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Abstract:
Snow depth measurements have been taken since 1986 at 106 snow poles distributed in the Spanish Pyrenees. Here,
we compared the capacity of several local, geostatistical and global interpolator methods for mapping the spatial
distribution of averaged snowpack (1986–2000) and the snowpack distribution in two single years with different
climatic conditions. The error estimators indicate that the terrain complexity of the area makes it difficult to apply
local and geostatistical methods satisfactorily. Regression-tree models provide an accurate description of the data set
used (the calibration phase), but they show a relatively low predictive capability for the study case (the validation
phase). Using linear regression and generalized additive models (GAMs), we achieved more robust estimations than by
means of a regression-tree model. The GAMs give the most accurate prediction because they consider the non-linear
relationships between snowpack and the external characteristics (physical features) of the sampling points. Copyright
 2006 John Wiley & Sons, Ltd.
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INTRODUCTION
Snow accumulation in the Spanish Pyrenees determines fluvial regime and explains the interannual variability
of spring discharge (López-Moreno and Garcı́a-Ruiz, 2004). Given that melting flow contributes to filling reservoirs, thereby ensuring water supply to irrigated areas in lowlands (López-Moreno, 2005; López-Moreno et al.,
2004), accurate estimates of the snow accumulated in the basins improve water resource management. Furthermore, snow depth maps are useful tools for other fields, such as avalanche- and flood-risk estimation, the planning of tourist activities, climate variability assessment, etc. (Carroll and Cressie, 1996; Haefner et al., 1997).
One of the most reliable methods for mapping the spatial distribution of snow is the collection of data
on local snow depth and density and subsequent interpolation. Therefore, in the last years several studies
have focused on testing methods to map snowpack and snow water equivalent (Elder et al., 1998; Yang
and Woo, 1999; Balk and Elder, 2000; Chang and Li, 2000; Erxleben et al., 2002; Anderton et al., 2004).
Recently, López-Moreno and Nogués-Bravo (2005) applied a generalized additive model (GAM) (Hastie and
Tibshirani, 1987) to map snow depth in the Pyrenees. They proposed that GAMs (used mainly in other fields,
such as ecology and biogeography) could be a promising tool to interpolate snow data and other climatic or
environmental variables.
Here, we compare the most commonly used interpolation methods in snow studies in order to assess their
capacity to predict the snow distribution at the end of April for the average of the period 1986–2000 in the
central Spanish Pyrenees. In addition to the analysis of a multiyear average data set, single-year data sets were
used for interpolating. Thus, a better understanding of the predictive capability of the models is obtained, and
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it allows for a more balanced comparison with prior studies that usually consider single-year data sets. Two
years, the 1994 and 1995 data sets, were chosen since they represent the most contrasting winters relating to the
amount of snow accumulated (López-Moreno, 2005). Our approach is featured by a limited number of observations to model snowpack at regional scales. The scarcity of available observations at the large scale in snow
studies is a frequent drawback owing to the difficulty in carrying out data collection surveys during wintertime.
THE STUDY AREA
The Pyrenees is an alpine range located in the northeast of the Iberian Peninsula (Figure 1). Altitude increases
eastward, exceeding 3000 m a.s.l. in the headwaters of the Gállego, Cinca, Ésera and Noguera Ribagorzana
rivers. The relief is organized in parallel bands following a west–east axis, which causes a strong barrier effect
against Atlantic fronts, thereby enhancing the transition from northwest (Atlantic) to southeast (Mediterranean)
influences. Precipitation ranges between 1000 and 2500 mm year1 (Garcı́a-Ruiz et al., 2001). Temperature
is mainly governed by the altitudinal gradient (Del Barrio et al., 1990). During winter, the 0 ° C isotherm is
located around 1600 m a.s.l. (Garcı́a Ruiz et al., 1986). This isotherm allows the persistence of an extensive
snowpack until May and isolated snow patches until the end of summer. However, the snowpack shows
noticeable interannual variability, which constitutes a source of uncertainty when forecasting the availability
of spring water resources (López-Moreno, 2005).
DATA AND METHODS
Data
In 1985, interest in assessing snow accumulation in the Pyrenees led the Office of Hydraulic Works (Spanish
