin et al., 2024). In 657 
this review, hybrid approaches are therefore positioned as the most flexible route toward 658 
near-real-time, cloud-resilient and basin-scale snowline monitoring, if uncertainties are 659 
explicitly propagated and the limits of each input source are documented. 660 

To compare the available snowline monitoring approaches in a meaningful way, the review 661 
organizes them according to the criteria most relevant to a methodological assessment: spatial 662 
scale, temporal scale, principal strengths, key limitations, dominant sources of uncertainty, 663 
and best-suited analytical objective. 664 

As Table 4 makes explicit, these approaches are complementary rather than interchangeable: 665 
local optical estimates give the most direct but least reproducible boundary, SP best captures 666 
regime zonation, SLE/RSLE are most robust for multi-decadal trends, and SAR and fusion 667 
extend observation under persistent cloud (Krajčí et al., 2014; Saavedra et al., 2017; Hu et 668 
al., 2019; Dietz et al., 2025). 669 

The comparison also makes clear that sensor choice cannot be separated from metric choice. 670 
Optical approaches offer higher geometric fidelity and direct boundary visualization, but they 671 
are constrained by aridity, cloud cover and threshold sensitivity; SAR adds all-weather 672 
capability, yet introduces its own geometric and interpretive uncertainties in steep Andean 673 
terrain; and hybrid or data-assimilation approaches improve continuity and operational 674 
relevance only when their input data, target variable and uncertainty structure are explicitly 675 
defined (Tsai et al., 2019; Hu et al., 2019; Gascoin et al., 2024). In that sense, the table is not 676 
only a summary of methods, but a decision framework for matching each approach to a 677 
specific monitoring objective. 678 
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Table 4. Comparative evaluation of snowline metrics and monitoring approaches in the 679 
Andes 680 
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 681 

No single approach is therefore optimal across all Andean applications; the practical mapping 682 
of method to objective is summarized in Table 4 and revisited as operational guidance in 683 
Table 6 (Section 6.6). 684 

5. Observed snowlines change in the Andes and global context 685 

Satellite remote sensing has revealed coherent evidence of upward snowline shifts across 686 
large portions of the Andes, together with shorter snow seasons and a lower frequency of 687 
snow occurrence at low elevations (Saavedra et al., 2018; Cordero et al., 2019; Masiokas et 688 
al., 2020). In the extratropical Andes between about 29° and 36°S, MODIS- and Landsat-689 
based analyses indicate increases in snowline-related metrics on the order of 10-30 m yr⁻¹, 690 
although the magnitude and interpretation of these trends depend on the metric, study period, 691 
and analytical approach used (Saavedra et al., 2018; Dietz et al., 2025). This distinction is 692 
essential for the present review, because a trend derived from SP-based snow zones is not 693 
directly equivalent to a trend based on scene-scale ZSL or basin-scale RSLE (Saavedra et al., 694 
2017; Hu et al., 2019; Dietz et al., 2025). 695 

5.1 Observed changes across the Andes 696 

Across the central and extratropical Andes, the dominant signal is an upward displacement 697 
of the snowline, particularly in semi-arid sectors where the seasonal snow cover is highly 698 
sensitive to changes in freezing level and precipitation phase (Masiokas et al., 2020; Dietz et 699 
al., 2025). In these regions, reductions in low-elevation snow occurrence and contractions of 700 
intermittent snow zones have been documented using both persistence-based and elevation-701 
based metrics, indicating that the most climate-sensitive portions of the snow regime are 702 
shifting upslope (Saavedra et al., 2017; Saavedra et al., 2018; Aranda et al., 2023). Reported 703 
changes are nevertheless spatially heterogeneous, reflecting differences in latitude, relief, 704 
storm exposure, basin size and sensor availability across the Andes (Masiokas et al., 2020; 705 
Gascoin et al., 2024). 706 

