Artificial neural network coupled with wavelet transform
for estimating snow water equivalent using passive
microwave data
A B Dariane∗ , S Azimi and A Zakerinejad
Department of Civil Engineering, K.N. Toosi University of Technology, Tehran, Iran.
∗
Corresponding author. e-mail: borhani@ kntu.ac.ir

Snow Water Equivalent (SWE) is an important parameter in hydrologic engineering involving the streamﬂow forecasting of high-elevation watersheds. In this paper, the application of classic Artiﬁcial Neural
Network model (ANN) and a hybrid model combining the wavelet and ANN (WANN) is investigated
in estimating the value of SWE in a mountainous basin. In addition, k-fold cross validation method is
used in order to achieve a more reliable and robust model. In this regard, microwave images acquired
from Spectral Sensor Microwave Imager (SSM/I) are used to estimate the SWE of Tehran sub-basins
during 1992–2008 period. Also for obtaining measured SWE within the corresponding Equal-Area Scalable Earth-Grid (EASE-Grid) cell of SSM/I image, approach of Cell-SWE extraction using height–SWE
relations is applied in order to reach more precise estimations. The obtained results reveal that the
wavelet-ANN model signiﬁcantly increases the accuracy of estimations, mainly because of using multiscale time series as the ANN inputs. The Nash–Sutcliﬀe Index (NSE) for ANN and WANN models is
respectively 0.09 and 0.44 which shows a ﬁrm improvement of 0.35 in NSE parameter when WANN is
applied. Similar trend is observed in other parameters including RMSE where the value is 0.3 for ANN
and 0.07 for WANN.

1. Introduction
Snow Water Equivalent (SWE) is identiﬁed as one
of the main parameters in stream-ﬂow forecasting
of high-elevation watersheds. The problems such as
limited numbers and the sparse network of snow
stations and also the fact that the ground observations are cost-consuming, are main concerns for
using space-borne observations to estimate snow
parameters including the SWE.
Microwave images are among the most appropriate options for estimating the value of snow water
equivalent. These data are not sensitive to climatic
conditions such as cloudiness (Engman and Gorney
1991). In most generally applied passive microwave

(PM) snow algorithms, SWE is directly calculated
via a simple regression relationship to the diﬀerence between the brightness temperature observed
at 18 and 37 GHz (Chang et al. 1982; DeWalle and
Rango 2008).
Several algorithms have been presented for estimating SWE from PM images (Foster et al. 1997;
Tait 1998; Singh and Gan 2000). Afterwards,
Koenig and Forster (2004) and Goita et al. (2003)
evaluated the accuracy of SWE estimations from
microwave images in diﬀerent conditions utilizing
recent algorithms. In this regard, Tedesco et al.
(2003), Gan et al. (2009) and Tong et al. (2010)
proceeded to estimate SWE using artiﬁcial neural
networks and results demonstrated the superiority
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of ANN among other models. Matkan (1999) computed snow depth obtained from SSM/I data
throughout Iran using a linear algorithm. Dariane
et al. (2012) used SSM/I data to estimate snow
water equivalent in Tehran basins.
Space-born passive microwave images have
coarse resolution. Therefore, their application for
estimating SWE in mountainous areas has been
argued due to spatial variability of snow properties in these areas. Most PM-based research has
employed EASE-Grid products having 25 × 25 km
ﬁxed grid cell resolution which is very coarse for
rugged surface topography of mountainous area.
Because of these issues, the new GlobSnow product has omitted calculations of SWE for mountainous areas (Takala et al. 2011). Nevertheless, some
researchers have suggested methods to improve the
PM-based SWE estimations in these areas and
beneﬁt the available space-born images where in
situ data are limited and sparse. For example,
Li et al. (2012) showed that using the Advanced
Microwave Scanning Radiometer for EOS (AMSRE) 37 GHz Level 2A (L2A) footprints with an area
of 87.9 km2 could partially overcome the resolution
problem of EASE-Grid data. Tong et al. (2010)
indicated that the application of ANNs for AMSRE and SSM/I performed much better than the algorithms based on brightness temperature diﬀerence
for SWE estimation on a mountainous region in
Canada. Therefore, regardless of resolution issues
justly mentioned by many researchers on the application of PM-based methods for estimating SWE
in rugged mountainous areas, there are also ways
to partially overcome the problem and to beneﬁt
the advantage of PM data in areas where in situ
data is sparse and/or not available. This paper
addresses one of these approaches through the
application of wavelet transform coupled with
ANN model.
Artiﬁcial Intelligence (AI) techniques are known
to have great abilities in estimating nonlinear
time series where they have attracted attention
from various areas including hydrologic engineering. In hydrologic ﬁeld, they employ available historical time series for simulating the system. In
this aspect, ANN and some other methods have
been in the core attention for modelling nonlinear hydrologic systems. Regardless of their relative success, ANN procedures have some shortages
which limit their applications in many problems
including peak ﬂow estimations. When signal ﬂuctuations are nonstationary, ANN-based approaches
are not satisﬁed in precision and in this situation
model performance lacks the expected quality. In
order to overcome this deﬁciency and to raise the
precision of model estimates, some hybrid models
in combination with ANN are suggested (Nourani
et al. 2011). A combination of wavelet transform

