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Abstract. Snow and glacier melt (SGM) estimation plays 1 Introduction

an important role in water resources management. Although

melting process can be modelled by energy balance methods,

such studies require detailed data, which is rarely availableGlaciers could be considered as the most important water
Hence, new and simpler approaches are needed for SGM e&eservoirs, since they represent about 68% of the total fresh
timations. The present study aims at developing an artificiaWVater available (Shiklomanov and Roda, 2003). Previous
neural networks (ANN) based technique for estimating theStudies state that snow and glacier melt (SGM) is of fun-
energy available for melt (EAM) and SGM rates using avail- damental importance for the present and future water sce-
able and easy to obtain data such as temperature, short-wafgrios in snow-fed and glacier-fed basins (Kure et al., 2012a;
radiation and relative humidity. Several ANN and multiple Jansson et al., 2003), but most of them are located in the poles
linear regression models (MLR) were developed to repre_far from human activities; only mountainous glaciers are lo-
sent the energy fluxes and estimate the EAM. The model§ated in human populated continental areas. Mountainous
were trained using measured data from the Zongo g|acie[glaciers could be considered the world’s virtual water tow-
located in the outer tropics and validated against measure@8fS assuring year round water flow for the main rivers, and
data from the Antizana glacier located in the inner tropics.itS melting may lead to water shortage for millions of peo-

It was found that ANN models provide a better generalisa-p|e- Unfortunately, most of the mountain glaciers are melting
tion when applied to other data sets. The performance of th&luite rapidly, a fact that may lead to serious social tensions
models was improved by including Antizana data into the related to water. Hence, it is important to understand glacier
training set, as it was proved to provide better results tharflynamics in order to analyse possible future water scenarios.
other techniques like the use of a prior logarithmic transfor- There have been many studies about glaciers and snow-
mation. The final model was validated against measured datfll. both at global and local scales. Radic and Hock (2010)
from the Alpine glaciers Argerétre and Saint-Sorlin. Then, applied a statistical method to estimate global glacier vol-
the models were applied for the estimation of SGM at Con-ume and states that corresponds to a sea level equivalent of
doriri glacier. The estimated SGM was compared with SGM0-7 M. Avian and Bauer (2006) monitored Pasterze glacier
estimated by an enhanced temperature method and proved ¥§th laser scanning technique and detected three zones of
have the same behaviour considering temperature sensibilitgollapsing ice body. Huss et al. (2010) analysed the spatial
Moreover, the ANN models have the advantage of direct apﬂistribution of Switzerland glaciers by relating glacier sur-

plication, while the temperature method requires calibrationf@Ce €levation change as a response to mass balance change.
of empirical coefficients. Koboltsching and Sdmer (2011) investigated the contribu-

tion of glacier melt to total river run off in the Austrian
Alps. Also different measures to prevent melting like cov-
ers, water injection or snow compaction were tested at field
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locations (Olefs and Fischer, 2008). Nevertheless, the abovexternal force that defines the matter property. Besides, most
mentioned studies were applied to high latitude locationstemperature models have a minimum time scale of daily es-
where climatic conditions are different than tropical latitude timations and the conceptual limitation that energy available
places like the Andes. for melt is not linearly related to positive air temperatures
The dynamics of the tropical Andes is quite different than (Hock and Holmgren, 1996). Therefore, they are not able to
the Alpine glaciers; while the Alps experience a long accu-reproduce daily pattern fluctuations which are important in
mulation period in winter, the Andes experience permanentropical regions. Moreover, Kuhn (1987) performed a theo-
ablation throughout the year (Coudrain et al., 2005). In bothretical analysis of energy budget and melting conditions, and
inner and outer tropics the daily variation is greater than theshowed that melting may happen at air temperatures as low
seasonal one, which is typical behaviour of tropical latitudesas—10°C or as high as 18C. Hence, radiation must be in-
(Mote and Kaser, 2007). The tropical Andean glaciers usedtluded in melting models.
to cover over 2940 ki) but suffered a strong retreat that de-  Energy balance melt models are based upon the assump-
creased its area to 2493 Rroy 2002 and caused some small tion that at freezing temperature any surplus of energy at the
glaciers such as Chacaltaya or Cotacahi to disappear (Vergasaurface air interface will be used for melting, and the en-
et al., 2007), with serious consequences. For instance, thergy available for melting is then related to the latent heat
area around Cotocachi not only experienced a decrease iof fusion. The energy balance method has a strong phys-
agriculture and tourism activities but also more and worseical background and was successfully applied in different
water conflicts are expected over time. Important Bolivian studies (Molg et al., 2008; Cullen et al., 2007; Molg and
cities such as La Paz and Cochabamba already faced setitardy, 2004; Wagnon et al., 1999). Some studies use re-
ous social tensions categorised as emblematic in global wasults from energy balance models to calibrate temperature
ter debates (Laurie and Crespo, 2007). Thus, a better watanodels (Carenzo et al., 2009). Basic energy balance models
resources management is an important goal. SGM estimatiowere applied to simulate snowmelt in Nordic glaciers (Hock
is an important and necessary tool for achieving such goal. and Holmgren, 2005) in the Alps (Sicart et al., 2008), New
Analytical methods for estimating SGM may be divided Zealand (Anderson et al., 2010) and in the Andes (Sicart et
into temperature index models and energy based modelsl., 2011). There are also more advanced energy models that
Although temperature index models are a simplification ofdivide the snowpack into layers and then apply a 1-D mass
complex processes that would be better described by energgnd energy balance to each layer in order to predict tempera-
balance, many studies found a high correlation between melture profiles. The 1-D energy balance model SNTHERM was
and air temperatures (Hock, 2003). Temperature models reapplied to analyse the variation of soil temperature with snow
late the amount of melting to a degree day factor and to eithecover and improving roads maintenance (Fu et al., 2009).
the sum of the positive temperature or the mean daily tem-The land surface model ISBA-ES was coupled to models
perature. Sometimes temperature index models use a baSAFRAN (meteorological model) and MODCOU (hydro-
temperature that might be below the freezing temperaturgyeological model) to simulate spring and summer flows in
(Debele et al., 2009). Since they have the advantage that tenthe French Alps (Lafaysse et al., 2011). However, the above
perature is an easy to measure data, they are popular andentioned models face the main limitation of detailed data
used in many studies (Kure et al., 2012b; Hock, 1999; Jost etequirements which are difficult to obtain, and sometimes it
al., 2012; Biggs and Whitaker, 2012). Nowadays, some hy-can be obtained only for limited periods of time. Long-wave
drological models include the option of snow/ice melting by radiation (LWR) is the energy term most difficult to obtain.
using temperature based equations that were used in diffelAlthough it can be measured using a pyrgeometer, this is a
ent studies (Abbott et al., 1986; Scharffenberg and Flemingyery expensive instrument rarely available at meteorologi-
2010; Wang et al., 2010; Tahir et al., 2011; Bocchiola etcal stations (Dos Santos et al., 2011). LWR provides large
al., 2011). Hirabayashi et al. (2010) estimated global glacieamounts of melt energy for high-albedo snow surfaces and
mass balance using the global glacier model HYOGA thatmay even dominate in the energy balance for under cloudy
uses a day degree approach; nevertheless, such model wslsies (Sicart et al., 2010). Such fact has a special importance
not able to simulate the temporal variation in South Americanfor the study area, as the local summer coincides with the wet
glaciers. Pelliccioti et al. (2005) developed an enhanced temseason characterised by cloudy skyes and LWR controls the
perature index model that combines temperature with shortmelting seasonal changes. Although simple equations were
wave radiation for estimating SGM in Switzerland (Carenzo developed for its estimation considering vapour pressure and
et al., 2009). temperature (Kruk et al., 2010), those equations have empir-
Earlier studies showed that just air temperature is notical constants calibrated for specific locations. Hence, new
enough for predicting snowmelt (Zuzel and Cox, 1975). It alternatives are needed to estimate either energy fluxes or the
is important to consider that temperature of matter is just avhole energy balance using more accessible data.
property that represents the relation between the heat added ANN are mathematical structures able to represent com-
to a body and its change in entropy (King, 2005), thus the explex non-linear relationships between input and output by
ternal heat added to a given body, in this case radiation, is th@mitating functioning of neurons in a human brain. In the
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Fig. 1. Locations considered in the study. Zongo and Condoriri are located in the outer tropics of Bolivian Andes. Antizana is located in the
humid inner tropics of the Equator, Argedite and Saint-Sorlin are located in the septentrional French Alps.

