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ABSTRACT OF THE DISSERTATION 
 

Gaining insight into Andean snowpack climatology and change using a snow reanalysis 

approach applied over the Landsat satellite record 

 

by 

 

Gonzalo Cortés Soruco 

Doctor of Philosophy in Civil Engineering 

University of California, Los Angeles, 2016 

Professor Steven Adam Margulis, Chair 

 

This dissertation presents the results of a snowpack estimation system based on the 

integration of remotely sensed data with snow modeling over the extratropical Andes domain 

(27°S to 37°S). The framework is based on the Bayesian principles of data assimilation: by 

assimilating Landsat fractional snow cover imagery in an ensemble snow model, the snow model 

estimates are conditioned by the observed depletion as sensed by the remote sensing platform 

during 1984 to present. The snow model is forced using the MERRA atmospheric reanalysis data 

set. Uncertainty of MERRA was characterized using in-situ precipitation and temperature 

observations. The results of the framework are daily ensemble of estimates of snowpack states 
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with a spatial resolution of 180m, distributed throughout the domain. Verification of the 

estimates was performed using in-situ snow survey data taken over several headwaters of the 

domain during the 2009-2014 winter and spring months. Results of the in-situ verification 

showed that the posterior estimates of the framework are in general much more accurate than the 

prior estimates, with significant reductions in mean error, root mean square error and increases in 

correlation. The error metrics were invariant to the different physiographic characteristics of 

each the snow survey sites and the fSCA imagery availability over each of the surveyed data 

points. An analysis of runoff and the SWE estimates over a large headwater basin of the 

Aconcagua river showed a strong correlation between surface streamflow and peak SWE 

estimates. The framework was implemented for the regional domain and the SWE volume for 

each of the watersheds was analyzed. This constituted the first analysis of the impact of El Niño 

in the water stored as snow for the extratropical Andes region. The effect of El Niño is 

particularly important for the northern watersheds (north of 32°S) of the domain. El Niño was 

related to the wettest year observed, which presented SWE volumes an order of magnitude larger 

than normal years. For Southern watersheds, the effect of El Niño is diminished, with SWE 

volumes showed a marked reduction in interannual variability with respect to the northern 

domain. Longitudinal SWE transects were analyzed in order to quantify the effect of the Andes 

barrier in orographic enhancement and suppression, which affects SWE accumulation directly. 

The analysis showed significant variability of the effect of the barrier in SWE, with varying 

enhancing and suppression rates throughout the domain. The strongest magnitude of the effect 

were seen over the southern extent of the domain (35°S), with reductions in the long-term SWE 

average of an order of magnitude between windward and leeward slopes.  
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1. Introduction and background 

 

Water contained in snow and ice bodies are of great importance to human society. 

Seasonal snowpack accumulations act as temporal reservoirs of water for several regions 

throughout the world, and one sixth of Earth’s population depends directly on snowmelt 

dominated water sources [Barnett et al., 2005]. Glaciers and perennial snow masses are 

particularly relevant during dry periods, acting as an “emergency” reservoir that can supply 

water during the warmer seasons over arid and semi-arid regions. It is generally during the 

warmer seasons where most of the demand occurs, hence the importance. Despite the importance 

of better understanding of snow and ice spatiotemporal variations to human development, there 

are still significant gaps in knowledge regarding the processes behind snow accumulation and 

melt processes, particularly over mountain and data-scarce regions. These gaps arise partly from 

the inherent difficulties in mapping snow due to the logistical barriers present in the field of 

mountain hydrological sciences.  

This dissertation presents the results of the research activities undertaken with the 

objective of assessing the spatiotemporal distribution of snow in an important mountain region: 

the South American extra-tropical Andes. Chapter 1 presents the background of the research, 

along with the main science questions and objectives. Section 1.1 presents the study site 

characterization. Section 1.2 presents an assessment of the existing data over the region. Section 

1.3 presents the general aspects of the methodology. Section 1.4 presents a review of the 

literature on Andean snow science and justifies the need for the research described in this 

dissertation. Section 1.5 presents the objectives and science questions that will be addressed 

using the methodology. Section 1.6 summarizes the organization of this dissertation. 
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1.1. Study site: The extratropical Andes 

The study area of this dissertation consists of the extratropical Andean range between 

latitudes 26°S and 37°S, comprising both western slopes (draining to the Pacific) and eastern 

slopes (rain shadow region, draining to the Atlantic). The study domain represents the 

headwaters for the most important watersheds that supply water to Chile’s population and 

economic centers. It also represents the headwaters of Atlantic draining watersheds over 

Argentina. These headwaters supply water to the arid region east of the Andes ridge.  

The climate of the extratropical Andes varies with elevation and latitude. For northern 

regions the predominant climate is the extreme aridity of the Atacama Desert. For central and 

southern regions, the climate transitions to a Mediterranean climate. Most of the precipitation 

voer the domain falls between the months of April to September. For the higher elevations, solid 

precipitation during the winter months occurs from May-September. Occasional convective 

events bring precipitation during the summer months particularly over the Eastern watersheds. 

For elevations above 2000-2500 m.a.s.l., snow can be observed throughout the entire winter, 

with temperatures staying below the freezing point during much of the season, particularly 

during the months of June-August [Garreaud, 2009; Cortés et al., 2012].  Frontal systems 

approaching from the west interact with the orographic barrier resulting in enhanced 

precipitation rates as elevation increases, which, in conjunction with the lower temperatures, 

result in significant snowpack accumulation between the months of June and October. This effect 

is noticeable even at low and mid-elevations where precipitation rates can increase by 30% with 

an elevation change of less than 1000 m [Viale and Núñez, 2011; Ragettli et al., 2014]. In 

addition to this, slowed movement of precipitation fronts over the region due to topography lead 

to an increased precipitation amount due to the longer duration that clouds spend over windward 
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facing slopes [Viale et al., 2013]. The opposite effect occurs for leeward regions, particularly 

over the Andean eastern slopes: as the air masses descend, adiabatic warming occurs, dissipating 

the clouds and reducing or eliminating precipitation. This effect results in a drier region of 

reduced snowpack depths for Atlantic draining watersheds. The melt season generally begins 

with rising temperatures during late September, and depending on the amount of snow that fell 

during the preceding winter season, it can extend until late February.  

The physical processes driving snow accumulation and melt, orographic enhancement 

and rain shadows are reasonably well understood, even over the Andes [e.g., Houston et al., 

2003; Garreaud, 2009]. Even though the snow science community has a documented 

understanding of the physics behind snow accumulation and melt, there are still many 

unanswered questions regarding the spatiotemporal patterns of the snow water equivalent (SWE) 

stored in the snowpack over mountain regions. In the case of the Andes, due to a lack of 

measurements it is difficult to characterize the small-scale variations in SWE induced by 

topographic and climatic variations. Tools such as regional climate or snow models [e.g., 

Mernild et al., 2016] can be used to diagnose the first order relationships between topography 

and snow accumulation, however such models are known to perform poorly in mountainous 

regions of complex terrain where precipitation and radiative fluxes are difficult to estimate due to 

the significant variability in physiographic characteristics. Over mountain regions, forcing for 

these models may be available only at coarse resolution from regional reanalysis data or 

extrapolated from low lying in-situ measurements. Using these forcing could lead to significant 

errors given the high small-scale variability observed in snowpack states over mountain regions 

(which is not captured by coarse resolution data or by extrapolated measurements), leading to 
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reduced precision and accuracy of model outputs and hence impacting the robustness of 

conclusions stemming from the application of the model. 

The Andean hydrologic cycle is significantly influenced by El Niño Southern Oscillation 

(ENSO) fluctuations. For the extratropical Andes, warm ENSO (El Niño) events tend to result in 

larger snow accumulations and cold ENSO (La Niña) events tend to result in smaller snow 

accumulations [Rutllant and Fuenzalida, 1991; Escobar and Aceituno, 1998; Masiokas et al., 

2006; Cortés et al., 2011]. The relationships between large-scale climatic anomalies and SWE 

can be complex and exhibit significant spatial variability. There are still open questions to be 

addressed, particularly with respect to the relationship between ENSO fluctuations and SWE 

over larger scales. For instance, due to scarce in-situ data it is difficult to assess the latitudinal 

impact of ENSO fluctuations. It is likely that some regions of the Andes have a more pronounced 

correlation signal, which is difficult (or impossible) to assess using the current in-situ network. 

Episodes such as those occurring during 1992-93 and 1997-98 resulted in extremely high SWE 

accumulations and also disruptive winter flooding (due to rain over snow and high-elevation 

liquid precipitation) over central Chile and serve as an example of the complex (and not always 

intuitive) interactions between climatic phenomena such as ENSO and SWE over the region. 

An example of the winter and spring snowpack conditions present over the domain is 

shown in Figure 1-1. The photographs were acquired during snow surveys undertaken between 

2010 and 2014. The study domain in general presents little to none vegetated surfaces due to the 

high-aridity of the region during non-winter months. The shallowness of the soil, added to the 

dry atmospheric conditions, constitute a harsh environment for vegetation and only isolated 

shrubs over the valley floors exist. Steep and rocky slopes are usually the norm over Andean 

headwater catchments, and few human settlements exist. Mining activity is significant over the 
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region, constituting the main economic activity of the country of Chile and a significant source 

of resources for Argentinean Andean provinces. 

 

 

Figure 1-1. Photographs of snowpack over the extratropical Andes at 33°S. a) and b) show the 

snowpack during the peak of the accumulation season, while c) and d) show the snowpack during 

the middle of the ablation season. 

 

1.2. Gaps in the measuring network 

In snow-dominated regions, instruments such as snow pillows or manually surveyed 

snow courses generally offer valuable information in terms of water availability. Depending on 
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their location within a watershed they can be significantly correlated to basin-wide snowmelt 

runoff volumes [Masiokas et al., 2006]. In terms of assessing large-scale variability, the use of 

this instrumentation is not particularly useful due to the large spatial variability of SWE over 

mountain regions, the poor representativity of the instruments with respect to predominant 

physiographic characteristics (they tend to be located in flat, accessible regions) and the relative 

short historical span. An ideal measuring network would be one that samples across the wide 

range of physiographic characteristics present over the Andes, however an implementation of an 

hypothetical measuring network would prove extremely costly and unfeasible. For the 

extratropical Andes there are currently no more than 20 to 30 operational snow pillows and snow 

courses, all of them located at relatively low elevations and flat regions. As mentioned above, the 

very high spatial variability of SWE in mountain regions results in a poor spatial sampling of the 

snowpack. If each snow measurement site is representative of only of a small radius in the order 

of 100m, then only a minuscule area (<0.001%) of the Andes is actually sampled.  

The historical record of these measurements is generally inadequate for climatological 

studies. For example, the more recently installed snow pillows have records dating back to less 

than 15 years. The older snow courses have a longer record (dating back to the mid-20th century), 

but most of the measurements from these sites are based on monthly or seasonal peak snow 

depth measurements, thereby lacking the temporal resolution adequate for detailed snow 

hydrology studies. This sparse measurement network represents a significant obstacle for 

studying large-scale snowpack properties as well as spatial and temporal patterns of 

hydroclimate [Lliboutry, 1998; Dozier et al., 2016]. This is true not only over the Andes, but also 

over other large regional domains such as the Himalayas or the Hindu Kush. Limitations 

associated with the existing network significantly inhibit our knowledge of baseline climatology, 
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how it may be changing, and hinders basic snowmelt runoff forecasts. It is not uncommon for the 

existing network to miss the late season snowmelt at higher elevations. Using in-situ data in such 

cases would lead to a mischaracterization of stored snowpack volumes (especially in drought 

years), which will have implications on both characterization of climatology, extremes, and 

water supply planning. It is during drought years that water managers are in most need of 

accurate information in order to make correct water allocation decisions, yet sparse networks 

(which tend to be located at mid-elevations) will provide little to no information on snowpack 

volumes over the domain.  

1.3. Remote sensing, models, data assimilation and the case for a snow reanalysis 

framework 

 Useful alternatives to the use of in-situ data are measurements from satellite remote 

sensing platforms. Given their global coverage, remote-sensing systems can provide a partial 

solution to some of the previously mentioned issues with in situ data, including lack of spatial 

representativeness and inaccessibility to logistically difficult regions. One example of remote 

sensing applications in the field of snow hydrology are visible and near infrared measurements 

(Vis/NIR), which can be used to map fractional snow covered area (fSCA) at medium and high 

resolutions [e.g., Rosenthal and Dozier, 1996; Painter et al., 2009]. These measurements are 

available from (among other sensors) the Landsat satellite program and from the MODIS sensor 

on board the Aqua/Terra satellites. Useful Vis/NIR data from the Landsat program goes back to 

the early 1980s at a resolution of 30 m, while MODIS has provided daily Vis/NIR since 2001 at 

a 500 m resolution. Even though snow covered area estimates do not provide direct information 

on the underlying SWE, the data can be used as a first order quantification of the presence of 

snow over mountain regions in a very accurate way. This data can be combined with other 
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methods (as outlined below) to estimate SWE. The existence of Landsat dataset from the 1980s 

to present day offers a unique opportunity to develop climatological products that would provide 

insight into the longer modes of variability in snow accumulation. It is important to mention that 

remote sensing datasets have their own limitations: they can lack the measurement precision that 

in-situ measurements offer or can be discontinuous in time, and thus must be complemented with 

other sources of information in order to obtain accurate estimates. Examples of the application of 

complementary datasets are data assimilation frameworks where remotely sensed data is used to 

constrain snow estimates from models [e.g., Durand and Margulis, 2008; Girotto et al., 2014a; 

Margulis et al., 2015]. 

 The basis of the research undertaken during the development of this dissertation involved 

the implementation and analysis of a so-called snow “reanalysis” dataset via the Bayesian 

combination of remotely sensed data with estimates from simulation models. The primary 

underlying concept of a reanalysis framework is the combination of different sources of data in 

an attempt to derive an optimal estimate of the evolving state of a physical system. Reanalysis 

approaches have been widely utilized in the atmospheric community. Examples of these datasets 

for atmospheric/oceanic variables include the NCEP/NCAR reanalysis [Kalnay et al., 1996], the 

NLDAS reanalysis [Mitchell et al., 2004] and MERRA [Rienecker et al., 2011]. The science 

applications of these data sets, particularly for large-scale climatological and meteorological 

analyses, are numerous, but the generally coarse spatial resolution of these products is 

insufficient for direct application to analysis of snow processes in mountainous terrain. The 

underlying Bayesian principle of a reanalysis framework that merges different data streams, 

especially in data sparse regions, is a very attractive approach that has been explored in the field 

of snow science and constitutes the basis of this dissertation. The application of the SWE 
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reanalysis framework across the extratropical Andes is proposed as an ideal solution for 

answering the specific science questions elaborated on below. Indeed, Dozier [2011] recently 

advocated the need for data intensive science (the so-called ”Fourth Paradigm”) in hydrology, 

with snow hydrology being a particularly good example where bringing together disparate and 

large data sets can provide a pathway forward to gain new insight via the implementation of 

integrated data streams. 

The reanalysis approach is based on the leveraging of high-resolution fSCA datasets 

together with snow models forced by meteorological reanalysis products, merging both data 

streams within an ensemble data assimilation framework [Margulis et al., 2015]. The framework 

has been applied to the full Sierra Nevada range in California [Margulis et al., 2015; 2016]. The 

reanalysis data set would establish a baseline for the snow community to use for a multitude of 

purposes. The result of the framework is an estimate of snowpack states over the Andes, 

unprecedented in terms of space-time resolution (i.e. 180 m/daily) and temporal continuity 

(1984-present). This research illustrates an example of the possibility of developing such datasets 

(and scientific insight to be gained as a result) in data scarce regions using freely- and globally-

available datasets such as Landsat and MERRA. The reanalysis represents a transformational 

leap in comparison to forward modeling exercises and lead significant new insight into the 

Andean hydrologic cycle via answering the science questions outlined below.  

1.4. Previous work in Andean Snow Hydrology 

 This section summarizes the current state of the art in snow hydrology over the Andean 

extratropical region. The work is presented in chronological order. One of the characteristics of 

Andean snow science is the apparent lack of peer-reviewed work, and some of the work cited 

below are part of M.Sc. thesis and non-peer reviewed material.  
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 Wolaver [1999, M.Sc. thesis] compared binary regression trees, neural networks and 

other interpolation methods in order to derive spatially distributed fields of SWE for the 

Echaurren basin in central Chile (3300 masl, 33.58°S). The author used a set of five snow 

surveys performed near peak accumulation in combination with interpolation methods and 

models to estimate the spatial distribution of SWE. The spatially distributed maps were then 

combined with energy forcing to derive meltwater estimates, finding that neural networks was 

the method that resulted in the most accurate runoff timing. Wolaver [1999] illustrated the value 

that snow surveys and spatially distributed SWE fields represent for water availability estimates 

over headwater catchments. The snow surveys in Wolaver [1999] were measured between 1992 

and 1996, and probably represent one of the first (if not the earliest) spatially distributed SWE 

measuring efforts over the extratropical Andes. The snow depth data of these surveys was tested 

initially as a verification dataset for this dissertation. This effort was discontinued due to 

uncertainties in the map projections used by Wolaver [1999] and lack of density data necessary 

to derive the SWE values from the snow depth measurements. 

 Masiokas et al. [2006] analyzed a regional snow index derived from several snow course 

and snow pillow data over Chilean and Argentinean headwater catchments located between 30° 

and 37°S, for the 1951-2005 historical period.  Analysis of the regional snow index showed 

significant interannual variability and strong correlations to runoff over Chilean and Argentinean 

watersheds. Among the findings were a clear relationship between wet anomalies and El Niño 

episodes, and a marked correlation to large-scale climatic indices during (and only during) the 

Austral winter.  This result corroborated previous studies [e.g., Rutlland and Fuenzalida, 1991; 

Escobar and Aceituno, 1998] that show the significant effect of ENSO in interannual variations 

of precipitation over the extratropical Andes. The authors highlighted the need for more analyses 
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on the temporal and spatial variability of snowpack over the region. According to the results 

presented in this work it would be very difficult to forecast long-term snowpack anomalies due 

to the lack of significant correlations between snow and large-scale atmospheric circulation 

before the onset of the austral winter.  

The study by Masiokas [2006] was further extended in Masiokas et al. [2010]. The 

dataset of snow courses/pillows was updated to 2008 and to include more measuring sites that 

were not considered originally. Streamflow anomalies were analyzed together to snow 

anomalies. The study found a significant consistency between interannual and longer scales 

snowpack variations over the Chilean and Argentinean Andes (Pacific-draining and Atlantic-

draining watersheds, respectively). The Pacifical Decadal Oscillation (PDO) was found to 

significantly influence the decadal variations of both streamflow and snowpack indices.  

 Cartes [2010, M.Sc. thesis] proposed using artificial neural networks in combination with 

remotely sensed MODIS binary snow covered area imagery to forecast spring-summer runoff 

over Chilean catchments for the 2000-2007 period.  Results of the analysis showed that there was 

indeed predictive value in the methodology, however the method was not robust and did not 

result in enhanced forecasting skill in comparison to other more traditional methods used over 

the region. Nevertheless, the study showed the important relationship between snow cover and 

runoff over the region. 

Martinez [2010, M.Sc. thesis] implemented an energy-based SWE reconstruction model 

over the headwaters of the Aconcagua watershed, central Chilean Andes (33°S). The 

reconstruction model is based on the combination of remotely sensed snow covered area imagery 

and energy forcing data. The energy inputs are added between the snow disappearance date and 

the start of the ablation season, resulting in spatially distributed peak SWE over the analyzed 
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domain. The study did not include any direct verification data. Among the results found, 

Martínez [2010] mentions that approximately 32% of the snow volume is available for runoff 

processes and that the reconstruction methodology is very sensitive to the radiative inputs used in 

the energy balance model.  

Gascoin et al. [2013] present an implementation of a distributed snow model 

(SnowModel) over the Dry Andes (2600-5630 m.a.s.l., 29°S). Among the objectives of the study 

was the evaluation of the effect of wind in snowpack over the region. Experiments were set up to 

identify the role of wind by simulating snowpack with and without the implementation of wind 

transport models. Results show that the accuracy of snow depth estimates over the domain was 

not enhanced by the addition of the wind transport modules. However, the incorporation of the 

wind module did increase the consistence of the simulations with respect to MODIS snow 

covered area remotely sensed obsetvations. The simulations showed that blowing snow 

sublimation could account for up to 20% of the total ablation observed over the region and that a 

significant volume of the ice present over the glaciers of the region could come from snow drift.  

Ayala et al. [2014] presented the most extensive snow survey dataset acquired (until that 

date) over the region. The snow surveys were performed during 2011 over several headwater 

catchments of the Aconcagua and Maipo watersheds. Several of these catchments and the data of 

Ayala et al. [2014] were used as part of the verification of the research presented in this 

dissertation. In their study, the snow survey data was analyzed finding strong gradients with 

elevation, as increasing altitude lead to significantly deeper snow accumulations. Analysis of the 

effect of wind in snow suggest that in general radiative effects were more important for north-

facing slopes, however wind still played a significant role in accumulation in elevations above 
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3000 m.a.s.l. The study could have been limited by the extent of the snow surveys, which did not 

cover the full range of physiographic characteristics of the analyzed catchments. 

Cornwell et al. [2016] have recently published the first large-scale spatially distributed 

peak-SWE estimates over the extratropical Andes. The authors combined MODIS snow covered 

fraction imagery with an energy-balance model forced by extrapolated in-situ meteorological 

data, reconstructing peak SWE prior to the ablation season. Results show a significant difference 

in terms of snow accumulation between Western and Eastern (Pacific-draining and Atlantic-

draining, respectively) watersheds due to the presence of orographic enhancement and rain 

shadow regions. Results were verified using data from in-situ snow surveys, snow courses and 

snow pillows, showing regionally unbiased estimates (mean error of -2.2%). An analysis of the 

results of each of the validation sites, showed mean errors fluctuating between 79% and -52% for 

each of them, and a root mean square error of approximately 50% of the observed SWE volumes. 

The authors also found that the energy-balance approach was very sensitive to biases in the in-

situ forcing data used. Analysis of the energy fluxes showed that for northern regions 

sublimation could be a significant component of the energy balance, and that rain-over-snow 

events could be important for southern regions of the domain. 

Mernild et al. [2016] has also recently presented distributed snowpack fields from 

forward modeling over the entire Andes Cordillera. The simulation used SnowModel to simulate 

snowpack states at a 3-h time step and 4-km spatial resolution between 1979 and 2014. The 

model was forced by the NASA Modern-Era Retrospective Analysis for Research and 

Applications (MERRA). Results were validated using MODIS snow cover extent and more than 

3000 observations of snow depths (aggregated to the 4-km resolution) taken over the 

extratropical Andes domain. Verification of the results using the snow depth data showed a 



	 14	

generally weak correspondence between the simulations and the observed data, with the 

simulations explaining only 26% of the variance observed in the snow depth observations.  

Asides from the reconstruction work by Cornwell et al. [2016] and the forward 

simulation of SWE performed by Mernild et al. [2016], previous research over the Andes has 

been focused on small scale catchments and point data. Long-term, regional scale analyses (e.g., 

Masiokas et al., 2006) have been performed aggregating point data to regional indices, which 

might not be sufficient to capture the large spatial variability of snow over mountain regions. 