and ANN is one of the most common hybrid
methods mentioned in the literature.
Wavelet transform method has become a popular tool in enhancing the performance of ANN
models. It does this by explaining both spectral
and temporal input data information in signals. In
this regard, Wang and Ding (2003) applied WANN
model to predict short term and long term hydrologic time series. Their results revealed that the
hybrid model could increase accuracy of prediction.
Partal and Cigizoglu (2008) estimated the daily
suspended sediment by using a WANN model. In
one step, past sediment data and in the other step,
daily river ﬂow data were applied to estimate sediment load. They reported that the WANN model
has a good ﬁt to the observed data (especially in
peak values) and has better results than the classic ANN model. Adamowski and Sun (2010) also
applied a coupled wavelet transform and neural
network method for ﬂow forecasting in semi-arid
watershed. They used wavelet coeﬃcients as inputs
into Levenberg Marquardt artiﬁcial neural network
models for ﬂow forecasting at lead times of 1 and 3
days. Their results showed that wavelet-neural network models provide more accurate ﬂow forecasts
than the artiﬁcial neural network models. Krishna
et al. (2011) used wavelet neural networks for modeling the streamﬂow time series in Malaprabha
River (in India). They used discrete wavelet transform to decomposed time series as inputs to neural
network. They compared WANN with classic ANN
and autoregressive (AR) models and showed that
the hybrid model is able to produce better results
than either ANN or AR models.
In this article, a new application is demonstrated
by using a combination of wavelet and ANN model
in estimating the SWE values based on microwave
images. As mentioned earlier, most previous methods for estimating SWE include linear functions.
ANN method has been also applied in limited
cases. Based on our information, the application of
wavelet-ANN has not been yet carried out for SWE
estimations.
This paper is organized as follows. The case
study, ground and satellite measured data are presented in section 2. Section 3 presents the concepts
and methods which are used in this study. Section 4
includes the results and discussions and ﬁnally, the
last section contains the conclusions of the study.
2. Research area
The study area is Tehran basin that covers an
area of about 5880 km2 with elevations ranging
from 1236 m in the south to 4346 m in the northern region and is located in the central part of
Alborz Mountains in Iran (see ﬁgure 1). This area
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Figure 1. Location of the research area in Tehran region.