last years, ANN have been successfully applied in hydro-SGM estimation was compared with estimations from the
logical studies. They were used for sediment studies (Kisi eMLR model and against enhanced temperature index mod-
al., 2012), weather forecast downscaling (Hoai et al., 2011)gls. This research is not only among the first ones to esti-
rainfall forecasting (Hung et al., 2009), river flow estimations mate SGM at short time step without complex data, but also
(Akhtar et al., 2009; Shamseldin, 2010; Huo et al., 2012),among the first ones to implement ANN technologies in trop-
litoral drift predictions (Singh et al., 2008) and evapotran- ical glaciers in a developing country. The results will allow
spiration (Cobaner, 2011; Dai et al., 2009). Although widely for easily predicting future SGM at any time. One main con-
applied to hydrology, almost no studies applied ANN to snowtribution of the present study is that it will allow overcoming
and glaciated areas. Yilmaz et al. (2011) applied ANN to esti-the problem of data scarcity by proposing several models to
mate flow in a snow dominated mountainous basin in Turkey,estimate energy balance under different input data scenarios.
but its time step was limited to daily scale and the model was
not able to reproduce the yearly pattern, hence the model was
developed as a seasonal model. 2 Study area

The present study developed different ANN models able
to represent the nonlinear relations between common metedFhe present study considered three tropical glaciers: An-
rological parameters, e.g. temperature, short-wave radiatiotizana, Zongo and Condoriri. The Condoriri and Zongo
or relative humidity, and other energy fluxes and the energyglaciers are both in the outer tropics in the Bolivian Andes
balance for a given time. Such models allow estimating en-at some 13 km from each other, while the Equatorian glacier
ergy balance and the energy available for melt. Relating theAntizana is located in the inner tropics at some 2100 km
energy available for melt with the latent heat of fusion eas-from Zongo and Condoriri. In order to test the validity of
ily provides the potential SGM rate per unit of area. First, the model to glaciers out the tropical range, additional data
ANN models were developed for the estimation of energyfrom the Alpine glaciers Argergire and Saint-Sorlin were
fluxes difficult to obtain and usually unavailable, e.g. LWR also used (Fig. 1).
sensible heat flux and latent heat flux. Then, ANN models It is important to stress that the inner tropics and the outer
were developed for estimating the whole EB within one sin-tropics have different climatological behaviour. The humid
gle step. The ANN models were trained using measured dataner tropics are characterised by a thermically homoge-
from the Bolivian glacier Zongo located in the outer trop- nous atmosphere with slightly variable humidity throughout
ics. Then, they were validated with measured data from thehe year; temperature and humidity variations are not large
Equatorian glacier Antizana located in the inner tropics. Theenough to characterise a pronounced seasonal regime (Favier
present research also developed MLR models for the estiet al., 2004). On the other hand, the outer tropics have two
mation of energy fluxes. The performance of ANN models marked seasons: one wet season characterised by precipi-
for estimating energy fluxes was compared against the MLRation and cloud cover coincident with the austral summer
models. Both the ANN and MLR models were validated with (November—March), and one dry season with clear skies dur-
data measured from Alpine glaciers. Finally, the validateding winter (April-September) (Sicart et al., 2005). The short-
models were applied to the Bolivian glacier Condoriri. The wave radiation (SWR) in Zongo and Condoriri has maximum
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values in winter due to the clear skies, while during summerparameters, such as short-wave radiation, long-wave radia-
it has lower values due to the cloudiness that attenuate it. Otion, temperature, relative humidity, wind speed and wind di-
the other side, long-wave radiation has lower values in winterection. The complete database consists of nearly 78 000 data
and higher values in summer due to the radiation reflected byoints covering the years 2003-2009. The consideration of
clouds. The temperature reaches its highest values in summéne number of data used for training the ANN models is an
and lowest values in winter; but due to the high altitude it is important factor. Too large ANN tend to overfit, while ANN
common to have frozen temperatures even in summer. with too few data do not contain enough processing elements

The Zongo glacier with altitudes ranging from 4900 to to correctly model the input data set and tend to underfitting
6000 ma.s.l. (above sea level) is located in the Huayna magthe data; both of these situations result in poor generalisation
sif (16°16' S, 6810 W) and is part of a 3.7 kfnbasin with  (Barnard and Wessels, 1992). Longer data sets should pro-
the main limnimetric station at 4830 ma.s.l. (Sicart et al., vide better ANN models, since it provides additional knowl-
2007). It is located some 30km north of La Paz. The An-edge, thus considering more possibilities when training the
tizana glacier with altitudes between 4800 to 5700 ma.s.l. ismodel (Hertz et al., 1991). Hence, it is important to have at
located 40 km east of Quito, on the NW slope of the An- least a minimum number of training data. The present study
tizana volcano (Favier et al., 2004). Both glaciers are be-considered that the number of training data should be at least
ing monitored since 2003 within the project GLACIOCLIM 10 times the number of ANN weights (Baum and Hausler,
(http://www-lgge.ujf-grenoble.fr/ServiceOBs/ 1989). It is important to consider that extracting more in-

