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ABSTRACT: A method for monitoring Snow Covered Area (SCA) using optical remote sensing data is pre-
sented. The monitoring results during the snowmelt season 2003 were assimilated with the Finnish national
hydrological forecasting system in order to obtain best possible forecasts.  The remote sensing method is
based on a semi-empirical reflectance model, where reflectance from target area is expressed as a function of
forest transmissivity, SCA and three major reflectance contributors (snow, snow-free ground, and forest can-
opy). The assimilation procedure requires information on the accuracy for each SCA-estimate. For reflectance 
model, these are obtained by applying the standard law of error propagation using empirically gained standard
deviations for all parameters of the model. The success of the joint use of remote sensing and hydrological 
modeling is presented for a drainage basin located in southern Finland. The results indicate that spatial infor-
mation of SCA can drastically improve the forecasting accuracy particularly at the end of the melting season. 

 

 

1 INTRODUCTION 

Information on seasonal snow cover and its melting 
is important for various reasons; flood prevention 
and hydropower management are typical subjects. 
Hydrological models are commonly used for simu-
lating and forecasting the snowmelt, but they usually 
suffer from the lack of reliable information on the 
extent of snow cover. However, this information is 
important when estimating the real amount of snow 
(i.e. snow water equivalent). Remote sensing offers 
a technique to obtain spatially well-distributed in-
formation on snow cover. Assimilation between 
earth-observed information and hydrological model-
ling is expected to improve the forecasting accuracy 
of the model. 

Optical and near-infrared sensors as well as mi-
crowave radars can distinguish between snow and 
snow-free ground. In Finland, studies on remote 
sensing for snow monitoring have been carried out 
for several years, resulting in two feasible methods 
for estimating the areal extent of snow cover using 
either optical or SAR-data (Metsämäki et al., 2001; 
Koskinen et al., 1997; Pulliainen et al., 2001). Both 
methods are formulated in a way that data-
assimilation with a hydrological model is possible.  

 

Although SAR-data has a great advantage of be-
ing almost independent of weather conditions, the 
operative remote sensing-based snow mapping was 
first accomplished with optical and near-infrared 
data produced by NOAA/AVHRR-sensor. This is 
due to the near real-time availability, good spatial 
coverage and low cost of optical data. With the 
novel method based on the empirical reflectance 
model (Metsämäki et al., 2001), the areal fraction of 
snow covered area (SCA) has been monitored in 
Finnish Environment Institute (SYKE) since the 
year 2000. From the very beginning, this activity 
was planned to support SYKE’s nationwide opera-
tive hydrological modelling. Since the reflectance 
model is adaptable to any optical data, we have now 
upgraded our activities to employ also TERRA/ 
MODIS-data, which we expect to give even better 
results than the AVHRR. 

In this study, data-assimilation with a hydrologi-
cal model has been investigated for the AVHRR-
based method. Here determining the error character-
istics of SCA-estimates plays an essential role. The 
information on the accuracy is needed both in model 
calibration and in the actual assimilation during fore-
cast. Spring 2003 was the first period when snow 
information gained from earth observation data was 
utilized in the national hydrological modelling in 
Finland. 
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2 TEST SITE 

The study area for the remote sensing method pre-
sented here covers the drainage basins of Finland, 
including minor parts of Russia, Norway and Swe-
den, compounding an area of 404 000 km

2
. Finland 

is located in the boreal forest zone; additionally, 
wide non-forested or barren areas up in the northern 
parts of the country. Forests cover 72% of the total 
acreage, while 9% is covered by thousands of fresh-
water lakes. About 80% of Finland is lowland, lying 
below 200 meters, and the highest point in the coun-
try is the fjeld Halti at 1328 metres (Tikkanen, 
1994). Seasonal snow usually covers the whole 
country during winter months (November-May in 
the north, December-April in the south). Large 
variations appear in structure and depth of the snow 
pack as well as time of accumulation and melting. 
The average annual snow water equivalent is as high 
as 140-200 mm in Northern Finland and 80-140 mm 
in Southern Finland (Kuusisto, 1984; Solantie et al., 
1996).   

Finland is divided into 5845 drainage basins with 
an average acreage of 60 km

2
. The national hydro-

logical model operates for all of these. In this study, 
the Porvoonjoki river basin located near the southern 
coast stands for a test area for data assimilation. The 
acreage of this basin is 1135 km

2
 with lake percent-

age 1,7 %. This basin is usually snow free in early 
May.  