is classiﬁed with semi-humid cold climate which
is aﬀected by northern humid climate in the margin of Caspian Sea in the north, and hot and dry
central plateau climate in the south (Department
of Energy 2009). The area includes 23 snow measuring stations as shown in ﬁgure 1 with their
corresponding SSM/I pixels.
The satellite passive microwave data are
acquired by the SSM/I sensor; launched on the US
Defense Meteorological Satellite Program (DMSP)
in 1987. The SSM/I sensor contains seven channels that include both horizontally and vertically
polarized channels at frequencies of 19, 37, and
85 GHz and a vertical polarization at 22 GHz
(Armstrong et al. 1994–2008). The daily SSM/I
data are acquired in ascending and descending
mode spanning between 1992 and 2008 with the
spatial resolution of 25 and 12.5 km corresponding
to the channels of 19, 22, 37, and 85 GHz, respectively. The data is freely available from National
Snow and Ice Data Center (NSIDC) website. In
addition, a DEM from the Shuttle Radar Topography Mission (SRTM) with a spatial resolution of
90 m was used in this study.
3. Methods
In this section, at the beginning Cell-SWE extraction method for obtaining measured SWE within
the corresponding Equal-Area Scalable Earth-Grid
(EASE-Grid) cell of SSM/I image is presented.
Then, the structure of artiﬁcial neural network
and the concepts of wavelet transform are brieﬂy
explained. Following that, the structure of hybrid
model in which wavelet transform has been combined with ANN for estimating SWE is introduced. Finally, k-fold cross validation method as
a procedure to achieve more realistic model is
presented.

3.1 Extraction of the height–SWE relations
In most of basins in Iran, one or two snow measurements are recorded at each station during the
snowy months in every year. Using these measurements, monthly average values are obtained for
each station. Moreover, observed long-term average SWE values are derived in each snowy month.
The height–SWE relation is then extracted for each
month as:
SWEm = am H + bm

(1)

where H is the station height, am and bm are linear
regression parameters and SWEm is the long-term
average SWE for mth month.
3.2 Cell-SWE extraction method
The location of snow stations whose measurements
are used in this study is depicted in ﬁgure 1. As it
can be found in ﬁgure 1, hydro-meteorological stations in the basin are inappropriately distributed
in altitude. Therefore, in order to properly extract
SWE values over EASE-Grid cells, the following
methods are investigated.
• Method 1 - simple average: In this method,
which is also a common practice, SWEc is
obtained by averaging the SWE values in each
cell as:
n
1
SWEci
(2)
SWEc =
n i=1
where SWEci is snow water equivalent in i th station and n is identiﬁed as number of stations in
the cell.
• Method 2 - weighted average distance: In
this approach, SWEc in each cell is calculated
based on weights extracted from the distance
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between each station and the center of cell
(equations 3 and 4).
n  
1 1
(3)
Wi =
li j=1 li
SWEc =

n


Wi SWEci

(4)

i=1

where li is Euclidean distance from i th station
to the center of cell and Wi is the weight of i th
station.
• Method 3 - normalized SWE value based
on altitude and weighted average distance:
Snow and consequently SWE values in each cell
depend on height; the SWE value is ﬁrst adjusted
to the SWE corresponding to the averaged height
using the ﬁrst regression parameter (slope) of
the height–SWE relation, i.e., a, and the SWE
values measured at station height applying
equation (5). SWEc for each cell is then computed using equations (3) and (4).
c
c
− Hst
)
SWEcn = SWEcst + am (Havg

(5)

c
c
is station altitude, Havg
is denoted as
where Hst
the averaged height of the cell c, am is the slope of
the height–SWE relation for mth month, SWEcst
is the SWE of the corresponding station in mth
month and SWEcn is the adjusted SWE for the
nth station.

• Method 4 - Cell-SWE extraction: The spatial resolution of the SSM/I images is 25×25 km
while that of the SRTM DEM is 90×90 m. Hence,
the results could be improved using the SWE
adjusted on the basis of DEM pixels. The SWE
value of each station is corrected for DEM pixels covering one SSM/I pixel. The average values, therefore, represent the SWE of the SSM/I
pixel (equations 6 and 2). The results obtained
demonstrate that the proposed approach applies
the height–SWE relations with higher accuracy
compared to the previous methods.
SWEcn