The Condoriri glacier with altitudes from 4400 to formation from data does not always improve the models,
5200ma.s.l. (1611 S, 6813 W) has the shape of a con- indicating the need for improved data and models for crit-
dor with open wings and provides water for the cities of ical times. Neal et al. (2011) suggest developing different
El Alto and La Paz. Condoriri glacier along with Huayna models for day and night. The present study focused on day-
and Tuni glaciers are currently being studied under thetime hours, defined as the ones when incoming short-wave
GRANDE project that will allow researchers to comprehend radiation (ISWR) is higher than 20 W (Hu et al., 2012).
what is happening to the glaciers and to predict future scenarAnother limitation of ANN models is that the limits of the
ios (http://grande.civil.tohoku.ac.jp/indexe.hjmDne major  training data may impose a limitation to its application to-
problem of the above mentioned glaciers is the lack of datawards data outside the training data limits (Hettiarachi et al.,
In July 2011 GRANDE project installed weather stations 2005). In the present study the temperatujeaqd relative
around the mentioned glaciers. Although the stations willhumidity (RH) of the training data have lower limits than the
provide current data at small time intervals, the measuredralidation data (Table 1). The validation data has an average
parameters are not enough to perform a complete energiRH 20 % higher than the training data. Although both train-
budget. ing and validation data have similar average temperature, the

Saint-Sorlin (4510 N, 6°10 E) and Argengre (45395 N, instant maximum of the validation data i$G higher. Nev-
6°98 E) glaciers are located in the Western Alps of France.ertheless, the training data contains high values of the main
They are monitored also within the project GLACIOCLIM. source of energy, i.e. solar radiation, as high as the assumed
Meteorological stations have been set up close to bottsolar constant of 1366 Wn? (Spokas and Forcella, 2006).
glaciers in order to study the relationships between climate Data for the Condoriri glacier was obtained from the Con-
change and mass balance fluctuations (Six et al., 2009)doriri weather station installed by the GRANDE project. This
While Antizana Zongo and Condoriri are located in tropi- station installed in July 2011 has a data logger HOBO-U30
cal latitudes in the Southern Hemisphere, Saint-Sorlin andhat records every 10 min several meteorological parameters
Argentiere are located at septentrional latitudes, with lowerlike short-wave solar radiation, wind velocity, relative hu-
elevation, marked seasonality and well-defined periods of abmidity, temperature and rain. The present study used more
lation and accumulation. than 61 300 data points from July 2011 to August 2012, cov-

ering one hydrologic year.
Data for the additional validation glaciers of Argent

3 Data and methods and Saint-Sorlin was obtained from meteorological stations
installed and monitored by the French project GLACIO-
3.1 Data CLIM. These stations provide SWR, LWR, relative humidity,

temperature, wind speed and net radiation.
Before applying the models to the Condoriri glacier, they
were validated against data measured at the EquatoriaB.2 Energy model
glacier Antizana located in the inner tropics. Data for the
glaciers Zongo and Antizana was obtained from meteorolog-The estimation of SGM by energy methods is based on the
ical stations installed and monitored by the French projectassumption that once the glacier reached freezing tempera-
GLACIOCLIM. Those stations have a data logger Campbell-ture any surplus of energy is used for melting (Hock and
OREZ23x. They record every 30 min several meteorologicalHolmgren, 2005). The method may be applied either at single
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Table 1. Statistical description of data set used for training the ANN considering data from Zongo and Antizana. SWR is short-wave radiation.
EB is energy balance.

Data Location Maximum Minimum Average Stddev
Solar radiatiofW m—2] Zongo 1452.98 0.00 218.92 328.14
Solar radiatiofW m*Z] Antizana 1349.00 0.00 192.84 293.90
SWR[WmM™2] Zongo 1154.25 0.00 318.05 253.43
SWR[Wm™2] Antizana 1349.00 0.16 342,56 289.08
Temperaturg®C] Zongo 10.42 —7.47 1.80 2.48
Temperaturg®C] Antizana 16.55 —-5.42 1.80 1.79
Relative humidity{%] Zongo 100.00 4.12 65.15 30.65
Relative humidity{%] Antizana 98.90 0.00 82.01 15.53
Wind speedms1] Zongo 16.89 0.00 2.93 1.40
Wind speedm s_l] Antizana 18.63 0.00 4.03 3.21
EB[Wm2] Zongo 1093.72 —-555.64 19745 210.22
EB[Wm2] Antizana ~ 1327.65 —278.72  279.68 262.89

locations or over distributed models involving computations whereL is the latent heat flux of evaporatian,is the vapour
over a grid covering the study area. The current energy availpressure at 2 ng, is the vapour pressure at melting surface,
able for melt is estimated as the residual of the energy balZ,. is the roughness parameter for vapour pressure logarith-
ance for each time step (Hock and Holmgren 2005) (Eqg. 1):mic profile. Vapour pressure was estimated as function of rel-
ative humidity (Allen et al., 1998) (Eq. 4).

Om = SWin + SWout + LWin + LWyt + On + QL + Qo. (1)
esRH

100 °

wherees is the saturation vapour pressure and RH is the rel-
ative humidity [%] (Eq. 5).

(4)

where Qw is the energy flux available for melting, SWs €2 =

the incoming short-wave radiation flux, LyVs the incom-
ing long-wave radiation flux, SWy; is the outgoing short-
wave radiation flux, LWy is the outgoing long-wave radia-
tion flux, Qn is the sensible heat fluxQ, is the latent heat 17.27T
flux, and Qo are other minor heat fluxes like rain. es = 0.6108e T+27315, ®)
Usually short-wave radiation is measured at the site.
Sometimes it may be estimated by a valid relation consider-
ing the location (latitude and longitude), the Julian day, pos-
sible cloudiness and time exposed to solar radiation which is
influenced by the local topography. In the present study, both _8 (T — Ts) (Z — Zop)

‘whereT is temperature in Celsius degrees. Stability correc-
tion described by the Richardson number (Eq. 6) was applied
to the turbulent fluxes (Sicart et al., 2005; Favier et al., 2004).

LWR and SWR were obtained from Zongo station. T u2 ’ ©)
Sensible heat is calculated as function of the wind speed ) )
and temperature (Hock and Holmgren, 2005) (Eq. 2): whereT andu are absolute air temperature [K] and wind

speed [ms1] at the measurement levé|, g is the accelera-
2 pPu (T —Ti) @) tion of gravity (9.79 ms2), Tsis the surface temperature and
P,IN(Z/Zow)IN(Z/Z0)’ Zo,m 1s the roughness length [m]. The non-dimensional stabil-

. -~ ) ] ity functions for momentumdy,), heat (), and moisture
whereCy is the specific heat air at constant presskiis,the (d,) were expressed in terms Bi.