Detailed, spatially distributed analyses of snow depth have been conducted via i) snow survey 

data [Wolaver, 1999; Ayala et al., 2014], ii) Energy-based reconstructions [Martínez, 2010; 

Cornwell et al., 2016] and iii) forward modeling [Gascoin et al., 2013; Mernild et al., 2016]. The 

first two studies (i) have provided insights into the large spatial variability that SWE presents 

over the Andes and reaffirm the complexities involved in obtaining spatially distributed 

snowpack state measurements over the region. The second set of studies (ii) have resulted in 

spatially distributed snow measurements, however as shown by Girotto et al. [2014a] the 

robustness of the energy-based reconstruction method depends significantly in both the accuracy 

of the energy forcing and the remotely sensed SCF images. In the case of Cornwell et al. [2016], 

the authors used MODIS snow covered fraction imagery. The study is very valuable as it 

presents the first estimate of spatially distributed peak SWE, however the accuracy of the 

estimates could be affected due to the biases present in MODIS snow covered fraction images 

[Rittger et al., 2013]. These biases will propagate directly to the peak SWE estimates. Forward 

simulations (iii) depend significantly on the availability of accurate forcing data, however this 

data is not always available over mountain regions, particularly in regions such as the Andes 

where the in-situ meteorological network is sparse and usually located below the snowline. 
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Mernild et al. [2016] used MERRA data as the forcing input of their model, however Yi et al. 

[2011] have shown that the MERRA temperature estimates may have significant warm biases 

over mountain regions. These biases will propagate directly to the snow estimates if they are not 

accounted for. 

The aforementioned work has resulted in significant contributions to Andean snow 

science, but there is still a need for a robust framework that could integrate disparate sources of 

data, including in-situ measurements, atmospheric reanalyses, remote sensing, etc. All of these 

sources of data provide “one piece of the puzzle” that is the Andean cryosphere, and the 

synergies that may stem from the integrated application of these datasets hasn’t been exploited. 

The uncertainty of the data is not taken directly into account by any of works mentioned above, 

and there is no assessment of the confidence intervals of the estimates either via theoretical error 

propagation or ensemble simulations. This dissertation makes the case for the implementation of 

a Bayesian snow reanalysis framework, an integrative methodology that considers the different 

sources of uncertainty in each of the different data streams and the strengths of different 

methodologies, combining them into one final estimate.  

1.5. Objectives and Science Questions 

 The overarching objective of this dissertation is to combine disparate data sets into one 

common data assimilation framework with the objective of characterizing the spatiotemporal 

distribution of snow over the extratropical Andes. The research tasks involved during this 

dissertation were designed in order to fulfill the overarching objective and to give an answer to 

the science questions outlined below. The questions are listed with a brief paragraph explaining 

how each of them is addressed in each of the chapters of the dissertation.  
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1) What kind of insights into glacier evolution can sub-pixel estimates of ice-covered 

area based on Landsat bring? 

 This question was raised during the developmental phase of the fractional snow covered 

area retrieval algorithm, and is addressed in Chapter 2 by comparing the results of trend tests 

using two different algorithms to identify glacierized areas: a traditional binary algorithm and a 

fractional (sub-pixel) algorithm. The retrieval algorithm implementation was necessary for this 

thesis as neither NASA nor the USGS at the time offer an operational Landsat-based snow data 

product. This chapter resulted in a previous publication [Cortés et al., 2014]. 

2) Are forward modeling snowpack estimates over a topographically complex region 

improved upon the assimilation of fractional snow covered area? 

 This question is addressed in Chapter 3 by analyzing how the error metrics of forward 

modeling estimates of SWE are improved upon the assimilation of fractional snow covered area 

estimates. The error metrics are computed using SWE data measured during in-situ snow survey 

data in several test basins throughout the domain. 

3) How do errors in snowpack estimates from a data assimilation framework vary 

relate to physiography, and what insights into the representation of snow processes 

does this relation bring? 

 This question is addressed in Chapter 3 by analyzing how error metrics of forward 

modeling and updated SWE estimates vary with physiographic characteristics over several test 

basins throughout the domain. Science questions 2 and 3 constitute the main validation of the 

Bayesian reanalysis methodology over complex mountain areas. These two questions lead to a 

publication [Cortés et al., 2016a]. 
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4) How is Andean snow accumulation distributed throughout the different climate 

regions that the Andes encompasses, and hos does El Niño and La Niña influence 

total water stored over the different watersheds of the region? 

 This question is addressed in Chapter 4 by quantifying the SWE volumes (using the 

derived dataset) of the main Pacific- and Atlantic-draining watersheds of the extratropical 

Andean region. 

5) How does orography influence the distribution of snow over the Andes, from 

Pacific-draining to Atlantic-draining watersheds?  

 This question is addressed in Chapter 4 by analyzing longitudinal transects of SWE 

throughout the domain and quantifying the SWE variation throughout each of these transects. 

Science questions 4 and 5 constitute a direct application of the Bayesian reanalysis framework. 

The research involved in answering science questions 4 and 5 is currently in preparation [Cortés 

et al., 2016b]. 

 This dissertation presents a significant computational development component along with 

the science-oriented questions. In terms of development, this dissertation pursues the following 

objectives: 

i) To implement, validate and characterize the uncertainty of an operational 

MATLAB®-based spectral unmixing algorithm that retrieves realistic fractional 

snow covered area estimates over the Andes. 

 In order to fulfill this objective, the MATLAB® software was used to program a 

fractional snow covered area retrieval framework. The framework scans a given set of files with 

remotely sensed radiance data from Landsat 4, 5, 7 and 8, and computes atmospherically 

corrected reflectance values and fractional snow covered area data for each of the Landsat 
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scenes. Validation of the framework was performed using high-resolution commercial remotely 

sensed imagery. 

ii) To implement and validate a data assimilation framework over the extra-tropical 

Andes region that combines data from a coarse resolution atmospheric reanalysis 

dataset with snow modeling and remote sensing data. 

 The data assimilation framework used in this dissertation is based on the algorithms of 

Girotto et al. [2014] and Margulis et al. [2015]. The implementation of the framework involved 

the post-processing of ASTER digital elevation and MERRA meteorological reanalysis data into 

the framework built by Girotto et al. [2014] and modified by Margulis et al. [2015]. The 

validation of the data assimilation framework was undertaken by using existing in-situ snow 

survey data and by designing and participating in snow surveys over Andean test basins together 

with a team from Universidad de Chile.  

1.6. Organization of the dissertation 

 This dissertation is divided in five chapters. The first Chapter presents the Introduction 

and motivation of this work. Chapter 2 presents the operational implementation and analysis of 

results of a spectral unmixing algorithm that retrieves fractional snow covered area estimates 

over the study region. Chapter 3 presents the implementation of a data assimilation framework 

over the region that uses the aforementioned fractional snow covered area estimates together 

with a snow model to estimate snow accumulation over several test basins. Chapter 4 presents 

the large-scale implementation over the extratropical Andes of the data assimilation framework 

and scientific analyses based on the resulting dataset. Chapter 5 presents the conclusions of this 

dissertation and proposes new avenues of research relevant for the region.  
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2. Analysis of sub-pixel snow and ice extent over the extratropical Andes using spectral 

unmixing of historical Landsat imagery 

 

2.1. Introduction and background 

 Snow and ice melt runoff from mountainous regions is one of the most important sources 

of water for many areas around the world, including significant portions of the Andes [Barnett et 

al., 2005; Vergara et al., 2007]. Water availability during spring or summer seasons is strongly 

dependent on the Snow Water Equivalent (SWE) contained in seasonal snowpacks [Masiokas et 

al., 2006] and also in glaciers, which supply runoff when the snowcap is completely depleted. 

Despite this, there are still significant limitations involving measurement of variables such as 

snow depth, glacier volume and glacier extent, particularly in developing countries, due to 

factors such as inaccessible topography or high logistical costs, which reduce the ability of water 

agencies to directly assess snowpack characteristics. This is particularly true over the Andes 

where the topography varies abruptly from sea level to over six thousand meters within a 50-

kilometer span, and there is a shortage of historical snow measurements.  

 Glaciers and ice-bodies are important to analyze given their contribution to the water 

supply during the late summer season [Vergara et al., 2007; Bown et al., 2008; Ohlanders et al., 

2013]. Oerlemans [1994; 2005] found significant glacial retreat throughout the world during the 

last 50 years, and findings over the Andes are consistent with this signal. Nicholson et al. [2010] 

analyzed glaciers over the South American latitudinal band of 28°S-30°S, and found negative 

areal changes for most of the glaciers during the latter 50 years of the 20th century, suggesting 

that the majority of them will disappear towards the end of the 21st century according to climate 

projections. Rivera et al. [2008] also showed recent negative changes in glacier extent for a large 
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section of the Chilean Andes (18°S-54°S) using a set of remote sensing images and historical 

aerial photography. For the Southern Patagonian Region, Rignot et al. [2003] showed that the 

melting ice from Patagonia Icefields during the 1995-2000 years have contributed to more than 

0.1 mm of annual sea level rise. Similarly, Glasser et al. [2011] show that since the Little Ice Age 

the Northern and Southern Patagonia Icefields have contributed to approximately 0.0018 and 

0.0034 mm per year of sea level rise. Finally, Davies and Glasser [2012] used trimlines and 

moraines to identify changes in the aforementioned icefields and the Darwin Cordillera (southern 

Patagonia), finding a glacier area reduction of 15.4% percent in the three study sites. Masiokas et 

al. [2009] studied glacier fluctuations during the past 1000 years over the southern Andes region 

using a combination of paleoclimatological techniques and modern remote sensing systems, 

finding significant declines in most of the studied glaciers during the last century. Barnett et al 

[2005] related changes in glaciers to significant decreases in dry-season water supply, and 

suggested that the disappearance of these ice bodies will have significant impact on regional 

water usage. 

 Among the possible tools that could enhance knowledge of snow and glacier processes 

over these types of regions are remote sensing products, particularly those derived from satellite 

imagery. These products are not limited as much by logistics as in-situ measurements are and 

usually have global coverage. For snow and ice, several tools have been developed that help to 

directly or indirectly estimate the presence and volume of snow over mountainous regions. The 

NASA MODIS (Moderate Resolution Imaging Spectroradiometer) product suite [Hall et al., 

2002] has been used for snow covered area estimation and applied to several hydrological 

analyses, including snowmelt modeling [Tekeli et al., 2005], hydrologic modeling [Parajka and 

Blöschi, 2008; Powell et al., 2011; Ragettli et al., 2014] and glacier monitoring [König et al., 
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2001; Lopez et al., 2008]. However, the original MODIS suite of products has retrieval issues 

such as failing to detect snow presence in the higher elevations at the end of the ablation season, 

which can result in biases [Rittger et al., 2013] or underestimation of the actual snow covered 

areas due to the use of a binary classification of each pixel instead of more precise fractional 

estimates. The more recently developed fractional MODIS snow cover product (MOD10A1), 

which retrieves subpixel fractional Snow Covered Area (fSCA), was developed based on 

regression with Landsat Thematic Mapper Normalized Difference Snow Index or NDSI 

[Salomonson and Appel, 2004] and offers a much more accurate approach for fSCA retrieval. 

Arsenault et al. [2012] performed an evaluation of MOD10A1 in terms of the capacity of snow 

presence detection using snow stations in Colorado and Washington, finding limitations due to 

viewing angles and artifacts inherent to the sensor itself. However, despite the limitations, they 

showed improvement of snowpack model results when using the product in a direct insertion 

data assimilation approach. According to the results of Rittger et al. [2013] there is still 

significant snow covered area missed by the algorithm in comparison to more advanced spectral 

unmixing products, however MOD10A1 shows an increased value over the original MODIS 

binary snow covered product, reinforcing the need for developing fractional algorithms.  

 One example of a spectral unmixing product is MODSCAG [MODis Snow Covered Area 

and Grain size, Painter et al., 2009], which was developed to directly estimate the constituent 

fractions of each pixel instead of relying in index-based or binary approaches, resulting in 

fractional areal estimates of snow cover, vegetation and bare soil/rock cover. The algorithm was 

validated using an analogue spectral mixing algorithm using Landsat Thematic Mapper data 

[Painter et al., 2009] over the Sierra Nevada, California, and according to the results of Rittger et 

al. [2013] the model had a superior performance in comparison to previous MODIS-based binary 
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and fractional products. The MODSCAG product (and MODIS in general) is somewhat limited 

by the raw MODIS data resolution (500m) and off-nadir viewing angle in many images, both of 

which exacerbate errors when there is significant forest cover [Xin et al., 2012]. 

 Another relevant data stream is the Landsat based family of sensors, particularly Landsat 

5, 7 and 8 with the Thematic Mapper, Enhanced Thematic Mapper and Operational Land Imager. 

These sensors have a nominal 30-meter resolution, with a combined global coverage from 1984 

until present day. Landsat-based sensors are nadir looking and thus less limited when facing 

rugged topography or heavily forested sites. Several authors have used Landsat imagery for 

studying the evolution of glacierized areas and for fSCA retrieval. In particular, Rosenthal and 

Dozier (1996) devised an automatic mapping method for sub-pixel snow cover using a spectral 

unmixing model combined with regression trees. Their method was validated for the Sierra 

Nevada in California, showing an error of approximately 7% in their estimates when validated 

against high-resolution aerial images. Bown et al. [2008] used single scenes of Landsat TM and 

ETM+ imagery, combined with ASTER (Advanced Spaceborne Thermal Emission and 

Reflection), Shuttle Radar Topography Mission elevation values and photographic data to 

manually identify changes in glacier area over the Central Chilean Andes during the second half 

of the twentieth century, and in line with aforementioned studies they obtained negative changes. 

Espizua and Maldonado [2007] used the same sensors’ images together with the binary 

classification of Dozier [1989] to identify glacier extent and their temporal evolution over a 

similar region during the 20th century. Hanshaw and Bookhagen [2014] used ASTER, TM and 

ETM+ images to analyze glacier area, lake area and snowline evolution using an index based 

approach along with a spectral unmixing model [Roberts et al., 1998] during 1972 to 2012 over 

tropical Peruvian glaciers. Burns and Nolin [2014] use a binary methodology to analyze glaciers 
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over the Cordillera Blanca (Perú), finding decreases in area in the order of 25% for the 1987-

2010 period. In a similar fashion, several other authors have used single Landsat TM images for 

identification of glacial coverage extent [e.g. Hall et al., 1995; Silverio and Jaquet, 2005; Bolch 

et al., 2005].  

 In this chapter an automatic fractional Snow Covered Area retrieval model based on the 

spectral unmixing methodology presented by Painter et al. [2003] (with some modifications) is 

applied to the Landsat TM sensor. To the author’s knowledge, the use of Landsat over the 

Chilean-Argentinean Andes has been limited until now to single scene visual comparative 

analysis or glacier inventory [e.g., Casassa et al., 2002; Rivera et al., 2002; Masiokas et al., 2009; 

Davies and Glasser, 2012] and to analysis based on binary identification [e.g. Burns and Nolin, 

2014], no operational automated unmixing model designed especially for Landsat has been 

applied to retrieve fractional snow covered area estimates over the region. The main objective of 

this chapter is to present and validate a spectral unmixing model for snow cover over the Andes 

based on Landsat imagery that could serve as a standard methodology for long term monitoring 

of snow and glacier covered areas. The use of Landsat instead of previously applied MODIS 

imagery [Martínez, 2010; Cornwell, 2012] would provide a significant leap forward in terms of 

resolution (30 m vs. 500 m) and hence better characterization of snow cover heterogeneity due to 

topography and other factors that are possibly overlooked due to the large pixel size of MODIS. 

For example, annual glacier retreat or variability in many cases is in the order of dozens of 

meters, and thus such change would be difficult to identify using the MODIS sensor resolution. 

Emphasis was taken during the validation step in order to evaluate model performance, 

robustness under different combinations of solar zenith angle and sensor saturation to ensure that 

unbiased fSCA estimates were obtained. Following model development and validation, the 
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following research questions are proposed for an example of model application over a highly 

glacierized test sub-region: 

- How do trend estimates derived from fractional algorithms differ from those derived from 

binary classification? 

- What is the extent of the change over the particular region analyzed? 

In Section 2.2 of this chapter the satellite data that is used for this analysis is presented along 

with the spectral unmixing algorithm and the methodology for trend testing. In Section 2.3 the 

validation and trend testing results and analysis are presented, and finally Section 2.4 presents 

the conclusions derived from the analysis performed. 

2.2. Data and Methodology 

2.2.1. Study area 

 This study is focused on a particular highly glacierized domain (Figure 2-1) of 1640 km2 

covered by the Landsat tile World Reference System 2 row 233 and path 83 

[landsat.gsfc.nasa.gov/about/wrs.html]. The domain is delimited approximately by coordinates 

32.91°S, 70.29°W and 33.28°S, 69.87°W. Understanding the spatial/temporal dynamics of the 

glaciers in this domain is of importance due to its proximity to Chile’s main population center 

(the city of Santiago) and its implications as a major natural water reservoir [Bodin et al., 2010]. 

The domain covers a significant fraction of the glaciers that are present in the headwater basins 

of the Maipo and Aconcagua rivers, the most important rivers that provide the supply of the 

Metropolitan and Valparaíso regions of Chile. In terms of population, both regions represent 

almost half of the Chilean total (8 million out of approximately 17 million according to the 2012 

census). 
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Figure 2-1. Map of the Chilean Andes region analyzed. The red region depicted in the central pane 

is the focus of this study (zoomed in Figure 2-2), while the other panes represent the relative 

location of the validation sites with respect to the main study domain. The validation sites are 

numbered 1 to 15, with 1 to 10 corresponding to those used for validation of winter conditions, and 

11 to 15 those used for validation of glacier and old snow conditions. 

 

 Glacier melt normally peaks in mid-to-late summer [Jost et al., 2012; Ragettli and 

Pellicciotti, 2012; Ohlanders et al., 2013], and thus assessing current trends in glacier area is of 

importance in order to understand possible future impacts of projected warming and dryer 

scenarios, particularly in a context of a growing population and increased need for alternative 

water supplies. Even though the main trend study is performed over a glacierized domain, the 

validation step comprises assessment of the model when dealing with pure snow cover as an 

example of application of the spectral unmixing algorithm for seasonal snow cover retrieval. 

 The elevation over the glacierized domain ranges from approximately 1500 m.a.s.l. to 

more than 5800 m.a.s.l., with most of the glaciers located above 3000 m.a.s.l. The trend analysis 

is constrained to the domain shown in detail in Figure 2-2, but the validation step considers other 

domains in order to achieve full representativeness of the different possible topographical and 
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snow conditions and hence the transferability of the algorithm to other nearby regions throughout 

the extratropical Andes.  

 

Figure 2-2. (a) False color image for March 1, 1986 over study site delimited in Figure 2-1 using 

Landsat Natural Look (RGB composite using bands 5, 4 and 3) from USGS and (b) 

Glacier/perennial snow mask used for trend analysis derived from the 1986 image. The area of the 

mask is of 282 km2. The white squares in a) represent the sections from which the snow/ice areas in 

Figure 2-10 are calculated. 

 

 The climate of this region depends on the elevation; for the valley regions a 

Mediterranean classification is used, with dry, hot summers with maximum temperatures 

oscillating between 25°C and 35°C during the months of December to February. Most of the 

precipitation falls during the winter months of May to September and minimum temperatures of 

those months typically range between -5°C and 10°C. For elevations above 2000 m.a.s.l., snow 

precipitation can be observed throughout the winter, with temperatures staying below the 
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freezing point during much of the season, particularly during the months of June to August 

[Garreaud, 2009; Cortés et al., 2012]. The melt season generally begins with rising temperatures 

during late September, and depending on the amount of snow that fell during the preceding 

winter season, can extend until late February. In situ snow measurements are extremely limited 

over the region. For instance over the central Chilean Andes (30°S-38°S) there are only 6 

operational snow courses with sufficient length for historical hydroclimatologic analysis 

[Masiokas et al., 2006]. 

2.2.2. Landsat images 

 Landsat imagery was obtained from the USGS Earth Explorer tool 

(http://earthexplorer.usgs.gov) for 1986-2013. The availability of images for the region varies 

from a minimum of 5 to a maximum of 22 per year, with an average of approximately 16 images 

per season. Landsat 5 acquisitions were halted during mid-2011 due to gyroscope malfunction 

completely limiting future acquisitions. Landsat 7 ETM+ imagery is also available from 1999-

2013, but the instrument suffered an error in its Scan Line Corrector during 2003, resulting in 

images with approximately 10% loss of data. Landsat 8 imagery has been available since April 

2013, however this study is limited to Landsat 5 for 1986-2011 and Landsat 7 for 2012-2013. 

The methods described are directly applicable to Landsat 7 and Landsat 8 acquisitions with few 

modifications, as the spectral bands of the three sensors are similar. Top of atmosphere 

reflectance values were corrected to surface values using the 6S model [Vermote et al., 1997; 

Girotto et al., 2014a] assuming a mid-latitude atmospheric profile. Due to the significant effect 

of topography in retrieved reflectance values, local zenith angles were explicitly considered 

during reflectance calculations using slopes and aspect derived from an ASTER derived Digital 

Elevation Model [http://asterweb.jpl.nasa.gov/gdem.asp]. 
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2.2.3. Linear spectral unmixing and binary classification 

 Spectral unmixing is a procedure by which the spectrum of a remotely sensed pixel is 

decomposed into its constituents or endmembers [Keshava, 2003]. The procedure aims to 

estimate the fraction of each of the endmembers that are present within the pixel. The basic 

spectral unmixing problem consists of proposing the following model [Painter et al., 2009] for 

the Visible and Near-Infrared observed reflectances of each band of the Landsat 5 TM sensor: 

 

R!!"# = F!r!" + e!!
!!!     Equation 2-1 

        

where Rmodk is the modeled reflectance in band k, Fi is the pixel fraction of endmember i, rik is 

the reflectance of endmember i in band k, and ek is the error of the fitting for band k. In this 

chapter, the focus is on solving the linear spectral unmixing equation for snow, vegetation and 

bare rock/soil constituents. Linear spectral unmixing assumes that each photon interacts only 

once with each endmember, without any non-linear processes involved (i.e. interactions between 

different endmembers is minor at the subpixel scale). This assumption is considered to be 

reasonable for alpine, low-vegetation environments, with optically thick snowpacks [Rosenthal 

and Dozier, 1996; Painter et al. 2009]. The Andes range above 1500 m.a.s.l. between the 

latitudes of 25oS and 35oS is a relatively vegetation-free area in comparison to other regions 

where spectral unmixing approaches have been used such as the Sierra Nevada, California 

[Rittger et al., 2013], thus no significant non-linearities implicit in the measured reflectance are 

expected.   