k
1 
c
=
(SWEcst + am (HPc D − Hst
)) (6)
k P D=1

where HPc D is height in the PD th pixel of DEM
that is located in the SSM/I pixel, k is the number of pixels of DEM covering the SSM/I pixel
and SWEcn is the corrected SWE for nth station.
A comparison of results indicates that as
expected, method 4 has the best performance. For
example, a comparison of the last method with
method 1 as shown in table 1 shows that Cell-SWE

extraction method has been able to signiﬁcantly
improve the correlation between SWE of ground
station data and signals of SSM/I bands. Therefore, method 4 was employed for the rest of this
paper.
3.3 Artificial neural network
Artiﬁcial intelligence methods have the ability to
give better performance through handling nonlinearity and other complexities in modeling of the
time series. From these categories, artiﬁcial neural
networks (ANNs) have ﬂexibilities in data modelling (Zhang and Dong 2001). ANN is reported
by many authors (Tedesco et al. 2003; Gan et al.
2009) as a proper tool in estimating the value of
SWE.
ANNs, also called multi-layer perceptrons
(MLP), are mathematical models in order to process information and predict outputs based on network learning. Neural networks consist of an input
layer, usually one or two hidden layers, and one
output layer. Each layer consists of one or more
neurons directionally linked with the neurons of
adjacent layers. Number of neurons in the input
layer is determined by the number of input parameters in the model. In the output layer, there is usually one neuron representing the output parameter.
In some cases, number of neurons in the output
layer could be more than one which is determined
by the modeler. Number of neurons in the hidden
layer is unknown and must be properly determined.
A common method is by trial and error. Neurons
in each layer are directionally linked with neurons
of adjacent layers by weights that can be adjusted
during the training process of the model. Each neuron in the hidden layer has weighted inputs and by
using a transfer function over the sum of weighted
inputs, it produces a weighted output that is subsequently used as the input of a neuron in the next
layer. The neurons in the input layer only receive
simple input values and do not have summation
and/or transfer function. Some texts avoid using
the term ‘layer’ for the inputs due to these characteristics. Also, the neurons in the output layer
receive weighted inputs and apply summation and
transfer function, but their output is not weighted.
The transfer function in the output layer is usually a simple linear one. Having weights (w ) and
biases (b) and inputs (x ) of a problem, the output
(a) of each neuron using a transfer function f is
deﬁned as a = f (wx + b) (for a detailed study on
this subject, see Hagan et al. 1996).
For training ANNs, datasets are introduced to
the network and the output of the network is computed. Then, the mean square error is calculated
over the entire dataset. In the next step, the error
is back-propagated through the hidden nodes to
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Table 1. Comparison of correlation coeﬃcients between data from ground stations and
SSM/I bands.
Band

H19

V19

V22

H37

V37

H85

V85

Method 4: Cell-SWE extraction
Method 1: Simple extraction

0.23
0.21

0.41
0.31

0.45
0.33

0.52
0.37

0.52
0.34

0.64
0.42

0.66
0.43

modify the weights of the inputs. This process is
repeated and the weights are adjusted iteratively
until the neural network converges to speciﬁed
error. Back propagation algorithm is a common
method for training feedforward networks.

cxφ

3.4 Wavelet transform
Wavelet transform is relatively a new progress in
the ﬁeld of signals and has attracted much attention since its introduction in the early 1980s. The
ﬁrst aim of wavelet analysis is both to determine
the frequency content of a signal and the temporal variation of this frequency content for analyzing
the data. Therefore, the wavelet transform is a useful choice when signals are nonstationary (Labat
2005).
Wavelet transform analysis is a more appropriate
tool than the Fourier transform in studying nonstationary signals (Partal and Kisi 2007). The main
advantage of wavelets is their ability to provide
information about time, location, and frequency of
signals, whereas Fourier transform only provides
information about the frequency (Adamowski and
Chan 2011). The wavelet transforms convert a signal to a set of subsignals. These subsignals explain
a better behaviour and reveal more information of
the process than the original time series. So, they
can help to predict with more accuracy (Remesan
et al. 2009; Calatao 2011).
When a function satisﬁes the following conditions, it is a mother wavelet (Mallat 1998):
+∞
+∞
2
|ϕ̂(w)|
dw < ∞
ϕ(t)dt = 0;
|w|