Von Karman constant? is the atmospheric pressuteis the Ri positive (stable)

wind speedp, is the standard atmospheric pressutés the

instrument heightZ, is the roughness for wind logarith- (¢, @)1 = (& ®,) ! = (1 — 5Ri)Z. (7)

mic profile, Z,, is the roughness for temperature logarithmic

profile, T; is the freezing temperatur®, is the air density. Rinegative (unstable)

Latent heat is calculated as function of the wind speed and

humidity (Hock and Holmgren, 2005) (Eq. 3): (Pm®h) ™ = (@Pm®y) = (1 — 16Ri)°*™. (8)

ou (e2 — e,) The sensible heat of fusion was multiplied lay{ &)~ and

_ 2
QL = 0.623Lk PoIN(Z)Zow) IN(Z)Z0oe)’ ) the latent heat of fusion was multiplied b@ g ®,)~*

The other energy fluxes were neglected, since they repre-
sent a very small percentage of the total. Then, the energy
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available for melt was converted into its water equivalent by Input vector X —— Hidden layer y Weightw Output 2
relating to the water latent heat of fusion (Eq. 9).
@z,

_ % X - \

WE Li’ ©) \ — Y \ Y
| _ x, I<———@< <L —-@7;
where WE is the water equivalent per square meter SN SN
[mms 1 m—2], Lt is the water latent heat of fusion assumed TN SN
1 /,z/ N\
as 334Jg-. x — = — @ Z

Hock and Holmgren (1996) suggested roughness val-
ues for glacier areas df,y =0.0027m,Z,; =0.000027 m,  Fig. 2. MLP architecture.
Z,e=0.000027 m. Sicart et al. (2011) studied the Zongo
glacier and suggest a value 8§, ranging from 1 to 10 mm
andZ,; = Z,. = Z,w!/100, while other studies consider them layer enables the network to learn by extracting meaningful
as calibrating variables. Sicart et al. (2005) found that bothfeatures from the input. Each neuron processes its output
latent and sensible heat fluxes in Zongo are small and thefy summing its input signat; multiplied by its respective
play a minor role in the total energy balance since radia-weightw;; and a given threshold, (Eq. 10).
tion supplies most of the melting energy. Also Van As (2011)
found that solar radiation is the main source of melting en-y; = do + Z Xj Wij (10)

ergy, and the errors of assuming constant roughness are negll- .
ligible. Thus, it can be assumed that the uncertainties of conJ "€ Output of each neuron may go to the next hidden layer

sidering constant roughness values are small and withou" t© the output node (if there is only one hidden layer). The
much influence. main characteristics of a MLP are (a) that each neuron in-

The energy balance for each time step was estimated us_c_ludes a soft.nonlinearity (sigmoidal Iogistig function which
ing data from the glaciers Zongo and Antizana. Then, thelS described in Eq. (11), (b) its layered architecture allows to

EAM was estimated by comparing with previous time StepIearn b){ progressively extracting infprmation from the input,
energy in order to consider refreezing effects; in case the en@nd (€) its high degree of connectivity so that one element of
ergy balance was negative, it was assumed as freezing (Hock 9iven layer feeds all the nodes of the next layer.

and Holmgren, 2005) and the next time step energy must 1

compensate such freezing before allowing for melting. Oncezj = ———— (11)

there was enough energy for melting, such energy was re- L+ exp(=yj)

lated to the latent heat of fusion for water which was as-|, this study the MLP was trained with the back-propagation
sumed 334 Jg' in order to get the melting water equivalent aigorithm of the software Waikato Environment for Knowl-
for that time step. Ideally, snowmelt and ice melt should beedge Analysis (WEKA) version 3.6.6 (Hall et al., 2009).
differentiated, since they have slightly differditdepending  The performance was evaluated by the non-overlapping test
on the amount of liquid water in the snow (Sing and Vijay, set selection cross-validation method, also known as the
2001; Guttman, 1907). However, since the differences are tog fg|d method. This is one of the most popular validation
low, it was assumed that both snow and ice have the dame methods, and can be described in the following five steps

(Hock, 2005). (Gascon-Moreno et al., 2012):

3.3 Artificial neural networks 1. The total available data is divided into £k non-

o o o overlapping data subsets C1, C2, ..., Ck, also known as
ANN are approximation methods that imitate the functioning folds.

of the human'’s brain. The brain may be idealised as a highly

complex non-linear and parallel computer with the capabil- 2. One fold is used for validation, while the remaining
ity to perform computations by organizing its neurons and folds are used as training data.

building up its own rules through learning process. In anal-
ogy, ANN may reproduce multi-variable functions by arrang-
ing processing elements (neurons) interconnected according
to certain rules that may change in order to find the optimal 4 Steps two and three are repeatetimes, so that every
ones (learning). The most popular type of ANN is the multi- fold is used once as validation set.

layer perceptron (MLP), which is a feedforward network that

has interconnected nodes (neurons) arranged into three lay-5. The overall erroi is calculated (Eq. 12).

ers: input layer, a hidden layer and an output layer (Fig. 2) '

(de Vos, 2013; Hung et al., 2009). The input layer sends the, _ } Z E; (12)
input vectorX of signalsx; to the hidden layer. The hidden k —~

3. The created model is tested with the testing fold. This
test generates an
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While normal hold out testing methods may produce biasedrable 2. Input data combinations for the different models
results due to the data partitioning, this method gives a muclseveloped.

fair and unbiased estimation (Bengio and Grandvelet, 2004).
The popularity of the method grew so fast, that studies also Groud Model Data used
compared its performance by using different number of folds. ILWR1  ISWR, Tc, RH
While early ideas suggested using 10 folds, it was found ILWR2  ISWR, Tk, RH
that the differences between 5 and 10 folds are not signifi- ILWR3  ISWR, TK* RH
cant (Uguz and Kodaz, 2011; lliadis et al., 2011). Markatou ILWR4 Tc, RH

et al. (2005) stated that 4 (folds) is a reasonable number ILWR5 Tk, RH

that provides fair estimations, hence the present study used ILWR6  Tk% RH

4 folds. The performance of each model was evaluated in GLWR1 ISWR, RH, Tc
terms of correlation coefficient (correlation), mean absolute GLWR2 ISWR, RH, Tk
error MAE (Eg. 13) and root mean squared error (RMSE) GLWR3  ISWR, RH, T#

(Eq. 14). GLWR4 RH, Tc
GLWR5 RH, Tk
1 GLWR6 RH, T
MAE:;Z"DI'_TI" (13) SHF  u,Tc
i=1 LHF u, Tc, RH
1 EB1 SWR, RH, Tcyu
RMSE= | =Y (P —T)?, (14) EB2 SWR, RH, Tc
ni= EB3 ISWR, RH, Tcu
EB4 ISWR, RH, Tc
whereP; is the predicted valudj is the target value; is the EB5 ISWR, Tc
total number of samples. EB6 RH, Tcu