 The overall objective of the unmixing algorithm is to minimize the error of the fit 

between observed reflectance at the sensor and modeled reflectance using physically realistic 
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endmember quantities. An unconstrained least squares estimation approach is used to solve the 

problem. The fractional estimates vector F (vector of [m x 1] where m is the number of 

endmembers) is obtained from the following equation [Keshava, 2003]: 

 

F = r!r !!r!R!"#    Equation 2-2 

       

Where r is the matrix of endmember reflectances (n x m, where n is the number of bands and m 

the number of endmembers), and Robs is the vector of observed reflectance, with each element 

corresponding to the observed reflectance for each band (dimension [n x 1]). If the correct 

endmember reflectance is used (with the correct number of endmembers, and the correct type of 

them), the unconstrained version should result in the same estimates as the constrained version of 

the least squares estimation, in which the sum of F is constrained to add to one (without the 

presence of sensor error). The unconstrained algorithm is preferred over the constrained 

implementation as the latter reduces the ability to identify areas of poor modeling [Rittger et al., 

2013] or wrong endmember selection that could result in low error fit but unrealistic physical 

fractions. Moreover, in the presence of low illumination conditions (such as partial shading 

within the pixel during winter) the sum of endmember fractions may not necessarily reach one, 

thus constraining the sum to add to one could lead to erroneous retrievals. The opposite case 

occurs for slopes that directly face the sun, which could result in snow reflectance exceeding 

unity [Dozier, 1989] due to the forward scattering properties of snow. Following Rosenthal and 

Dozier [1996], this is accounted for by dividing the unconstrained version results by the sum of 

the endmember fractions. Other authors suggest using an extra “shade” endmember (with zero 

reflectance along all bands) and constraining the problem [Painter et al., 2009], but during the 
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validation no significant improvement was seen with this extra step and thus it was decided to 

use the simpler approach.  

 The spectral unmixing model is coupled with an iterative process following the basic idea 

of the algorithm presented by Roberts et al. [1998] and further applied by Painter et al. [2003] for 

fSCA retrieval. The method iterates through different snow endmember reflectances calculated 

for different grain sizes and solar illumination conditions, and for each of those endmembers the 

method iterates through possible combinations of snow endmembers with vegetation or with 

rock, rock and vegetation only, and finally snow with rock and vegetation present within the 

same pixel. An additional loop is also used that tests for the presence of ice with rock or 

vegetation. For each loop, the lowest RMSE combination is selected as the final endmember 

selection. RMSE is calculated using the following equation: 

 

RMSE = !
! R!!"# − R!!"#

!!
!!!     Equation 2-3 

     

Where Rkmod is the modeled reflectance obtained by solving Equations 2-1 and 2-2. As Landsat 

TM frequently saturates over snow [Rosenthal and Dozier, 1996; Painter et al., 2009] an extra 

loop that checks for saturation on each of the bands is required. For the pixels that show 

saturation in any of the bands, the model performs spectral unmixing using only the remaining 

unsaturated bands. The saturation issue is particularly significant for mid-latitudes during the 

ablation season, masking out the spectral signature of non-snow endmember present over the 

pixel. If three bands or more are saturated, the criterion of Painter et al. [2009] is used, assigning 

100% snow cover to those pixels. As the model iterates and selects different endmembers, one of 

the indirect outputs is snow grain size, but no validation data is available for this variable over 
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the study region. Future work will consider the collection of grain size measurement for the 

implementation of the spectral unmixing algorithm using Landsat 8 mission data.  

 The trend estimates derived from the fSCA retrieval are compared to the trend estimates 

obtained from binary classification methods, the latter consisting of assigning a value of 1 if 

snow is detected according to an index, or 0 if it is not. One classification index that is widely 

used in snow and ice hydrology is the Normalized Difference Snow Index (NDSI) proposed by 

Dozier [1989]. This classification is based on the difference in reflectivity between snow and 

other surface covers in the visible (TM band 2) and near infrared wavelengths (TM band 5). The 

classification consists of calculating the NDSI value with the following equation, where TMk 

corresponds to the reflectance observed in band k: 

 

NDSI = !!!!!!!
!!!!!!!

    Equation 2-4 

        

A threshold is selected (generally above 0.4) from which greater NDSI values are assumed to be 

snow covered, and values below that threshold are assigned as non-snow. In the results section, a 

comparison is performed between the trend estimates resulting from both fractional and binary 

SCA maps. 

2.2.4. Endmember reflectance calculation 

 Snow endmember directional hemispheric reflectance was modeled using the equations 

proposed by Wiscombe and Warren [1980] for optically thick snowpacks. This algorithm 

assumes Lambertian snow properties and does not include an azimuth viewing effect. As snow is 

a forward scattering media, the viewing azimuth could be a significant parameter for reflectance 

calculation but as Landsat instruments are near-nadir looking sensors, the azimuthal effect in 
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theory should not play a significant role in the calculations. The equation for directional 

hemispheric reflectance, according to Wiscombe and Warren [1980], is: 

 

R θ = !∗[!! !!!!!!! !!!]
(!!!!)(!!!!"#!)

   Equation 2-5 

 

Where θ is the local solar zenith angle and the rest of the parameters are related to snow grain 

single scattering properties. The reader is referred to Liang [2005] for further details on the 

model formulation. 

 Mie scattering properties were calculated using the algorithms from Mätzler [2002] for 

different grain sizes, obtaining a number of snow endmembers equal to the number of grain sizes 

used. Six different grain sizes were used, varying from fresh (0.05 mm) to older snow (1 mm 

grain size). For each Landsat scene, snow endmember reflectance was calculated according to 

the local (pixel-wise) solar zenith angle. In order to account for glacier surfaces that could differ 

significantly from snow (including old, large grain size), an explicit glacier endmember 

reflectance spectrum was obtained using principal component analysis from a clearly snow-free 

portion of Olivares Gamma glacier. Even though this glacier endmember improved the 

identification of ice-covered vs. snow-covered regions of the glacier, no significant improvement 

was detected during the validation process when the model that included glacier-ice was 

compared to a model that used the original snow only reflectance library. 

 For non-snow/ice endmembers, the Satterwhite and Henley [1990] reflectance library, 

consisting of different rock and vegetation endmembers was used to find suitable rock/soil and 

vegetation reflectance values. According to Rosenthal and Dozier [1996], the selection of 

vegetation or rock endmembers does not significantly affect the fractional snow cover estimates 
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once the adequate snow endmembers are chosen. Rock and vegetation types that would be a 

suitable representation of the observed reflectances of pure rock/soil or pure vegetation over the 

study domain were selected resulting in one chosen endmember for rock/soil and one chosen 

endmember for vegetation (JGR 37, Graniodorite, and LJOR 37, Proboscidea, from Satterwhite 

and Henley, 1990). It is acknowledged that both endmembers probably do not exactly represent 

the type of vegetation and soil/rock present in the area, but both were deemed sufficient for the 

application and showed consistent results during the validation procedure. Moreover, different 

endmembers classes should be used in other regions where different vegetation or rock classes 

would result in significantly different reflectance spectra. Principal component analysis was also 

used in regions where rock and vegetation seemed to be the only endmembers present in a pixel 

[Keshava, 2004], however the reflectance obtained by this methodology was similar to the 

chosen endmembers from the library and did not improve the validation results during the initial 

testing. 

2.2.5. Validation of retrievals  

 The retrievals were validated using high-resolution (1.15m x 1.15m) visible (RGB) 

satellite imagery from DigitalGlobe taken over the central-southern Andes region. The images 

were selected based on the following requisites: 1) High resolution image (on the order of 1m), 

2) Acquisition date close to or matching a Landsat acquisition date, 3) Significant snow presence 

for one of the images (validation of the fractional snow/ice retrieval during winter) and 4) 

Significant glacier presence (validation of the fractional snow/ice retrieval during summer).  

 Two high-resolution images were used: a winter scene which included mostly fresh snow 

conditions (taken on June 26th, 2006), and a late summer scene which included old snow and 

visible glacier ice (taken on March 9th, 2009). From these two high-resolution images, 15 
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validation sites were selected (10 from the winter scene, 5 from the summer scene), each of them 

representing different snow patterns and topographic characteristics. Each of the validation sites 

consists of 1000 m x 1000 m squares. The images were taken within two days of Landsat 

acquisitions (ensuring no significant snowfall or melting occurred in between). The Landsat 

acquisition related to the winter scene corresponds to the Landsat 5 path 233, row 83 image 

taken during June 27th, 2006. The Landsat acquisition related to the summer scene corresponds 

to the Landsat 5 path 232, row 84 acquisition taken during March the 9th, 2009. Figure 2-1 shows 

the location of the validation sites with respect to the main study area of this work.  The 

validation sites were selected in a way that they ensured representativeness of the different 

snow/ice conditions, varying from fresh snow to old snow / glacier ice. 

 In order to identify snow-covered pixels from non-snow, a procedure similar to the one 

described in Painter et al. [2003] was used. Their procedure consisted on using 1-m visible 

imagery as ground truth, which is transformed to binary snow maps, and then co-registering and 

aggregating those maps to the resolution of the imagery they try to validate. In this work, a 

similar approach was used but based on the RGB values of the visible imagery. First, the RGB 

values (three values ranging from 0 to 255) were averaged to one value to obtain a “white index” 

for each image ranging from 0 to 255. A perfect white would result in a value of 255. Then, from 

visual inspection of each of the validation sites images, a threshold of the “white index” was 

determined based on a visual inspection of snow/ice. A threshold value of 100 was found to be 

the most suitable value for the validation sites used. For each image a binary map was created, 

where pixels that represented values above the mentioned threshold were assigned a value of 1.0 

indicating presence of snow. Finally, the high-resolution estimates were aggregated to the 

nominal Landsat 30 m resolution, obtaining a 30m fractional snow covered area “truth”. An 
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example of this classification system is shown in Figure 2-3. This method has some potential 

inaccuracies as it involves subjective visual identification of snow. A way to overcome this 

problem is by using high-resolution multispectral data and applying an analogue spectral 

unmixing model [Rittger et al., 2013], however to the authors’ knowledge, such data is not 

available over the Andes.  

 

Figure 2-3. RGB classification/aggregation procedure example using validation site 15. The 

superior image shows the original RGB image, while the following images show binary 

classifications based on different RGB threshold (50, 100 and 150), and the respective aggregated 

fSCA. A threshold of 100 was selected for this study based on subjective inspection, however values 

between 75 and 125 resulted in similar validation results. The dimensions of the test image are 1000 

m x 1000 m, with a pixel resolution of 1.15 m. 

 

 During the RGB threshold determination, the difference between snow and rock was 

clear enough for an accurate discrimination between snow and non-snow pixels, Furthermore, 

the sensitivity of the validation results (Section 2.3.1) to the threshold used was tested, and no 

significant variations were found for thresholds within 20 units of the originally picked value of 

100. A pixel-by-pixel comparison was avoided, as geo-location errors from the different datasets 
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would render such a comparison meaningless. In order to deal with this issue, random sampling 

was performed by selecting 100 random 150 x 150 meter sections (5x5 Landsat pixels) from 

each validation site. For each of the test images, the sampling was performed to provide a 

meaningful estimation of bias and random error between the observed ground truth and the 

retrieved fSCA. The three analyzed metrics were bias or mean error, correlation and standard 

deviation of the error. These metrics are computed for each of the validation sites. 

2.2.6. Trend testing 

 For each year, a Landsat acquisition that represented the apparent annual minimum snow 

extent over the glacierized study domain (detailed in Figure 2-2) was selected. For this particular 

region (Andes at 33°S), the minimum extent typically occurs during the March-April months, 

where most (if not all) of the seasonal snow from the preceding winter season has melted and 

only glaciers or perennial snow remains. However in dry years it is possible that the minimum 

occurs during February or even January. The method of selecting the annual acquisition 

consisted of first inspecting a series of images for the months of January-April. Of the 20 images 

selected for the analysis, four were taken during the first ten days of April, nine during March, 

five during February and only two during the last week of January. The selected image for each 

year was the one that had the lowest snow/ice exposed area, and if two images were found to be 

apparently equal in terms of area, the image with the latest date was selected. Each of the 

selected acquisitions was inspected for possible transient seasonal snow or for indications that 

would suggest the presence of newly fallen snow, avoiding those as they could introduce 

unnecessary noise to the analysis. This methodology could be performed in an automated way by 

taking all acquisitions and selecting the annual minima, but the manual selection allows a better 

assurance that no images containing clouds or other sources of error were selected. Before 
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applying the trend test, pixels that did not belong to the possible glacierized area were masked 

out in order to reduce the possibility of including pixels incorrectly classified as snow, such as 

whitewater from nearby rivers that match the reflectance of snow [Rosenthal and Dozier, 1996].  

 In order to determine the existence and magnitude of trends in the data, the non-

parametric Mann-Kendall test for trend was used [Helsel and Hirsch, 1992; Kumar et al., 2009]. 

Being a rank-based test, it has the advantage that it does not rely on the distribution of the data 

and the presence of outliers does not affect the outcome of the test. The Mann-Kendall test has 

been used in several hydroclimatic trend studies [e.g. Lettenmaier et al., 1994; Lins and Slack, 

1999; Hodgkins et al., 2003; Kahya and Kalayc, 2004; Kumar et al., 2009; Cortés et al., 2011; 

Harpold et al., 2012]. In order to correctly assign the statistical significance of the trends, data 

must show no serial correlation [Hamed and Rao, 1998] and exhibit no long-term persistence 

[Cohn and Lins, 2005]. If any of these conditions are present, resulting “p”-values (the 

probability that the same test result would be observed if no real trend is present) could be 

underestimated and hence the significance of the trend overestimated. In order to deal with 

possible autocorrelation, the modified version of the Mann-Kendall test is used. Described by 

Hamed and Rao [1998], this version takes into account the existence of serial correlation. On the 

other hand, long term persistence is a phenomenon that is likely present in many hydroclimatic 

variables [Cohn and Lins, 2005]. If the data indeed exhibits such behavior, traditional trend tests 

show lower than true p-values if long term persistence is not properly assessed (biasing towards 

statistical significance). This increases the chance that the trend is deemed statistically relevant 

when in fact the trend is part of a more broad variability inherent to nature. The result of the test 

is a Kendall’s tau value from -1 to 1, where -1 represents a perfect monotonic decrease and 1 a 

perfect monotonic increase, and a value of 0 represents a historical set of data that shows no 
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trend at all (for example, alternating values or a constant value). In addition to the Mann-Kendall 

test, two other statistics were evaluated: the total areal change, represented as the difference in 

snow/glacierized area change between 1986 and 2013, and the total area of pixels that showed 

any negative change for the same period.  

2.3. Results and Discussion 

2.3.1. Validation 

 The validation results are shown in Figures 2-4, 2-5 and 2-6. Figure 2-4 shows three 

validation sites for the winter scene. Figure 2-5 shows the same but for a different set of three 

summer (March) validation sites. Two different sets of sites were used for winter and summer, as 

no image was available at the same sites for the different seasons.  For Figure 2-4, relatively 

fresh snow conditions were present, while for Figure 2-5 only old snow or glacierized regions are 

shown, illustrating the fact that the spectral unmixing algorithm is capable of retrieval of both 

types of snow cover. False retrievals occurred over apparently bare soil pixels probably due to 

bright soils, however these retrievals have values on the order of 10%, which in terms of 

reflectance corresponds to values close to the sensor error itself. Other authors suggest that snow 

presence of 15% or less within a pixel would lead to erroneous retrievals due to the reflectivity 

of the snow present within the pixel reaching similar orders of magnitude as the rock or 

vegetation endmembers [Rittger et al., 2013].  
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Figure 2-4. Example of the validation results for sites 1, 2 and 3  (from top to bottom rows). Each 

test site measures 1000 m x 1000 m. 

 

 

 

 
Figure 2-5. Example of the validation results for sites 11, 12 and 13  (from top to bottom rows). 

Each test site measures 1000 m x 1000 m. 
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Figure 2-6 shows the integrated results of the high-resolution image validation. The 

validation sites are numbered from 1 to 15, following the convention of Figure 2-1. The only 

intervention performed in the validation site selection was ensuring that the mean fSCA of the 

images was properly distributed in the range 0 to 1 (i.e., selection of mostly snow covered or 

mostly bare images was avoided). In general, the retrieved fSCA shows good agreement with the 

observed data, properly classifying snow pixels as snow covered and bare soil as bare pixels.  

 

Figure 2-6. Validation of the fractional snow covered retrievals. a) Shows the mean of each of the 

individual validation site fSCA (1000 m x 1000 m). b) Shows the results from the 150 m x 150 m 

sampling. c) Shows the histogram of differences based on the 150 m x 150 m sampling. 

 

Visual inspection suggests that most of the erroneously retrieved pixels are present in 

slopes with extreme illumination conditions, such as deep shadowing or extremely bright 

conditions, due to slopes directly facing the sun causing saturation in some of the bands and thus 

reducing the number of bands available for the retrieval. The algorithm was designed to deal 

with these conditions accordingly, with snow endmember constraints relaxed if bright conditions 

were present (i.e., if a fSCA greater than 1.0 is obtained when solving the least squares 

estimation problem it is corrected afterwards to the appropriate fraction), but it is still possible 

that the extreme illumination due to bright slopes could cause misclassification due to saturation 
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of the sensor. For all the test images, the calculated bias was -0.0017 (0.5% underestimation), 

with a standard deviation of errors (difference between modeled and observed fSCA) of 0.071, 

and a correlation coefficient of 0.97. For the test involving selection of 150 m x 150 m pixels, the 

mean error for all pixels was -0.026, with a standard deviation of differences of 0.117 and a 

correlation of 0.96. The magnitude of the error is on the same order with what previous authors 

have found for spectral unmixing methods applied to Landsat (Rosenthal and Dozier, 1996). The 

results of the validation for each of the validation sites are shown in Table 2-1. 

2.3.2 Minimum fSCA mapping 

A Landsat 5 TM image acquired during the 1980s was first selected with the aim of 

establishing a baseline of comparison for glacier area reduction. The March 1st 1986 image was 

chosen as a mask to constrain the analysis and avoid errors of the total area due to unrealistic 

classification of pixels as snow or glacier. This image was assumed to represent the baseline 

glacier extent for the study period, with seasonal snow located only in the upper elevations and 

most of the extent of the glaciers uncovered by snow, this last observation is derived from visual 

inspection of the image. According to weather station data derived from stations located in 

Santiago obtained from the Dirección General de Aguas (Chilean Water Authority, www.dga.cl), 

the preceding hydrological year was one characterized by relatively dry precipitation conditions, 

which further validates the observation that little (if any) seasonal snow cover remained over the 

domain outside the glacier boundaries. The snow/ice covered areas represent a total of 

approximately 240 km2 calculated from the fractional values (the binary mask covers and area of 

approximately 280 km2). The delineation of the mask is shown in Figure 2-2. In subsequent 

analysis, images from 1987-2013 were not compared directly with the baseline image; it was 

simply used as a mask to identify pixels to be included in the analysis. Analysis and discussion 



	 42	

focuses on the trend testing, which is a more robust way of assessing possible changes as all data 

points are taken into account and not just the extremes of the time series. 

 

Table 2-1. Result of the validation metrics derived using the random sampling methodology for 

each of the validation sites. The qualitative description corresponds to a visual inspection of the 

validation sites. The full covered (or no-cover) images tend to have very low correlation due to the 

low dispersion of the available data points, with no meaningful information extractable from the 

correlation value. Only fSCA samples that showed a non-zero value were used. 

Validation 
site 

Qualitative Description Mean Error (mean 
of differences) 

Correlation Standard 
Deviation of 

Errors 
1 Winter snow, partial cover -0.092 0.88 0.12 
2 Winter snow, full cover 0.069 0.91 0.08 
3 Winter snow, partial cover -0.189 0.92 0.12 
4 Winter snow, partial cover 0.069 0.89 0.10 
5 Winter snow, low cover -0.059 0.98 0.08 
6 Winter snow, full cover -0.104 0.76 0.13 
7 No cover 0.006 -0.11* 0.01 
8 Winter snow, full cover -0.23 -0.28* 0.14 
9 Winter snow, partial cover -0.12 0.92 0.12 

10 Winter glacier, full cover -0.18 -0.04 * 0.08 
11 Summer glacier, partial cover 0.109 0.96 0.11 
12 Summer glacier, partial cover 0.028 0.96 0.11 
13 Summer snow, partial cover 0.075 0.93 0.08 
14 Summer snow, partial cover 0.047 0.96 0.08 
15 Summer snow, partial cover 0.116 0.93 0.11 
All - -0.039 0.94 0.15 
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Figure 2-7. a) Mean of the retrieved time series in terms of fSCA and b) coefficient of variation of 

the same time series presented as a fraction of the historical mean fSCA. Larger coefficients of 

variations represent areas with high fSCA variability throughout the time series, while low 

coefficient of variations represent areas that showed consistent fSCA retrievals. 

 

Single annual images (i.e. corresponding to minimum snow/glacier extent for that year) 

from 1986-2013 were used for the analysis, excluding 1987, 1992, 1998 (significant snow cover 

present from early season precipitation) and 2003 (no images available) providing a total of 23 

images. Years 1987 and 1998 were particularly wet due to a strong El Niño episode. The effect 

of including these years on the analysis should not significantly impact the trend test results as 

the Mann-Kendall test is robust to outliers due to its rank based formulation. The image selection 

for each year was based on visual inspection of the images ensuring that no remaining seasonal 

snow cover for the previous season was present (Table 2-2).  

a)

b)
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Table 2-2. Acquisition date of the Landsat images analyzed in this study. All images belong to 

Landsat 5 path 233, row 83 except the images used in 2012 and 2013 which belong to Landsat 7 

path 233, row 83 and the 2009 validation image which belongs to Landsat 5 path 232, row 84. 

Year Date of Acquisition 

1986 March 1st 
1987 N/A (significant seasonal snow cover) 
1988 April 7th 
1989 February 21st 
1990 January 23rd 
1991 February 27th 
1992 N/A (significant seasonal snow cover and clouds) 
1993 April 5th 
1994 February 3rd 
1995 March 26th 
1996 March 28th 
1997 January 26th 
1998 N/A (significant seasonal snow cover and clouds) 
1999 March 5th 
2000 February 20th 
2001 March 10th 
2002 February 25th 
2003 N/A (no images available, significant cloud cover) 
2004 March 18th 
2005 March 5th 

2006 April 9th 

June 27th (Winter Validation) 
2007 March 11th 
2008 N/ A (significant seasonal snow cover) 

2009 April 1st 
March 9th (Summer Validation) 

2010 March 19th 
2011 March 22nd 
2012 March 17th 
2013 March 19th 

 

The map of the mean of the time series is shown in Figure 2-7, along with the map of the 

inter-annual coefficient of variation. These two quantities are shown to illustrate the robustness 

of the fSCA retrieval: glacierized/perennial snow regions are consistently mapped as 100% (or 

very close to 100%) fSCA, while glacier borders and areas with loss of mass show high 

coefficient of variation (indicating a high degree of inter-annual variability).  



	 45	

A test of the sensitivity to date of acquisition was also performed for three images taken 

during January to March 1986 (Figure 2-12). The objective of this test was to understand if there 

were significant differences in terms of fSCA when selecting mid-summer scenes vs. late-

summer scenes. Each of the selected images from 1986 complied with the “apparent” minimum 

requirement, showing little or non-existent transient snow particularly for the lower elevation 

glacier outlets, and thus any one of them could serve as a candidate for the annual image 

selection. Figure 2-12 shows the differences of the three images for two particular areas of the 

study domain. The differences between the three images are on the same order of magnitude of 

the model error, suggesting that the influence of selecting images from mid or late summer 

should not play a significant role in the calculation of trends. This observation is only valid if all 

scenes comply with the criteria of no-transient snow present.  