The tropical Andes and Patagonia likewise show snow-cover and snowline changes, but their 707 
observational density, sensor strategies and climatic interpretation differ from those of the 708 
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semi-arid central Andes, making direct comparison less straightforward (Masiokas et al., 709 
2020; Gascoin et al., 2024). In the tropical Andes, glacier-scale studies report rising end-of-710 
summer snowlines against a broader, multi-decadal decline of tropical snow and ice (Rabatel 711 
et al., 2013; Vuille et al., 2018): Veettil et al. (2016), for example, documented an upward 712 
shift of the annual maximum snowline on Cordillera Blanca glaciers (Peru) between 1984 713 
and 2015. At the extratropical end, the Landsat-based sub-pixel record of Cortés et al. (2014) 714 
revealed widespread declines in minimum annual snow and ice extent over 1986-2013. Even 715 
so, the strongest synthesis currently available concerns the extratropical Andes, where longer 716 
time series and more consistent use of MODIS-based products have enabled clearer 717 
identification of multi-decadal tendencies (Saavedra et al., 2018; Aranda et al., 2023; Dietz 718 
et al., 2025). This uneven regional evidence base reinforces the need to distinguish a robust 719 
regional pattern of rising snowlines from the far more variable confidence attached to local 720 
magnitudes and specific trend estimates. 721 

 722 
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 723 
Figure 5. Spatial distribution of snowline studies and reported trends across the Andes. Key 724 
patterns include the rapid decline of tropical snow and ice, MODIS SP/RSLE increases of 725 
10-30 m yr⁻¹ in the extratropical Andes (29-36°S), drought-driven snowline shifts associated 726 
with the central-Chile megadrought, persistent snow zones (SP ≥ 90%) concentrated between 727 
28° and 37°S, and heterogeneous snow-season patterns across Patagonia. 728 
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5.2 Drivers and regional contrasts 729 

The main climatic controls on Andean snowline change are temperature, precipitation 730 
amount, precipitation phase and large-scale circulation variability, especially through ENSO, 731 
PDO and SAM influences on storm tracks, atmospheric-river activity and freezing-level 732 
altitude (Garreaud, 2009; Garreaud et al., 2017; Masiokas et al., 2020; Viale et al., 2018, 733 
2019a). In central Chile, the persistent megadrought since 2010 has been associated with 734 
warmer conditions, reduced cold-season precipitation and fewer low-elevation snowfall 735 
events, all of which favor upward migration of the snowline (Garreaud et al., 2017; Cordero 736 
et al., 2019; Masiokas et al., 2020). These mechanisms are especially important in basins 737 
where climatological snowlines lie close to the freezing-level transition zone, because 738 
relatively small atmospheric shifts can produce strong altitudinal responses in snow 739 
occurrence (Masiokas et al., 2020; Pepin et al., 2015). 740 

At the same time, the expression of these drivers depends on the metric used to summarize 741 
snowline behavior (Hu et al., 2019; Dietz et al., 2025). SP-based approaches tend to 742 
emphasize persistent changes in the temporal frequency of snow cover, whereas ZSL-type 743 
products are more sensitive to event-scale conditions and RSLE-type metrics capture 744 
integrated basin- or region-scale elevation responses (Saavedra et al., 2017; Saavedra et al., 745 
2018; Krajčí et al., 2014; Hu et al., 2019). As a result, the same underlying climatic forcing 746 
may appear as a contraction of intermittent snow zones, an upward migration of a local snow 747 
boundary, or a gradual increase in regional snowline elevation depending on the 748 
observational framework adopted (Saavedra et al., 2018; Aranda et al., 2023; Dietz et al., 749 
2025). 750 