Ministry of Public Works, Transports and Environment) to fund the ERHIN programme (Estudio de los
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Figure 1. Study area
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Recursos Hı́dricos producidos por la Innivación [Study of Water Resources from Snow Accumulation]). This
programme involved the installation of 106 snow poles in the Pyrenees to collect three measurements per year
on snow depth and, occasionally, on density. The programme was later extended to other mountain ranges in
Spain (Cantabrian range and Sierra Nevada). The snow poles are located in flat areas, without shrub or tree
cover, and they are relatively sheltered from wind-drift processes. Of all the sampling points, those with a
full data record were selected (74) for this study. Samplings were carried out in January, at the end of March
and at the end of April. This study used data from April because of their hydrological implications during
the melting period (López-Moreno and Garcı́a-Ruiz, 2004).
Interpolation methods
The interpolation methods compared in this study can be classified as detailed below (Burrough and
McDonnell, 1998).
Local methods. These use only the information from the nearest sampling points to predict the unsampled
areas (Burrough and McDonnell, 1998; Erxleben et al., 2002; Vicente-Serrano et al., 2003). These methods
are based on the premise that the values between two points change progressively with distance. Two local
methods were applied, namely inverse distance weighting (IDW) and splines.
With IDW, the weight of each point is inversely proportional to the distance between the samples. An
exponent of the distance r can be applied to make the weight inversely proportional to any power of distance.
The splines method is based on a family of continuous, regular and derived functions adapted to the local
variations of the interpolated data (Burrough and McDonnell, 1998). Data are obtained from the sampling
points located in a radius around the unsampled point. The functions are adapted to the sampling points and
there is no loss of continuity properties since each function has an important role in a given region and a null
weight outside (Serrano-Vicente et al., 2003).
Geostatistical methods. These consider that the spatial variation of a variable can be described by a stochastic
surface. Predictions are made from the distance-based relation between pairs of observations quantified by
means of semi-variances between points. Two geostatistical methods were applied, namely ordinary kriging
and cokriging.
With ordinary kriging, a variogram that summarizes the spatial structure of semi-variances is used to
calculate the weighting factors that correspond to each point in order to provide estimates of the variable at
the unsampled locations (Carroll and Cressie, 1996; Burrough and McDonnell, 1998; Vicente-Serrano et al.,
2003).
The cokriging method allows the inclusion of secondary variables in the relationship between semi-variances
with the distance between the pairs of observations. To calculate the weighting factors for each point, crossvariograms are used (Burrough and McDonnell, 1998; Vicente-Serrano et al., 2003; Diodato and Ceccarelli,
2005).
In order to optimize these approaches, sensitivity analyses were done considering different models,
parameters and number of neighbours used in the calculations.
Global methods. The variability of the parameter to be interpolated is explained by means of the external
characteristics of the sampling points (Burrough and McDonnell, 1998). The following global methods were
applied: regression-tree models, linear models, and GAMs.
Regression-tree models are non-parametric methods based on the recursive splitting of the information from
the predictor variables in order to minimize the sum of the squared residuals obtained in each group (Breiman
et al., 1984). Generally, the tree size is selected according to a threshold in the change of the unexplained
variance when a new group is obtained. Tree models are one of the methods most used for snow modelling
and they provide an alternative to the assumption of linearity in relationships between the snowpack and
Copyright  2006 John Wiley & Sons, Ltd.
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the physical characteristics of the terrain (Erxleben et al., 2002; Anderton et al., 2004; Molotch et al., 2005).
Usually, non-linear relationships hinder the capacity to predict snow distribution (Anderton, 2000) and other
environmental variables (Nogués-Bravo, 2003).
Linear models give predictions on the basis of the linear relationships between the response and the predictor
variables using the following transference function:
zx D b0 C b1 P1 C b2 P2 C . . . C bn Pn