 

2.1 Remote sensing of Snow Covered Area (SCA) 

Our remote sensing method for SCA estimation is 
based on a very high reflectance of snow compared 
with other natural targets. In the estimation, we ap-
ply an empirical reflectance model where SCA is in-
cluded to describe the relative proportion of the ra-
diative contributors underneath the forest canopy. In 
the model, reflectance from target is expressed as a 
function of forest canopy transmissivity and gener-
ally applicable reflectance values for wet snow, 
snow-free ground and forest canopy: 
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where snow, ground and forest are the reflectances for 
wet snow, snow-free ground and forest canopy, re-
spectively. SCA) stands for observed reflectance at 
current SCA. The value for transmissivity t is char-
acteristic for each calculation area, i.e. drainage ba-
sin in this case. It describes how much of the upwell-
ing radiance is originated from forest floor. With full 
snow cover (SCA=1), a simple expression for t

2
 is 

obtained from (1): 
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For each basin, the apparent transmissivity 2t̂  
was estimated  from (2) using regionally averaged 
visible and near-infrared reflectance data from 
AVHRR mosaic (years 1999-2000) under full snow 
cover conditions (Robinson and Kukla, 1985; 
Metsämäki et al., 2001). Formula (2) yields a low 
transmissivity for areas with dense forests and high 
transmissivity for totally open areas. 

After determining the apparent transmissivity 2t̂  
for each drainage basin, the value of SCA is calcu-
lated by inverting (1), as follows: 
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In (3), the wavelength region for reflectance may 
vary from blue to near-infrared, depending on sen-
sor. With NOAA/AVHRR we have used an average 
from channels 1 and 2 (580-680nm and 725-1000 
nm). This is in order to find a balance between the 
advantages and disadvantages of both these chan-
nels: on one hand, reflectance is very dependent on 
snow grain size particularly at near-infrared, on the 
other hand, visible reflectance is more sensitive to 
snow impurities and haze. In this study, valid values 
for snow , ground and forest were derived from 
AVHRR dataset by carefully selecting the represen-
tative areas, using The National Land Use and Forest 
Map of Finland (Vuorela, 1997) as a reference. Note 
that in (3), snow  refers to wet snow, explicitly. For 
wet snow and bare ground, the representativity of 
the AVHRR data was validated with in situ snow 
data from weather stations. 

At the very end of the melting season, the appear-
ance of seasonal green vegetation increases the ob-
served reflectance, which might cause overestima-
tions of SCA. This is taken into account by applying 
a particular threshold rule for normalized difference 
vegetation index (NDVI=( 2- 1)/ 2+ 1)), calculated 
from the AVHRR observations.          

bitathNDVI 2ˆ*   (4) 

a and b are empirical parameters (Vepsäläinen et al., 
2001b). With this threshold value, basins of too high 
NDVI are automatically classified as snow-free. 

 

2.2 Validation of NOAA/AVHRR-derived SCA  

The accuracy of SCA estimates was validated 
against the daily weather observations collected by 
the Finnish Meteorological Institute (FMI) from 700 
observations sites. The observation method follows a 
particular snow code regulated by the World Mete-
orological Organization, indicating full, partial or 
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0% coverage. Validation was made for the estimated 
SCA values from years 2001 and 2002. Estimated 
SCA for a drainage basin was compared with the 
weather observation data from the same day for all 
stations located closer than 10 km from the drainage 
basin. The total number of observations reached 
14186. 

In order to compare SCA estimates and in situ 
weather observations, the estimates were quantified 
according the SCA-categories defined by the snow 
codes. In table 1, cross tabulation between these 
categories is presented. Best results were achieved at 
full snow cover or snow-free conditions, while with 
partial snow cover, matching was worse. However, 
these results are deteriorated by the fact that weather 
station observation represents local conditions 
whereas an SCA estimate is calculated for a drain-
age basin with an average acreage of 60 km

2
.
 
An-

other way to interpret the results is presented is fig-
ure 1, where histograms for estimated SCAs for each 
weather station category is presented. 
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Figure 1. Histograms from the estimated SCA when in situ ob-

served SCA was a) 0 %, b) 0 %<SCA<50 %,  

Table 1. Crosstabulation between weather station observations 

and SCA-estimates. Percentages of SCA-estimates falling to 

each snow category on weather station are presented. 
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c) 50% SCA<100 %  and  d) 100 %. 