5.3 Global comparison 751 

The Andean evidence is broadly consistent with findings from other mountain systems. In 752 
the European Alps, snow cover is receding and snow seasons are shortening (Beniston, 2012; 753 
Hu et al., 2020), while in High Mountain Asia satellite analyses report upward snowline shifts 754 
and reduced snow persistence (Prein and Heymsfield, 2020; Liu et al., 2021; Pandey et al., 755 
2024; Bernat et al., 2025). The pattern extends to the Mediterranean mountains, where snow 756 
is a critical but increasingly stressed water resource (Fayad et al., 2017), and to the Southern 757 
Hemisphere, where four decades of observations in the New Zealand Southern Alps reveal a 758 
rising snowline and coherent glacier-climate responses (Lorrey et al., 2022), and a satellite 759 
census of Southern Hemisphere glaciers documents broadly rising snowline altitudes from 760 
2000 to 2023 (MacFee et al., 2025). On the global scale, satellite records document a broad 761 
decline in snow cover over recent decades (Young, 2023). This convergence supports 762 
interpreting Andean snowline rise as part of a wider pattern of elevation-dependent warming 763 
on mountain cryospheres (Pepin et al., 2015; Arias et al., 2021). Cross-regional comparison 764 
must nonetheless remain cautious, because snowline sensitivity reflects not only climate 765 
forcing but also relief, cloud regime, precipitation seasonality, sensor selection and the metric 766 
chosen to define snowline change (Hu et al., 2019; Gascoin et al., 2024; Dietz et al., 2025). 767 

For this reason, the global comparison is useful primarily as contextual support rather than 768 
as proof of strict equivalence between regional trends. The Andes share the general direction 769 
of change reported elsewhere, but the interpretation of magnitude remains conditioned by 770 
uneven validation, high-relief terrain, data scarcity and methodological heterogeneity 771 
(Masiokas et al., 2020; Gascoin et al., 2024). Cross-regional comparability thus depends as 772 
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much on metric standardization as on shared climatic signals (Hu et al., 2019; Dietz et al., 773 
2025). 774 

Because the metrics summarized above operate on different spatial and temporal supports 775 
(Section 4.2), the trends they yield cannot be pooled into a single value. Accordingly, the 776 
most defensible conclusion from the available evidence is not that a single number 777 
summarizes Andean snowline change, but that multiple snowline formulations consistently 778 
indicate an upward tendency, while differing in the magnitude, uncertainty and interpretation 779 
of that change (Saavedra et al., 2018; Aranda et al., 2023; Dietz et al., 2025). 780 

6. Methodological gaps and future directions 781 

The current Andean literature demonstrates substantial progress in satellite-based snowline 782 
monitoring, but it still falls short of a fully standardized, reproducible and operational 783 
framework for comparing snowline dynamics across basins and sensors (Masiokas et al., 784 
2020; Gascoin et al., 2024). The main limitation is not the absence of observations, but the 785 
lack of methodological harmonization in how snowline metrics are defined, extracted, 786 
validated and interpreted (Saavedra et al., 2018; Hu et al., 2019; Dietz et al., 2025). For that 787 
reason, future work should prioritize conceptual clarity, consistent reporting and explicit 788 
uncertainty treatment rather than simply expanding the number of case studies. 789 

6.1 Harmonizing snowline definitions and reporting 790 

A first priority is to standardize snowline terminology and report metrics so that studies 791 
remain comparable across the Andes and beyond (Krajčí et al., 2014; Saavedra et al., 2017; 792 
Hu et al., 2019). Existing studies deploy ZSL, SLA, TSL, SLE, RSLE and SP-based zones 793 
in ways that are sometimes operationally similar yet conceptually distinct, which hampers 794 
synthesis and invites incorrect cross-study comparisons (Saavedra et al., 2018; Choubin et 795 
al., 2019; Dietz et al., 2025). Progress toward standardization is feasible: Wayand et al. 796 
(2018) defined a set of globally scalable alpine snow metrics computed automatically from 797 
Landsat-8 and Sentinel-2 in Google Earth Engine, showing that consistent, transferable 798 
definitions can be applied across disparate mountain ranges. Building on such efforts, this 799 
review recommends that every study explicitly reports the metric definition, spatial 800 
aggregation unit, temporal window, snow-map source and elevation reference used to derive 801 
its snowline products (Hu et al., 2019; Dietz et al., 2025). 802 