1

where z is the predicted value at point x, b0 , . . ., bn are the regression coefficients, and P1 , . . ., Pn are the
values of the predictor variables at point x. The level of significance selected was p < 0Ð05.
GAMs have been called data-driven approaches (Guisan et al. 2002), since modellers do not assume a
special type of relationship (linear, quadratic, power, logarithmic, etc.) before model development. In GAMs
(Guisan and Zimmermann 2000), the vector of parametric regression coefficients b is changed by a vector
of non-parametric smoothers or functions. In other words, each regression coefficient bp of a linear model is
changed by a non-parametric smoother sp . A GAM can be stated as
gEY D PL D ˛ C sX C ε

2

gEY D PL D ˛ C f1 X1  C f2 X2  C . . . C ε

3

or put another way
where each predictor variable Xn is fitted by means of a function fn ( ). So, a GAM is the addition of different
functions fitted to the independent variables in order to predict Y values. Data are fitted with respect to the
partial residuals, i.e. the residuals after removing the effect of all predictor variables (Figure 1). Hastie and
Tibshirani (1987) discuss various general scatter-plot smoothers that can be applied to the X variable values,
with the target criterion to maximize the prediction quality of the (transformed) Y variable values. One such
scatter-plot smoother are the cubic smoothing splines (Wood and Augustin 2002), which generally produce a
smooth generalization of the relationship between the two variables in the scatter plot. A detailed description of
how GAMs are fit to the data in relation to the algorithms used (outer and inner loop) can be founded in Hastie
and Tibshirani (1987). In terms of the degrees of freedom, in a parametric regression one degree of freedom is
lost when a single coefficient is estimated. Similarly, the more complex the spline, the greater the number of
degrees of freedom that are lost. Degrees of freedom can be forced by the modeller to reduce the complexity
of the adjusted spline, avoiding overfitting and obtaining response curves with an easier interpretation. There
are computationally effective ways to choose the amount of smoothing, such as the general cross-validation
(GCV) procedure that penalizes the complexity of the model (see Wood and Augustin (2002) for a technical
exposition). The GCV score is used to find the model with the highest accounted deviance using the simplest
splines (e.g. the GCV procedure tries to maximize the trade-off between model fit and the overall smoothness:
when splines are forced to a maximum of four degrees of freedom the maximum smooth considered for each
variable is four or less). The application of a GAM to snow accumulation data in the Pyrenees is explained
in detail by López-Moreno and Nogués-Bravo (2005).
Variables
The topographic and locational-climate variables considered as potential predictors of snow depth were
obtained from a digital elevation model (DEM) with a resolution of 100 m cell size.
ž Altitude. This determines the type of precipitation (solid or liquid) and the evolution of melting in a given
area (Caine 1975; Balk and Elder, 2000). Furthermore, precipitation in the Pyrenees follows a positive
gradient, leading to an increase of snow accumulation in the highest sectors.
ž Altitudinal range (RANG) observed between a cell and its neighbours or in radius of 500, 1000 or 2000 m
(RANG500, RANG1000, RANG2000). RANG informs about the energy of the relief. The three RANGs
Copyright  2006 John Wiley & Sons, Ltd.
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used here with lower spatial resolution (RANG500, RANG1000, RANG2000) are indicators of the degree
of massivity of relief (Lorente and Beguerı́a, 2002). Massive mountain sectors constitute a major obstacle
for perturbations and, in general, receive more snowfall than isolated relief areas.
ž Slope of a cell (SLOPE) or the mean slope in a radius of 500, 1000 or 2000 m (SLOPE500, SLOPE1000,
SLOPE2000). The slope of a cell may affect snow redistribution (Mittaz et al., 2002). When this variable
is measured in a large radius, it provides data on the energy of the relief (Lorente and Beguerı́a, 2002).
ž Solar radiation (RAD) received by a cell. This is obtained by means of a model that uses the DEM to assess
terrain complexity (aspect, slope and topographical shadows) and daily sun position. RAD is implemented in
the MIRAMON geographical information system program (Pons, 1996, 1998). In addition, it was calculated
for two radii: 500 and 1000 m around each pixel (RAD500, RAD1000).
ž The distances to the Mediterranean Sea (DISMED) and to the Atlantic Ocean (DISATLAN) inform about
the influence of Mediterranean and Atlantic air masses throughout the study area.
ž The distance to the main divide (DMD), which generally coincides with the French border, allows the
inclusion of the barrier effect of the distinct relief alignments, which follow a west–east axis.
Accuracy estimators
To assess the accuracy of the models, cross-validation was used to compare the estimated and observed
values (Guisan and Zimmerman, 2000). This technique works by omitting one of the cases, fitting the model
to the remainder and then applying the equation obtained to the omitted case in order to calculate its predicted
value. This procedure was repeated for all cases in the data set. A range of error estimators were obtained from