 Categorized SCA estimates   Weather station
  category SCA = 0  0 SCA<50  50 SCA<100  SCA = 100 

  SCA = 0 65.5 29.2 1.0 0.3

  0 SCA<50 34.3 59.7 11.9 1.4

  50 SCA<100 0.2 9.3 29.3 9.2

  SCA = 100 0.0 1.8 57.8 89.1

  number of obs. 1886 2893 3415 5992
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2.3 Accuracy assessment of remote sensing method 

The accuracy of an SCA-estimate can be achieved 
by using standard law of error propagation, where 
accuracies for all variables in the SCA-model (2) 
must first be determined. We started the work by in-
vestigating the accuracy of regional forest transmis-
sivity. Since forest transmissivities for basins are 
calculated from AVHRR-reflectances under dry 
snow full cover conditions, the statistical accuracy 
can be estimated by investigating the average vari-
ance of those reflectances. The basin-wise variances 
were derived from three days data set consisting of  
reflectances with different viewing geometries (for-
ward scattering, backscattering and near-nadir view) 
for each day. A data set with more than 900 cases 
was analyzed. It was clear that difference between 
forward scattering and backscattering reflectances 
increases with increasing reflectance level. This is 
because the largest reflectances have a bigger con-
tribution from snow

1
, and snow is a strong forward 

scatterer. As a result from this study, standard devia-
tion for transmissivity was obtained. 

In order to calculate the accuracy for SCA-
estimate itself, the law of error propagation is used 
again. First, we need to determine standard devia-
tions for all three reflectance contributors. This was 
carried out empirically by analysing a large set of re-
flectance data from AVHRR pixels representing 
those three contributors.  In figure 2, a reflectance 
time series for one of such pixels (dense forest) is 
presented.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2. Reflectances for one  representative  forest pixel. 

 
After determining the standard deviations for 

transmissivity and the reflectance contributors, the 
law of error propagation gives standard deviations 
for SCA-estimates as a function of SCA and forest 

                                                 
1 those reflectances are observed from basins with higher forest 

transmissivity ,i.e. rather open areas with more snow distin-

guishable to the satellite sensor. 

transmissivity. In figure 3, 67% confidence limits 
(estimate std) are presented for very dense forest 
and for open area as a function of SCA. Note that in 
figure 3b), standard deviation for snow reflectance 

snow is set double as high as it was found in the em-
pirical data set. This is to be sure that reflectance 
variation for different kinds of snow (wet snow, re-
frozen snow, dirty snow etc.) was considered in the 
analysis. In figure 3 a) the empirical standard devia-
tion is used. These results evidently show that the 
accuracy is weaker with lower transmissivity (i.e. 
forested areas). Additionally, Figure 4 shows that 
relative error increases with decreasing SCA.  

 
a) 

 
 b) 

 
Figure 3. Error limits for SCA-estimates as a function on SCA  
when standard deviation for snow reflectance is a) 7 and b) 14. 
 
 

 
 
 
 
 
 

222 S. Metsämäki, M. Huttunen & S. Anttila



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4. relative error for SCA as a function of forest trans-
missivity for different levels of SCA. 
 

2.4 The hydrological model 

The operative hydrological simulation and forecast-
ing system of SYKE (WSFS) simulates the hydro-
logical cycle for the all land area of Finland and 
cross border watersheds (Vehviläinen, 1994). Fore-
casts for discharge and water level are made for 
5500 sub-basins, covering the area of 394 000 km

2
 

(mean acreage of 60 km
2
). The basic component of a 

watershed model is a conceptual hydrological model 
simulating runoff using precipitation, potential eva-
poration and temperature as input as input (Figure 
5).    

