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ABSTRACT: The complex interaction of snow and meteorological features leads to formation of 
avalanches. Thus, the identification of significant governing features in the avalanche formation process 
is very critical aspect for developing any prediction scheme. This has direct implication on the design 
complexity of prediction scheme, computational effort involved and in turn on the overall performance. In 
this direction, numerical feature selection methods have immense potential to rank the features according 
to their importance in the problem domain. In the present study, two feature ranking methods: Sequential 
Forward Generation (SFG) and Relief-F have been explored for finding the relative significance of snow 
and meteorological features which are believed to be critically connected with avalanche occurrences. 
The paper describes the methods and their outcome for two climatologically different areas of North-
western Himalaya. The outcome of the methods was further applied to a Nearest-Neighbours method 
based avalanche prediction model used as classifier. The efficacy of the proposed methods has been 
analyzed in the backdrop of classification results thus obtained, using statistical skill scores. The study 
establishes the potential of these methods to be used as objective tools to find relative significance of 
features in quantitative terms for avalanche forecasting. 
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1. INTRODUCTION 
 
Avalanches are the product of a complex 
interaction of multiple snow and meteorological 
features. Thus, the knowledge of significant 
features contributing towards avalanching or the 
relative significance of various features on some 
objective scale will be of great value for designing 
efficient forecast schemes. World over, efforts 
have been made to identify most significant 
governing features and then use them as 
precursors to forecast the avalanches or to 
develop computer assisted forecasting models. 
Perla (1970), Föhn et. al. (1977), Obled & Good 
(1980) and Buser (1983) were some of the earliest 
work in this direction. Later, McClung & Tweedy 
(1993) also carried out a detailed study about the 
characteristics of avalanching using 11 years of 
records of twice-a-day observations at Kootenay 
Pass, British Columbia  and supported the findings 
of Perla (1970) based on 20 years' of storm data 
collected from Alta, Utah, U.S.A. Till now, various 

researchers only examined the individual features 
vis-à-vis the avalanching and provided a 
subjective ranking of different features about their 
significance in affecting the avalanching. There 
was no study involving multiple features 
simultaneously to find the relative contribution of 
each individual parameter on some objective 
scale. Of late, Purves et al (2003) employed 
Genetic Algorithm as an effective objective 
mechanism for calculating weights for different 
variables to allow certain variables to have more 
influence in calculating the distance between days 
in nearest neighbours model for prediction of 
avalanches in Scotland. However, they also warn 
that genetic algorithm is merely an optimization 
tool providing a best possible solution by 
minimizing the difference from a perfect value for 
fitness, without any intelligence. Hence, in Multi-
dimensional space, it is likely that many sets of 
weights may give similar values of fitness and thus 
the resulting weights can not be interpreted as 
having a physical meaning in terms of the 
importance of an individual parameter for 
avalanche events. Though, the mechanism was 
successful for the intended application, no 
physical interpretation can be made for use in 
other applications. 
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Feature ranking methods (Dy et al., 2004; Liu et 
al., 2005; Yusta, 2009) can be categorized into 
filter, wrapper, and embedded or hybrid types. The 
filter approach (Brassard and Bratley, 1996; Kira 
et al., 1992; Kononenko, 1994; Salappa et al., 
2007) selects features without involving any 
learning algorithm. The filter model relies on 
general characteristics of the data to evaluate and 
select feature subsets. The filter algorithms are 
evaluated based on four different evaluation 
criteria namely, distance, information, dependency 
and consistency.  The wrapper approach (Devijver 
et al., 1982; Liu et al., 1996) selects feature subset 
based on the classifier and ranks feature subset 
using predictive accuracy or cluster goodness. 
 
The present study explores two objective feature 
ranking methods: Sequential Forward Generation 
(SFG) and Relief-F to rank the features according 
to their importance in the problem domain. Both of 
these are filter based approaches. With these 
methods, experience led pre-identified features 
are simultaneously analyzed for their relative 
significance towards event. Once analyzed, these 
features may be assigned relative importance in 
quantitative terms (weight) in decision making 
process or for development of prediction models. 
The efficacy of proposed methods has been tested 
using snow-meteorological and avalanche 
occurrence data from two climatologically different 
regions of Indian western Himalaya. For this 
purpose, the outputs of the respective methods 
were applied to Nearest Neighbour method based 
classification model. The classification results 
obtained through the application of above-
described feature selection methods were 
analyzed using statistical skill scores and 
compared with the classification results obtained 
without application of any feature ranking method. 
Overall, the outcome of the study establishes the 
potential of these methods as objective means to 
find the significance of features in quantitative 
terms.  
 