One of the possible limitations of using Landsat data is the frequent saturation of the 

sensor, particularly over bands 1, 2, and 3. This saturation reduces the ability to retrieve fSCA 

over some pixels. If the three first bands saturate, then the pixel was assumed to have an fSCA 

value of 100% according to the criteria of Rittger et al. [2013]. The frequency of this saturation 

event is relatively low throughout the time series, with only a minor portion of the image being 

affected by persistent saturation of the first three bands, reaffirming the robustness of the 

retrieval. It is possible that fSCA retrievals from images that were acquired close to the summer 

solstice would be more frequently affected by this issue, even in regions with sub-pixel fSCA of 

50% or less (for this domain, the first Thematic Mapper band saturates during the summer 

solstice with a reflectance of only 0.3). In such scenarios the assumption of an fSCA value of 

100% whenever the three bands saturate should be reevaluated.  
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As mentioned above, in this particular study it was observed that saturation only occurs 

within the inner regions of the studied glaciers and thus an assumption of 100% fSCA whenever 

the three bands saturate is likely reasonable. The saturation issue affects in a more significant 

way the binary retrievals. The NDSI uses bands 2 and 4, but band 2 frequently saturates during 

the summer months, resulting in possibly erroneous values for the NDSI. This issue should be 

taken into account when implementing binary algorithms over mid-latitudes particularly in 

months close to the summer solstice. Further, the band saturation could result in a biased NDSI, 

particularly towards lower values, obtaining a higher percentage of false negatives. Except for 

the case in which the three first bands are saturated, spectral unmixing offers a way of 

overcoming such an issue by using only the unsaturated bands reflectances. 

2.3.3. Trend testing  

After the calculation of fSCA, the Mann-Kendall test was applied to the time series of 

each of the pixel values. For the masked glacierized region, trend maps were generated, with 

each pixel colored according to the sign of the trend observed and its significance. At the same 

time, for each acquisition the binary map of snow or no-snow is calculated using the 

aforementioned NDSI and trends are calculated for those maps. Figure 2-8 shows the results for 

both methods, with the resulting value of Kendall’s tau (KT) for the Mann-Kendall test.  

Observed trends are coherent with the results obtained by previous work mentioned in 

Section 2.1 of this chapter, particularly with the work by Masiokas et al. [2009], where they 

found significant areal losses for the same glacierized area between 1935 and 2006 using several 

sources of information, including aerial images and Landsat visual inspection. Most of the 

significant trends observed are negative, and they are present on the borders of the glaciers, 

where the ice or snow cover is expected to be thinner and thus less resilient to warming, with a 
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behavior coherent with glacier retreat towards higher elevations. A major loss of area is detected 

over the southwest corner of the study region (over the Olivares Alfa glacier), where a large 

section of the original glacier area has disappeared (most significant trends shown in Figure 2-8).  

 

Figure 2-8. Kendall’s tau (KT) values resulting from the trend testing. The superior panels show 

the pixels that resulted in a statistically significant trend (assuming a p-value of less than 0.1 as 

significant), with a) corresponding to trends calculated from fractional estimates and b) 

corresponding to trends calculated from binary estimates. The lower panels c) and d) represent a 

zoomed portion to illustrate the differences in the most important glacier outlets. 
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The distribution of trend magnitude with elevation and aspect were analyzed, and no 

significant pattern was found for aspect-normalized trends, with the mean KT varying from -

0.058 (Southwest slopes) to -0.078 (Southeast slopes). However, when examined as a function of 

elevation, a monotonic decrease in trend magnitude is observed: pixels located between 3500 and 

4000 m.a.s.l. show a mean KT of -0.165 and a mean change of -24% in fSCA, while pixels 

between 5000 and 6000 m.a.s.l. show a mean KT of -0.05 and a mean change of -0.1.  

A detailed plot of the relationship between KT and elevation bands (using 100-m 

elevation bands) is shown in Figure 2-11. The significant correlation shown between the trend 

coefficients and elevation, and the fact that no correlation was observed between aspect and 

trend coefficient, suggest that temperature increases over the Andes (Falvey and Garreaud, 2009) 

could be the main variable driving the changes, as changes in radiative fluxes could be 

manifested in the aspect related variable. This hypothesis is just preliminary, as further analysis 

that considers historical local temperature and radiation measurements is required. Trends 

derived using the binary method show a consistent trend sign with those derived from the 

fractional method, but the Kendall Tau values of the magnitude of the trend are lower, reflecting 

the lower capacity of trend detection when using binary estimates. Moreover, the binary 

methodology shows a significant bias towards higher change magnitudes (Figure 2-11) possibly 

due to biases of low fSCA values towards zero and of high fSCA values towards 1, resulting in 

an exaggeration of the differences between two pixels.  

To further assess the robustness of the estimates to external factors, the sensitivity of the 

fSCA retrievals to solar zenith angle was tested by correlating each pixel annual fSCA to the 

solar zenith angle of the acquisition. The objective of this extra test was to determine if a 

systematic trend in solar zenith angle during each year could lead to misinterpretation of the 



	 49	

trend test results. Positive, significant correlations were detected sparsely only in the upper 

elevations of the glaciers. A positive correlation would mean that greater zenith angles (i.e., sun 

lower in the sky) are associated with greater fSCA retrievals. Correlation between zenith angle 

and year of the scene was tested, obtaining a non-significant correlation value.  

 

Table 2-3. Comparison of trend results using the fractional and binary algorithms. A p-value of less 

than 0.1 is assumed to be significant. 

Variable Fractional Algorithm Binary Algorithm 

Number of pixels with 
significant negative trends 

47208 11715 

Total area change 1986-
1990 vs 2007-2011 (initial 

area was of 241 km2 ) 

-23 km2 -33 km2 

Areas with any negative 
change 1986-1990 vs 2007-

2011 (initial area was of 
282 km2 ) 

83 km2 
(changes greater than 10% were 

used to calculate this value) 

91 km2 

 

The fluctuations in fSCA of the pixels that showed positive correlations with zenith or 

day of the year correspond to only +/-10%, a value that is similar in magnitude to the model error 

itself. It is possible that the correlation between the annual fSCA of some pixels and day of the 

year and/or zenith is due to the fact that coincidentally some of the acquisitions occurring 

towards the end of the dry season have presence of fresh snow on top of the glaciers due to early 

precipitation events that were not detected during the scene selection, resulting in brighter pixels 

and hence higher fSCA retrievals. The pixels with negative correlations were analyzed and it was 

detected that they were mostly due to deep shadowing (and hence lower fSCA) when the zenith 

angle was high. No significant correlation pattern was detected for the areas corresponding to the 

lower elevations and the boundary between glaciers and bare soil where the trend test results are 

most significant. These results confirm that the detected trends are the result of the fSCA 
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variations within the pixel themselves and not due to an external source of error in fSCA 

calculation. 

When comparing trend maps derived from fSCA to binary classification (Table 2-3), 

major differences are seen: the binary classification, although capable of properly identifying the 

areas with the largest glacier retreat, failed to identify most of the trends detected with the 

fractional maps, both in location (pixels with or without trend) or strength of the trend. One 

particular problem when using binary estimates for trend detection is the fact that rank-based 

tests (or any tests for this purpose) are not suitable for correctly identifying areas where the snow 

covered binary value has changed from a consistent “1” to “0”. This problem is evident in Figure 

2-8, where many of the trends detected over the glacier fringes were overlooked by the binary-

based trend test. Visual inspection of the images provides a way of understanding these errors, 

however an automatic methodology should ideally be able to properly identify these pixels. 

Moreover, sub-pixel changes (for example, from 90% fSCA to 60% fSCA, or 40% to 10% 

fSCA) probably will not be detected efficiently by a binary test due to the issues mentioned 

before. 

While fractional snow covered area maps show statistically significant negative trends in 

47208 pixels (an area of 42 km2), the binary classification only identifies significant trends in 

11715 pixels (an area of approximately 11 km2). If the total area loss is calculated as the 

difference between the mean fSCA of 1986-1990 and 2007-2011 (the mean is calculated in order 

to avoid interannual variability) fractional maps show an areal loss of 23 km2, (10% of the 

original area loss) while binary estimates show an areal loss of 33 km2 (14% area loss). This 

seemingly contradictory result can be explained by error compensation that occurs when using 

the binary algorithm.  
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Figure 2-9. The first and second rows show an RGB and fSCA comparison of a) 1989, b) 1999 and 

c) 2011 acquisitions zoomed over the Juncal Sur glacial front. The third row shows the change in 

area with respect to the initial 1986 area. The fourth row represents the binary snow calculation for 

the same years and the last row shows the difference between those retrievals and the 1986 binary 

retrieval. 
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The binary algorithm tends to overestimate the presence of snow/ice in pixels with a high 

fSCA, and it also underestimates (by assigning zero) the presence of snow/ice in pixels with low 

fSCA. This is shown in Figure 2-9 for the Juncal Sur glacier, while the fractional algorithm 

shows significant detail in terms of areal loss percentages, the binary algorithm, for obvious 

reasons, is only capable of detecting binary changes. Figure 2-10 also shows how glacier front 

area varies depending on the algorithm used, with the binary formulation consistently 

overestimating the glacial area, although both algorithms tend to reproduce very similar areas on 

average. In the end, depending on the distribution of sub-pixel change, the final reduction in area 

could be similar or even greater to the one obtained by fractional estimates. The binary 

classification offers no detail on subtle changes in fSCA or the distribution of such changes. As 

Figure 2-8 shows, the distribution of pixel-wise area change between the 1986 and 2013 images 

has significant variability, and a binary detection algorithm is not capable of detecting such 

variation.  

 

Figure 2-10. Time series plot of the total area for each of the glacier front regions shown in Figure 

2-2a. 
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During the initial testing it was detected that the model had trouble properly identifying 

snow or glacier pixels that were covered by dust or debris. The effect of such cover in snow is a 

reduction of reflectance [Painter et al., 2012], and as a result those pixels could be modeled with 

a lower fSCA despite having an underlying thick snowpack. This is expected to occur throughout 

the study area in a random fashion, but the trend estimates should not be affected unless there is 

an underlying trend in the dust cover of glaciers over the area (i.e. systematically increasing or 

decreasing dust or debris cover).  

 

 
Figure 2-11. a) Mean Kendall’s Tau value for each elevation band vs. the elevation of the band 

used. b) Mean pixel change value for each elevation band vs. the elevation of the band used.  Plots 

c) and d) show the histograms of pixels that showed a non-zero fractional change between 1986 and 

2011, with panel c) showing the change derived from fractional maps, and d) the change derived 

from binary maps. 
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Both the high elevation of the study area and the fact that no significant agricultural 

regions are located upwind can be used to argue that the impact of dust cover on trends is 

minimal, however this remains to be investigated. Visual inspection of the Landsat acquisitions 

showed no significant increase in dust cover that would bias the results.  

 

Figure 2-12. Sensitivity to scene selection test results. The two areas depicted are the outlets of 

glaciers Olivares Alpha (upper row) and Olivares Gamma (lower row). The standard deviation is 

calculated as the standard deviation of the three values for each of the pixels in the three images 

depicted. The scenes correspond to three different Landsat acquisitions during 1986. 

 

Moreover, some of the validation sites, particularly those depicted in Figure 2-5, showed 

a significant dust cover over glaciers, but were still correctly mapped as ice. A possible impact of 

the retreat of the glacier cover however is the appearance of significant debris cover and 

increased rock slides that cover part of the glaciers, totally obscuring the snow/ice signal to the 

Landsat sensor. This situation was verified to occur in-situ [James McPhee, personal 

communication], but there is no information regarding an increase of the number of debris 

appearance and rockslide events over the analyzed region. On the other hand, even though care 

was taken to not use images that show a possible transient snow cover outside the glacierized 
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areas from the preceding winter season, it is still possible that seasonal snow is present over the 

glaciers, particularly for pixels higher in the accumulation zone of the glacier. When combined 

together, both dust and seasonal snow presence could be considered as white noise that does not 

affect the general trend observed. As mentioned above, the manual selection of images had the 

objective of eliminating any extra uncertainties that would cause the trend tests to be biased.  

2.4. Conclusions and future work 

 A fractional snow covered area retrieval algorithm based on the Landsat TM sensor was 

applied and validated for a domain over the southern-central Andes. Results show good 

agreement between high-resolution imagery based estimates and the actual retrievals. The 

algorithm was applied to a selected highly glacierized domain with the aim of assessing the 

evolution of glacier extent during the 1986-2013 period.  

The fractional estimates proved to be robust enough to obtain consistent retrievals of 

glacier area for the entire time series. With the spectral unmixing model, a consistent annual 

measurement of snow extent that requires minimum operator intervention is achieved, with 

results showing consistency year after year despite different acquisition angles, snow conditions 

or saturation conditions. This method of analysis can be assumed to be a standardization of 

current visual inspection methodologies that rely on operator criteria for area determination. 

Operator inspection was still required for selection of the images representing the minimum 

glacier extent, but it is possible to further generalize the methodology so minimal operator 

intervention is required. With the new acquisitions of Landsat 8 available since May 2013 and 

the ongoing acquisitions of Landsat 7 it will be possible to standardize glacier-monitoring 

methodologies by methods such as those proposed in this work. Moreover, spectral unmixing 

methods allow a continuous and robust monitoring of snow cover over the entire Andes and the 
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establishment of a benchmark snow cover observation system in line with those already 

implemented over the Northern Hemisphere. 

Trends in each of the retrieved pixels were analyzed, showing significant negative trends 

throughout the domain, particularly in lower elevation glacier fronts, further confirming the 

results obtained by other authors using binary classification and image comparison. The 

convenience of using a fractional sub-pixel estimate versus a binary analysis was analyzed, 

where it was found that the binary approach missed detection of the trend in nearly 80% of the 

pixels that showed a significant trend according to the fractional retrievals. However, when 

computing the extent of glacier area change by comparing an image from the beginning of the 

study period and one at the end, the fractional snow cover algorithm showed an area loss almost 

three times as large as those found by the binary estimates. This is in agreement with the results 

from Rittger et al. [2013], where the authors showed that binary classification missed most of the 

late ablation season snow in comparison to fractional estimates. This has direct consequences for 

trend detection: binary estimates miss most of the sub-pixel changes, underestimating the amount 

of glacier or snow area that has changed, particularly on glacier fronts or perennial snow areas 

borders. It is in those regions where the most benefit from an automatic sub-pixel unmixing 

algorithm is seen. Manual interpretation of images could lead to systematic biases regarding the 

change of those pixels, particularly in glacierized areas that are composed of only a few Landsat 

pixels and could be difficult to distinguish as glacier for either a manual operator or for a binary 

classification. For instance, in the work of Nicholson et al. [2010], 18% of the glacierized area in 

a region comprising the region from 28° to 30°S) correspond to glaciers or perennial snow of 

less than 0.1 km2 or approximately a square of only 10 x 10 Landsat pixels or less. For such 

glaciers a Landsat fractional retrieval algorithm is the only practical way of properly identifying 



	 57	

changes as a binary classification would likely miss most of the dynamics, and a MODIS (500m 

x 500m pixel) would be of insufficient resolution to identify precise changes. Finally, the 

development of a large-scale fractional snow covered area database based on Landsat would 

provide means to assess changes in global glacierized area with a resolution of 30 meters during 

the last 30 years, effectively standardizing the identification and quantification methodology for 

changes in ice and snow masses. 

Spectral unmixing methods would allow a continuous and robust monitoring of snow 

cover over the entire Andes and the establishment of a benchmark snow cover observation 

system in line with those already implemented over the Northern Hemisphere, allowing, among 

other topics, the development of Equilibrium Line Altitude (ELA) analysis. It is possible to use 

spectral unmixing to further identify glacier ice from snow pixels by incorporating a specific 

glacier endmember over the study area. Even though this study does not analyze ELA evolution, 

the model outputs include discrimination between ice surfaces and snow surfaces, which could 

be used as an indirect estimation of the snowline or ELA. Depending on the reflectance 

characteristics of glaciers in other study domains, future work should consider the use of extra 

glacier endmembers in order to achieve better estimation of the snowline or ELA.   

Current work includes the processing of several Landsat tiles over the Southern Andes 

regions, which present similar climatic and topographical characteristics to the region of this 

study. Moreover, the similarity between the spectral bands of Landsat 5 TM, Landsat 7 ETM+ 

and Landsat 8 Operational Land Imager will allow a continuous stream of fSCA data with 

coherent characteristics, resulting in a continuous stream of more than 40 years of high-

resolution data. 
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2.5. Summary 

 By implementing a subpixel snow/ice cover discrimination algorithm we were able to 

assess with greater accuracy the trends present in glacierized areas over the central Chilean 

Andes. The algorithm is based on the concept of spectral unmixing, where the different 

constituents of each the pixels of a remotely sensed image are identified and quantified. The 

result of the implementation of the algorithm is an estimate of the fractional constituents of 

snow/ice, soil/rock, and vegetation. The algorithm was verified using high-resolution satellite 

images acquired during the same date (or close to) the Landsat image. The spectral unmixing 

methodology requires no calibration as it is founded on physically-based estimates of snow and 

ice albedo together with measured reflectance of the possible endmembers (constituents) present 

in the image.  

 A comparison between the trends derived from a binary classification algorithm and the 

trends derived from the fractional algorithm was performed. It was found that in general the 

trend estimates from the binary classification algorithm might not be accurate due to the binary 

nature of the metric. Trend estimates from the fractional algorithm on the other hand are more 

robust as it captures in a better way the reality of glacier shrinkage. This enhanced robustness has 

consequences for automatized glacier monitoring particularly over small-scale glaciers, for 

which the resolution of the binary algorithm may not be adequate. Furthermore, through the 

detection of subpixel changes it will be possible to identify with more accuracy changes in 

glacier limits and relate those changes to variations in the energy balance of the glacier.  

 The implementation of the subpixel algorithm in a snow context is of key relevance for 

the objectives of this dissertation, as it provides a framework for retrieving fractional snow 

covered area values over the entire extratropical Andes domain. The algorithm was modified 
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though to reflect the objective of snow cover area (and not glacier) quantification, and to include 

a broader number of endmembers so it can be applied to other reigons. It has been successfully 

implemented over the Sierra Nevada region [e.g., Margulis et al., 2015] and Colorado Rocky 

Mountains in the context of similar SWE reanalysis frameworks to the one described in this 

dissertation.   
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3. Snow process estimation over the extratropical Andes using a data assimilation 

framework integrating MERRA data and Landsat imagery 

 

3.1. Introduction and background 

 Runoff that originates from Andean snowmelt represents the most important water source 

for the Chilean economy and a significant source of irrigation for agriculture in Argentina 

[Vergara et al., 2007]. In snowmelt dominated regions, the characterization of snow 

accumulation and melt processes is necessary to understand the mechanisms that lead to 

streamflow generation and possible impacts of climate variability and warming [Barnett et al., 

2005]. The extratropical Andes is the largest seasonal snow reservoir in the Southern hemisphere 

outside of Antarctica. Despite its regional significance, the Andes contain an extremely sparse 

network of snowpack observations. Less than ten operational snow pillows exist over the western 

slopes (where most of the snow accumulates). The sparse network has been a limiting factor in 

characterizing the historical volume of water stored in the snowpack.  

 Previous research on Andean hydrology has used hydrologic and snow models in basin-

scale exercises in attempts to characterize the processes behind runoff generation, climate change 

impacts and snow accumulation/distribution [e.g. Vicuña et al., 2011; Ragettli and Pellicciotti, 

2012; Gascoin et al., 2013; Ragettli et al., 2014]. Large-scale, physically based model 

implementations over the region have been limited by the lack of adequate forcing data, 

particularly high-elevation precipitation and radiative fluxes, with the exception of a few 

heavily-instrumented study basins [e.g., Gascoin et al., 2013]. As an alternative to using 

meteorological station data, models can be forced with gridded historical atmospheric reanalysis 

data [e.g., MERRA, Rienecker et al., 2011]. The precision and accuracy of the spatially-
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distributed snow water equivalent (SWE) model estimates are contingent on the errors (biases in 

particular) present in the dataset and the difficulties in representing the sub-grid variability of 

hydrometeorological processes in complex topography. An adequate representation of sub-grid 

variability of meteorological forcing such as precipitation, shortwave radiation and temperature 

is key to representing the dynamics of snow accumulation (Liston, 2004). Based on these factors, 

several basic questions still remain largely unanswered including: How much snow accumulates 

over the Andes during the winter and what is the distribution of this snow? How does the 

distribution vary interannually and what factors control this variation? How do ENSO (El Niño 

Southern Oscillation) fluctuations affect the large-scale dynamics of Andean snow? These 

questions have been partially answered using the existing snow measurement network [Masiokas 

et al., 2006], but attempts to understand the spatial and temporal variability of Andean snow as a 

whole, using high resolution (both temporal and spatial) datasets have been limited. Recent snow 

survey measurements for the region [Ayala et al., 2014] have offered a new glimpse into the 

small-scale spatial variability of snow accumulation, generally showing significant correlations 

between accumulation and elevation. Furthermore, recent work by Cornwell et al. [2016] has 

offered first estimates of peak snow accumulations at 500m resolution using deterministic SWE 

reconstruction methods that combine MODIS SCF imagery and in-situ forcing data. Smaller-

scale analyses such as the one presented by Cornwell et al. [2016] are desirable given the high 

spatial variability of Andean physiography and climate, as snow survey measurements can show 

significant variability in depth within spatial length scales on the order of tens of meters.  

 Remotely sensed datasets are now commonly used to assess some of the aforementioned 

research questions and problems, particularly over sparse data regions or inaccessible study sites. 

Examples of snowpack states that can be retrieved or indirectly estimated using spaceborne data 
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include albedo, reflectance, dust content, temperature and fractional Snow Covered Area (fSCA) 

[e.g., Klein and Stroeve, 2002; Comiso et al., 2003; Painter et al., 2009; Painter et al., 2012; 

Cortés et al., 2014]. While none of these retrievals offer a direct solution to the problem of long-

term SWE estimation, previous research has shown how fSCA can be used to derive distributed 

SWE fields through the use of retrospective cumulative melt energy calculations [Molotch and 

Margulis, 2008; Molotch, 2009; Guan et al., 2013], or by data assimilation methods [Durand et 

al., 2008; Girotto et al., 2014a; Girotto et al., 2014b; Margulis et al., 2015; Margulis et al., 2016]. 

The relatively high-resolution achievable by multispectral VIS-NIR sensors makes them very 

useful over regions with high spatial variability that result in small scale (<100 m) variations in 

snow states due to orographic enhancement, wind redistribution and gravitational redistribution, 

among other processes [Winstral et al., 2002; Clark et al., 2011; Bernhardt et al., 2012]. The 

Landsat suite of sensors is one example of a remotely sensed dataset with a resolution ideal for 

alpine snow applications (30 m) and with a spectral range that allows for accurate retrievals of 

fSCA (e.g., Rosenthal and Dozier, 1996; Rittger et al., 2013; Cortés et al., 2014). Furthermore, 

the Landsat dataset spans from the early 1980s to present day continuously, representing an 

invaluable dataset for Earth science applications.  