the relation between predicted and observed values (1986–2000 data set), namely mean bias error (MBE),
mean absolute error (MAE), root-mean-square error (RMSE) and Willmott’s D (Willmott, 1982):
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where N is the number of observations, O is the observed value, P is the predicted value, i is the counter
0
0
for the individual observed and predicted values, Pi D Pi  O and Oi D Oi  O, where O is the mean of
observed values.
Willmott’s D was the only error estimator selected to compare the accuracy of the predictions between
single and multiyear average data sets, because the other error estimators fall short in providing information
about the relative magnitude of the average difference (e.g. Willmott’s D allows us a comparison of models
with different ranges of values for snow accumulation).
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RESULTS
Local and geostatistical methods
Figure 2 shows the averaged snow depth (1986–2000) predicted using local and geostatistical methods
versus observations. The predictions considered here were those with highest accuracy shown in a sensitivity
analysis. Thus, we considered for each method different models, parameters and number of neighbours used
in the calculations. Figure 2a corresponds to the predictions obtained by means of a spline with tension
considering 30 neighbours (parameter: 1165Ð6); Figure 2b results from applying an IDW (power: 2; number
of neighbours: 30); Figure 2c shows the predictions obtained by means of spherical kriging (lag size: 20 000;
number of lags: 15; number of neighbours: 30); and cokriging (Figure 2d) was calculated using altitude as
covariable (lag size: 10 000; number of lags: 10; number of neighbours: 30). The coefficient of determination
and the distinct error estimators indicate a very low capacity of these methods to predict the multi-average snow
accumulation in the study area (Figure 2). Cokriging and IDW provided the highest correlation coefficients.
However, they did not explain more than 15% of the variability of the snowpack. Furthermore, the distinct
error estimators did not indicate that these methods were better than kriging and splines. Finally, single-year
analyses provided worse results than the multiyear average interpolations. Willmott’s D values never reached
0Ð4 when observed and predicted values were compared.
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Figure 2. Correlation between measured and predicted snow depth, and accuracy estimators obtained using local and geostatistical methods:
(a) splines; (b) IDW; (c) kriging; (d) cokriging
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trees provide equivalent predictive accuracy, then the simple tree is preferred because it is easier to understand
and faster to use for making predictions. Furthermore, smaller trees may provide greater predictive accuracy
for unseen data than larger trees (Sherrod, 2003). The tree model was pruned to minimal cross-validated error.
Figure 3 shows the change of error estimators (RMSE and Willmott’s D) relating to tree size. It allowed us to
improve the parsimony of the model accounting for the simplest tree with the highest predictive ability. Thus,
the accuracy of the model increased until a six-node tree size, and then remained constant after this threshold.
Figure 4 shows the six-node regression tree obtained. According to the splits, the spatial variance of snow
depth (1986–2000) was explained by ALT, DISNORT, DISATLAN and RAD1000. The greatest snow depth
(207 cm) was predicted in sectors above 2245 m a.s.l. and highly exposed to Atlantic air masses (DISATLAN
<188 161 m). Snow accumulation is lower in eastern sectors. In this part of the Pyrenees the predicted snow
depth reaches 126Ð9 cm in areas that receive low solar radiation (RAD1000 <1885 MJ day1 m2 ) and close
to the main divide (DMD <6200 m).
Figure 5 shows the relation between observed and predicted (1986–2000) snow depth values. When the
prediction was obtained using all the observations, the predictive capacity was high (r 2 D 0Ð72). However, the
coefficient of determination decreased to 0Ð38 and the error estimators showed a noticeable lower accuracy
when the predictions were obtained by means of cross-validation. When snow depth was interpolated for the
single-year data set, Willmott’s D showed a lower accuracy for 1994 (D D 0Ð59) and 1995 (D D 0Ð61) than
for the averaged period 1986–2000 (D D 0Ð77).
Linear regression
Several topographic and climate-locational variables were significantly related to snowpack distribution,
1986–2000 (Table I). Altitude was the variable with the highest correlation coefficient because of its direct
control over the temperature pattern. Radiation showed a significant negative correlation with snow depth
because of its positive relationship with melting (Gustafsson et al., 2001). Slope and altitudinal range variables
were significantly correlated with snowpack when considered at larger radius. Neighbour analysis at larger
radius indicates the energy of relief or massivity, whereas at the smallest radius it shows micro-topographical
variations. A stepwise regression model selected ALT, DISMED, DMD, RANG2000 and RAD1000 as
significant predictor variables of snow depth ranged by their weight in the model, as the standardized