2. FEATURES RANKING 
 
Two popularly known filter based feature ranking 
techniques namely Sequential Forward 
Generation (SGF) and Relief-F have been 
explored in this study. Following is a brief 
description of the methods. 
  
2.1 Sequential Forward Generation (SFG)

 
SFG (Salappa et al., 2007) starts with the empty 
set S and adds features sequentially from original 

feature set X={X1, X2,…, Xd}. For every step of 
SFG, best feature is selected from X and added 
into S. The added best feature is also deleted from 
the original dataset. It means that the number of 
features in S increases whereas number of feature 
reduces in X. The features are selected based on 
some evaluation measures like information. The 
features are generated till it satisfies a pre-defined 
stopping criterion. SFG can be used for ranking of 
features where the first selected feature is the 
most relevant and the last one is the least relevant 
feature. To obtain the ranked list of the features, 
stopping criteria is that original feature set X 
becomes an empty set. In SFG, the maximal 
subset obtained may not be the optimal one 
because features are added sequentially. To 
obtain the optimal subset, all the combination of 
features needs to be tried but it is computationally 
very expensive. Hence, SFG has limitation of sub 
optimal selection and is computationally 
expensive. 

2.2 Relief-F

Relief-F (Kononenko, 1994) has been introduced 
to extend the method of Relief for dealing with 
noisy, incomplete and multi-class datasets. Relief 
algorithm (Kira et al., 1992) assigns a ―relevance" 
weight to each feature, which is meant to denote 
the relevance of the feature to the target. 
Randomly, a sample instance (R) is selected from 
m sample instances and the relevance values are 
updated based on the difference between the 
selected instance and two nearest instances of the 
same (H) (called nearest hit) and opposite class 
(M) (called nearest miss). It gives more weight to 
features that discriminate the instance from 
neighbours of different classes. Relief assumes 
two-class classification problems and does not 
help with redundant features. Instead of finding 
one near miss (M) from different class, Relief-F 
finds one nearest miss for each different class, c 
i.e. M(c). The weights are updated by considering 
average contribution of nearest misses M(c). The 
average contribution also takes into account of 
prior probability, P(c) of each class, c. The weight 
wi of ith feature Xi is updated as follows 

( )

( , , ) /
[ ( ) ( , , ( ))] / ]

i i i

i
c class R

w w diff X R H m
P c diff X R M c m

( )c class R( )c class R( )

( , , ) /i i i( , , ) /i i i( , , ) /w w diff X R H m( , , ) /w w diff X R H m( , , ) /i i iw w diff X R H mi i i( , , ) /i i i( , , ) /w w diff X R H m( , , ) /i i i( , , ) /
[ ( ) ( , , ( ))] / ]i[ ( ) ( , , ( ))] / ]i[ ( ) ( , , ( ))] / ][ ( ) ( , , ( ))] / ]P c diff X R M c m[ ( ) ( , , ( ))] / ][ ( ) ( , , ( ))] / ]i[ ( ) ( , , ( ))] / ]P c diff X R M c m[ ( ) ( , , ( ))] / ]i[ ( ) ( , , ( ))] / ]

( )( )c class R( )( )c class R( )c class R( )
[ ( ) ( , , ( ))] / ][ ( ) ( , , ( ))] / ]P c diff X R M c m[ ( ) ( , , ( ))] / ]

    (1)
            

 

where, the function ( , ,...)idiff X R calculates the 
distance between sample instance (R) and 
nearest hit (H) or nearest misses M(c). 
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3. STUDY AREA AND DATA 
CHARACTERISTICS 
 

The snow-meteorological data from two diversified 
climatic regions - Chowkibal-Tangdhar sector (Pir 
Panjal Range) and Drass-Kargil sector (Great 
Himalayan range) was analysed for assessing the 
proficiency of method. The geographical location 
of these areas is shown in Figure 1. The data from 
Stage-II (altitude 2650m above msl) and Drass 
(altitude 3230 m above msl) observatories have 

been used to represent the Chowkibal-Tangdhar 
(CT) sector and Drass-Kargil (DK) Sector 
Respectively. While the CT sector may be 
classified as having maritime climate, the DK 
sector has characteristics of Continental climate 
(McClung & Tweedy, 1993). A total of 17 
avalanche sites (CT-1 to CT-17) affect the part of 
CT sector considered for the study, while the DK 
sector is affected by 109 major avalanche sites 
along about 126 km of road and treks.  