EAV7  SWR,RH, Tcu
EAV8  SWR, RH

EAV9  SWR,Tc

EAVI0 RH,Tcu

EAV7a  SWRy, RHy, Tcy, ug, SWR, RH, Tcu

Since SWR may easily be measured by using a pyrome-
ter, which is a simple instrument usually available in mete-
orological station, e.g. the main study basin of Condoriri is
equipped with pyrometers, SWR was considered as an input
data. The energy flux not available is long-wave radiation, EAVS, SWR( RHy SWR, RH
which is rarely available due to the high cost and complexity EAVO. SWRi: Tcll,’SWR, e
of pyrgeometers (Choi et al., 2008). Hencg, as a first step, g EAV10: RHy, Tcy, ug, RH, Tc,u
ANN models were developed to simulate incoming LWR
(ILWR) and global LWR (GLWR). Since all the ILWR mod-  Jcie e erperare n Csiscegres, T e sbste et n el
els consider temperature and vapour pressure (DOS SantoSubscript “1” denotes data from a previous time step. The superscript 4 means to
etal., 2011), such data was considered as input data. Tem-ie & heie: LR s neomig ong waie aiaton, SR s govaong wave
perature is measured, and vapour pressure is estimated fromalance. EAV is energy available for melt.
relative humidity, as previously explained. Different models
were developed considering temperature in Celsius degrees,
in Kelvin degrees and to the 4th power. Besides, it was im-budget and the EAM within one single step. Table 2 shows
portant to consider that ILWR has to be corrected consideringhe developed models and data required for each one.
the cloud effect. Since previous studies showed a correlation The predictive performance of the ANN models were
between relative humidity and cloud cover (Walcek, 1994),compared against predictive models based on the MLR tech-
it may be assumed that inc|uding relative hum|d|ty may rep-nique, whichis a reCOgnised statistical teChnique Wldely used
resent the cloudiness effect. In total 6 ILWR models and 6in engineering and science problems dealing with exploring
LWR models were developed, as showed in Table 2 groups &e relationship between two or more variables (Agha and
and b. Alnahhal, 2012; Riad et al., 2004). The MLR were developed

Since latent heat flux and sensible heat flux are estimatedsing the analysis tool pack of MS Excel 2010.
using temperature); relative humidity (RH) and wind speed ~ Finally, the models with the best performance were used
(u) (Hock, 2005), in order to perform additional test of for estimating SGM. SGM at Condoriri not only was esti-
the methodology it was decided to develop additional ANN Mmated with both the ANN and MLR models, but also with an
models for the estimation of LHF and SHF consideringH enhanced temperature index model that considers tempera-
andu, as showed in Table 2 group c. ture and short-wave radiation (Eq. 15) (Pellicioti et al., 2005).

Although the independent models allows to estimate the If 7> T;:
energy balance in two steps, i.e. estimate each energy flux
and then estimate the energy balance, additional ANN modM = TF- T + SRF- (1 —a) - SWR (15)
els were developed in order to estimate the whole energy

M®®®D®DODD0O00000 0 CoWWEI>II >
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Table 3. Comparison of the performance of the ANN and the MLR Table 4. Comparison of the performance of the ANN and the MLR

models when applied to Zongo. models when validated at Antizana.
Techniqgue ANN ANN ANN  MLR MLR MLR Technique  ANN ANN ANN  MLR MLR MLR
criteria cor MAE RMSE cor MAE RMSE criteria cor MAE RMSE cor MAE RMSE
Wm2] [Wm2] Wm2] [Wm2] Wm=2]  [Wwm?] Wm=2  [wm?|
ILWR1 0.86 25.39 31.85 0.89 19.47 25.49 ILWR1 0.81 112.11 115.46 0.80 105.10 109.42
ILWR2 0.86 25.39 31.85 0.89 19.47 25.49 ILWR2 0.81 112.11 11546  0.80 105.10 109.42
ILWR3 0.86 25.35 31.80 0.89 19.47 25.49 ILWR3 0.81 112.12 115.47 0.80 105.03 109.35
ILWR4 0.85 25.84 3264 0.89 19.52 25.52 ILWR4 0.78 112.97 116.71  0.79 105.01 109.41
ILWRS 0.85 25.84 3264 0.89 19.52 25.52 ILWR5 0.78 112.97 116.71  0.79 105.01 109.41
ILWR6 0.85 25.80 3261 0.89 19.52 2553 ILWR6 0.78 112.97 116.71  0.79 104.94 109.34
GLWR1 0.91 25.64 34.83  0.90 25.17 34.09 GLWR1 0.79 26.73 3544 0.76 29.36 39.43
GLWR2 0.91 25.64 34.83 0.90 2517 34.09 GLWR2 0.79 26.73 3544 0.76 29.36 39.43
GLWR3 0.91 25.66 3485 0.88 28.73 37.68 GLWR3 0.79 26.74 3544 0.74 77.29 87.70
GLWR4 0.84 35.28 44.40 0.88 28.79 37.74 GLWR4 0.75 26.42 36.34 0.74 77.29 87.70
GLWR5 0.84 35.28 4440 0.88 28.79 37.74 GLWR5 0.75 26.42 36.34 0.74 77.29 87.70
GLWR6 0.84 35.31 44.44 0.88 28.73 37.68 GLWR6 0.75 26.43 36.34 0.74 32.42 41.10
SHF 0.98 3.68 525 0.86 3.56 5.58 SHF 0.85 12.45 34.89 0.73 5.15 8.24
LHF 0.83 4.34 6.18 0.91 8.99 12.83 LHF 0.75 4.87 38.82 0.85 31.24 46.38
EB1 0.98 29.58 3762 0.98 25.31 33.41 EB1 0.98 31.83 4735 0.99 40.79 116.04
EB2 0.98 34.67 4467 0.98 26.89 35.37 EB2 0.99 29.34 40.52  0.99 34.22 45.52
EB3 0.92 60.44 82.80 0.93 53.37 77.95 EB3 0.91 106.53 140.57 0.91 122.08 156.93
EB4 0.92 60.75 8322 0.93 55.05 79.04 EB4 0.92 93.53 124.73  0.92 114.59 145.31
EB5 0.85 92.60 117.66 0.88 77.87 99.57 EB5 0.91 115.56 143.63 0.91 177.97 235.13
EB6 0.50 159.44 201.09 0.64 125.89 161.73 EB6 0.56 185.51 222.66 0.56 177.22 230.35
EAV7 0.87 73.40 136.58 0.88 64.13 131.65 EAV7 0.96 55.10 79.58 0.95 70.27 100.40
EAV8 0.84 80.03 151.53 0.86 64.41 138.92 EAV8 0.96 46.39 81.06 0.96 53.96 82.81
EAVO 0.77 120.76 182.23 0.78 101.61 170.45 EAV9 0.94 55.59 99.87  0.94 109.70 129.03
EAV10 0.49 183.80 25095 0.62 151.46 217.31 EAV10 0.51 199.94 24494  0.50 188.81 253.72
EAVT7, 0.90 56.38 119.32 0.88 63.31 127.17 EAVT7a 0.94 71.92 12232 0.94 79.81 114.45
EAVS8, 0.87 64.78 136.89 0.87 64.38 136.70 EAV8, 0.96 67.29 93.04 0.96 56.98 84.19
EAV9, 0.79 101.21 171.35 0.79 102.02 169.41 EAV9a 0.92 94.53 122.48 0.94 107.86 128.21
EAV104 0.62 159.52 22535  0.63 148.10 214.08 EAV104 0.41 208.87 32248 0.51 188.03 253.00
The models with the subscript “a” were developed also considering data from a The models with the subscript “a” were developed also considering data from a
previous time step. The term techniques refers to whether the model used was ANN Previous time step. The term technique refers to whether the model used was ANN
or MLR. The term criteria refers to the criteria used for evaluation of the or MLR. The term criteria refers to the criteria used for evaluation of the
performance. performance. The term cor refers to correlation.