Figure 3. Relationship between number of nodes and regression-tree model accuracy
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Figure 4. Regression-tree model
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Figure 5. Correlation between measured and predicted snow depth, and accuracy estimators obtained using a regression-tree model:
(a) predicted snow depth using all observations; (b) predicted snow depth obtained by cross-validation

coefficients (beta coefficients) indicate. These variables were very similar to those used to split the information
in the regression-tree models, except that they included DISMED instead of DISATLAN.
According to the unstandardized coefficients, the following equation was used to map the snow depth
distribution (1986–2000):
Snow depth D 318Ð8 C 0Ð19ALT m a.s.l.  5 ð 104 DISMED m  3 ð 103 DMD m
C 7 ð 103 RANG2000m  6 ð 103 RAD1000 MJ m2 day1 

8

The sign of the unstandardized coefficients indicates the same direction of the response of snowpack to the
independent variables as in the regression-tree model. An increase in depth was observed with height, as well
as in shadow slopes near to the main divide, far from the Mediterranean Sea.
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Table I. Correlation coefficients between predictor variables and snow depth and coefficients obtained in the
stepwise linear regression model
Correlation
coefficient

Unstandardized
coefficients

Standardized (beta)
coefficients

Significance

0Ð003
—
0Ð0005
—
—
—
—
—
—
—
0Ð007
—
—
0Ð006
0Ð189

0Ð290
—
0Ð374
—
—
—
—
—
—
—
0Ð261
—
—
0Ð196
0Ð754

<0Ð01
—
<0Ð01
—
—
—
—
—
—
—
0Ð01
—
—
0Ð05
<0Ð01

0Ð33a
0Ð21
0Ð27
0Ð08
0Ð13
0Ð21
0Ð25a
0Ð07
0Ð17
0Ð20
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0Ð24
0Ð26a
0Ð27a
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DISMD
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Figure 6. Correlation between measured and predicted snow depth, and accuracy estimators obtained using a stepwise linear regression
model: (a) predicted snow depth using all observations; (b) predicted snow depth obtained by cross-validation

Figure 6 shows the relationships between observed and predicted values (1986–2000) estimated using all
the observations, and by means of cross-validation. The coefficient of determination were r 2 D 0Ð58 and
r 2 D 0Ð51 respectively. The error estimators also showed a clear improvement in accuracy compared with
the local and geostatistical methods. The slight decrease in accuracy when the prediction was done by crossvalidation indicates that linear regression is a robust method with regard to overfitting observations. When
snow depth was interpolated for the single-year data set, Willmott’s D showed a decrease on accuracy for
1994 (D D 0Ð61) and a slight increase for 1995 (D D 0Ð83) relating to the 1986–2000 period (D D 0Ð79).
The GAM
Figure 7 shows the response curves of ALT, RAD, DA and DMD, all considered significant predictor
variables by the GAM, to model snow depth (1986–2000). These graphs relate the magnitude of the response
Copyright  2006 John Wiley & Sons, Ltd.
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b
0.5