 The work described herein aims to merge the advantages of the different datasets (i.e., 

remotely sensed fSCA and atmospheric reanalysis data) and methodologies (i.e., snow modeling 

and data assimilation) described above through the implementation of the data assimilation 

framework introduced by Margulis et al. [2015] over a region with limited access to high 

resolution forcing datasets. This chapter describes the framework components, verification 

results using snow survey data over Andean study sites, and an illustrative climatological 
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example dataset using the framework. The work presented aims to specifically answer the 

following science questions: 

1) How is the estimation of historical SWE from a model forced by a coarse-resolution 

dataset improved when remotely sensed fSCA is used to constrain the estimates? This 

question is answered by comparing the forward model and the conditioned reanalysis 

estimates to snow-survey data gathered over a complex topographic setting. 

2) How, if at all, is the conditioned SWE error dependent on physiographic characteristics 

and precipitation bias? This question is answered by comparing the error of the 

conditioned estimates to physiography and by perturbing the precipitation forcing 

uncertainty distribution parameters. 

3) What insight into SWE climatology does the assimilation of fSCA data bring that cannot 

be obtained from the forward modeling estimates? This question is answered by 

analyzing the climatological characteristics for an Andean headwater basin between 1984 

and 2014 and comparing the results from the forward model estimate vs. the estimates 

conditioned by the snow depletion data. 

 The methodology and data used is described in Section 3.2. Section 3.3 shows the results 

and discussion of this work, and Section 3.4 presents the conclusions of this study. 
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Figure 3-1a. Study site locations within the extratropical Andes. For reference, the MERRA forcing 

grid is shown with black lines. 

 

3.2. Data and Methodology 

3.2.1. Study area and in situ data 

 This study applied the reanalysis method to six study basins located between 30°S and 

34°S (Vega Negra, Ojos de Agua, Juncal, Morales, Lo Valdes and Olla Blanca). These sites were 
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selected based on the availability of verification data suitable for this study. Key features of each 

of the sites are presented in Table 3-1 and their location within the larger regional domain is 

shown in Figure 3-1a.  

 

Figure 3-1b. Juncal river physiography, variables shown are a) elevation, b) aspect and c) slope. 

Panel a) also shows the locations of the 2012-13 snow survey points (shown as dark pixels in the 

northern region of the basin). The glacierized regions of the basin are shown in white within the 

basin boundaries. The basin outlet (where runoff is monitored) is shown as a circle in panel a). 

 

The Figure also shows the physiographic characteristics of the Juncal basin analyzed 

further in Section 3.4. The basins are part of the headwaters of several important rivers such as 

the Limari, Aconcagua, Maipo and Rapel. The climate of the study sites includes arid, semi-arid 

and Mediterranean alpine, with precipitation amounts registered by meteorological stations near 

the sites ranging from 100 mm/year for the Northern limit of the domain (Vega Negra) to 500 

mm/year for the Southern limit (Olla Blanca). It should be noted that these precipitation values 

are only representative of the conditions measured by the existing ground meteorological 

network (generally at low elevations) and precipitation at the higher elevations is expected to be 

much higher due to orographic effects [Favier et al., 2009]. For a more detailed characterization 
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of the meteorological patterns over the study area the reader is referred to Cortés et al. [2011]. 

The highest temperatures and lowest precipitation amounts generally occur during the summer 

months of November to March, and the lowest temperatures and higher precipitation occur 

during the winter months of June to September. Glaciers are present at the higher elevations of 

the basins, however the ice component of the cryosphere is not analyzed in this study. Vegetation 

over the study sites is practically nonexistent except for small patches in the valley floors, where 

shrub and grass cover exists. 

 Snow survey data, consisting of depth measurements and density measurements taken at 

snow pits, was obtained from the Mountain Hydrology Group at Universidad de Chile. The 

number of points surveyed for each of the basins during each year is shown in Table 3-1. The 

verification points were aggregated to the 90 m model resolution. To our knowledge, these snow 

surveys are the most extensive snow measurement effort to date in South America. The snow 

depth measurements were taken separately by a survey team on foot over the valley regions, and 

by a helicopter based ski team over terrain with high-slopes or limited accessibility. The snow 

surveys covered a large range of physiographic characteristics that allows for a verification of the 

data assimilation framework in an alpine context. 

 In addition to verification at the survey sites, the framework was applied over the full 

Juncal river basin (in the headwaters of the Aconcagua river [Ragettli et al., 2014]) for water 

years 1985-2015. The results of the Juncal basin application were used to evaluate the long-term 

relationship between SWE and runoff over this basin and the relationship with ENSO 

fluctuations. The Juncal basin was selected due to the availability of unimpaired streamflow 

measurements spanning the whole study period, and the relatively high availability of Landsat 

fSCA data for the area. Furthermore, precipitation (stored as snow during the winter) that falls 
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over Andean headwater basins similar to Juncal represents the main source of water for much of 

the Chilean urban- and agricultural-based economy and for a large number of mining 

developments throughout the region.  

 

Table 3-1. Study site data characteristics. The elevation shown corresponds to the mean elevation of 

the basins containing each of the study sites.  

Study site name WYs surveyed Total Basin 
Area [km2] 

Total number 
of survey 

verification 
points 

Elevation range 
and Mean 

Elevation [m.a.s.l.] 

Vega Negra 2012, 2013, 
2014 

6.7 288 3120-3924 
3570 

Ojos de Agua 2009, 2010, 
2011, 2013 

39.8 563 2201-4668 
3467 

Morales  2010, 2011, 
2012, 2014 

26.6 399 1861-4403 
2950 

Lo Valdés 2014 18.1 129 2274-4048 
3257 

Olla Blanca 2011, 2012, 
2014 

2.36 467 2771-3175 
2982 

Juncal 2012 242 123 2261-5915 
3670 

 

3.2.2. Remote sensing data, modeling and assimilation framework 

 In this study the prior (forward modeling) SWE and fSCA estimates are updated 

(resulting in the posterior which is probabilistically conditioned) using historical fSCA data 

retrieved from atmospherically corrected reflectance data from Landsat 4 and 5 Thematic 

Mapper (TM), Landsat 7 Enhanced Thematic Mapper+ (ETM+) and Landsat 8 Operational Land 

Imager (OLI) sensors. The fSCA is retrieved using a spectral unmixing algorithm [Painter et al., 

2003; Cortés et al., 2014] with explicit consideration of the different spectral ranges of each of 

the sensors. fSCA data points that were acquired over shaded pixels at the image acquisition time 

were excluded from the reanalysis framework. These data points were identified using a 
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topographic shade mask calculated using the solar angles at the time of image acquisition 

(included in the image metadata) and a digital elevation model. Clouds were identified using a 

manual identification step and images that were affected by the presence of clouds were either 

manually masked or discarded. In order to avoid inconsistencies due to the saturation of bands 1 

through 3 of the TM (Landsat 5) and ETM+  (Landsat 7) sensors, the spectral unmixing 

algorithm only retrieves fSCA using unsaturated band data (Cortés et al., 2014). When three 

bands are saturated the amount of retrievable information from the spectral analysis diminishes 

significantly, particularly if the first three are affected (since snow manifests mostly in these 

three bands). Pixels that showed saturation of three or more bands were excluded from the 

reanalysis. 

 The forward modeling framework used in this work is the SSiB3 Land Surface Model 

[LSM, Yang et al., 1997; Xue et al. 2003] combined with a Snow Depletion Curve (SDC) model 

[Liston, 2004]. The details and example applications of the LSM and SDC in a mountain snow-

modeling context are shown in Girotto et al. [2014a; 2014b] and Margulis et al. [2015]. The 

previous applications have shown how the combined LSM and SDC perform adequately in 

regions with similar physiographic and climatic characteristics (alpine sites of Sierra Nevada, 

California) as the sites used in this study. The LSM model, using forcing inputs from MERRA, is 

used to generate the snow accumulation and snowmelt fluxes required to relate the fSCA to SWE 

via the SDC model. The SDC model relates the cumulative energy fluxes, the cumulative 

precipitation and a coefficient of variation parameter to estimate the evolution of the fSCA for 

each model grid cell. It is important to clarify that the methodologies presented here are 

generally applicable with any coupled LSM-SDC modeling framework. The chosen resolution of 

the model was 90 m with an hourly timestep. The models are used to generate the prior estimates 
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that are conditioned on fSCA using the data assimilation algorithm. The model is forced by the 

MERRA atmospheric reanalysis [Rienecker et al., 2011] described in detail in Section 3.2.3. 

In this chapter the Particle Batch Smoother (PBS) data assimilation algorithm (hereafter, 

“reanalysis”) proposed by Margulis et al., [2015] is used. In the PBS framework the prior and 

posterior state replicates are the same: the weights of each of the ensemble replicates are updated 

based on the assimilated observations rather than the states themselves. The algorithm assigns 

higher weights to those replicates that show model predictions closer to the observations and 

reduce the weight for those with higher differences. The prior and posterior weights can be used 

to calculate prior and posterior ensemble metrics such as the mean, median and interquartile 

range of SWE. For details on the methodology the reader is referred to Margulis et al. [2015]. 

For verification purposes the ensemble median SWE of each model grid cell is compared 

to snow survey SWE using a best-pixel comparison approach [Rittger, 2012; Margulis et al., 

2015]. The Mean Error (ME), Root Mean Square Error (RMSE) and correlation statistics were 

calculated for both prior and posterior ensembles. 

3.2.3. MERRA forcing dataset, precipitation downscaling and uncertainty characterization 

 The model is forced by MERRA hourly forcing fields available from the NASA Global 

Modeling and Assimilation Office (http://gmao.gsfc.nasa.gov). The forcing fields required by the 

model are hourly temperature, shortwave and longwave radiation, precipitation, wind speed, 

humidity and air pressure. The details of the downscaling methodologies are described more 

extensively in Girotto et al. [2014a] and Margulis et al. [2015]. Here the basic parameterizations 

and methods are described. Temperatures and shortwave radiation are disaggregated to the 90 m 

model resolution from the MERRA resolution of 0.5° latitude x 0.67° longitude grid using 

specified temperature lapse rates [Urrutia and Vuille, 2009] and a topographic radiation 
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correction, respectively [Girotto et al., 2014a; 2014b]. For the prior forcing, precipitation was 

interpolated to each of the model grid cells from the original MERRA grid using an inverse 

square of distance algorithm. Humidity was disaggregated using a dew point temperature 

elevation lapse rate based on the results of Kunkel (1989). Air pressure was also disaggregated to 

each model grid cell elevation by assuming a hydrostatic profile for the air column. No 

disaggregation was performed for wind (only interpolation to the model grid cells) as this would 

require the implementation of more complex wind simulation models throughout the region. It is 

important to clarify that the disaggregated forcings are a probabilistic (ensemble) prior estimate, 

and are implicitly updated during the data assimilation step. This is especially important for 

precipitation: even though no prior downscaling was performed (aside from a basic 

interpolation), the posterior precipitation is estimated following the methods explained further in 

this section.  

Figure 3-1 illustrates the coarse size of each of the MERRA grid cells. In general, only 

two or three MERRA cells cover the full longitudinal extent of the Andes (approximately 100 

km). Time-varying topographic shade is used to account for the hourly variation in shade 

affecting a model grid cell throughout the year. Downward longwave radiation estimates were 

generated using the Mölg et al. (2009) parameterization verified for a semi-arid Andean location 

by MacDonell et al. [2013]. The parameterization relates mean air pressure at the elevation of the 

modeled pixel divided by the pressure of the site at which the relationship was optimized, the 

effective cloud cover fraction, clear sky emissivity and air temperature. MacDonell et al. [2013] 

found that the original Mölg et al. [2009] parameterization optimized for an African reference 

site located at 5873 m.a.s.l. was optimal for application over high-elevation Andean sites when 

compared to several other downward longwave parameterizations. 
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 In order to be implemented in the data assimilation framework, the MERRA forcing data 

uncertainty was characterized using ground meteorological stations and results from previous 

research. Based on a comparison with temperature data and the results of Yi et al. [2011], which 

show a possible warm bias for MERRA temperature estimates over the Andes, the uncertainty 

distribution of temperature was modeled as an additive error sampled from a normal distribution 

with a mean -2°C and standard deviation of 2°C (i.e., MERRA has a warm bias of 2°C for the 

region, equation B1 from Girotto et al., 2014a). Errors in shortwave radiation were assumed to 

follow the error model postulated by Margulis et al. [2015] for the Sierra Nevada based on 

NLDAS data and in situ radiation data. The error model relates the uncertainty of the shortwave 

estimates to the estimated clear sky fraction (estimated from MERRA downward shortwave 

radiation). The error model associated higher cloud cover to more uncertain estimates based on 

the exploration of several incoming shortwave radiation measurements over the Sierra Nevada. 

Radiation measurement stations over the high elevation of the Andes are isolated and practically 

non-existent, thus deriving a spatially distributed error model based on Andean sensor data for 

the higher elevations was not possible. The postulated error model assigns higher uncertainty to 

cloudy days based on the estimated clear sky fraction from MERRA. While no error model was 

directly implemented for longwave downward radiation, the longwave estimates are directly 

influenced by the postulated error function of air temperature. The ensemble of air temperature 

estimates is propagated to the downward longwave estimates via the Mölg et al. [2009] 

parameterization. 

 Precipitation uncertainty was characterized by comparing precipitation estimates from 

MERRA and precipitation gauge data. A multiplicative error model [Pan et al., 2010; Durand et 

al., 2008; De Lannoy et al., 2010] was used to disaggregate the MERRA precipitation forcing 
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over each of the 90 m model grid cells and to represent the uncertainty of the precipitation input 

over high elevation regions (Equation 3-1, following the notation of Margulis et al, [2015]): 

 

P!,!! = b!! ∗ P!"#,!   Equation 3-1 

 

where !!! represents the prior multiplicative coefficient, !!"#,!  represents the nominal 

precipitation input (in this case from MERRA) and !!,!!  represents the disaggregated precipitation 

over the model grid !. The multiplicative error represents two main sources of uncertainty: the 

inherent uncertainty of MERRA with respect to observed data, and the uncertainty of 

extrapolating MERRA to high elevation regions where orographic enhancement could be 

significant (Favier et al., 2009; Viale and Garreaud, 2015).  

Winter precipitation over the Andes generally comes from westerly synoptic scale fronts 

[Garreaud, 2009]. Isolated convective activity may be present during the summer months over 

the Eastern slopes, however this activity is not important in terms of the annual water budget 

south of 27°S. Most of the accumulated snow volume is due to relatively infrequent synoptic 

scale precipitation events during the winter season, which result in deep snowpack 

accumulations. The MERRA precipitation grid encompasses areas located over both western and 

eastern slopes of the Andes (Figure 3-1), and thus aggregates into one grid cell two distinct 

climate regimes: the convective events that are characteristic of some regions east of the Andes 

and the synoptic scale precipitation fronts from the west. In the context of a higher resolution 

modeling grid these spring-summer precipitation events are unrealistic and require an adjustment 

methodology, in both a forward modeling context and a data assimilation framework. In a 

forward modeling context the presence of these unrealistic events results in erroneous snow 
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cover simulations and albedo characterization (as many algorithms reset albedo with new 

snowfall), both effects directly impacting the modeling of snow ablation particularly during the 

spring-summer season. The presence of unrealistic spring-summer precipitation events in the 

time series has a direct impact on the data assimilation framework as they artificially increase 

fSCA during the spring-summer months over the higher elevations, resulting in a significant 

difference between observed and modeled fSCA, which leads to an incorrect update.  

In order to adjust the MERRA precipitation time series, a threshold-based approach to 

downscale the data using the observed precipitation record was implemented. The approach is 

based on Schmidli et al. [2006], where a wet-day threshold is adjusted in order to get the same 

wet-day frequency between the downscaled and observed time series (i.e., the observed 

precipitation). The threshold approach was preferred since most of the inconsistent precipitation 

events in the MERRA precipitation time series seemed to be of very low intensity, often lower 

than 1 mm/h. These events are irrelevant in terms of the cumulative SWE over the area and they 

do not significantly alter the regional water balance. The threshold approach aims to minimize 

the number of precipitation events from MERRA that are not present in the in situ observed time 

series. Several high-quality precipitation stations located over the western slopes of the Andes 

close to the location of our study sites were used in the analysis. For each corresponding 

MERRA and in situ time series, the following indices were calculated: True Positive value (!", 

precipitation observed in both MERRA and observed data), False Positive (!", precipitation 

observed in MERRA but not in observed data), True Negative (!", no precipitation observed in 

MERRA nor in the observed data) and False Negative (!", no precipitation observed in 

MERRA but precipitation registered in observed data). In order to decide which threshold 

resulted in the best match between both time series the so-called F metric [Fawcett, 2006] were 
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calculated. This metric is commonly used in classification performance evaluation and forecast 

verification [Hamill and Juras, 2006]. The metric is defined as: 

 

F = !"#
!"#!!"!!"   Equation 3-2 

  

The ! metric represents a balance between the precision metric of the estimate (the 

ability of represent only true positives) and the recall metric of the estimate (the ability to 

represent only true negatives) [Rittger et al., 2013]. The maximum F metric was used to make a 

final decision regarding the optimal threshold. The MERRA precipitation estimates were 

interpolated from the MERRA grid using an inverse distance weighting method. Since hourly 

precipitation records were not available, the threshold was applied first to the hourly MERRA 

data, and then the filtered data was aggregated to the daily level and  compared to the observed 

data to derive the metrics. A threshold of 0.5 mm/h resulted in the highest ! metric for most of 

the precipitation stations used.  

After the selection and application of the optimal threshold to the MERRA time series, 

the precipitation uncertainty distribution was estimated by comparing the annual MERRA 

precipitation forcing totals (with the threshold already applied) to the annual precipitation 

records measured by precipitation gauges. Sixty-nine precipitation gauges located between 26°S 

and 36°S located above 1000 m.a.s.l., totaling 1097 station-years, were used (provided by the 

Dirección General de Aguas; www.dga.cl). Assuming a lognormal distribution (as in Girotto et 

al., 2014a and Margulis et al., 2015), the parameters of the !!! distribution (Equation 3-1) were 

estimated by calculating the ratio between observed and MERRA fall-winter (April 1st to 
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September 30th) precipitation. The reanalysis framework ensemble precipitation forcing was 

generated by sampling !!! from the distribution for each of the replicates of the ensemble.  

3.3. Results and discussion 

3.3.1. Verification of results 

 The comparison between precipitation gauge data and MERRA resulted in lognormal 

parameters corresponding to a mean of 1.78 and a coefficient of variation (CV) of 0.95. These 

statistics suggest the highly uncertain and biased nature of the MERRA data over the Andean 

region. The error in representing small-scale orographic processes is probably due to the coarse 

scale of MERRA in comparison to local topographic features. Using these parameters the 

reanalysis method was applied for all of the study sites over the period for which snow survey 

measurements were available (Table 3-1). Table 3-2 summarizes the correlation coefficient, 

RMSE and ME for both prior and posterior SWE estimates, for all of the data within the study 

basins. Scatterplots are shown in Figure 3-2.  

 

Table 3-2. Summary of statistics for all snow survey verification data. Each year’s snow survey was 

aggregated to one single dataset representing the different study sites. 

Study site 
name 

Correlation RMSE [m] ME [m] 
Prior Posterior Prior Posterior Prior Posterior 

Vega Negra 0.52 0.80 0.20 0.11 -0.16 0.05 
Ojos de 
Agua 

-0.14 0.71 0.44 0.15 -0.37 0.04 

Morales 0.60 0.90 0.28 0.14 -0.15 -0.06 
Lo Valdés 0.70 0.91 0.24 0.11 -0.14 -0.05 

Olla Blanca 0.51 0.88 0.28 0.12 -0.20 0.03 
Juncal 0.75 0.89 0.19 0.10 -0.08 -0.03 

All Data 0.49 0.87 0.32 0.13 -0.22 0.01 
 

The assimilation of fSCA data from Landsat resulted in improved verification metrics for 

all study sites: all showed an improved correlation, lower RMSE values and lower ME when 
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comparing posterior to prior estimates. The improvement after assimilation was not 

homogeneous across all of the study sites, with the correlation coefficient of the posterior 

estimates varying from 0.71 (Ojos de Agua) 0.91 (Lo Valdés). The Ojos de Agua site 

experienced the largest improvement in verification metrics, from a prior correlation of -0.14 to a 

posterior correlation of 0.71. Among the possible reasons for differences are inherent errors of 

the model formulation (due to approximations such as number of replicates used or energy 

balance estimates) representativeness errors in the snow depth measurements, errors in fSCA and 

the number of in situ data points available (i.e., a higher number of data points for each site 

results in more robust verification metrics).  

One important observation regarding the verification results is the presence of a 

significant negative bias in prior estimated SWE, despite the fact that the forward model 

simulations were provided with “bias-corrected” inputs according to the multiplicative prior 

lognormal mean parameter (i.e. 1.78) discussed above. The ME for the prior ensemble was -0.22 

m. This result suggests that the precipitation gauges used to characterize MERRA precipitation 

uncertainty are not representative of the high elevation conditions within the individual study 

sites. Furthermore, the results for the different sites suggest that the representativeness of the 

MERRA precipitation is not only elevation-dependent but there are other variables (such as 

latitude) that could influence the magnitude of the bias between MERRA and precipitation at 

higher elevations. The Ojos de Agua site was the most affected by this bias, with a prior ME 

value of -0.37 m. After the assimilation of the fSCA data, the posterior estimates do not show a 

bias for any of the sites, with a ME value of only 0.01 m. This analysis highlights how the 

assimilation of fSCA data resulted in a significant correction (94%) of the bias in the prior SWE 
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estimates; a bias magnitude that would not be captured even by “tuning” the precipitation input 

data using available precipitation gauge data.  

 

Figure 3-2. Verification results for prior and posterior SWE estimates. The first row shows the 

spatially averaged prior (a) and posterior (b) estimates (for each year-site) against the averaged 

values of each of the snow survey sites. Vertical error bars show the interquartile range of the 

ensemble of estimates, horizontal error bars show the standard deviation of all of the values of the 

snow surveys. The second row shows the direct comparison between all snow survey data points for 

prior (c) and posterior (d) estimates. 
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3.3.2. Sensitivity to precipitation bias 

We examined the reanalysis sensitivity to precipitation biases by increasing the 

magnitude of the mean parameter of the precipitation uncertainty distribution by varying the 

mean value between 1.75 and 3.5. Figure 3-3 shows how the correlation, RMSE and ME 

statistics vary as a function of the mean. In general, by increasing the mean of the ! value the 

prior statistics were improved, while this had little effect on the posterior verification statistics.  

 

Figure 3-3 – Analysis of verification statistic sensitivity to precipitation biases. Panel a) shows the 

changes in correlation coefficient, b) RMSE and c) ME as a function of the mean of !!!. 

 

Based on the prior verification statistics, the optimal mean value for the lognormal 

distribution was found to be approximately 2.75. Beyond that value the prior correlation and 

SWE RMSE values were degraded, although the prior SWE bias is reduced. Over the range of 

values tested the mean prior SWE bias varied from -0.27 m to close to 0 m. However, the 

posterior ME ranged only from 0.02 m to 0.03 m, showing how the assimilation of fSCA is 

significantly more robust to possible biases in precipitation input. The posterior mean SWE was 

calculated for all the data points for both the highest and lowest bounds of the precipitation 

sensitivity test. Results show that the difference in posterior mean SWE between both bounds 
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was only 0.03 m, or a 5% difference. The sensitivity of the framework is contingent upon the 

fSCA data availability, as a scenario where there are no fSCA data would simply reduce to the 

prior estimate. The results of this sensitivity analysis agree with the results shown by Raleigh et 

al. [2015], where they found a significant dependence of several SWE error metrics on biases 

and uncertainty in precipitation. 