−∞

in the case of large scale, the wavelet is extended.
Large scale values are not able to show the details,
but small scales are applied to reveal more details.
The time-scale wavelet transform of continuous
time series, x(t), is deﬁned as (Mallat 1998):

(7)

1
=√
a



∞

x(t)ϕ
−∞

where a is scale or frequency factor also called dilation factor and τ is the time factor. The term ‘scale’
refers to extend or to compress the wavelet. Using
small scale causes the wavelet to be compressed and

t−τ
a


dt

(9)

where * denotes conjugate complex function.
Continuous wavelet transform (CWT) needs calculating wavelet coeﬃcients at each scale (more
work) and requires more calculation time. But as
compared to CWT, the discrete wavelet transform (DWT) requires less computation time and is
simpler to develop. Scales and positions of DWT
are usually based on powers of two (dyadic scales
and positions) and this method is more eﬃcient
than CWT for practical cases (Partal and Kisi
2007; Adamowski and Chan 2011). The discrete
wavelet has the following general form (Grossman
and Morlet 1984):


t − nτ0 am
0
ϕ
(10)
ϕm,n (t) = a−m/2
0
am
0
where m and n are integers that control, respectively, the wavelet dilation (scale) and translation
(time); a0 is a speciﬁed ﬁxed dilation step greater
than 1; and τ0 is the location parameter and must
be greater than zero. The most common (and simplest) choice for the parameters a0 and τ0 is 2
and 1.
For a discrete time series xi , where it occurs at
diﬀerent time t, the DWT can be deﬁned as (Mallat
1998):

−∞

where ϕ(t) is wavelet function or mother wavelet
and the ϕ̂(w) is Fourier transform of ϕ(t). Other
wavelets ϕa,τ (t) can be obtained by compressing
and expanding the mother wavelet:


t−τ
−1/2
(8)
ϕ
ϕa,τ (t) = a
a

∗

Wm,n = 2−m/2

N
−1


xi ϕ(2−m i − n)

(11)

i=0

where Wm,n is wavelet coeﬃcient for the discrete
wavelet of scale a = 2m and location τ = 2m n.
The discrete wavelet transform is used to decompose the time series data. By this procedure, the
signal is divided into two parts as approximation
and detail. The process is continued by successive decomposition of the approximation. In this
way, the original signal is broken down into lower
resolution component.
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3.5 Coupled wavelet and ANN (WANN)

3.7 Approach

WANN structure consists of wavelet transform
and ANN model as explained in an earlier section. Wavelet-ANNs are the ANN models where
the decomposed subsignals are used as the
inputs. In this structure, back propagation process is used to compute weights through training the WANN model. These decomposed subsignals are obtained by discrete wavelet transform
because of less computational eﬀort than continuous wavelet transform. Wavelet-ANNs were introduced by Zhang and Benveniste (1992) as an
alternative to feedforward ANNs. Wavelets can also
be used within the ANN structure as substitutes to
activation functions (Alexandridis and Zapranis
2013).