0.5

0.0

0.0
Partial residual

Partial residual

a

−1.0

−2.0

−1.0

−2.0
1600

1800

2000

2200

2400

2600

1000

1500

ALT

2500

d

c
0.5

0.5

0.0

0.0
Partial residual

Partial residual

2000
RAD

−1.0

−2.0

−1.0

−2.0
0

5000

10000

15000

DMD
Response Curve

100000

150000

200000
DISATLAN
Linear response

250000

Figure 7. Curve and linear response of the predictor variables: (a) altitude; (b) solar radiation; (c) distance to the main divide; (d) distance
to the Atlantic Ocean

variables against the partial residuals. Partial residuals were obtained after removing the effect of all other
predictor variables. The linear adjustment (a standard linear regression) of the response variables to the partial
residuals is also shown. The assumption of linearity implies a simplification of the observed response of
the snowpack to the topographical and locational variables, since the GAM detects non-linear relationships
(López-Moreno and Nogués-Bravo, 2005). Thus, noticeable differences in the response of a snowpack can be
detected when non-linear relationships are considered, which could have great implications in the accuracy of
the model obtained. In contrast to the regression tree and linear regression model, the GAM does not consider
the altitudinal range at low spatial resolution as a significant variable for explaining snow distribution.
Coefficients of determination (0Ð73) and error estimators obtained after cross-validation indicate that the
GAM provides the most accurate and robust prediction of the 1986–2000 snow depth distribution of the
methods studied (Figure 8). Also, GAMs provide the best estimations when single-year data sets of snow
depth are interpolated. Thus, results for 1994 (D D 0Ð83) and 1995 (D D 0Ð87), slightly lower than for the
period 1986–2000 (D D 0Ð89), improved the accuracy of the predictions obtained with regression tree and
linear regression models.
Comparison of snow depth maps provided by global methods
Figure 9 shows the snow distribution maps (multiyear average of the period 1986–2000) obtained by
means of the three global methods. The regression-tree model provides a map in discrete units, since all the
Copyright  2006 John Wiley & Sons, Ltd.
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Figure 8. Correlation between measured and predicted snow depth, and accuracy estimators obtained using a GAM. (a) predicted snow
depth using all observations; (b) predicted snow depth obtained by cross-validation
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cells with characteristics that agree with one of the six subgroups receive the value of the corresponding
terminal node. It lacks a realistic representation of snow distribution; the minimum value of snow depth for
the whole area is the lower terminal node (32Ð5 cm), thereby hindering the identification of the snow-covered
area. The maximum snow depth predicted corresponds to the value of the node most favourable for snow
accumulation (207Ð3 cm). Thus, the snow depth is underestimated in areas where relief is more favourable
for the accumulation of snow than those of the sampled points. Linear regression and the GAM provide maps
in continuous units since the predicted values result from the combination of the topographic and locational
characteristics of each cell. Also, in the areas most prone to snow accumulation, these methods have the
capacity to extrapolate greater depths than those observed. Linear regression models may provide negative
depth values in areas less prone to snow accumulation. These values are converted to zero in order to obtain
a realistic representation. Both methods predict snow cover from around 1600 m a.s.l., which coincides with
the altitude of the winter 0 ° C isotherm (Garcı́a-Ruiz et al., 1986).
Two main differences were observed between the maps obtained by means of the linear regression and the
GAM: (i) the GAM predicted snow cover in relatively low mountainous areas in the southernmost part of
the study area (summits barely reach 2000 m a.s.l.), whereas the linear model maintained these areas free of
snow; (ii) the greatest depths predicted by the GAM exceeded 500 cm, whereas the linear regression predicted
that no cell in the study area would accumulate more than 350 cm of snow.
The differences in the maps provided by global methods can be analysed in more detail in Figure 10.
This shows the predicted snow depth by the three global methods in the two profiles drawn in Figure 9,
and their relation with altitude and solar radiation. The snow depth profiles provided by the regression-tree
model are a broad representation of the linear regression and GAM predictions. This tree model showed an
overestimation of the areas free of snow and an underestimation in the highest and most favourable areas
for snow accumulation. The linear regression model predicted snow cover within the nearest 15 km to the
main divide, whereas GAM predicted snow cover in southern, lower altitude massifs. Although snow depth
follows a similar pattern to altitude, the remaining variables introduce clear modifications in the predictions,
especially in the GAM. Thus, in GAM predictions of snow depth profiles, the greatest depth did not coincide
with the highest altitude because of the effect of distance to the main divide and incident solar radiation. The
prediction of the regression linear model was more directly influenced by altitude. In the GAM prediction, the
influence of Atlantic or Mediterranean air masses was clearly visible when comparing the two profiles. Thus,
the westernmost profile, which did not exceed 3000 m a.s.l., showed greater snow depth than the easternmost
profile, though in the latter the altitude exceeded 3200 m and solar radiation was lower. The accumulation
predicted by the linear regression model was more affected by altitude, without clear differences between the
eastern and western profiles.