In practice this means avoiding generic statements such as “the snowline rose” unless the 803 
underlying metric, sensor and uncertainty are specified, so that a ZSL trend is never equated 804 
with an SP or RSLE trend. Standardized terminology is, in this sense, a prerequisite for any 805 
credible benchmarking effort in the Andes. 806 

6.2 Formal uncertainty propagation 807 

A second priority is the explicit quantification and propagation of uncertainty, which remains 808 
underdeveloped in most Andean studies despite being central to the interpretation of 809 
snowline trends (Choubin et al., 2019; Gascoin et al., 2024). Optical snowline products are 810 
affected by cloud contamination, shadowing, mixed pixels and threshold sensitivity, while 811 
RSLE and SLE add DEM-related uncertainty and sensitivity to elevation binning (Dietz et 812 
al., 2012; Harer et al., 2018; Choubin et al., 2019). SAR-based methods face a different 813 
uncertainty structure, dominated by layover, foreshortening, incidence-angle effects, wet-814 
snow ambiguity and coherence loss in steep terrain (Tsai et al., 2019; Callegari et al., 2016). 815 
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The review should therefore encourage studies to report uncertainty budgets rather than only 816 
final snowline values or trends. At minimum, this includes sensitivity tests for thresholds, 817 
DEM quality, cloud masking choices and pixel aggregation rules, together with error 818 
propagation derived into trend estimates (Dietz et al., 2012; Choubin et al., 2019; Gascoin et 819 
al., 2024). For Andean applications, uncertainty reporting is particularly important because 820 
small vertical changes can produce large apparent shifts in snowline position in steep slopes 821 
and narrow valleys. 822 

Table 5. Main uncertainty sources across snowline methods 823 

Uncertainty source Affects most 

strongly 

Effect on result Typical mitigation 

Cloud 

contamination 

Optical ZSL, FSC, 

SLE/RSLE 

Missing or biased snow 

boundaries 

Cloud masking, 

compositing, SAR 

fusion 

DEM vertical error SLE, RSLE, ZSL Elevation bias, boundary 

displacement 

Higher-quality DEMs, 

sensitivity analysis 

Threshold choice Optical binary and 

fractional products 

Snow over/underestimation Adaptive thresholds, 

multi-index schemes 

Mixed pixels Optical ZSL, FSC Boundary smoothing, uncertainty 

in transition zone 

High-resolution data, 

fractional products 

Topographic 

shadow 

Optical methods False snow/no-snow 

classification 

Terrain correction, 

illumination 

normalization 

Layover / 

foreshortening 

SAR Geometric distortion of terrain 

response 

Terrain correction, 

acquisition planning 

Coherence loss InSAR Reduced retrieval stability Short revisit times, scene 

selection 

Cross-sensor 

inconsistency 

Multi-sensor fusion Non-comparable outputs Harmonized 

preprocessing and 

validation 

 824 

6.3 Improving validation and ground truth 825 

Validation remains one of the weakest parts of the current literature, largely because in situ 826 
observations near the seasonal snowline are sparse and unevenly distributed across the Andes 827 
(Masiokas et al., 2020; McCarthy et al., 2022). Most studies report trends but do not provide 828 
systematic pixel-level validation against independent field data, high-resolution imagery or 829 
UAV surveys, which limit confidence in their derived products (Dietz et al., 2012; Gascoin 830 
et al., 2024). This remains a key gap for improving validation, reproducibility and operational 831 
credibility. 832 