The SSM/I data acquired in descending mode is
selected to estimate SWE. It should be noted that
in descending mode data is recorded in the early
morning which usually represents dry snow condition. Using the best Cell-SWE extraction method
as described by equation (6) (method 4), the SWE
value in EASE-Grid cell is calculated from the measured raw data and corresponding Digital Number (DN) values of the EASE-Grid cell extracted
from seven channels. In this study, ﬁrst, ANN without any data pre-processing within Tehran basin
is developed to estimate the nonlinear relationship
between the DN and SWE values as inputs and
output of the model, respectively. In this regard,
according to the measured SWE within 19 years
(1990–2008, inclusive), 223 data series are obtained
to establish the models. Due to rather small number of available data and for better training of the
neural network, only 10% of the data is used to
validate the neural network model. Thus, from 223
available data, 203 data is applied for training and
the remaining 20 datasets are allocated for validation process. Also, because of small number of
validation data and to achieve more reliable and
robust model, k-fold resampling method is used.
Moreover, the application of discrete wavelet transform in conjunction with ANN model is investigated. Data from channels 1 to 7 are decomposed
by discrete wavelet transform and used as inputs
of ANN. The advantage of this model over ANN
lies in its ability in identifying the components of
the nonstationary time series, such as SWE, by
multi-level wavelet decomposition.
The models are evaluated through three wellknown criteria as presented in table 2.
In forecasting models, NSE gives a better measure about the goodness of forecasts. Coeﬃcient of
determination by itself could mislead one by showing high values, where predicted ﬂows are very different, but highly correlated with observed ones.
RMSE could help to partly overcome this problem
but it fails to give a ﬁrm measure of model accuracy because its value is data scale dependent. On
the other hand, NSE is dimensionless and free of
scale and has been widely used in hydrology and
other ﬁelds of science since it was introduced by
Nash and Sutcliﬀe (1970).

3.6 k-fold cross validation
Cross validation method plays an important role
in proper interpretation of the results obtained by
the model. The commonly practiced method consists of dividing the dataset into two parts. Usually ﬁrst 80% of the data is used for training and
calibration of the model where the optimum value
of adjustable parameters is determined and the
remaining 20% at the end of data period is used
to validate the trained model. A major setback
of this method concerns the representativeness of
the period selected for validation. If the validation period is a dry or wet period, or if it consists a diﬀerent rainfall-runoﬀ regime, then the validation results could be erroneous. On the other
hand, employing a limited data could give optimistic or otherwise pessimistic results that are both
unreal. k-fold is a method that could overcome
these problems.
With k-fold method, datasets are divided into k
parts. Noting that each dataset should be divided
into two parts of training and validation; in each
run, one fold of data is allocated for validation
and k −1 folds are allocated for training the model.
This process is repeated k times and real error
of this model is estimated by averaging the error
of k runs of the model (Refaeilzadeh et al. 2009).
k-fold method has considerable advantage over
the common practice; for example, it makes the
data play two roles of training and validation in
the whole k runs. The results obtained by using
k-fold may or may not be higher in evaluation
parameters as compared to the classic method, but
these results are real and more reliable. Therefore, the model evaluated by this method is more
dependable. For estimating the actual performance
of model and to obtain more reliable results, kfold cross validation method is employed in this
paper.

4. Results and discussion
In this section, ﬁrst, feedforward multilayer perceptron (MLP) neural network trained by Levenberg–
Marquardts scheme of back propagation algorithm
is used to estimate the SWE values. It should
be mentioned that in all ANN models, a single

ANN coupled with wavelet transform for estimating SWE

1597

Table 2. Forecasting accuracy criteria.
Parameter

Formula

N

Coeﬃcient of determination (R2 )

(Qobsi − Qobs ) × (Qpredi − Qpred )
N
2
2
i=1 (Qobsi − Qobs ) ×
i=1 (Qpredi − Qpred )

N

i=1



Root mean square error (RMSE)
Nash–Sutcliﬀe model eﬃciency (NSE)

Deﬁnitions
2

N
i=1

(Qobsi − Qpredi )2
N −1
N
2
i=1 (Qobsi − Qpredi )
1 − N
2
i=1 (Qobsi − Qobs )