Table 1 describes the set of 10 snow-
meteorological features selected for investigation 
under this study, which have been considered as 
important from the avalanching point of view by 
the experts. The past data of these features from 
1995-96 winter through 2007-2008 winter was 
archived in a database with respective dates of 
observation. The reference time of these features 
is 0830 hours every day. Also archived with each 
date was the associated avalanche information 
(Occurrence – Yes/No, size, distance traveled, 
aspect, natural/artificial etc.). 

 

4. VERIFICATION 
 

SFG and Relief -F methods were applied on snow-
met and avalanche occurrence data as described 
in previous section corresponding to both the 
study areas. The relative gains (weights) of 

 
Figure 1: A perspective view of study areas - Chowkibal-Tangdhar sector and Drass-Kargil sector. 

 
 
Table 1: Snow-meteorological features 
investigated under the study. 

No 
(i) 

Parameter (Xi) Unit 

1  Snow Surface Temperature ºC 
2  Air Temperature ºC 
3  Air Temperature Change ºC 
4  Wind Speed  m/s 
5  New Snow in 24 hours m 
6  New Snow in 48 hours m 
7  New Snow in 72 hours m 
8  Snowpack Depth m 
9  Snowpack Water Equivalent mm 
10  Free Ram Penetration m 
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various features obtained through each method 
were normalized between 0 and 1 with the help of 
maximum and minimum gain values of each set. 
Table 2 summarizess the normalized gain values 
of various features obtained through SFG and 
Relief-F. Also included in Table 2 are the relative 
subjective weights assigned to different features 
based on the experiences of forecasters.  
 
In order to assess the efficacy of both the feature 
extraction methods explored under this study, the 
set of weights obtained by these methods were 
applied for classification of batches of observed 
feature records through a Nearest Neighbour 
Method (NNM) based classification model 
operational at SASE. 
  
The NNM model employs Euclidean distance 
metric, where input features may be assigned 
different weights as per user’s choice. For each 
test record, model provides 10 most similar 
records from the archived data. The archived data 
is dichotomous in nature from associated event 
point of view and each record is characterized by 
‘Yes’ or ‘No’ class.  For decision making, a test 
record was classified as of ‘Yes’ class, if out of 
corresponding 10 most similar records at least 3 
were of ‘Yes’ class. 
Besides with the weights obtained through feature 
extraction methods as described above, the 
classification exercise through NNM based model 
was carried out using subjective weights (Table 2) 

as well as using no relative weights (i.e., all the 
features carried same weight equal to 1) also. 
Following three batches of records were 
processed for classification under each category 
of weights – 
 
i. Data from 1995-96 winter through 2007-08 

winter in leave-one-out fashion (same dataset 
as used for obtaining the weights, i.e. training 
the system) 
 

ii. Data of 2008-09 winter (Independent data set 
not included in training of system) 

 
iii. Data of 2009-10 winter (Independent dataset 

not included in training of system) 
 

Table 2: Summary of relative gains (weights) obtained for various features for both the study 
areas. The gain values are normalized between 0 and 1. 

Parameter 
(Xi) 

CT Sector  DK Sector 

Weight (wi)  Weight (wi) 

Subjective SFG Relief-F  Subjective SFG Relief-F 

X1 0.0000 0.0000 0.8194  0.0000 0.0000 0.8738 

X2 0.3333 0.1252 0.3377  0.3333 0.0000 0.6802 
X3 0.3333 0.1411 0.4215  0.3333 0.0874 0.5095 
X4 0.3333 0.0000 0.5445  0.3333 0.1138 0.8397 
X5 1.0000 0.7725 0.0000  1.0000 0.5145 0.0000 
X6 0.6667 1.0000 0.1649  0.6667 0.8262 0.1038 
X7 0.3333 0.8616 0.1990  0.3333 1.0000 0.1683 
X8 1.0000 0.4727 0.9476  1.0000 0.7166 1.0000 
X9 0.6667 0.2390 1.0000  0.6667 0.3245 0.8757 
X10 0.3333 0.8360 0.3770  0.3333 0.3864 0.9263 

 

 

 

 
Table 3: Contingency table depicting the 
distribution of observed and predicted events. 