Future work should combine station observations, snow courses, UAV mapping, very-high-833 
resolution satellite imagery and, where available, airborne data to validate ZSL, SLE and 834 
RSLE products across representative elevation bands (Rittger et al., 2013; Choubin et al., 835 
2019; Özen et al., 2024). Emerging Andean datasets already point the way: satellite tri-stereo 836 
photogrammetry has been used to map high-elevation snow depth in the central Chilean 837 
Andes (Shaw et al., 2020), providing a spatially distributed reference against which snowline 838 
retrievals can be checked, while networks of public webcam images have been shown to 839 
yield regional snowline-elevation estimates at low cost (Portenier et al., 2022), a particularly 840 
attractive option for the data-scarce Andes. A practical strategy is to locate validation sites 841 
around the climatological snowline and to report standard performance metrics, overall 842 
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accuracy, precision, recall, Dice coefficient and F1-score, rather than relying on visual 843 
agreement alone (Gascoin et al., 2024; Özen et al., 2024). 844 

6.4 Strengthening SAR and multi-sensor workflows 845 

SAR remains underused in the Andes despite its clear potential under cloudy conditions and 846 
its ability to complement optical observations when cloud cover limits scene availability 847 
(Tsai et al., 2019; Gascoin et al., 2024). The current challenge is not whether SAR is useful 848 
in principle, but how to adapt its processing to steep Andean terrain without overclaiming 849 
robustness. Future studies should address geometry correction, wet-snow classification and 850 
cross-sensor harmonization more explicitly, especially when comparing SAR backscatter 851 
with optical snow indices and elevation-based metrics (Callegari et al., 2016; Tsai et al., 852 
2019). 853 

A promising direction is the construction of multi-sensor workflows that integrate optical 854 
snow extent, SAR wet-snow information, DEM constraints and meteorological forcing into 855 
a single reproducible processing chain (Lievens et al., 2019; Gascoin et al., 2024). Such 856 
workflows are especially relevant for cloud-prone periods and for basins where operational 857 
snow monitoring is required at near-real-time cadence.  858 

6.5 Toward operational and reproducible monitoring 859 

The final gap concerns operationalization. The review shows that many studies remain 860 
research-oriented and do not yet provide workflows that are easily transferable to water 861 
management, drought monitoring or forecasting applications (Cortés and Margulis, 2017; 862 
Saavedra et al., 2018; Gascoin et al., 2024). This is important because the hydrological 863 
relevance of snowline change in the Andes depends not only on scientific accuracy, but also 864 
on how readily the output can be used in seasonal runoff forecasting and adaptation planning 865 
(Masiokas et al., 2006; McCarthy et al., 2022). 866 

To move in that direction, future studies should favor transparent code, cloud-computing 867 
platforms, reproducible preprocessing and explicit documentation of all thresholds and 868 
parameters used (Gascoin et al., 2024; Altemus Cullen, 2023). Google Earth Engine and 869 
similar environments can support this transition, but only if they are used within a clearly 870 
defined methodological framework that links data ingestion, classification, validation and 871 
uncertainty reporting. In short, operational relevance in the Andes will come from 872 
reproducible methods and consistent metrics, not simply from more satellite data. 873 

6.6 Synthesis 874 

The most robust path for Andean snowline monitoring combines standardized metric 875 
definitions, explicit uncertainty propagation, stronger validation and multi-sensor 876 
integration. Table 6 condenses the four priorities of this section into operational guidance, 877 
mapping each analytical objective to its best-suited metric and method (Saavedra et al., 2018; 878 
Hu et al., 2019; Dietz et al., 2025). 879 
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Table 6. Recommended method by analytical objective 880 