OtherwiseM is 0. WhereM is the melting andr is albedo.  models have slightly better performance. The ANN models
TF and SRF are empirical coefficients afidis the thresh-  have better performance for the global LWR. When validat-
old temperature for melting. TF and SRF were assumedng the incoming LWR models at Antizana, the MLR models
0.05mmht°eCc—1and 0.0094 mmW?!h~1 as suggested by have slightly lower errors, but they have almost the same cor-
Pelliccioti et al. (2005). relation; in the first three models the MLR correlation is 0.01
Since melting may happen at different temperatures withinhigher, and in the other 3 models the ANN correlation is 0.01
a range of-10 to 10°C (Kuhn, 1987), a sensitivity analysis higher. It was found that there is no difference between us-
was performed considering different melting temperaturesing relative or absolute temperature, i.e. temperature may be
within the mentioned range. When estimating SGM via theused as Celsius or Kelvin degrees. The use of temperature
energy models the conversion from EAM into water equiva-to the fourth power does not provide significant differences.
lent was allowed if the temperature of the given time step wasThis is an advantage compared with empirical equations that
higher than the threshold. It is important to note that the es+equire the conversion of temperature to kelvin degrees and
timated SGM is the water equivalent. Thus, it was convertedts elevation to the fourth power. When applying the model
into mm of ice by assuming a mean surface snow glacier dento the Condoriri location it can be seen that it clearly reflects
sity of 0.4 g cnt2 (Ginot, 2001) the seasonality (Fig. 3). The winter period between May and
August has the lowest LWR fluxes. During the spring period
between September and November the LWR fluxes increase,
4 Results and discussion and during the wet season between December and March the
LWR fluxes reach the maximum values.
Tables 3 and 4 show the comparison of performance be- Analysing the models developed for representing the sen-
tween ANN and MLR for glaciers Zongo and Antizana, re- sible heat flux, it can be noted that the ANN has a much bet-
spectively. ANN and MLR have similar performance when ter performance than the MLR in both Zongo and Antizana.
estimating LWR at Zongo. For the incoming LWR, the MLR The ANN reaches correlations of 0.98 and 0.85 for Zongo
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Table 5.Comparison of the improved ILWR4 model for the predic-
tion of incoming long-wave radiation using temperature and rela-

b i LT tive humidity. The ANN and MLR were developed using data from
Do o Zongo and Antizana. The ANN plt was developed with data from

BE'BE.@ o HE Zongo considering a prior logarithmic transformation.

Model Cor MAE RMSE \Validated at:
Wm=2]  [(Wm2]

oo ANN 0.82 22.49 33.68 Zonge Antizana
] ; ! MLR 0.81 24.84 34.19 Zongé Antizana
; ANN plt  0.89 20.64 27.67 Zongo

ANN plt 0.78 112.43 116.37 Antizana
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Fig. 3. Monthly incoming long-wave radiation flux estimated at Providing a better generalisation of the phenomena. Con-
Condoriri. The white rectangle represents the inter quantile rangesidering models with previous time steps (models EAV7
(IQR). The thick line inside the IQR represents the mean, and thd0 EAV10;), ANN models also perform slightly better than
circles represent the outliers defined as extreme events with a prodMLR, e.g. ANN model reaches a correlation 0.9 while MLR
ability lower than 1 %. reaches correlation of 0.88. In the models neglecting SWR,
MLR performs better than ANN both in training and valida-
tion data; nevertheless, it still has correlation lower than 0.63.
and Antizana, respectively, while the MLR has correlations Applying the ANN models to a different location with data
of 0.86 and 0.73 for Zongo and Antizana, respectively. Bothoutside the training set limits provides results with similar
the ANN and the MLR have similar magnitude errors. The correlation, which may be considered as a hint that the ANN
case of the latent heat flux is different. Although the MLR hasprovides a good estimation of the energy fluxes and energy
a better correlation, it also has higher errors both in Zongobalance; however, they provide higher errors and an under-
and Antizana. It may be assumed that the MLR tends to oveestimation of total energy. MLR also underestimated the to-
fit its training data. Hence, it may be assumed that the ANNtal energy with higher errors. All these results indicate that
provides a better generalisation of both turbulent fluxes. ANN provides a better generalisation and that they are less
Analysing the models for representing the whole EB, sensitive to errors when applied to data outside its training
SWR is the most important term and neglecting it gives cor-limits. It is important to note that the magnitude of the er-
relations lower than 0.56. Combining only short-wave radia-rors and the underestimation is related to the relevance of the
tion and temperature leads to coefficients of 0.85 and 0.92]ata outside of the training range. For instance, the models
for the ISWR and GSWR, respectively. Including relative for LWR are driven mainly by temperature and relative hu-
humidity improves the correlation by about 10 %, reaching midity, where Antizana input data is higher that the training
correlations of 0.92 and 0.98 for ILWR and GLWR, respec- data; therefore, the application of those models to Antizana
tively. Including relative humidity also decreases the errors.provides results with the highest errors. On the other side,
The inclusion of wind speed does not provide relevant im-models where SWR is the most important input data have re-
provement; moreover, in the validation data set of trainingsults with lower errors. Instead of developing two different
the inclusion of wind speed slightly reduces the correlation.models for each location or applying a correction coefficient,
Both the ANN and the MLR have the same correlations andit was decided to improve the existing models by includ-
similar errors. As in the previous models, the ANN modelsing the data from Antizana, hence incorporating its knowl-
have lower errors than the MLR models when applied to theedge into the ANN. Another approach suggested and tested
validation data set. in the present study for dealing with extrapolation data is the
Analysing the energy available for melt, i.e. considering prior transformation of data to its logarithmic (Hettiarachi
the heat of previous freezing (Models EAV7 to EALO0 et al., 2005). Table 5 shows a comparison of ANNs devel-
the training models considering only current data (EAV7 to oped with the prior logarithmic transformation with ANN
EAV10) have correlations lower than 0.88. Models that alsoand MLR models developed using data from Zongo and An-
consider data from a previous time step (EAY@ EAV10,) tizana. These techniques were applied for developing a new
have higher correlation and lower errors. The models thalLWR4 model. That model was selected as it had the lowest
neglect SWR have correlation lower than 0.51. Hence, enperformance when validated at a different location. The ANN
ergy available for melt may not be accurately estimated with-model that used data from both Zongo and Antizana reached
out SWR. As in previous models, the ANN models per- a correlation of 0.82. The MLR model with data from Zongo
form better in the validation data set with lower errors, thusand Antizana reached correlation of 0.81 and higher errors.
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Although the ANN using the logarithmic transformation has Table 6. Performance of the model when applied to the French
higher correlation and lower errors in the training set, it doesAlps.
not provide relevant improvements when applied to Anti-