hidden layer is assumed and the number of neurons in this layer is selected by trial and error.
Also, for better performance of the neural network
model, available data are normalized between zero
and one. So, SWE is presented in dimensionless
form in ﬁgures.
In this case, using k-fold method, datasets are
divided into 11 parts (folds) and then in each run,
one fold of data is set aside for validation and the
remaining 10 parts are used for training the model.
It was mentioned earlier, data from channels 1 to 7
(seven inputs) are used as input variables to estimate the SWE as the model output. The results
obtained by ANN model using k-fold resampling
method are presented in table 3.
According to table 3, the model in stage 5 has
the weakest results with NSE value equal to −1.77.
This means that probably the dataset used for validation in this stage has a diﬀerent trend than
the rest of data that are used in calibration of
the model. Also, the model in stage 11 shows the
strongest performance with an NSE value of 0.55.
This is also probably an indication that the validation data in this stage is in accordance with the
main trend of the training data. It is evident from
these results that if a classic method was used we
could have made erroneous conclusions about the
model performance. The average performance of
the model has an NSE value of about 0.10. The
model in stage 6 has a close performance to the
average NSE which is selected for further analysis. So, this part of data (inclusive 2002–2003)
is used as the validation period in ﬁgure 2. It is
necessary to mention that because of using normalized data, the RMSE values are dimensionless
throughout this paper.
Figure 2 shows the estimated and observed SWE
and scatter plot of selected ANN model for validation period. The solid line in the left plot shows
the perfect prediction where data calculated by
the model perfectly matches the observed ones.

Qobsi : observed,
Qpredi : predicted,
Qobs : mean observed,
Qpred : mean predicted,
N : number of data
Par. Ranges:
(0 ≤ R2 ≤ 1)
(0 ≤ RMSE ≤ ∞)
(−∞ ≤ NSE ≤ 1)

It is evident from the data scatterings in the left
plot that the model predictions are insensitive
to variations of the observed data. This explains
the point that due to low NSE value of 0.10,
which is close to zero, the model performance is
not much better than the observed average. Obviously, this model would not be suitable for SWE
estimates.
In the next step, a hybrid model using the preprocessed data, generated by the wavelet method,
is used as the input to the ANN model in order
to improve the results. In other words, wavelet
decomposition helps obtaining detailed and ﬁne
features from the time series signals that enter as
the inputs to the ANN model. These subsignals
explain a better behaviour of the process and reveal
more characteristics of the input data by which
the ANN receives better training. In this article,
the wavelet-ANN (WANN) model is established
by applying subsignals computed through discrete
wavelet transform (DWT) on original signals. Signals are the data related to channels 1 to 7 of SSM/I
sensor.
Through wavelet decomposition method, one
approximation subsignal of the original signal
and several detail subsignals (equal to number of
decomposition stages) are obtained and these subsignals of discrete wavelet transform show variations on diﬀerent scales. In this application, coiﬂet
1 was applied as mother wavelet by trial and error
and 2 decomposition levels are selected for decomposing time series. Time series with scales 21 ,
22 , and approximate and original signals of data
related to channel 1 are presented in ﬁgure 3. With
these decomposed sub-signals as the input of ANN
model, 21 inputs (one approximate and two details
for each signal), related to 1990–2008 duration, are
applied to estimate the SWE values.
Once again the k-fold resampling method is used
following all the previously explained steps. The
results obtained by WANN model as presented in
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Table 3. Results of ANN model using k-fold resampling method.
Stage
1
2
3
4
5
6
7
8
9
10
11
Mean:
Min:
Max:

Training
period
The remaining

Validation period
Validation period
Part
Part
Part
Part
Part
Part
Part
Part
Part
Part
Part

1 (Twenty-data)
2 (Twenty-data)
3 (Twenty-data)
4 (Twenty-data)
5 (Twenty-data)
6 (Twenty-data)
7 (Twenty-data)
8 (Twenty-data)
9 (Twenty-data)
10 (Twenty-data)
11 (Twenty-three data)

NSE

(R2 )

RMSE

0.18
0.05
0.18
0.36
−1.77
0.09
0.46
0.53
0.19
0.35
0.55

0.28
0.06
0.26
0.44
0.68
0.24
0.65
0.58
0.24
0.48
0.6

0.33
0.35
0.22
0.25
0.24
0.30
0.26
0.20
0.24
0.2
0.14

0.10
−1.77
0.55

0.41
0.06
0.68

0.25
0.14
0.35

Figure 2. The estimated and observed SWE and scatter plot of ANN model for validation period.

Figure 3. (a) Original input signal (channel 1); (b) approximation subsignal of input signal (level 2); (c) detail subsignal
of input signal (level 2); and (d) detail subsignal of input signal (level 1).