Observation 
Prediction 

Yes No Total 

Yes Hits 
(a) 

Misses 
(c) 

Observed 
yes 

No False 
alarm 

(b) 

Correct 
negatives 

(d) 

Observed 
no 

Total Predicted 
yes 

Predicted 
no 

Total 
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5. RESULTS & DISCUSSION 
 
To assess the classification efficiency under each 
of the four categories (i.e. with SFG weights, with 
Relief-F weights, with subjective weights and with 
same weights to all features), contingency tables 

between observed and predicted events were 
prepared for each category as per format given in 
Table 3. The contingency tables thus obtained for 
different batches of data are shown in Table 4 (a, 
b and c). Following the format of contingency table 
(Table 3), following statistical skill scores (Wilks, 
1995, Heierli, et. al., 2004) were deduced to 
measure the classification skill under each 
category – 
 

                 (2) 
 
 

                   (3) 
 
where, , is expected 
number of correctly forecast events due to chance. 
Both Heidke Skill Score (HSS) and Kuipers Skill 
Score (KSS) are based upon the ‘Hit rate’ [= 
(a+d)/(a+b+c+d)] as the basic accuracy measure. 
 
The skill scores as described above with respect 
to different weight categories for both the study 
areas are summarized in Table 5.  
 
The main objective of this study was to assess the 
potential of feature extraction methods to provide 
suitable set of weights for more efficient 
classification. Hence, we treated the ‘Same 

Table 4(a): Contingency table for Leave-one-
out test 

Obser-
vations 

Predictions 

CT Sector  DK Sector 

Yes No  Yes No 

 
Same weights to all features 
Yes 111 95  110 103 
No  166 1902  162 1795 
 
Subjective weights 
Yes 109 97  111 102 
No  149 1919  164 1793 
 
SFG weights 
Yes 121 85  119 94 
No  171 1897  184 1773 
 
Relief-F weights 
Yes 99 107  109 104 
No  162 1906  152 1805 
 

Table 4(c): Contingency table for data of 2009-
10 winter 

Obser-
vations 

Predictions 

CT Sector  DK Sector 

Yes No  Yes No 

 
Same weights to all features 
Yes 5 2  7 17 
No  14 100  15 82 

 
Subjective weights 
Yes 5 2  9 15 
No  14 100  13 84 

 
SFG weights 
Yes 5 2  12 12 
No  15 99  22 75 

 
Relief-F weights 
Yes 5 2  10 14 
No  11 103  18 79 
 

Table 4(b): Contingency table for data of 2008-
09 winter 

Obser-
vations 

Predictions 

CT Sector  DK Sector 

Yes No  Yes No 

 
Same weights to all features 
Yes 15 11  13 5 
No  19 76  36 67 

 
Subjective weights 
Yes 15 11  12 6 
No  16 79  32 71 

 
SFG weights 
Yes 15 11  11 7 
No  16 79  32 71 

 
Relief-F weights 
Yes 16 10  11 7 
No  24 71  32 71 
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weights to all features’ category as reference 
category and compared the skill scores obtained 
under all the other three categories with that of 
reference category (Table 5). The overall 
comparison is summarized in Table 6. Subjective 
weights have proved to be always reliable for both 
the sectors in the sense that they have never 
declined the classification performance as 
compared to reference category, if not enhanced 
always. On the other hand, SFG category seems 
to have been scoring higher than subjective 
category in case of CT-sector, as it is enhancing 
the performance on two occasions (Leave-one-out 
test and 2008-09 winter) and maintaining the 
performance level of reference category on the 

third occasion. In case of DK-Sector, SFG based 
weights are improving the performance under 
leave-one-out test and for 2009-10 winter but 
there is decline in performance for 2008-09 winter. 
The behavior of Relief-F cannot be confirmed in 
either of the study areas as weights obtained from 
this method have a mixed response – 
enhancement and decline in performance for 
almost same number of occasions in both the 
study areas. 
 