Objective Recommended metric / method Why 

Event-scale storm analysis ZSL / SLA with high-resolution 

optical imagery 

Captures the actual snow boundary at 

fine spatial detail 

Seasonal regime 

characterization 

SP zones Integrates snow presence through time 

Long-term trend detection SLE / RSLE More robust to clouds and local terrain 

effects 

Cloud-dominated 

conditions 

SAR or optical-SAR fusion Maintains observations when optical 

data fail 

Operational hydrology SLE / RSLE + SP + model 

assimilation 

Links snowline dynamics to runoff and 

forecasting 

Research on snow state 

processes 

PolSAR / InSAR Useful where detailed scattering or 

phase information is needed 

 881 

7. Conclusions 882 

The main contribution of this review is methodological. Across the Andes, snowline 883 
monitoring is best understood not as a single measurement but as a choice among non-884 
equivalent metrics, each tied to a particular scale, definition and uncertainty structure. This 885 
distinction matters beyond methodology. In a cordillera where seasonal snow sustains the 886 
water security of tens of millions of people, the snowline is a decision-relevant indicator, and 887 
the way it is measured shapes what water managers, forecasters and policymakers can act 888 
upon. 889 

For the study region of this work, the semi-arid and Mediterranean Andes between roughly 890 
29° and 36° S, these distinctions point to a clear preference. The combination of steep terrain 891 
and persistent winter cloud cover makes scene-based local snowline altitude too noisy for 892 
reliable multi-decadal trends, so a regional, elevation-aggregated metric such as the regional 893 
snowline elevation (RSLE) is better suited as the primary indicator of change, with ZSL 894 
reserved for event-scale analysis. No single sensor is sufficient either: a continuous MODIS 895 
record provides the long baseline, Landsat and Sentinel-2 add spatial detail, and Sentinel-1 896 
SAR fills the winter cloud gaps that most affect this latitude band. The strongest 897 
configuration for 29 - 36° S therefore couples RSLE-type metrics with optical-SAR fusion 898 
in a reproducible cloud-based workflow, ideally assimilating the resulting snow-depletion 899 
information into a snow water equivalent reanalysis, so that the snowline is tied directly to 900 
the volume and timing of meltwater, the variable that matters most for water management in 901 
this drought-exposed region. 902 

This framing has direct operational value. In the semi-arid central Andes, where the recent 903 
megadrought showed how abruptly snow storage can fail, snowline and snow-persistence 904 
products can inform reservoir operation, irrigation scheduling, hydropower planning and 905 
drought early warning, provided their uncertainty is quantified rather than hidden. Because a 906 
rising snowline translates almost directly into a shorter, earlier melt season and a smaller 907 
seasonal reservoir, consistent regional metrics give water agencies a spatially explicit early 908 
signal of change that sparse station networks cannot provide on their own. 909 
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Turning this potential into practice requires embedding snowline products in climate services 910 
and in durable monitoring infrastructure. Snowline elevation is a sensitive, physically 911 
interpretable climate indicator, and it can be assimilated into national water and climate 912 
services, seasonal forecasts and adaptation planning, narrowing the gap between satellite 913 
research and operational decisions. What is needed is a coordinated, multi-sensor Andean 914 
snowline observatory built on harmonized, openly documented processing chains, which 915 
cloud platforms such as Google Earth Engine now make increasingly feasible. Such a system 916 
would fuse optical and SAR observations, anchor them to in-situ, UAV and even citizen-917 
science or webcam references, and deliver near-real-time products with explicit error bounds. 918 
Infrastructure of this kind would turn the standardization advocated here into shared regional 919 
practice rather than a study-by-study choice. 920 

The methods reviewed here, including automated snowline delineation, optical-SAR fusion 921 
and L-band interferometry for snow water equivalent, are arriving alongside a new generation 922 
of L-band SAR missions such as NISAR and ROSE-L, which should markedly improve all-923 
weather monitoring of the steep, cloud-prone Andes. Detecting snowline change is, for the 924 
most part, no longer the obstacle. The harder task is for the Andean scientific and operational 925 
community to build the shared metrics, validation networks and reproducible pipelines 926 
needed to monitor that change consistently and to feed it into water-security and climate-927 
adaptation decisions. How well the region meets that task will determine the value of 928 
snowline remote sensing for the Andes. 929 
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