The optimal distribution parameters obtained are similar in magnitude to previous 

assessments of reanalysis precipitation products over mountain regions. Girotto et al., [2014b] 

and Margulis et al. [2015; 2016] found a value of 2.5 for the mean and 0.25 for the CV, although 

these studies use a finer scale resolution reanalysis dataset (that leveraged a larger number of 

precipitation gauges), which could explain the higher CV obtained in this study. For studies over 

the Andes, other authors have found orographic effects that result in precipitation observed at 

high elevations (>3000 m.a.s.l.) on the order of three times larger than low-lying elevations 

[Favier et al., 2009; Ragettli et al., 2014]. Given the coarse resolution of the MERRA grid, it is 

expected that the precipitation fluxes from the MERRA reanalysis will generally not be 

representative of orographically enhanced conditions present throughout the Andes. The factor of 

2.75 represents the mean underestimation between MERRA and the observed precipitation at 

high elevations. This value was inferred from the snow survey data by comparing prior SWE 

estimates forced with a precipitation factor of 1.0 vs. the SWE estimates forced by the 

aforementioned factor of 2.75. The correction factors are similar to values found for other 

authors and other coarse datasets [Nijssen et al., 2001; Adam et al., 2006].  

3.3.3. Analysis of errors and limitations of the reanalysis framework 

 The dependence of the errors in prior and posterior SWE as a function of the 

physiographic characteristics of the survey locations were analyzed. The error of each model grid 
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cell (calculated as the difference between observed minus estimated SWE) was compared against 

elevation, aspect and slope. The error was also compared to the number of annual assimilated 

scenes in order to test how the availability of fSCA images affects the accuracy of the estimated 

SWE values. 

 Figure 3-4 shows the scatterplots of error vs. physiographic variables and number of 

fSCA measurements for each grid cell of the analyzed domains. Physiographic variables 

analyzed include elevation, slope, aspect and the maximum upwind slope (MUS) parameter. The 

number of fSCA measurements is calculated as the number of Landsat fSCA acquisitions 

assimilated during each year, for each model grid cell. After the assimilation, the magnitude of 

the bias is significantly reduced, especially for locations above 2700 m.a.s.l. The results from the 

assimilation framework show that even though a static characterization of precipitation 

uncertainty was used (i.e., fixed for all sites and years), the assimilation step was able to generate 

unbiased SWE estimates over a large range of elevations between 2000 and 4000 m.a.s.l. This 

range covers most of the headwaters of several important Andean watersheds, and this result 

suggests that the extension of the reanalysis methodology to other large-scale watersheds 

throughout the region will be successful. No significant error structure was found when 

comparing prior error to slope or aspect. In terms of error vs. number of available fSCA data 

points, it is not clear if a greater number of points resulted in lower error, although the spread of 

the error for model pixels that assimilated between 10 and 30 fSCA data points per year seems to 

be higher in comparison to those pixels that had 30 or more data points. This result is consistent 

with the findings of Girotto et al. [2014a]: availability of a larger number of fSCA data points 

tends to result in a higher accuracy of the estimated SWE volumes. 
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Figure 3-4. SWE error values as a function of physiographic variables: a) elevation, b) slope, c) 

aspect, d) MUS and e) the number of assimilated fSCA measurements (per year, for each model 

pixel). The error is calculated as the difference between estimated and observed SWE. A 0 degree 

North aspect convention is used. 

2000 3000 4000
Elevation [m.a.s.l.]

-0.6
-0.4
-0.2

0
0.2
0.4
0.6

Er
ro

r [
m

]

a)

0 20 40
Slope [°]

-0.6
-0.4
-0.2

0
0.2
0.4
0.6

Er
ro

r [
m

]

b)

0 100 200 300
Aspect [°]

-0.6
-0.4
-0.2

0
0.2
0.4
0.6

Er
ro

r [
m

]

c)

-5 0 5 10 15
MUS parameter [°]

-0.6
-0.4
-0.2

0
0.2
0.4
0.6

Er
ro

r [
m

]

d)

0 10 20 30 40 50
N° of measurements

-0.6
-0.4
-0.2

0
0.2
0.4
0.6

Er
ro

r [
m

]

e)

Prior
Posterior



	 82	

 Beyond the lack of representing orographically enhanced precipitation, a possible 

explanation for part of the negative bias between the observed SWE and the modeled prior SWE 

is the lack of an explicit representation of snow redistribution mechanisms in the modeling 

framework. The presence of steep slopes over the region together with in-situ observations of the 

physiographic conditions suggest that the study basins are all subject to the effect of gravitational 

and wind induced redistribution. Both effects can lead to significant spatial variability in SWE 

[Bernhardt et al., 2012] and may result in deep snow accumulation that cannot be explained by 

the precipitation flux alone. Even though the model on which the reanalysis is based does not 

directly simulate these processes, it can account for them indirectly during the update step by 

assigning higher weights to the replicates with higher precipitation forcing data. For instance, a 

pixel for which gravitational snow deposition plays a significant role in the annual water balance, 

or one with significant sheltering from wind will experience consistently deeper snowpacks. This 

deeper snowpack will directly appear in the Landsat snow depletion record as a persistently high 

fSCA. When the fSCA data is assimilated, the ensemble replicates with higher precipitation 

values will be assigned a higher weight. This will result in higher posterior SWE values in 

comparison to a grid pixel with similar energy inputs but with no snow deposition from 

surrounding pixels. The same is true for pixels that are affected by constant snow removal due to 

wind exposure.  

In order to confirm our hypothesis, we calculated the Maximum Upwind Slope (MUS) 

parameter [Winstral et al., 2002].  A west search direction was used in accordance to the 

prevailing winds, with a search distance of 1 km. The results of this analysis are shown in Figure 

3-4d. The prior error structure generally exhibits increasing negative biases for pixels that are 

sheltered and could therefore be associated with higher accumulations. Pixels that show a lower 
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MUS, or more exposure to wind effects, generally exhibit lower error values. For the posterior, 

the results show that there is no significant error structure, confirming the correction resulting 

from the application of the data assimilation framework. The previous experiment shows how the 

assimilation step provides a way to account for the spatial variability in SWE induced by these 

phenomena without the need of explicitly representing the processes in the snow model. It is 

important to clarify though that this correction will result only in a SWE estimate that is 

consistent with the underlying depletion pattern: the updated precipitation forcing can’t be 

compared to real precipitation as it includes the redistribution component in its corrected value. 

3.3.4. An illustrative example of climatological analysis using the SWE reanalysis 

The reanalysis framework was applied over the Juncal river basin for water years 1984-

2014 (April 1st, 1984 to March 31st, 2015). Landsat 4, 5, 7 and 8 fSCA data was assimilated for 

this period. Landsat 4 data is available sparsely from 1984 to 1988, Landsat 5 data is available 

throughout 1984-2011, good quality Landsat 7 data is available from 1999-2003 and from 2003-

present with several no-data lines due to a Scan Line Corrector malfunction, and Landsat 8 is 

available from 2013 to present. The Juncal river basin has several glaciers present at higher 

elevations [Bown et al., 2008; Ragettli and Pellicciotti, 2012; Ragettli et al., 2014]. The 

glacierized areas are masked out accordingly and not included in this analysis. The reanalysis 

application over Juncal was performed using the nominal precipitation distribution (mean ! of 

1.78 and CV of 0.95) found with the comparison to precipitation gauges, with no correction 

applied in order to keep the generality of the framework (as the correction requires the existence 

of in-situ snow survey data). Verification results for this basin are previously shown in Table 3-2 

and Figure 3-2. After the assimilation of fSCA the correlation coefficient over the Juncal 

verification data increased from 0.75 to 0.89, bias decreased from -0.08 m to -0.03 m and RMSE 
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decreased from 0.19 m to 0.10 m. The objective of this analysis was to show how the 

assimilation of fSCA data could result in a different understanding of the interrelationships 

between snow, large-scale circulation indices and runoff volumes, when compared to the forward 

simulation forced directly by the MERRA data. 

 We use the results from the reanalysis to analyze the following properties of historical 

SWE over the Juncal basin: 1) climatological mean September 1st SWE; 2) the relationship 

between SWE and seasonal runoff volumes and 3) pixel-wise correlation of peak SWE with 

large-scale climate indices in particular, the Multivariate ENSO Index or MEI [Wolter, 2011]. 

Runoff volumes were obtained from a stream gauge located at the outlet of the basin at 2200 

m.a.s.l. ENSO was selected as the main climatological index to analyze based on the high 

correlation between El Niño fluctuations and runoff and water availability indices over the 

region [Masiokas et al., 2006; Rubio-Álvarez and McPhee, 2010; Cortés et al., 2011]. Figure 3-5 

shows the spatial fields of September 1st SWE for 1984-2014. For the Juncal basin, snow usually 

accumulates throughout the higher elevations, with snow also present over the valley areas 

during wet years. It is worth noting the significant difference between WY 1996-97 and WY 

1997-98, both one of the driest and wettest years over the reanalysis record. The basin-average 

September 1st SWE for WY1996-97 was of 0.06 m, while for WY1997-98 (a strong El Niño 

year) the value was 0.97 m, or almost 20 times the value observed for WY 1996-97. The time 

series shows a significant variability in interannual SWE accumulation, particularly due to the 

effect of ENSO fluctuations, which are analyzed below.  

The spring-summer measured streamflow (calculated as the mean flow from September 

1st to March 31st) was used as a metric to represent seasonal water availability from the basin. 
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Daily streamflow records were available, and we found the maximum correlation coefficient 

between basinwide SWE and daily streamflow was of 0.83, with a lag time of 113 days.  

 

 

Figure 3-5. September 1st SWE (m) fields for Juncal, 1985-2014 WYs. Glacierized areas within the 

basin are shown masked out in white. 
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This particular analysis focused on the basin-average September 1st SWE value, a date 

that is commonly used in Chile as a reference for water management decisions. The September 

1st date is analogous to the April 1st SWE value commonly used throughout Western North 

America. Basin-average posterior September 1st SWE was compared to seasonal runoff volumes 

measured at the outlet point of the Juncal river basin. Figure 3-6 shows the annual time series of 

September 1st SWE and seasonal runoff volume. The runoff ratio (calculated as the runoff 

divided by the posterior September 1st SWE value) is also shown. The runoff ratio is important 

as it indicates an estimate of the percentage of runoff that can be attributed to the basin-wide 

SWE volumes. The median annual runoff ratio of the posterior basin-averaged SWE is close to 

1.0. It is important to clarify though that the seasonal volumes will include flow from pre-

September 1st melt and base flow from winter precipitation and glacier melt. The runoff ratio 

calculated using only a base flow partitioned September 1st – March 31st flow would probably be 

lower, although the low winter streamflow volumes are not expected to significantly alter the 

results. For the prior basin-averaged SWE, the median is 1.3, or 30% higher than the posterior, 

and only five values were below 1.0 (not shown). 

For the posterior estimates there are five years with runoff ratios significantly higher than 

the rest: 1985, 1988, 1990, 1996 and 1998. These five years are among the six driest years 

according to September 1st volumes. A runoff ratio greater than one suggests an external source 

of water that is not accounted for by September 1st SWE. Given the glacierized cover of 

approximately 15% for the Juncal basin [Ragettli and Pellicciotti, 2012], the high runoff ratio 

suggests that for these years there is significant melt from the glaciers present throughout the 

higher elevations of the basin, resulting in late-season runoff that increases the water availability 

once SWE is depleted. Through the use of physically-based models, Ragettli and Pellicciotti 
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[2012] found peak daily runoff volumes of 3-4 m3/s for the glacierized basin of Juncal for the 

2005-06 and 2008-09 WYs, which represents a value on the order of 50% of the observed peak 

daily streamflow for the entire basin during dry years. This response is found to be similar to 

other glacierized Andean basins during dry years [Favier et al., 2009; Gascoin et al., 2011]. 

 

Figure 3-6. Time series of September-March runoff (m) and September 1st SWE (m), b) Time series 

of the calculated runoff ratio (with the ratio calculated as September-March flow volumes / 

September 1st posterior SWE). Missing values are due to missing data from the stream gauge. 
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higher dependence on MEI variations. Prior correlation patterns appear to be consistently 

influenced by physiography, particularly aspect (Figure 3-1). These patterns are noisier in the 

posterior, although some of the main features seen in the prior estimation are still prevalent. The 

highest monthly correlation is seen during the months of July, August and September. These 

months generally correspond to the timing of peak SWE. The high correlation coefficient 

confirms the results of previous authors that have shown a significant impact of positive ENSO 

fluctuations on precipitation and snow accumulation (Masiokas et al., 2006; Cortés et al., 2011). 

We found that the MEI explains approximately 25% of the variability in September 1st SWE, 

calculated from the R2 coefficient value, which in turn was calculated as the square of the 

Pearson correlation coefficient. 

The correlation patterns were further analyzed by comparing the correlation coefficient 

for each pixel to its underlying physiographic characteristics. The results of this analysis are 

shown in Figure 3-8.  Prior correlation patterns show a much lower variability than posterior 

correlation patterns. Interestingly, prior correlations are capped at approximately a correlation of 

0.42, while posterior patterns show much more dispersion including reaching values as high as 

0.6. The correlation patterns for the posterior show a possible relation to elevation (lower 

elevations show higher correlations). This result arises from the fact that during intense El Niño 

years (positive MEI values) lower elevations have a higher chance of showing higher SWE 

accumulations that normal or La Niña years. Areas with high slopes tend to result in lower 

correlation values, especially those pixels with slopes above 45°. This result suggests that these 

pixels may have a weaker signal with respect to El Niño due to the gravitational redistribution of 

snow.  



	 89	

 

Figure 3-7. Spatial distribution of the correlation coefficients of prior (a) and posterior (b) 

September 1st SWE with annual MEI values. Also shown (c) is the evolution of correlation 

(basinwide average) between September 1st SWE and the monthly MEI index values. Finally, d) 

shows the September 1st basin-average SWE ranked for all years analyzed. El Niño and La Niña 

years are shown in red and blue, respectively. 
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Figure 3-8. Relationship between the MEI correlation coefficient (values shown in Figure 3-7a and 

3-7b) and the different physiographic characteristics of the Juncal basin: a) elevation, b) slope, c) 

aspect, d) MUS.  The dark gray dots represent each pixel’s prior correlation value; the light gray 

dots represent each pixel’s posterior correlation values. The white and red bars (prior and 

posterior) represent the mean value of each physiographic variable interval, with the error bars 

showing one standard deviation added and subtracted. 
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The significant differences between prior and posterior correlation patterns highlight the 

impact of the assimilation of Landsat data. While there is no in-situ data to corroborate that these 

patterns are true (we would require snow survey data throughout the entire basin, for thirty 

years), the fact that the prior correlations show very low variability suggests that the posterior 

patterns are more closely mimicking what happens in reality (where we expect a significant 

amount of noise). The prior estimates of SWE are limited to the algorithms from the model: 

accumulation from precipitation and melt from temperatures and radiation. The prior correlation 

maps reflect this fact, as aspect seems to be the dominant pattern in correlation. No significant 

differences were found between prior and posterior basin-average monthly correlation patterns, 

probably due to the fact that the spatial variability is averaged out. We do observe a slight 

reduction in the magnitude of the correlation coefficient. The reduction in the correlation 

coefficient from prior to posterior suggests that statistically speaking the prior accumulations are 

exaggerating the influence of ENSO. However, the number of years in the record (31) and the 

relatively small scale of the domain make this assertion difficult to corroborate, as there is 

significant noise and variability throughout the basin.  A large-scale implementation of the data 

assimilation system would be particularly useful as we would be able to characterize the spatial 

variability of ENSO influence with more precision, and how prior and posterior SWE estimates 

differ in terms of the ENSO influence.  

Analysis of individual El Niño events show that the highest posterior SWE observed for 

the basins corresponds in general to El Niño events. The full rank of annual basin-average peak 

SWE is shown in Figure 3-7d.  Of the 5 highest snow accumulation years, 4 correspond to strong 

and moderate El Niño events. For La Niña however, the relationship is not as clear: of the 5 

driest years, 2 correspond to La Niña events. The basin-average September 1st SWE was on 
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average: 1m for El Niño episodes, 0.52 m for normal years, and 0.29 m for La Niña years. The 

prior SWE (not shown) showed a different rank; of the five wettest years, three out of five 

corresponded to El Niño events and only one of the five driest years corresponded to La Niña.  

3.4. Conclusions and future work 

 In this work the implementation of a data assimilation framework that integrates Landsat 

and MERRA data within a snow modeling system over the extratropical Andes is presented. By 

conditioning prior (forward model) estimates on the high-resolution fSCA depletion information, 

accurate SWE estimates were generated at a relatively high resolution, even though a coarse 

resolution reanalysis product was used to force the prior forward model. While prior SWE 

estimates were found to be highly sensitive to precipitation input biases, the posterior SWE 

estimates showed negligible sensitivity. The differences in prior and posterior estimates were 

significant even when the prior model estimates were provided with “bias-corrected” 

precipitation inputs based on available in situ data. The additional bias seen in the prior estimate 

resulting from orographic enhancement was implicitly corrected in the posterior estimates. This 

result confirms the added robustness provided by the assimilation framework, and highlights the 

utility of such an approach, particularly over ungauged basins where only coarse resolution or 

highly uncertain data may be available.  

 Given the long historical availability of Landsat data, the reanalysis framework represents 

a useful tool for high-resolution climatological applications. In this case both MERRA and 

Landsat exist since 1984, resulting in the potential for an unprecedented high-resolution snow 

reanalysis dataset over the region. Through the illustrative application of the reanalysis over the 

Juncal basin for 1984-2015, this study confirms the important influence that El Niño has on 

water availability for central Chile, with ENSO fluctuations explaining approximately 25% of 
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the variability in September 1st SWE depths where the highest SWE accumulations are 

associated with strong and moderate El Niño episodes. It was found that in the driest years peak 

basin-average SWE is incapable of fully explaining runoff volumes, suggesting an important 

contribution to runoff from high-elevation glaciers. 

 The extension of the reanalysis to the large-scale extratropical Andes, where most of the 

water resources of Chile originate, could bring significant insights into the latitudinal variation of 

the ENSO dependence of SWE, existence of trends, and a relatively long-term characterization 

of Andean water resources availability. The results shown in this study highlight the usefulness 

of incorporating globally available atmospheric reanalysis and remotely sensed datasets into 

hydrological modeling. In the context of snow data products, the information generated from 

integrated datasets could have a significant impact in data scarce regions where coarse resolution 

climatological products are the only long-term, distributed forcing dataset available for forward 

modeling exercises.  

3.5. Summary 

A data assimilation framework was implemented with the objective of obtaining high-

resolution retrospective snow water equivalent estimates over several Andean study basins. The 

framework integrates Landsat fractional snow covered area images, a land surface and snow 

depletion model, and the Modern Era Retrospective Analysis for Research and Applications 

reanalysis as a forcing dataset. The outputs are SWE and fSCA fields (1985-2015) at a resolution 

of 90 m that are consistent with the observed depletion record. Verification using in-situ snow 

surveys showed significant improvements in the accuracy of the SWE estimates relative to 

forward model estimates, with increases in correlation (0.49 to 0.87) and reductions in root mean 

square error (0.316 m to 0.129 m) and mean error (-0.221 m to 0.009 m). Results from the 
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application to the headwater basin of the Aconcagua River showed how the forward model vs. 

the fSCA-conditioned estimate resulted in different quantifications of the relationship between 

runoff and SWE, and different correlation patterns between pixel-wise SWE and ENSO. The 

illustrative results confirm the influence that ENSO has on snow accumulation for Andean basins 

draining into the Pacific, with ENSO explaining approximately 25% of the variability in near-

peak (September 1st) SWE values. Results show how the assimilation of fSCA data results in a 

significant improvement upon MERRA-forced modeled SWE estimates, further increasing the 

utility of the MERRA data for high-resolution snow modeling applications. 

The sensitivity analysis presented in this chapter showed that the framework is robust to 

variations in physiography, fSCA data availability and a priori precipitation biases. This is 

particularly important for the objectives of this dissertation, as the reanalysis will be 

implemented throughout a wide range of possible physiographic characteristics and data 

availability situations. One of the most important results of this chapter is the robustness of the 

framework in the context of wind effects in snowpack. As shown by Figure 3-4, the prior 

estimates are negatively biased in regions with high sheltering, suggesting that the lack of a wind 

component of the snow model used results in a misrepresentation of accumulation over these 

regions. The posterior estimates are in general unbiased for the entire range of sheltering indices 

analyzed, showing that by assimilating fSCA the framework is able to estimate SWE even in the 

context of processes that are not directly represented by the model used.  
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4. A characterization of snow climatology over the extratropical Andes using a new 

Landsat-era snow reanalysis: latitudinal distribution, orographic influence and large-scale 

atmospheric drivers 

 

4.1. Introduction and objectives 

The Andes is the most significant mountain range in the Southern Hemisphere in terms of 

elevation and extent, and it impacts the atmospheric circulation across scales ranging from the 

synoptic to the microscale, resulting in several different phenomena that affect the hydrology of 

the entire South American continent [Garreaud, 2009]. Yet many basic questions on Andean 

snowpack remain largely unanswered, including: What is the long-term average of seasonal 

snow water volume over the Andes and how does it vary spatially and temporally? How does the 

orographic enhancement and suppression manifest on snow accumulation? Given the significant 

influence of El Niño and La Niña events on precipitation over the region, how do these events 

modulate the spatial patterns of SWE? Such basic questions have been difficult to address in an 

observationally-driven way as the in-situ data is scarce, and alternatives such as forward 

modeling generally lack sufficient accuracy over large-scales due to relatively poor input forcing 

data.  

Dozier et al. [2016] describe the problem of characterizing the spatio-temporal 

distribution of SWE over mountain regions as one of the most important unsolved issues in snow 

hydrology, and the Andean region represents an excellent example of the challenges that exist 

when addressing this problem. Recent work [Cornwell et al., 2016] has attempted to address the 

question using melt-energy deterministic SWE reconstructions for the 2001-2014 period. 

Mernild et al. [2016] used forward model simulations (4-km resolution, forced by MERRA) to 
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analyze trends and SWE distribution throughout the entire Andes. We highlight these valuable 

datasets and the relevant science questions addressed by previous authors, however the known 

inaccuracies of MERRA [Yi et al., 2011; Cortés et al., 2016a], the scarce in-situ data and biases 

in remotely sensed MODIS SCF data [Rittger et al., 2013] likely hinder the ability of such 

methods in capturing the complex variability of Andean snow.  

In this chapter a new snow dataset for the Andes derived using a Bayesian reanalysis 

(estimation) framework is presented. The framework integrates an ensemble of snow model 

simulations forced by the MERRA reanalysis dataset, with Landsat 5, 7 and 8 fractional snow 

covered area (fSCA) data. The methodology combines, via Bayesian principles and ensemble 

methods, the versatility of a snow model with the information content from the remotely sensed 

Landsat depletion data and the meteorological reanalysis forcing data. The results are estimates 

of snowpack states that are consistent with the observed depletion record from Landsat and that 

explicitly take into account the inherent uncertainties of all sources of the information used. 