DISCUSSION AND CONCLUSIONS
Here, we assessed the capacity of several local, geostatistical and global interpolator methods to predict and
map snow depth in unsampled areas of a large mountainous sector of the central Spanish Pyrenees.
Our results indicate a low predictive capacity of the local and geostatistical methods. Several studies
report a low percentage of explained variance of snow distribution using these methods in mountainous areas
(Erxleben et al., 2002). This low ability of local methods to predict snowpack values in our study is mainly
related to the limited number of snowpack measurements in the central Pyrenees and their topographical
complexity. Local interpolators based on the continuous change of response variable (temperature, rainfall,
etc.) across space do not fit adequately in mountain areas with important changes of controlling variables such
as altitude, aspect or slope in a reduced zone. However, other climatic variables, such as temperature and
precipitation (both related to snow accumulation and melting), have been interpolated successfully using the
closest observations or probability functions in areas where a dense network of observations is available and
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Figure 10. Predicted snow depth by the three global methods in two north– south profiles, and their relation with altitude and solar radiation:
(a) western profile; (a) eastern profile

where the variable to be interpolated changes according to a marked spatial pattern (Burrough and McDonnell,
1998; Vicente-Serrano et al., 2003; Diodato and Ceccarelli, 2005).
In this study, global methods provided better results than local and geostatistical methods, since the
predictions are based on the response of the snowpack to variables that summarize the terrain complexity and
the climate conditions of the study area (Balk and Elder, 2000; Anderton et al., 2004; López-Moreno and
Nogués-Bravo, 2005). The linear regression model considers the massivity of a sector (in contrast to isolated
reliefs) to explain snow distribution. However, the regression tree and GAM do not include this variable as
significant. The three global methods consider altitude, distance to the main divide, exposure to Atlantic or
Mediterranean climatic influences and incident solar radiation as predictor variables of snowpack.
In recent years, regression-tree models have been commonly used for interpolating snow depth data. Here,
we have shown that this method is useful for identifying the variables that explain snow accumulation and
their non-linear responses with the dependent variable. Also, the graphical representations of trees facilitate
the understanding of the relationships between controlling factors and response variable. However, we have
identified several drawbacks of this method in unsampled areas:
1. Snow cover predictions were highly overfitted to the observations even though the complexity of the tree
model was reduced to six nodes. Consequently, we observed a noticeable decrease in the explained variance
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when the predictions were obtained by means of cross-validation. The tendency of the tree models to overfit
their predictions has been reported elsewhere (Chambers and Hastie, 1993; Guisan and Zimmerman, 2000;
Willfried et al., 2003). In the upper Marble Fork basin, California (Leydecker and Sickman, 1999), the
variance of snow distribution explained decreased from 60% to only 15% when non-selected points were
modelled.
2. The snowpack map provided was poor, since it had only six discrete classes, which correspond to the
terminal nodes of the tree regression. A greater number of nodes to improve cartography would lead to an
increase in overfitting to the observations and meaningless relationships between predictors and response
variable.
3. It cannot extrapolate predicted values above or below the observed values. This regression makes it difficult
to distinguish between the snow-covered and non-snow-covered areas. Furthermore, the snow depth of the
sectors with the greatest tendency to accumulate snow was underestimated. This is especially relevant, since
the highest observation is below 2800 m, and the method used should also have the capacity to extrapolate
a deeper snowpack in the highest and more favourable sectors.
The drawbacks commented here affect strongly our results since the specific conditions of this study: regional
scale with a low number of observations. These constraints could be minimized with a sampling strategy
that covers a wider range of locations and topographic characteristics. Nevertheless, measurement surveys are
determined, in many cases, by the inaccessibility of some mountain areas.
In spite of the assumption of a linear response of the independent variables to snow depth, the stepwise
linear regression model showed a high capacity to predict snow distribution and a low level of overfit to
