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/ntroduction

This work presents a comparison between two different statistical
techniques for the interpolation of snow depth measurements.

Multiple Linear Regression (MLR) and
Classification and Regression Tree (CART) j
models are compared to evaluate both the
best model and the best combination of

independent variables.
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Motivation of the work

A Large Data sets, mainly snow depth manual measurements;

A Few studies over Italian Alps about interpolation techniques applied to snow data sets;
A The most part of studies are carried out over restricted flat areas, using measurements
dedicated for this purpose, to evaluate Snow Water Equivalent (fine resolution) or for estimating

snow cover extent over large areas using coarser spatial resolution.

What have we done?
AAlthough these spatial interpolation methods have already been used in several work, we tried
to use data sets , not exactly taken for snow depth estimate purpose, developing regression
methods over complex terrain. In fact, an high variability of morphological and climatological
parameters can be noted both at the small scale and a regional scale;
AWe try to extend interpolated field range at regional scale, using real time telemetry data.

Why ?

To improve hydrological modelling and discharge forecast
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Study Area
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We are looking for an empirical relationship between snow depth and
some morphological parameters using.

Classification and _ _ :
Regression Tree (CART) Multiple Linear Regression (MLR)

AMultiple linear regression models predict a value of

the Y variable, snow depth in this case, given known

values of the X variables using a regression equation.

A CART is a recursive partitioning method, builds
classification and regression trees for predicting
continuous dependent variables (regression) and
categorical predictor variables (classification).

Regression attempts to predict the values of a

continuous variable from one or more continuous

predictor variables.
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Independent variables

Curvatura Valpelline2007 a 10m

100

Quota Valpeliine 8 Predictors are

200 .
300 Slope Valpeline considered at the start of
400 simulation
500 Aspect Valpelline
600
ol A Elevation
800
900 ' A Slope
Adspect

A Grad in North and East
direction

200 400 600 800 1000 1200 1400 1600 1800 2000 A Conca V/'lj//C'Oﬂ VeX/lj/

[ N T []
50 100 150 200 250 300 350 . .
[deg] ARadlation Index

A Mean UpwindSlope

Individuation of best spatial interpolation technique for the
evaluation of snow depth distribution on alpine basin
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Radiation Index

Radiation Index has been developed following Yang et al. 2001, 2006, for radiance
components estimation, and Dozier and Frew, 1989for direct, diffuse and scattered
radiance in complex terrain.

cimQt

RadiationIindex Valpelline2007 a 10m

1600 1800 2000

Radiation index shows a mean of shortwave radiance on clear sky hypothesis

based on 30 previous day as regards the day of the measurements.
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UpWind Slope Index

The wind effects are evaluated
using the index proposed by
Winstral 2002, based on

OBSERVE TO PREDICT
PREDICT TO PREVENT

UpWind Slope Valpelline

maximum upwind slopes relative
to seasonally dominant winds.

The aim of maximum upwind
slope is to quantify the extent of
shelter or exposure provided by
the terrain upwind of each pixel
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Up wind terrain consist of a pie-
shaped area , chosen 604 centered
on the prevailing monthly wind
direction.
Upwind index is a monthly
mean parameters taking into
account a mean maximum
upwind slope for each pixel.
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campaign scatterplots
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Best predictors combination MLR

Stepwise regression  for MLR has been used to
test the statistical significance of the selected

predictors.
Scaled Coefficients with Error Bars e Doval
X1 68.992 29.0327 Next step:
X2 -1.45517 -0.5213 Move no terms
X3 1.86476  0.7366 ext Step
X4 2.23736 0.9153 . .
- Rogonucedig vt In the stepwise regression the
XB 9.05732  3.9333 . - . .
i ~9.98148 ~4.4634 choice of predictive variable is
X8 1.93141  0.4985

] 60 80

T carried out by an automatic

Intercept = -445.848 R-square = 0.500556 F = 303.006

RMSE = 64.5126 Adj R-sq = 0498353 p=0

Moxbl e procedure based of P-value

L

significance.

Forward selection and backward selection have been evaluated.
The former starts with no variables in the model, trying the variables to include one
by one, the latter starts with all possible predictors in the model, deleting one by

one the variables that are not significant
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Snow Depth Distribution with MLR

Snow Depth MLR Valpelline2007 MapResidual MLRValpelline2007 at 10m
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Snow Depth MLR + Slope Mask Valpelline07

Snow depth distribuited map
has been masked with slope
over surfaces upwards of 60
degrees and added with IDW

interpolated residuals.
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Best predictors combination CART

Cross validation procedure for CART has been
used to test the statistical significance of the
selected predictors.

Snow depth samples, have been randomly
divided into 10 subset for the crossvalidation
procedure. Nine of the subsets were used to

grow a tree whereas the remaining subset were

Average
Decision Cost

used to test model cost function through the
tree. 0 2 4 6 8

Large o Complexity Small o

Minimum model residual variance (cost) have been
used to evaluate the range of optimal number of In this work all tree are pruned at the
terminal nodes in the final pruned tree. same pruning level considering
8 terminal nodes as good choice
To perform a more robust estimation, optimal between a mis-classification
predictors combination were selected as results of probability and tree complexity.

100 tenfold crossvalidation procedures
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Snow Depth Distribution with CART

Elev > 3123
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Elevation and Slope are the e oo

Elev>2623 Elev > 3336

predictors selected for
Valpelline 2007.

Snow Depth CART + Slope Mask Valpelline07

Snow depth distribution obtained
with Cart are also affected by
relevant correlation with elevation

data.
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Comparison Snow Depth distributions
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Vvalidation Proceaqdure

Valpelline  Valpelline

For testing the predictive skills of the models Goillet Gabiet &

2007 2008
data set were partitioned in two subsamples, Mean
about three quarter of whole data -set have LEIETEE LG GOSN IO ©7-34
__ Mean val
been used for fitting the models and the data-sets ~ 167.02  208.67 13161 97.76
remaining have been tested to evaluate the meanval
_ MLR 167.52 208.52 128.73 97.92
goodness of fit.
meanval
CART 167.45 208.47 129.37 97.56
Distribution validation points Valpelline2007
std dev.
data-sets 5.42 6.37 5.50 3.89
std dev.
400 MLR 6.37 5.88 3.97 2.81
g std dev.
CART 5.73 6.06 423  2.94

Subsample population has been chosen so that
the stability of the mean and std dev does not

strongly depends on random selection of fitting

2400 2600 2800 3000 3200 3400 3600
Elevation [m above sea level]

data subsample
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Residuals Analysis

Error residual STD vs Obs Snow Depth Valpelline2007 Observin g scatter p lots between

+ resmlualMLR

resualoqy Residuals Std and dependent variables
does not appear a relevant residual

trend, validating a fitting procedure and

Al A the choice of the predictors.
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Unfortunately, the scatterplot
between Std residuals and observed

200 250 300 350 400 450 SNoOwW depth shows a remarkable

Snowdepth [cm]

trend of the residuals, underlining a
Scatterplots Standardized Residualystematic error in the models.