zana. It is important to consider that the improved ANN Model  cor MAE  RMSE Location Technique
model that used data from Zongo and Antizana was devel- Wm™?]  [Wm?]

oped with data from tropical latitudes and located at high el- EB1 0.81 74.41 89.31 Argestie  MLR
evation; thus, it considers a wide range of input data includ- EB2  0.82 74.78 88.54 Argestie  MLR

ing extreme solar radiation of 1349 Wthwhich is near the EB3  0.90 66.00 89.98 Argestie  MLR
solar constant (1360 W?) and temperatures up to 16. EB4  0.90 63.73 86.46  Argemtie  MLR

Th | h higher th val i high EB5 0.83 62.45 78.78  Argestie MLR
ose values are much nhigner than normal values from nign g4 071 84.38 103.50 Saint Sorlin  MLR

latitude glaciers like the Alps. In order to validate the new gg> .72 82.76 10059 Saint Sorlin  MLR
developed models, an additional comparison was performed EB3 0.87 68.22 86.63 SaintSorlin  MLR
against measured data from the French glaciers Argenti  EB4  0.87 65.90 83.42 SaintSorlin  MLR
and Saint-Sorlin (Table 6). This validation reached correla- EB5  0.82 94.37 11518 SaintSorlin  MLR
tion higher than the training data and similar magnitude er- EBY 092 67.76  80.27  Argestic  ANN
EB2 091 61.69 7227 Argedie  ANN
rors. The new ANN models have a better performance than g3 g1 64.73 80.84 Argemtie  ANN
the new MLR models. Besides, the ANN models have the g4 0.90 55.80 70.09 Argestie  ANN
same performance with similar magnitude errors for both lo- EB5  0.84 71.69 89.25 Argegtie  ANN
cations, while the MLR models have a better performance EB1 ~ 0.91 68.68 84.05 Saint Sorlin  ANN

when applied to Argerge glacier. Therefore, it may be as- Egg g-gg gg-gg ;gsi 22:2: 22:::2 ﬁm
sumed that ANN models provide a better generalisation than EB4 089 64.25 80.75 SaintSorlin  ANN
MLR models. EB5 082 10575 12699 SaintSorlin ANN
SGM was then estimated at the tropical glaciers Zongo and
Antizana using different ANN models, the energy balance
and the enhanced temperature method. This comparison also
considered different melting temperatures betwed0 and  UCL = SGM,, + SD (16)
1(_)°C._ Con5|_der|ng thz_it energy balance was successfully apy ¢ — SGMyy, — SD, (17)
plied in previous studies (Molg et al., 2004, 2008; Cullen et
al., 2007; Wagnon et al., 1999) and its results are used to calwhere SGM,y is the average SGM, and SD is the standard
ibrate temperature based equations (Carenzo et al., 2009), dteviation.
was decided to use results from the energy balance as refer- Hence, it may be assumed that solar radiation plays an im-
ence SGM. It was found that in both locations the temper-portant factor and its neglecting may lead to higher errors.
ature model overestimated the total SGM (Tables 7 and 8)The model EAV3 is the closest model to the average SGM.
On the other hand, the ANN models provide results closer to Total melting was estimated at Condoriri with 3 SGM
the ones based on the energy balance. All the models havmodels: the ANN with highest correlation, the MLR with
the same trend with nearly constant SGM for melting tem-highest correlation and the enhanced temperature method of
peratures lower than<@ and an abrupt decrease for higher Pelliccioti. It may be noticed that the temperature method
temperatures. The ANN models have same performance andverestimates the melting about 33 %. Hence, this model was
same magnitude errors in both locations; on the other handadjusted by including a correction coefficient of 0.75 (Fig. 4).
the enhanced temperature method has better performance @he ANN and the MLR provide similar values with total dif-
the Zongo glacier. Thus, it may be assumed that the ANNferences of about 0.3 m. Such results were obtained consid-
models provide a better generalisation and may be used adring a fixed melting threshold temperature 60 Consid-
different locations, while the enhanced temperature methockring different melting temperatures betweeh0 and 10C
has to be checked and calibrated for each location. it may be noticed that all models have the same trend for
Comparing the SGM estimated at Condoriri with the dif- different melting temperatures. Considering melting thresh-
ferent ANN models that can be used with the Condoriri old temperatures betweenl0 and 3C, the total SGM is
data and considering different melting temperatures (Ta-about 6.45 m with differences of about 0.4 m. Melting thresh-
ble 9), it may be noticed that all the models have the samedld temperatures higher tharfG highly decrease the total
trend according to the melting temperatures. The modelsnelting. Assuming a melting threshold temperature ofQ0
that neglect solar radiation provide the highest predictionswould produce a total melting of 1.80 m. Comparison of the
while the models that neglect temperature provide the lowesSGM considering freezing effect and without considering it
predictions. The other nine models provide predictions thatresults in a total yearly difference of 0.27 mm WE.
have values within a confidence interval limited by the upper Figure 5 shows the hourly SGM rates for the months of
confidence limit (UCL) and the lower confidence limit (LCL) March, June, September and December in statistical box-
as described by Eqgs. (16) and (17). plots (Frigge et al., 1989). Those months were selected as
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Table 7. Total SGM estimated at Zongo for the year 2005 by different methods. EB is the SGM estimated via complete energy balance. ET
is the SGM estimated using the enhanced temperature method. ANN EB1 to ANN EB5 are the SGM estimated using the respective ANN
models developed to emulate the energy balance.