the observations. The use of linear regression for interpolating climatic data (Ninyerola et al., 2000; VicenteSerrano et al., 2003) or snow depth data (Anderton, 2000; Chang and Li, 2000) has also provided good
predictive and cartographic results.
The GAM explained 73% of the variance of snow depth (1986–2000). The increase in the accuracy of
the prediction with regard to the linear model is due to the capacity of the GAM to include the non-linear
relationships between the predictive variables and the snow distribution in the study area. Furthermore, the
slight decrease in explained variance confirms the robustness of the model produced when the prediction is
obtained by means of cross-validation. Also, GAMs provided the most accurate predictions of snow depth
distribution for climatically different single years (1994 and 1995).
According to the field observations and available meteorological data in our study area, the amount of snow
predicted by the GAM in the areas most prone to snow accumulation is more realistic than that predicted
by the linear model, which clearly underestimates the results. The latter does not provide estimations greater
than 350 cm, whereas field records confirm the occurrence of deeper accumulations. Thus, in Balneario de
Panticosa, which is located at 1600 m a.s.l. and influenced by an oceanic climate, snowfall in the summit
areas usually begins in October and precipitation from December to April exceeds 700 mm. Rijckborst (1967)
reported 400 cm of snow accumulated around 3000 m a.s.l. in the headwater of the Esera River during the
three months with highest accumulation of snow (i.e. December, February and April). Davy (1978) estimated
that the average (1955–1965) snowfall over the Aneto Glacier during winter and early spring was 802 cm.
The opposite occurs with the snow depth predicted by the GAM in the southernmost sectors of the study
area, where it introduces a remarkable overestimation. This overestimation may be an artefact, because the
slight increase in snow depths observed furthest from the main divide leads to the GAM overestimating depths
in some mountainous sectors in the south of the study area, where no observations are available. Therefore,
this type of study requires a set of measurements that are well distributed and that extensively cover the
topographic and locational situations of the study area.
On the basis of our results, we conclude that:
1. Given the density of available snow depth observations and the topographic complexity of the study area,
local and geostatistical methods do not provide proper predictions of snowpack in unsampled areas.
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2. Global methods show a noticeable increase in the capacity to predict snow distribution and allow the study
of the effect of predictor variables on snow accumulation.
3. Regression trees tend to overfit their predictions to observations. On the contrary, linear regression and the
GAM provide more robust predictions.
4. Tree-regression models cannot extrapolate their predictions in areas where the independent variables
are out of the range of the observations, unlike linear regressions and the GAM. However, important
degrees of uncertainty must be considered in extrapolated values out of the observed range of snow depth
measurements. It is highly recommended to have a data set of observations covering the extent of the area
of interest and the wider range of topographic conditions.
5. GAMs are useful to predict and to study the spatial distribution of snow and other climate variables. GAMs
explain variance better and provide the most robust predictions for the spatial scale considered and the
data set used. Finally, these models permit a better understanding of the non-linearity of the relationships
between snowpack and predictor variables
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López-Moreno JI, Garcı́a-Ruiz JM. 2004. Influence of snow accumulation and snowmelt processes on the distribution of streamflow in the
central Spanish Pyrenees. Journal of Hydrological Sciences 49: 787–802.
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Willfried T, Araújo MB, Lavorel S. 2003. Generalized models vs. classification tree analysis: predicting spatial distributions of plant species
at different scales. Journal of Vegetation Science 14: 669–680.
Willmott CT. 1982. Some comments on the evaluation of model performance. Bulletin of the American Meteorological Society 63(11):
1309– 1313.
Wood SN, Augustin NH. 2002. GAMs with integrated model selection using penalized regression splines applications to environmental
modelling. Ecological Modelling 157: 157– 177.
Yang D, Woo MK. 1999. Representativeness of local snow data for large scale hydrologic investigations. Hydrological Processes 13:
1977– 1988.

Copyright  2006 John Wiley & Sons, Ltd.

Hydrol. Process. 20, 2217– 2232 (2006)