ANN coupled with wavelet transform for estimating SWE
table 4 show a substantial improvement over the
ANN model.
Table 4 shows that the model in stage 9 has
the weakest performance with an NSE value equal
to 0.21. Also, the WANN model developed in
stage 11 shows the best performance with NSE
equal to 0.68. The average NSE obtained for all
k-folds is about 0.43 which is a signiﬁcant result
for passive microwave application in mountainous areas. We observe that the model in stage
5 has the closest performance to the average
of all runs which is selected for further analysis. In addition, this part of dataset (inclusive
2000–2002) is used as the validation period in
ﬁgure 4.
Figure 4 shows the estimated and observed SWE
and scatter plot of selected WANN model for validation period. The solid line in the left plot shows
the place of perfect prediction.
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A comparison of results obtained by the classic
ANN model with those of the hybrid WANN model
reveals improvement in results by using hybrid
model. The average NSE of ANN model is 0.10
(table 3) whereas for the WANN model, mean NSE
is 0.43 (table 4), indicating a substantial improvement. Other parameters including average R2 and
RMSE for ANN are 0.41 and 0.25, respectively,
while they are 0.50 and 0.15 for WANN model, also
showing a similar trend. The improvements in the
maximum and minimum of parameters are more
noticeable. Minimum NSE in ANN model is −1.77
which is increased to 0.21 in the WANN model.
The real value of hybrid model is more appreciated
by comparing the plots in ﬁgures 2 and 4. Comparison of time series plots and the scatter plots
shows that the SWE values estimated by the
WANN model are more precise than those found
by the ANN.

Table 4. Results of hybrid WANN model using k-fold resampling method.
Stage
1
2
3
4
5
6
7
8
9
10
11

Training
period
The remaining

Mean:
Min:
Max:

Validation period
Validation period

NSE

R2

RMSE

Part
Part
Part
Part
Part
Part
Part
Part
Part
Part
Part

0.34
0.32
0.25
0.5
0.44
0.36
0.54
0.64
0.21
0.51
0.68

0.35
0.32
0.28
0.6
0.56
0.56
0.67
0.70
0.30
0.53
0.68

0.21
0.21
0.15
0.16
0.07
0.18
0.17
0.13
0.17
0.13
0.09

0.43
0.21
0.68

0.50
0.28
0.70

0.15
0.07
0.21

1 (Twenty-data)
2 (Twenty-data)
3 (Twenty-data)
4 (Twenty-data)
5 (Twenty-data)
6 (Twenty-data)
7 (Twenty-data)
8 (Twenty-data)
9 (Twenty-data)
10 (Twenty-data)
11 (Twenty-three data)

Figure 4. The estimated and observed SWE and scatter plot of WANN model for validation period.

1600

A B Dariane et al.
5. Conclusion

In this paper, the application of classic ANN
and a hybrid model combining the wavelet and
ANN (WANN) was investigated in estimating the
value of SWE in a mountainous basin. Microwave
images acquired from Spectral Sensor Microwave
Imager (SSM/I) were used to estimate the SWE of
Tehran sub-basins during 1992–2008 period. Also
for obtaining measured SWE within the corresponding Equal-Area Scalable Earth-Grid cell of
SSM/I image, approach of Cell-SWE extraction
was successfully used. It was found that the application of neural networks in SSM/I images helps
in better estimations of SWE values. Moreover,
wavelet transform when combined with ANN was
able to substantially enhance the performance of
the model. A comparison of results obtained by
the classic ANN model without any data preprocessing with those of the hybrid WANN model
that employs wavelet transform to pre-process the
input signals revealed the true value of wavelet
transform. The average NSE of ANN model was
found to be 0.10, whereas for the WANN model,
mean NSE was estimated at 0.43, indicating a substantial improvement. In addition, comparison of
time series plots and the scatter plots showed that
the SWE values estimated by the WANN model
are more precise than those found by the ANN.
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