Melting SGM SGM SGM SGM SGM SGM SGM SGM

temperature EB ET ANN ANN ANN ANN ANN ANN

[°C [m] [m] EB1[m] EB2[m] EB3[m] EB3[m] EB4[m] EB5[m]

-10 2.65 3.87 2.84 2.88 3.40 3.10 3.10 3.78
-8 2.65 3.87 2.84 2.88 3.40 3.10 3.10 3.78
—6 2.65 3.87 2.84 2.88 3.40 3.10 3.10 3.78
—4 2.65 3.87 2.84 2.88 3.40 3.10 3.10 3.78
-2 2.63 3.83 2.82 2.86 3.36 3.07 3.07 3.73
0 2.52 3.61 2.68 2.72 3.15 2.89 2.89 3.50
2 1.98 2.80 2.08 2.12 2.45 2.27 2.27 2.77
4 1.07 1.47 1.11 1.12 1.28 1.24 1.24 1.49
6 0.31 0.41 0.32 0.32 0.36 0.38 0.38 0.43
8 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02
10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

5 Conclusions

[
o
|

L

8 - The present research developed artificial neural networks
_ 74 (ANN) models to estimate energy fluxes, the energy balance
g 6 and the energy available for melting by the use of simple and
57 MR easy to obtain data (short-wave radiation, temperature and
E4 AN relative humidity). Different models were developed consid-
=31 o ering different input data.

z Gl Although ANN models and multiple linear regression

L 0.75 Pelliccioti (MLR) models have similar performance, the ANN pro-

0 ‘ o L vide slightly better performance when applied to different

10 -8 -6 -4 -2 0 2 4 6 8 10 . . . . .
Melting Temperature Threshold [°C] geographical locations with data outside the training set

_ ) _ N range. An additional benefit of ANN and MLR models com-
Fig. 4.C_ompar|son of total SGM rate estimated at Condoriri. SGM pared with physical equations for estimating other energy
was estimated by ANN model, MLR model, the enhanced temper s e . |ong-wave radiation, is that they do not require

ature index model (Pelliccioti et al., 2005) and a corrected temper- revious conversion of measured temperature into absolute
ature model called 0.75 Pelliccioti. 0.75 Pelliccioti is the original P P

temperature model corrected using a factor of 0.75. The SGM is thée_-mperaturg._Moreover, ANN and MLR_ do not rqulre em-
total SGM between July 2011 and August 2012. pirical coefficients to be calibrated for different locations.
Although the model with the highest number of variables
is the most accurate, the other models also have a good per-

representative for each season, since they are the ones whérmance with slightly lower performance. This presents a
solstice and equinox occur. These plots show the seasonalitgpecial advantage, since the proposed models allow estimat-
The most important change is not the highest melting ratejng SGM under different data availability scenarios.
but the number of hours that the location is exposed to melt- Short-wave radiation is the main source of energy and the
ing. During the winter month of June, the melting times are data with the most influence on the predictive performance
limited from 08:00 to 14:00 LT (Bolivian local time). During  of the ANN and MLR models.
the summer month of December the melting hours are from The limits used in the training set have a strong influence
06:00 to 17:00 LT which represents five additional melting on the performance of the models. Application of ANN mod-
hours. The months of March (fall) and September (spring)els to data outside the limits of the training set reduces the
have the same hours of exposure to melting (from 07:00 tcaccuracy of the predictions. It is important to note that the
16:00 LT) and similar melting rates. magnitude of the errors and the underestimation is related to
the relevance of the data outside of the limits range. MLR
are more sensitive to the limitations of the training set and
present higher errors when applied to different locations with
data higher than the training set.
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Table 8. Total SGM estimated at Antizana for the year 2005 by different methods. EB is the SGM estimated via complete energy balance.
ET is the SGM estimated using the enhanced temperature method. ANN EB1 to ANN EB5 are the SGM estimated using the respective ANN
models developed to emulate the energy balance.

Melting SGM SGM SGM SGM SGM SGM SGM SGM
temperature EB ET ANN ANN ANN ANN ANN ANN
[°C] [m] [m] EB1[m] EB2[m] EB3[m] EB3[m] EB4[m] EB5[m]
—-10 4.36 4.71 4.38 4.42 4.23 3.75 3.71 3.53
-8 4.36 471 4.38 4.42 4.23 3.75 3.71 3.53
—6 4.36 4.71 4.38 4.42 4.23 3.75 3.71 3.53
—4 4.36 4.71 4.38 4.42 4.23 3.75 3.71 3.53
-2 4.36 4.70 4.38 4.41 4.22 3.75 3.71 3.53
0 4.11 4.43 4.13 4.18 3.97 3.51 3.48 3.30
2 2.48 2.71 2.49 2.53 2.43 211 2.14 2.04
4 0.55 0.62 0.55 0.56 0.56 0.48 0.50 0.48
6 0.03 0.04 0.03 0.03 0.03 0.03 0.03 0.03
8 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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Fig. 5. Statistical boxplot of hourly SGM rates for different seasons at Condoriri. Fall (March), winter (June), spring (September) and summer
(December). The white rectangle represents the inter quantile range (IQR). The thick line inside the IQR represents the mean, and the circles
represent the outliers defined as extreme events with a probability lower than 1 %.
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Table 9. Total SGM estimated at Condoriri between July 2011 and August 2012 considering different melting temperatures (MT) and
different ANN models. EB and EAV means ANN model to emulate the energy balance and the energy available for melt, as described in
Table 2. Std dev is the standard deviation. All the MT values are@j. [All the SGM values are in [m].

MT -10 -8 —6 —4 -2 0 2 4 6 8 10
EB1 6.54 6.54 654 6.55 6.55 6.55 6.49 6.28 555 392 1.87
EB2 6.43 6.43 6.43 6.43 6.44 6.44 6.38 6.17 545 385 184

EAV1 6.54 6.54 6.54 6.54 6.54 6.53 6.47 6.27 556 392 187
EAV2 6.38 6.38 6.38 6.38 6.38 6.37 6.32 6.12 543 385 184
EAV3 7.28 7.28 7.28 7.28 7.27 7.25 7.17 6.92 6.11 433 2.09
EAV7 6.85 6.85 6.85 6.86 6.88 6.88 6.80 6.56 578 4.04 190
EAVS 5.23 5.23 5.23 5.23 5.25 5.26 5.24 5.13 462 336 1.64
EAV9 8.26 8.26 8.26 8.26 8.25 8.24 8.16 7.91 7.04 5.06 247
EAV10 1431 1431 1431 1432 1431 1429 1411 1353 11.76 8.05 3.95
EAV74 5.54 5.54 5.55 5.55 5.56 5.53 5.39 5.09 432 288 1.29
EAV8, 480 4.80 4.80 4.80 4.79 476  4.65 4.41 3.80 258 117
EAV9, 7.82 7.82 7.82 7.82 7.80 1.77 7.66 7.37 6.48 451 212
EAV10; 9.66 9.66 9.67 9.67 9.65 9.54 9.17 8.50 6.96 4.43 2.00
Average 7.36 7.36 7.36 7.36 7.36 7.34 7.23 6.94 6.07 421 2.00
Std dev 2.46 2.46 2.46 2.46 2.45 2.44 2.40 2.28 196 1.33 0.68
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