The other important outcome of this study is the 
identification of significant features for applications 
in further research and model development. Based 
on the normalized weights of various features 

Table 6: Summary of the effect of different weight sets on the classification skill in comparison to 
reference category. (Interpretation of symbols used:  (↔) No significant change in performance; (↑) 
performance improved; (↓) performance declined; (↑↑) performance improved drastically). 

Data batch 

CT Sector  DK Sector 

Subjective 
weights 

SFG 
weights 

Relief-F 
weights 

 Subjective 
weights 

SFG 
weights 

Relief-F 
weights 

Leave-One-Out test 
(1995-96:2007-08) ↔ ↑ ↓  

↔ ↑ ↔ 

2008-09 winter ↑ ↑ ↔  ↔ ↓ ↓ 

2009-10 winter ↔ ↔ ↑  ↑↑ ↑↑ ↑↑ 

 

Table 5: Skill scores calculated for different batches of data 

Skill Score 

CT Sector  DK Sector 
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1995-96 through 2007-08 winters (leave-one-out test) 

Heidke Skill Score 0.40 0.41 0.42 0.36  0.39 0.39 0.39 0.39 
Kuipers Skill Score 0.46 0.46 0.52 0.40  0.43 0.44 0.46 0.43 
 
2008-09 winter (independent dataset) 

Heidke Skill Score 0.33 0.39 0.39 0.31  0.21 0.22 0.19 0.19 
Kuipers Skill Score 0.38 0.41 0.41 0.36  0.37 0.36 0.30 0.30 
 
2009-10 winter (independent dataset) 

Heidke Skill Score 0.33 0.33 0.32 0.38  0.14 0.24 0.24 0.22 
Kuipers Skill Score 0.59 0.59 0.58 0.62  0.14 0.24 0.27 0.23 
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obtained through different feature extraction 
methods as given in Table 2 (and also presented 
in Figure 2), we tried to categorize most significant 
(weight > 0.8) and least significant (weight < 0.2) 
features. A summary of the same is presented in 
Table 7. Though none of the two methods 
explored here completely agrees (or disagrees) 
with the subjective assumption of most (and least) 
significance features, these methods have 
remarkable consistency about their outcomes 
across both the study areas. That is, same sub-set 
of features are identified as most significant (or 
least significant) by each method in both the study 
areas. Also, in a broader perspective, SFG and 
Relief-F seems to have identified apposite sets of 
features as most significant (and least significant) 
features. 

6. CONCLUSIONS 
 

Among the various features thought to be 
governing the process of avalanche occurrences, 
some are believed to have more significance over 
the process than the others. However, very few 
attempts have been made to quantitatively 
describe the relative significance of the features. 
The present study explored two new feature 
extraction methods to obtain the same. The 
classification results obtained through application 
of these methods with a Nearest Neighbour 
method based classification model were compared 
with results obtained through subjective inputs and 
were found to be corroborating with the later if not 
scoring much higher. Notwithstanding the results 
are shown as applied to Nearest Neighbour 

 
(a) 

 

 
(b) 

Figure 2: Graphical representation of features’ weights obtained through two features extraction 
methods in comparison with subjective weights for (a) CT-Sector and (b) DK-Sector. 
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Table 7: Summary of most significant (Weight > 0.8) and least significant (Weight < 0.2) features. 

 
CT Sector  DK Sector 

Subjective  SFG  Relief-F   Subjective  SFG  Relief-F  

Most significant 
features 

X5, X8 X6, X7, X10 X1, X8, X9  X5, X8 X6, X7 X1, X4, X8, 
X9, X10 

Least significant 
features 

X1 X1, X2, X3, 
X4 

X5, X6, X7  X1 X1, X2, X3, 
X4 

X5, X6, X7 
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model, the utility of these methods is not limited to 
any particular application and has far wider 
applicability. The physical interpretation of output 
obtained is difficult to make at this stage, but 
consistency of outputs of both the methods across 
the two study areas definitely has some 
significance to this effect embedded in it. Overall 
the methods hold promise as objective means to 
find relative significance of features, and with 
some further research efforts we should be able to 
apply these methods for operational purpose. This 
will be a significant step towards removing the 
subjectivity involved in the process of avalanche 
forecasting and in turn add to the confidence of 
avalanche forecasters. Testing of these methods 
for some more study areas will further improve the 
insight about their usefulness. 
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