Using the dataset, the objective of this work were to characterize the following  aspects of snow 

for the extratropical Andes: a) Spatiotemporal variation of SWE across the domain, including El 

Niño effects, b) Effects of orographic enhancement and rain shadows on snow accumulation, and 

c) large-scale atmospheric influences on snow accumulation, particularly the effect of 

atmospheric rivers (ARs).  
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Figure 4-1. a) study domain showing the elevation and delineation of each of the watersheds 

(identified by basin IDs and cluster analysis categorization in Table 4-1); b) 31-year average SWE 

climatology; c) latitudinal distribution of SWE across the domain with climatological values for 

each region shown with the horizontal lines; d) Time series of SWE and e) time series of latitudinal 

SWE. 
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4.2. Methods 

4.2.1. Study area 

The study domain (Figure 4-1a) consists of the South American extratropical Andes 

region between 27°S and 36°S and above an elevation of 1500 m.a.s.l. (i.e., the nominal snow 

line). The domain represents the headwaters of the most important Chilean and Argentinean 

rivers. The climate of the study basins is in general alpine, with minimum precipitation occurring 

in the northern part of the domain (<100 mm/yr) and increasing precipitation of more than 2000 

mm/yr for the southern and high elevation regions. The highest temperatures and lowest 

precipitation values generally occur during the months of November-March (Spring-Summer 

season) and the lowest temperatures and highest precipitation occur during the months of June-

September (winter season). The characteristics of each of the watersheds are shown in Table 4-1. 
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Table 4-1. Characteristics of basins analyzed within study domain shown in Figure 4-1. Basins are 

organized from North to South for the Pacific draining basins (Copiapó to Maule) and for the 

Atlantic draining basins (Vinchina to Colorado). In this case SWE refers to the September 1st SWE 

value. 

Watershed identification Watershed physiographical 
characteristics 

SWE metrics 

 Cluster Basin name  ID Area 
above 
1500 

m.a.s.l. 
(km2) 

Mean 
elevation 
(m.a.s.l.) 

Center 
Lat. 
[°] 

 

Mean 
SWE  
depth 
(m) 

Mean 
SWE 
(km3) 

SWE  
1987 
(km3) 

SWE  
1998 
(km3) 

 
 
 
 
 
 
 

Pacific 

NA Copiapó 1 14638 3194 -27.65 0.015 0.22 2.97 0.03 
NA Totoral 2 2433 2316 -28.19 0.006 0.02 0.30 0.00 

NSA Huasco 3 7292 3393 -29.08 0.045 0.33 2.89 0.07 
NSA Los Choros 4 1619 2291 -29.38 0.004 0.01 0.06 0.00 
NSA Elqui 5 6411 3293 -29.93 0.065 0.42 2.48 0.03 
NSA Limarí 6 5259 2781 -30.82 0.133 0.70 3.93 0.00 
CSA Choapa 7 3492 2768 -31.71 0.192 0.67 3.07 0.01 
CSA Petorca 8 710 2281 -32.23 0.079 0.06 0.32 0.00 
CSA Ligua 9 511 2237 -32.42 0.096 0.05 0.28 0.00 
CSA Aconcagua 10 3709 2295 -32.72 0.352 1.30 4.26 0.19 
CSA Maipo 11 6674 2999 -33.61 0.393 2.62 6.63 0.61 
CM Rapel 12 4230 2655 -34.45 0.660 2.79 5.64 0.51 
CM Mataquito 13 2220 2333 -35.21 0.786 1.75 2.62 0.26 
CM Maule 14 5608 2167 -35.83 0.681 3.82 4.32 0.47 

S Itata 15 5859 1861 -36.75 0.733 1.03 1.08 0.21 
 
 
 
 
 
Atlantic 

NA Vinchina 16 11233 3379 -28.85 0.000 0.00 0.04 0.00 
NSA Jachal 17 26378 3595 -29.45 0.015 0.39 3.88 0.06 
CSA San Juan 18 27555 3227 -31.45 0.092 2.54 9.88 0.25 
CSA Mendoza 19 9853 3170 -32.55 0.117 1.15 2.93 0.52 
CM Tunuyán 20 7662 3067 -33.80 0.111 0.85 1.78 0.49 
CM Diamante 21 4563 2690 -34.50 0.173 0.79 1.65 0.26 
CM Atuel 22 4393 2522 -34.85 0.174 0.76 1.41 0.10 
CM Colorado 23 13393 2313 -36.57 0.156 2.09 2.83 0.17 
CM Llancanelo 24 5859 1977 -35.82 0.010 0.06 0.17 0.00 

  Pacific  70663 - -	 0.269 15.79 40.85 2.39 
 Atlantic  110889 - -	 0.078 8.63 24.57 1.85 
 Entire domain 181553 - -	 0.105 24.42 65.42 4.24 

 

4.2.2. Remote sensing data, modeling and assimilation framework 

 The methodology used in this study is presented in detail in Margulis et al., [2015, 2016] 

and Cortés et al., [2016a]. SWE and fSCA estimates from forward modeling are updated using 

historical fSCA data from Landsat 5 TM, Landsat 7 ETM+ and Landsat 8 OLI sensors. More 
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than 5000 Landsat images were processed for this study. The Bayesian update step results in 

posterior SWE and fSCA estimates that are probabilistically conditioned on the observed 

depletion record from Landsat. The fSCA retrieval is performed using a spectral unmixing 

algorithm [Painter et al., 2003; Cortés et al., 2014].  

The forward model used in this work is the SSiB3 Land Surface Model [Yang et al., 

1997; Xue et al. 2003] combined with a Snow Depletion Curve model [Liston, 2004] and is used 

to generate the prior estimates. The model is run at an hourly timestep, at a resolution of 180 m. 

Model forcing comes from ensemble fields generated using the MERRA atmospheric reanalysis 

dataset [Rienecker et al., 2011]. The original MERRA forcing has a resolution of 0.5° latitude by 

2/3° longitude. The ensemble ensemble fields were generated by characterizing the MERRA 

uncertainty using the local meteorological observation network, and then downscaling those 

fields to the 180 m resolution (Girotto et al., 2014a). Downscaling included a topographic 

radiation and shade correction, and adjustment (using the elevation difference between the 180 m 

grid cell and the MERRA forcing grid) of temperature, humidity and pressure. Precipitation was 

not downscaled but disaggregated to each model grid cell using a multiplicative error coefficient, 

which is implicitly updated as part of the estimation framework. The details of the downscaling 

methodology are presented in Girotto et al. [2014a] and Cortés et al. [2016a].  

The Particle Batch Smoother (PBS) data assimilation algorithm proposed by Margulis et 

al., [2015] is used. In the PBS framework the prior and posterior state replicates are the same: the 

weights of each of the ensemble replicates are updated based on the assimilated fSCA 

observations rather than the states themselves. The algorithm assigns higher weights to those 

replicates that show model predictions closer to the observations (higher likelihood) and reduces 

the weights for those with larger differences (lower likelihood). The prior and posterior weights 
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can be used to calculate prior and posterior ensemble metrics such as the mean, median and 

interquartile range of SWE. We use the posterior ensemble median SWE estimate obtained from 

the framework, stored at the model pixel resolution (180 m) and at a daily time step.  

 Method verification over high-elevation Andean sites was performed by Cortés et al., 

[2016a]. The methodology resulted in unbiased posterior estimates of SWE (correlation 

coefficient of 0.87, RMSE of 0.13 m and mean error of 0.01 m) across snow survey validation 

sites (between -30.5°S and -34°S) totaling nearly 2000 data points. No significant error structure 

was found to exist as a function of elevation, slope, aspect, wind exposure and sheltering, or the 

number of available fSCA images available for assimilation over each model grid cell.  

4.2.3. Spatio-temporal analysis and atmospheric circulation patterns 

The spatiotemporal distribution of SWE is analyzed by computing the annual September 

1st SWE value over each of the watersheds shown in Figure 4-1a. The date was selected as an 

analogy to the April 1st date used throughout Western North America to characterize water 

availability in snowmelt dominated watersheds (Aguado, 1990). Based on the analysis 

performed, hereafter any reference to "SWE" corresponds to the September 1st value. Over the 

region the water year is commonly defined as April 1st to March 31st of the following year 

[Mendoza et al., 2014; Cornwell et al., 2016]. The hydrologic regime of the region is generally 

characterized by a period of low flows from April to August, followed by an increase in 

streamflow due to melt, peaking between November and January. 

For visualization purposes we grouped watersheds within the study domain into five 

distinct regions using hierarchical clustering analysis [Kaufman and Rousseeuw, 2009; Rubio-

Álvarez and McPhee, 2010]. In hierarchical clustering, clusters of members of a dataset are 

formed such that objects in the same cluster share similarity, and objects in different clusters 
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present dissimilar characteristics. Clusters are formed when a set of data have a value of a given 

distance metric lower than a certain threshold. The concept of distance does not imply a 

geographical context but instead a “difference” metric. In this application we used the weighted 

group average linkage, where the distance between two clusters is defined as the average of a 

defined distance metric between all pairs of data points of each of the different groups. The 

distance metric in this case was the correlation distance, which is defined as 1 minus the 

correlation between two data points. The data points in this case correspond to the integrated 

SWE volume over each watershed, with the correlation value calculated as the correlation 

between the time series of basinwide SWE of each of the watersheds. The resulting dendrogram 

of resulting clusters is shown in Figure 4-2. Clusters were defined using a correlation distance 

threshold of 0.25. The clustering resulted in five different coherent zones (shown in Figure 4-1a), 

labeled according to their respective climate characteristics and geographic location: north arid 

(NA), north semi-arid (NSA), central semi-arid (CSA), central Mediterranean (CM) and South 

(S). The clustering analysis was used over a more ad-hoc aggregation scheme in order to take 

into account the implicit relationships between the basin-wide SWE for each watershed as 

quantified by the correlation metric (see SI). Additionally, the latitudinal SWE distribution over 

the domain was evaluated by integrating the SWE depth estimates over 10 km latitudinal bins.  
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Figure 4-2. Dendrogram resulting from the hierarchical cluster analysis. The different subregions 

are shown using the same color convention as in Figure 4-1: black (northern arid), red (northern 

semi-arid), magenta (central semi-arid), cyan (central Mediterranean) and blue (south). 

 

The effect of orography on snow accumulation was quantified by examining the mean 

annual SWE over longitudinal transects. The transect analysis allows for a characterization of the 

regions (and elevations) with the greatest snow accumulation, and the degree to which 

orographic enhancement and rain shadow effects are evident in Andean snowpack.  We 

computed the ratio between the observed SWE along the transect to the maximum value across 

the transect. The ratio varies between 0 and 1, with a value of 1 corresponding to the maximum 

accumulation across transect. 
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The influence of large-scale circulation drivers was analyzed by correlating the annual 

range-wide SWE to variables from the NCAR/NCEP reanalysis [Kalnay et al., 1996], 

specifically precipitable water and 700 mb zonal wind, averaged during May-September of each 

water year (i.e., the precipitation season). The prevalent atmospheric circulation during the six 

wettest and six driest years were identified by analyzing mean wind vector anomalies over the 

Pacific. We used the NCEP/NCAR temporal correlation 

(http://www.esrl.noaa.gov/psd/data/correlation/) and anomaly tools 

(http://www.esrl.noaa.gov/psd/cgi-bin/data/composites/printpage.pl) to generate the plots for 

these analyses. The impact of El Niño and La Niña were analyzed by quantifying the annual 

SWE during different episodes of the phenomena. The identification and strength classification 

for each of the El Niño and La Niña events was performed using the Oceanic Niño Index time-

series from NOAA (Table 4-2). El Niño years were classified as the years during which the 

three-month running mean of the Oceanic Niño Index exceeded a value of 0.5°C for any of the 

values calculated between April and October (i.e. including the AMJ, MJJ, JJA and JAS value). 

A similar approach was used for La Niña years but using the three-month periods for which the 

ONI was below -0.5°C. 1998 was a strange year in the sense that the AMJ value suggested an El 

Niño year, however the JJA and JAS showed La Niña characteristics. The year was classified as 

La Niña given the stronger colder anomaly observed. 
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Table 4-2. El Niño/La Niña classification based on ONI index values. Colored values correspond to 

those values for which five continuous periods showed anomalies greater than 0.5°C (red, El Niño) 

or lower than -0.5°C (blue, La Niña). 

Year DJF JFM FMA MAM AMJ MJJ JJA JAS ASO SON OND NDJ Classification Intensity 
1984 -0.5 -0.3 -0.3 -0.4 -0.4 -0.4 -0.3 -0.2 -0.3 -0.6 -0.9 -1.1 - - 
1985 -0.9 -0.7 -0.7 -0.7 -0.7 -0.6 -0.4 -0.4 -0.4 -0.3 -0.2 -0.3 Niña Weak 
1986 -0.4 -0.4 -0.3 -0.2 -0.1 0 0.2 0.4 0.7 0.9 1 1.1 - - 

1987 1.1 1.2 1.1 1 0.9 1.1 1.4 1.6 1.6 1.4 1.2 1.1 Niño 
Very 

Strong 
1988 0.8 0.5 0.1 -0.3 -0.8 -1.2 -1.2 -1.1 -1.2 -1.4 -1.7 -1.8 Niña Strong 
1989 -1.6 -1.4 -1.1 -0.9 -0.6 -0.4 -0.3 -0.3 -0.3 -0.3 -0.2 -0.1 Niña Weak 
1990 0.1 0.2 0.2 0.2 0.2 0.3 0.3 0.3 0.4 0.3 0.4 0.4 - - 
1991 0.4 0.3 0.2 0.2 0.4 0.6 0.7 0.7 0.7 0.8 1.2 1.4 Niño Weak 
1992 1.6 1.5 1.4 1.2 1 0.8 0.5 0.2 0 -0.1 -0.1 0 Niño Strong 
1993 0.2 0.3 0.5 0.7 0.8 0.6 0.3 0.2 0.2 0.2 0.1 0.1 - - 
1994 0.1 0.1 0.2 0.3 0.4 0.4 0.4 0.4 0.4 0.6 0.9 1 - - 
1995 0.9 0.7 0.5 0.3 0.2 0 -0.2 -0.5 -0.7 -0.9 -1 -0.9 Niña Weak 
1996 -0.9 -0.7 -0.6 -0.4 -0.2 -0.2 -0.2 -0.3 -0.3 -0.4 -0.4 -0.5 - - 

1997 -0.5 -0.4 -0.2 0.1 0.6 1 1.4 1.7 2 2.2 2.3 2.3 Niño 
Very 

Strong 
1998 2.1 1.8 1.4 1 0.5 -0.1 -0.7 -1 -1.2 -1.2 -1.3 -1.4 Niña Strong 
1999 -1.4 -1.2 -1 -0.9 -0.9 -1 -1 -1 -1.1 -1.2 -1.4 -1.6 Niña Strong 
2000 -1.6 -1.4 -1.1 -0.9 -0.7 -0.7 -0.6 -0.5 -0.6 -0.7 -0.8 -0.8 Niña Weak 
2001 -0.7 -0.6 -0.5 -0.3 -0.2 -0.1 0 -0.1 -0.1 -0.2 -0.3 -0.3 - - 
2002 -0.2 -0.1 0.1 0.2 0.4 0.7 0.8 0.9 1 1.2 1.3 1.1 Niño Weak 
2003 0.9 0.6 0.4 0 -0.2 -0.1 0.1 0.2 0.3 0.4 0.4 0.4 - - 
2004 0.3 0.2 0.1 0.1 0.2 0.3 0.5 0.7 0.7 0.7 0.7 0.7 Niño Weak 
2005 0.6 0.6 0.5 0.5 0.4 0.2 0.1 0 0 -0.1 -0.4 -0.7 - - 
2006 -0.7 -0.6 -0.4 -0.2 0 0.1 0.2 0.3 0.5 0.8 0.9 1 - - 
2007 0.7 0.3 0 -0.1 -0.2 -0.2 -0.3 -0.6 -0.8 -1.1 -1.2 -1.3 Niña Weak 
2008 -1.4 -1.3 -1.1 -0.9 -0.7 -0.5 -0.3 -0.2 -0.2 -0.3 -0.5 -0.7 Niña Weak 
2009 -0.8 -0.7 -0.4 -0.1 0.2 0.4 0.5 0.6 0.7 1 1.2 1.3 Niño Weak 
2010 1.3 1.1 0.8 0.5 0 -0.4 -0.8 -1.1 -1.3 -1.4 -1.3 -1.4 Niña Strong 
2011 -1.3 -1.1 -0.8 -0.6 -0.3 -0.2 -0.3 -0.5 -0.7 -0.9 -0.9 -0.8 Niña Weak 
2012 -0.7 -0.6 -0.5 -0.4 -0.3 -0.1 0.1 0.3 0.4 0.4 0.2 -0.2 - - 
2013 -0.4 -0.5 -0.3 -0.2 -0.2 -0.2 -0.2 -0.2 -0.2 -0.2 -0.2 -0.3 - - 
2014 -0.5 -0.6 -0.4 -0.2 0 0 0 0 0.2 0.4 0.6 0.6 - - 

 

ARs over the region were analyzed using the catalog of Rutz et al. (2014), which is based 

on the NCEP/NCAR reanalysis dataset. The catalog identifies the occurrence and quantifies the 

corresponding integrated vapor transport (IVT) of individual AR events over the each of the grid 

cells of the NCEP/NCAR dataset. It also quantifies the IVT for non-AR events over each of the 

grid cells. For each latitudinal (10 km) bin, the annual value of SWE was calculated and 
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correlated with the annual May-September values of the total IVT from landfalling AR events 

and total IVT from non-AR events. AR metrics were identified over the catalog grid cell that 

corresponded to the latitude of the analyzed bin, and within the longitude limits of 75°W-

72.5°W. The main objective of this analysis was to provide a preliminary spatially distributed 

assessment of the influence of AR events on snow accumulation over the region.  

4.3. Results and Discussion 

4.3.1. Spatial and temporal distribution  

Figure 4-1a and 4-1b show the elevation of the study domain and the pixel-wise 

climatological value of SWE over the period 1984-2015. Figure 4-1c shows the latitudinal 

distribution of SWE, and Figure 4-1d shows the time series of SWE volume. The mean 

integrated SWE over the domain for the 1984-2014 period was found to be 24.4 km3. Table 4-1 

details the SWE values for each of the watersheds over the domain.  The latitudinal variation in 

SWE is a direct consequence of the latitudinal variation of precipitation between the arid 

Northern and humid Southern Andes, a feature widely documented by other authors [e.g., 

Montecinos et al., 2000; Viale and Núñez, 2011]. There is a significant contrast between SWE 

on the western (windward) and eastern (leeward) sides of the range. North of 33°S the 

distribution of SWE on both sides of the continental divide is relatively similar. South of the 

33°S, SWE over the western watersheds show a marked difference with respect to the values 

over the eastern watershed, except for a small region around 35°S that shows similar values 

between both sides of the Andes. The contrast results from orographic enhancement and rain 

suppression (Viale and Núñez, 2011). In general the largest SWE are observed between 33.5°S 

and 36°S, peaking at approximately 35.5°S.  
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Figure 4-3. Annual pixel-wise SWE anomalies (in [m]). 

 

Figure 4-1d and 4-1e show the time series of SWE volumes and latitudinal SWE 

interannual variations. Figure 4-3 shows the annual absolute anomalies in SWE. Years with 

significantly higher SWE are generally related to El Niño occurrence (e.g., 1987, 1992, 1997 and 

2002). The driest years on record correspond to 1985, 1996, 1998, and the period 2010-2014, 

which is unprecedented in terms of drought duration and extent [Boisier et al., 2016]. The 

highest range-wide SWE occurred during 1987 (Very Strong El Niño episode), with a total of 

1985 1986 1987 1988 1989 1990 1991 1992 1993 1994
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2005
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65.42 km3, while the lowest SWE occurred during 1998 (Strong La Niña episode), with a total of 

4.24 km3. 

 

Figure 4-4. Ranked SWE volumes for each of the clusters of the region. The climatological average 

(dashed black line) and median (blue dotted line) are shown for reference. 
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Figure 4-4 shows the ranked integrated SWE volumes by region for each year along with 

the 31-year average and median. Particularly for the NA and NSA regions, and to a lesser extent 

for the CSA region, El Niño results in the largest SWE values, with every above-average year for 

the NA and NSA regions classified as an El Niño year. For the CM and S regions there is a 

significant difference in terms of the El Niño signal, although the positive correlation between El 

Niño and SWE volumes is still significant with many of the above-average years classified as El 

Niño. It is important to highlight that while 2005 was not classified as an El Niño year, the ONI 

index was relatively high for most of the period between January and May of that year (Table 4-

2). For the S zone, the year with the highest volume (1992) is classified as a strong El Niño 

event, however the variability induced by ENSO appears to be greatly diminished compared to 

the rest of the study domain.  La Niña years usually resulted in average to lower-than-average 

accumulations for the five clusters, however the relationship is not as clearly evident as the one 

found between El Niño and higher-than-average accumulation. These results are consistent to the 

findings of Masiokas et al. [2006]. Using regional SWE indices derived using a small set of snow 

pillows and courses, Masiokas et al. [2006] showed that negative SWE anomalies over the 

Andean region where not as strongly correlated to the La Niña signal in comparison to positive 

anomalies and El Niño.  
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Figure 4-5. Visualization of longitudinal transects of the 31-year average SWE over the domain. 

The actual elevation of the transects corresponds to the lower black lines where the thick band is 

used as a mechanism to visualize SWE (in [m]) via the colorbar. The ratio of SWE along the 

transect to maximum SWE across the transect (red line) maps to the secondary y-axis. 

 

4.3.2. Effects of orography 

The Andes region is an excellent example of a mountain range aligned perpendicularly to 

the prevailing wind direction and hence it represents a good study site for evaluating moisture 

deposition patterns from orographic enhancement and suppression (Smith and Evans, 2007). 

Figure 4-5 shows the SWE climatology along different longitudinal transects. Maximum SWE 

values are observed between 34°S and 36°S over the higher elevation windward slopes, west of 

the peak elevation crest. The elevations of the maximum SWE values are located at 

approximately 4000 m.a.s.l. north of 34°S, and at approximately 3000 m.a.s.l. south of 34°S. The 

-71 -70.5 -70 -69.5 -69

2000

3000

4000

5000

El
ev

at
io

n 
[m

as
l]

30°S to 31°S

0

0.5

1

R
at

io

-71 -70.5 -70 -69.5 -69

2000

3000

4000

5000

El
ev

at
io

n 
[m

as
l]

31°S to 32°S

0

0.5

1

R
at

io
-71 -70.5 -70 -69.5 -69

2000

3000

4000

5000

El
ev

at
io

n 
[m

as
l]

32°S to 33°S

0

0.5

1

R
at

io

-71 -70.5 -70 -69.5 -69

2000

3000

4000

5000

El
ev

at
io

n 
[m

as
l]

33°S to 34°S

0

0.5

1

R
at

io

-71 -70.5 -70 -69.5 -69

SWE [m]

2000

3000

4000

5000

El
ev

at
io

n 
[m

as
l]

34°S to 35°S

0

0.5

1

R
at

io

-71 -70.5 -70 -69.5 -69
Longitude [°]

2000

3000

4000

5000

El
ev

at
io

n 
[m

as
l]

35°S to 36°S

0

0.5

1

R
at

io

0 0.1 0.2 0.3 0.4 0.5

-71 -70.5 -70 -69.5 -69

2000

3000

4000

5000

El
ev

at
io

n 
[m

as
l]

30°S to 31°S

0

0.5

1

R
at

io

-71 -70.5 -70 -69.5 -69

2000

3000

4000

5000

El
ev

at
io

n 
[m

as
l]

31°S to 32°S

0

0.5

1

R
at

io

-71 -70.5 -70 -69.5 -69

2000

3000

4000

5000

El
ev

at
io

n 
[m

as
l]

32°S to 33°S

0

0.5

1

R
at

io

-71 -70.5 -70 -69.5 -69

2000

3000

4000

5000

El
ev

at
io

n 
[m

as
l]

33°S to 34°S

0

0.5

1

R
at

io

-71 -70.5 -70 -69.5 -69

SWE [m]

2000

3000

4000

5000

El
ev

at
io

n 
[m

as
l]

34°S to 35°S

0

0.5

1

R
at

io

-71 -70.5 -70 -69.5 -69
Longitude [°]

2000

3000

4000

5000

El
ev

at
io

n 
[m

as
l]

35°S to 36°S

0

0.5

1

R
at

io

0 0.1 0.2 0.3 0.4 0.5

-71 -70.5 -70 -69.5 -69

2000

3000

4000

5000

El
ev

at
io

n 
[m

as
l]

30°S to 31°S

0

0.5

1

R
at

io

-71 -70.5 -70 -69.5 -69

2000

3000

4000

5000

El
ev

at
io

n 
[m

as
l]

31°S to 32°S

0

0.5

1

R
at

io

-71 -70.5 -70 -69.5 -69

2000

3000

4000

5000

El
ev

at
io

n 
[m

as
l]

32°S to 33°S

0

0.5

1

R
at

io

-71 -70.5 -70 -69.5 -69

2000

3000

4000

5000

El
ev

at
io

n 
[m

as
l]

33°S to 34°S

0

0.5

1

R
at

io

-71 -70.5 -70 -69.5 -69

SWE [m]

2000

3000

4000

5000

El
ev

at
io

n 
[m

as
l]

34°S to 35°S

0

0.5

1

R
at

io

-71 -70.5 -70 -69.5 -69
Longitude [°]

2000

3000

4000

5000

El
ev

at
io

n 
[m

as
l]

35°S to 36°S

0

0.5

1

R
at

io

0 0.1 0.2 0.3 0.4 0.5



	 111	

suppression of precipitation is particularly noticeable from 32°S to 36°S, where sharp contrasts 

in SWE between windward and leeward locations are observed.  

We analyzed the ratio between the maximum SWE observed over the windward side and 

SWE observed at the same elevation over the leeward side. For the six transects analyzed, the 

ratio showed a reduction in SWE by a factor between 20 and 30, illustrating the extreme 

orographic effect on snow accumulation. It is important to clarify that these drying ratios are 

expected to be different from those shown in other studies based on precipitation records (e.g., 

Smith and Evans, 2007; Viale and Núñez, 2011), as SWE represents the combined effect of 

precipitation but also melting during the season. The melt rates could be enhanced in rain 

shadow regions due to drier and warmer air conditions during the winter season over the Atlantic 

draining watersheds.  

4.3.3. Influence of large-scale atmospheric circulation and atmospheric rivers 

Figures 4-6a and 4-6b show the correlation between SWE and the atmospheric variables 

derived from the NCAR/NCEP reanalysis. Figure 4-6a shows a significant positive correlation 

between SWE and tropical precipitable water at 160°W. The correlation pattern from the tropics 

follows a north-westerly direction from the aforementioned region towards the analyzed domain. 

Figure 4-6b shows a significant correlation between SWE and westerly wind intensities. Figure 

4-6c and 4-6d show the vector wind anomalies for the six wettest and six driest years, 

respectively. For the wet years, the westerlies shows positive anomalies in strength over the 

region between 10°S- 35°S and 120-160°W (Figure 4-6c). On the other hand, during the dry 

years, the 700 mb wind anomaly fields confirms a decreased strength of the advective moisture 

transport (Figure 4-6d).  
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Figure 4-6e shows the correlation coefficient between the latitudinal SWE values, and the 

AR event IVT and non-AR event IVT. Results show that the IVT from AR events (as classified 

by the catalog) show a very high correlation to SWE over the reigon. The highest correlations are 

observed between 29° and 35°S, with the IVT from AR events explaining approximately 65% of 

the observed variability in SWE. The correlation is slightly weaker for northern regions north of 

28°S. South of 35°S the correlation decreases significantly, reaching values that are not 

statistically significant. Across the domain, the correlation with AR IVT is significantly higher 

than the correlation with non-AR IVT. We acknowledge that the AR catalog used for this 

analysis is based on an automated algorithm to discriminate AR events and that a manual 

identification may be more suitable to identify the true influence of AR events on snow 

accumulation, however this analysis provides a first assessment of the role of AR events in snow 

accumulations and offers evidence that AR IVT may be responsible for a large fraction of the 

snow that accumulates during the winter season over the Andes. The correlation between non-

AR IVT is an interesting result, as it shows a negative sign that may be seen as counter-intuitive. 

We hypothesize that a predominance of non-AR moisture flux might be related to storms that 

tend to result in lower moisture deposition and SWE over the region, however this result must be 

analyzed in detail in order to provide more robust conclusions.   
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Figure 4-6. Correlation of annual basinwide SWE with: a) precipitable water and b) 700 mb zonal 

winds. 700 mb vector wind field anomaly for: c) six wettest years and d) six driest years on record. 

For c) and d) the colors show the magnitude of the anomaly, while the arrows show the direction. 

Plot e) shows the correlation between the Rutz et al. [2014] AR catalog metrics and the annual SWE 

values throughout the domain. 
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This work presents a first-order characterization of the climatology of SWE over the 
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an atmospheric reanalysis dataset (MERRA), snow covered area retrievals from Landsat and the 

flexibility of a modeling framework. The result is an unprecedented high-resolution dataset of 

snowpack states that leverages the uncertainties and strengths of different disparate datasets 

resulting in one integrative Bayesian estimation framework. 

Based on the reanalysis, snow stored over the Andes shows significant latitudinal 

variability in accordance with the significant climatic variability across the domain. Northern 

watersheds are characterized by low September 1st SWE values due to the high aridity and the 

low number of storms carrying significant precipitation. During El Niño years these basins 

experience significant positive anomalies of up to 10 times the annual mean. Some of the 

watersheds evaluated in this study show that only two or three years are responsible for up to 

80% of the total cumulative SWE observed over the entire time series. For the southern regions, 

SWE volumes increase dramatically due to higher precipitation volumes, with a significant 

reduction in interannual variability in comparison to the northern watersheds. Southern 

watersheds show a more stable climatological regime with a more uniform distribution of snow 

volumes across the record, and a more limited impact of El Niño on snow accumulation. The 

high temporal variability exhibited in the northern regions represents an interesting challenge for 

water planners, as aridity is the norm and “average” conditions are only a result of the significant 

deviation during strong El Niño years. 

The spatially continuous snow estimates allow for a detailed diagnosis of the influence of 

orography in snow accumulation, particularly orographic enhancement and rain shadows. South 

of 32°S, a high contrast between the accumulated SWE over Pacific and Atlantic draining basins 

is observed. The orographic enhancement over the windward slopes results in SWE 

accumulation values almost an order of magnitude larger than those observed for similar 
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elevations over the leeward regions. North of 32°S the effect is still present but is less dramatic 

given the already high aridity of the windward regions.  

We provide a preliminary assessment of the large-scale atmospheric influences on snow 

accumulation. We correlated SWE to precipitable water and wind patterns over the south Pacific. 

The results suggest a strong influence of tropical moisture transport during the years of the 

highest snow accumulations. During dry years, the wind field anomalies suggest a reduced 

moisture transport from the Pacific. The relation between AR-related IVT and snow 

accumulation were explored by analyzing the correlation between May-September AR IVT and 

SWE. Results showed an important impact by ARs on SWE accumulation north of 35°S, 

however further research may be required in order to assess in detail the influence of these events 

(i.e., on a single-event basis).  

4.5. Summary 

This chapter presents new insights on the climatology of snow in the extra-tropical Andes 

based on a 31-year (1984-2015) retrospective reanalysis derived using a Landsat fractional snow 

covered area data assimilation framework. The framework integrates the snow depletion 

information from Landsat within a snow modeling system forced by the MERRA atmospheric 

reanalysis in order to estimate snow water equivalent (SWE) over the most important watersheds 

of the Chilean and Argentinean Andes. The spatial and temporal resolution, geographic extent 

(181500 km2) and temporal span constitute an unprecedented dataset for the region. In this 

chapter the range-wide September 1st SWE was analyzed for the historical period, showing a 

variation between 65.4 km3 and 4.2 km3, with a climatological mean of 24.4 km3.  

The effect of El Niño and La Niña events were analyzed: El Niño was found to correlate 

with significant variability in northern watersheds of the domain (i.e. annual values of 10 to 20 
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times the average during strong El Niño years) but showed a weak relationship for southern 

regions. La Niña is generally related to lower-than-average SWE volumes however the 

significance of the signal is not as strong as for El Niño events and wet years.  Significant 

correlations between SWE and the integrated vapor transport from Atmospheric Rivers (ARs) 

were found. In contrast, correlation with non-AR IVT events is not significant for most of the 

domain and presents an interesting negative sign. This result will be analyzed in future research 

as it may suggest a relationship between low SWE volumes when non-AR storms are the main 

moisture source over the region. 

The derived dataset presents a unique opportunity to analyze SWE in a spatiotemporally 

continuous way. Orographic effects were analyzed by evaluating SWE over longitudinal 

transects that would not be possible to quantify without such a dataset. Differences of an order of 

magnitude between windward and leeward SWE accumulations were observed, reinforcing the 

effect of orographic enhancement over the windward region and rain suppression over the 

leeward region.  
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5. Conclusions and future work 

 

5.1. Conclusion and original contribution 

This dissertation shows the results of an implementation of a data assimilation framework 

over the Andean region. The data assimilation framework integrates data from Landsat fractional 

snow covered area, an atmospheric reanalysis dataset (MERRA) and a snow modeling system 

with the objective of retrospectively estimating snowpack states over the Andes. 

Chpater 2 of this dissertation showed the implementation of a fractional snow covered 

area retrieval algorithm based on the Landsat TM sensor. The algorithm was applied and 

validated for a domain over the southern-central Andes, showing good agreement between high-

resolution imagery based estimates and the actual retrievals. The implemented methodology 

constituted the basis of the retrieval of fractional snow covered area data for the extratropical 

Andes. In Chapter 2 a novel implementation of the algorithm was showcases, where the sub-

pixel analysis is applied to a highly glacierized domain with the aim of assessing the evolution of 

glacier extent during 1986-2013. The sub-pixel estimates proved to be robust enough to obtain 

consistent retrievals of glacier area for the entire time series. With the spectral unmixing model, 

a consistent annual measurement of snow extent that requires minimum operator intervention is 

achieved, with results showing consistency year after year despite different acquisition angles, 

snow conditions or saturation conditions. The results of this research will allow for a continuous 

and robust monitoring of snow cover over the entire Andes and the establishment of a 

benchmark snow cover observation system in line with those already implemented over the 

Northern Hemisphere. 
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Chapter 3 of this dissertation illustrated the implementation of the data assimilation 

framework that is the focus of this research over several study sites. The data assimilation 

framework integrates Landsat and MERRA data within a snow modeling system. By 

conditioning prior (forward model) estimates on the high-resolution fSCA depletion information, 

accurate SWE estimates were generated at a relatively high resolution, even though a coarse 

resolution reanalysis product was used to force the prior forward model. While prior SWE 

estimates were found to be highly sensitive to precipitation input biases, the posterior SWE 

estimates showed negligible sensitivity. The differences in prior and posterior estimates were 

significant even when the prior model estimates were provided with “bias-corrected” 

precipitation inputs based on available in situ data. The additional bias seen in the prior estimate 

resulting from orographic enhancement was implicitly corrected in the posterior estimates. This 

result confirms the added robustness provided by the assimilation framework, and highlights the 

utility of such an approach, particularly over ungauged basins where only coarse resolution or 

highly uncertain data may be available.  

 Given the long historical availability of Landsat data, the reanalysis framework represents 

a useful tool for high-resolution climatological applications. In this case both MERRA and 

Landsat exist since 1984, resulting in the potential for an unprecedented high-resolution snow 

reanalysis dataset over the region. Through the illustrative application of the reanalysis over the 

Juncal basin for 1984-2015, this study confirms the important influence that El Niño has on 

water availability for central Chile, with ENSO fluctuations explaining approximately 25% of 

the variability in September 1st SWE depths where the highest SWE accumulations are 

associated with strong and moderate El Niño episodes. It was found that in the driest years peak 
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basin-average SWE is incapable of fully explaining runoff volumes, suggesting an important 

contribution to runoff from high-elevation glaciers. 

Chapter 4 of this dissertation shows the results of the large-scale implementation of the 

reanalysis framework. The results show how El Niño exerts a significant influence over the 

northern and central watersheds of the domain. For the northern regions, El Niño years result in 

significantly higher-than-normal accumulations, with some watersheds showing 10 to 20 times 

the average SWE during the highest accumulation years. The effect of El Niño and La Niña 

tends to be reduced for southern watersheds. The results also show a significant correlation to the 

total moisture brought by landfalling Atmospheric River events throughout the entire extent of 

the region. Finally, the spatially continuous dataset was used to analyze the effect of orographic 

enhancement and rain suppression throughout the region. It was shown that for some 

longitudinal bands of the domain rain suppression results in windward SWE accumulations up to 

an order of magnitude in comparison to leeward regions of the Andes.  

Among the original contributions of this dissertation, there are two main points that can 

be highlighted. First, the contributions related to the technical development of the dataset: 

1) The SWE estimates presented herein are the highest resolution regional-scale spatial 

SWE estimates published over the extratropical Andes. Gascoin et al. [2013] estimates 

present a 90m resolution however the focus of their work is a small study site 

(approximately 30 km x 60 km). Cornwell et al. [2016] estimates provide a similar extent 

to the analyses presented herein however at a coarser resolution (500m). Mernild et al. 

[2016] estimates present a resolution of 4-km. The achievement of a 180m resolution is 

of key importance for understanding small scale variability in SWE, particularly in a 

region with a complex topography such as the Andes.  
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2) The reanalysis formulation assesses uncertainty via the use of ensemble methods. The 

uncertainty characterization is of key relevance in a context of snow modeling given the 

coarse resolution and uncertainty of the MERRA atmospheric reanalysis. By providing a 

direct error assessment the SWE reanalysis estimates can be used in other applications 

that require a clear quantification of the underlying uncertainty, such as public policy 

applications or hydrological model development under scarce data conditions.  

Among the contribution to answering particular science questions, the following 

contributions of this dissertation to the fields of snow hydrology, hydrometeorology and 

climatology are highlighted: 

1) The research performed in this dissertation showed that the assimilation of fractional 

snow covered area in snow models can result in a significant improvement of SWE 

estimates in highly complex mountain regions. The improvement in error metrics is 

robust to a wide range of physiographic characteristics. Furthermore, the posterior SWE 

fields are representative of the expected effect of processes that are complex to model 

directly, such as wind redistribution of snow. This contribution could lead to novel 

applications in other scarce data regions such as the Himalayas.  

2) This research provides the first direct assessment of the effect of El Niño in water stored 

as snow during the winter over the extratropical Andean region. While the effect of 

ENSO in precipitation has been subject of numerous previous work and is generally 

understood, a direct evaluation of the impact of El Niño in Andean water storage hasn’t 

been performed, probably due to the difficulties involved in the estimation of snow over 

mountain regions.  
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3) The longitudinal transect analysis presented in Chapter 4 represents the first continuous 

observation-based analysis of the distribution of snow over the Andean ridge. Other 

authors have used point data [e.g. Viale and Núñez, 2010] models [Viale et al., 2013] and 

satellite information [Viale and Garreaud, 2015] to assess the effect of orographic 

enhancement in precipitation of the Andean barrier. This dissertation presents a first 

attempt to evaluate both orographic enhancement and rain suppression throughout 

complete cross sections of the Andean barrier. 

As a final comment to the research presented herein, it is important to restate the 

importance of the Bayesian framework. Observations of natural systems represent an attenuated 

or fragmented signal of the underlying truth. This can be illustrated using the concept of “total 

water stored” over a watershed snowpack: a snow survey constitutes a sampling of one of the 

snowpack variables at one particular date; a fractional snow covered area image represents a 

sampling of the area covered by the snowpack, with little information though on the actual water 

content of the watershed. A model simulation on the other hand represents a true estimate of the 

entire natural system that is being observed, albeit a very uncertain one. The research presented 

herein shows the utility that arises when an attempt to merge all of the disparate observations, 

models and measurements of the natural system. In the field of snow hydrology most of the work 

performed revolves around either modeling or observational studies. Although data assimilation 

algorithms and ensemble implementations are not simple solutions and require extensive 

programming and computational capabilities, whenever possible researchers should make 

attempts to integrate both models and remotely sensed datasets into common processing 

frameworks. This combination (under optimal conditions) can provide the researchers with the 
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most clear picture of the underlying natural system, particularly in those scenarios where each 

data set by its own may not be adequate due to significant uncertainties. 

5.2. Future work 

The SWE estimates here presented constitute a significant leap in snow science for the 

extratropical Andes region. Asides from the analyses presented in this dissertation, the dataset 

will allow for the exploration of interesting further research avenues. This section explores some 

of these possible avenues and discusses the relevant background of each of them. 

Cortés et al. [2011] found that even though significant warming has been observed over 

valley and mountain regions of the Andes [Falvey and Garreaud, 2009], no significant trends 

have been observed in the timing of runoff from snow dominated headwater basins. Streamflow 

timing is a particular metric of interest for the region given the relationship between accelerated 

snowmelt and temporal shifts in runoff occurrence [e.g., Stewart et al., 2005]. Using a forward 

modeling approach, Vicuña et al. [2011] suggested that higher temperatures would bring 

significant shifts in streamflow timing and changes in peak runoff magnitudes. Yet this and other 

previous studies over the region have been limited in terms of drawing conclusions on the 

influence of snowpack accumulation and melt on streamflow timing due to the lack of data. The 

SWE reanalysis dataset can be explored to identify how snowpack has responded to increasing 

temperature trends over the Andes, and how these trends have been manifested in the streamflow 

records. Such an analysis could identify the link between snowpack melt dynamics and runoff 

processes at the watershed scale. This analysis is particularly important for the region as surface 

water usage and allocation follow a strong seasonal pattern modulated by snowmelt. Cortés et al. 

[2011] identified high precipitation during the 1982-1998 period, together with the relatively 

high elevation of the watersheds, as possible factors counteracting temperature-driven trends in 
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streamflow timing. Snowmelt timing can be analyzed over several headwater catchments with 

extensive streamflow data. Suggested research tasks include the following: a) presence of trends 

in snowmelt occurrence across the full elevational range of the domain, b) sensitivity of 

snowmelt timing to precipitation and temperature variations and c) correlation between 

streamflow timing and snowmelt timing at different elevations. 

The retrospective SWE estimates can be analyzed to understand the sensitivity of SWE to 

climate change and climate variations during the last 30 years. The SWE reanalysis dataset can 

be analyzed to understand how climatic fluctuations have affected snow accumulation and water 

availability over the Andes by analyzing possible changes in snowpack during the reanalysis 

period (1984-present). It will be possible to assess snowpack accumulation trends (or lack 

thereof) in regions where no in-situ measurements exist, such as high elevation areas of the 

domain, further advancing our knowledge of the distribution of snowpack magnitude and timing 

trends with elevation. The potential impact of climate change could be assessed by analyzing the 

sensitivity of SWE to precipitation and temperature forcing anomalies. A large-scale evaluation 

will provide more robust results and a more complete picture of the spatial variability in the 

trends in comparison to assessments using point data. The trend patterns found will be useful in 

explaining the changes (or lack thereof) observed in other hydrological variables that depend 

directly on snowpack accumulation and depletion, such as spring-summer streamflow values and 

annual streamflow timing. Snowpack trends can be analyzed using both rank-based and 

parametric tests (e.g. Mann-Kendall test, linear regression) in order to obtain a robust diagnosis 

of any trends, including possible non-linearity in the time series. Possible variables to be 

analyzed include annual peak SWE values, peak timing and melt onset timing, among others. 

Trends can be analyzed on a pixel-wise basis in order to assess the spatial extent of changes. The 
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relationship between trend values and physiographic variables such as slope and elevation can 

also be quantified in order to evaluate the influence of such characteristics on the magnitude of 

possible changes. The climate change impacts in Andean SWE can be analyzed by employing 

the multi-linear regression methodology used by Mote [2006], but in a novel spatially-distributed 

context. The methodology relates trends in an observed variable (e.g. SWE) with precipitation 

and temperature anomalies, allowing for an identification of the separate roles that each of the 

two variables have on snowpack accumulation. The methodology can be performed using in-situ 

records, however the use instead of the posterior forcing data from the reanalysis could lead to 

more robust results especially in a context where in-situ records are not present at high elevation 

areas. 

Information on these relationships gained from the retrospective analysis will allow for 

extension to predictions of snowpack changes under potential future climate projections. 

Specifically, The Mote [2006] methodology could be combined with readily-available climate 

change estimates from Global Circulation Models (GCMs). The GCMs can be used to estimate 

the magnitude and direction of precipitation and temperature changes and, combined with the 

multi-linear regression methodology developed from the reanalysis, can be used to provide an 

estimate of changes in SWE in a spatially distributed manner. The NASA NEX GDDP climate 

projections (from 2015 to 2099) for example can be used to construct downscaled estimates of 

the changes observed in the precipitation and temperature forcing data used in the multi-linear 

regression analysis. This type of analysis constitutes a novel departure from traditional forward-

modeling assessments of climate change as it employs a high-resolution baseline reanalysis data 

set with Bayesian foundations rather than (potentially inaccurate) forward model simulations of 
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historical climate. Furthermore, this analysis does not rely on in-situ data, and the methodology 

will serve as a benchmark example for other scarce data regions. 

The results from this dissertation can also be used to develop a watershed “climate-

change” risk assessment with identification of watersheds that have shown a significant change 

over the Landsat record and/or that contain significant volumes of SWE that are also likely 

vulnerable to change based on the results from the reanalysis. Each watershed could be classified 

based on its distribution of snow with elevation, resulting in an index that provides useful 

information for both the scientific community and local management agencies. Moreover, this 

project will serve as a detailed baseline study of climate change impacts in a mountain region 

containing an array of different climate zones and can therefore be considered as a benchmark 

for the ultimate evaluation of impacts on other regions using similarly developed 

spatiotemporally continuous SWE datasets.  

The spectral unmixing methods implemented in this dissertation can be proposed as an 

operation framework that allows for a continuous and robust monitoring of snow cover over the 

entire Andes. Such an implementation would lead to an establishment of a benchmark snow 

cover observation system in line with those already implemented over the Northern Hemisphere. 

This effort would require cooperation with the United States Geological Survey (to provide a 

continuous data stream of Landsat imagery. The methods can be also extended to consider 

different set of sensors with multispectral capabilities such as ASTER or sensors from the 

Sentinel mission (European Space Agency). 
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