  
The output of a model includes 

 Water level 

 Discharge 

 Snow water equivalence (SWE) 

 
These three are also used for model simulation cor-
rection during the snow melting period, as ground 
observations are made on regular basis. Accord-
ingly, they have been used also for model calibra-
tion. Snow covered area (SCA) serves as an impor-
tant state variable, but due to the lack of reliable 
ground observations, it has not been used in model 
simulation correction until melting season 2003 
when assimilation with remote sensing data was car-
ried out. In addition to daily forecasts for discharge, 
water level and snow water equivalent  displayed as 
evolving graphs for the whole melting period, daily 
maps of SCA and SWE over the whole Finland are 
produced. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. General structure of the basic Snowmelt-runoff com-

ponent of a watershed model. 
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3 ASSIMILATION OF REMOTELY SENSED 
SCA AND THE HYDROLOGICAL MODEL 

3.1 Calibration of the model 

In the hydrological model, the Porvoonjoki river ba-
sin is divided into 37 sub-basins. In the model, there 
are 55 parameters for each sub-basin, which makes a 
total of 2035 parameters that are calibrated for this 
basin. In the calibration procedure the simulated and 
observed discharge, snow water equivalent and SCA 
are compared on a long, 20 years period. However, 
the remote sensing-derived SCA-estimates are avail-
able only since the year 2000. A comparison of the 
simulated and observed SCA is in the figure 6. The 
figure shows that the best agreement between the 
hydrological model and remotely sensed SCA is ob-
tained at almost full snow cover or at nearly melt-off 
conditions. The biggest differences occur when the 
SCA is about 50 %. In the calibration procedure, the 
differences during the three-years calibration period  
are used to determine the calibration coefficients. 
Additionally, this information is used in the data as-
similation procedure when the model is updated be-
fore making the forecast.  
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 6. Differences between SCA-estimates produced by the 
hydrological model and remote sensing model as a function of 
SCA. 

 

3.2 Assimilation with remotely sensed SCA 

In the data assimilation procedure the inputs of the 
hydrological model, precipitation and temperature 
are corrected so that the simulated outputs, dis-
charge, snow water equivalent and SCA agree with 
the observed values. The data assimilation is carried 
out by applying an optimization procedure for 

minimizing an error function, which consists of the 
differences between simulated and observed values 
and which includes also the modifications made into 
the model inputs. The minimized error function is a 
weighted sum of: 

- difference between simulated and observed discharge 

- difference between simulated and observed snow water  

  equivalent 

- difference between simulated and RS-observed SCA 

- how much the input temperature is modified 
- how much the input precipitation is modified 

 
The weights for the different parts of the error 

function have been optimised empirically by looking 
the forecasting accuracy of the model. For the SCA 
observations, weights are determined by the differ-
ences found in the calibration phase. As the biggest 
differences occurred when the SCA was about 50 % 
(Fig. 6), SCA-estimate close to 50% is gets a lower 
weight. This means that a bigger difference between 
simulated and remotely sensed SCA-values is al-
lowed before updating the model. On the other hand,  
remotely sensed SCA-estimates are highly weighted 
near values 0% and 100% (see Fig. 6). 
 

Figure 7. Errors in forecast of total discharge in simulation pe-
riod 15th of March – 10th of May, 2003. A different sets of ob-
servations are used to illustrate their effect on forecast accu-
racy. 

 
In figure 7, daily forecasts for total discharge in Por-
voonjoki test basin for period March 15

th
 - May 10

th
 

in year 2003 is presented. In order to illustrate the 
effect of assimilation, the initial snow water equiva-
lent  was set to be 30 % too high on the March 15'th. 
Four different forecasts were made with four input 
data sets: 1) only discharge observations (Q) were 
used, 2) discharge and remotely sensed SCA were 
used, 3) discharge and snow water equivalent (SWE) 
were used and 4) all of these (Q, SWE and SCA) 
were used. In the first case we can see that the error 
of the forecast stays high until decreases rapidly on 
April the 20

th
. In the second case the model benefits 
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from SCA-information  in the end of March indicat-
ing the first snow melt (see Fig. 8) and decreases the 
forecast error accordingly (Fig. 7). In the third case, 
using the in situ snow water equivalent leads to clear 
decrease in the forecasting error (this is self-
explanatory as in this test, the initial SWE was set 
too high). In the fourth case the error was still de-
creased, being very small already 20 days before the 
end of the period. Such a successful simulation 
proves that information on SCA really benefits the 
model, mainly by correcting the wrong estimate of 
the amount of snow (snow water equivalent). It it 
worth noting that normally the availability is in situ 
SWE is very limited, which makes the SCA-
information very valuable. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 8. SCA-estimates produced by hydrological model after 
the assimilation, fleshed out by remotely sensed SCA-estimates.  

4 RESULTS AND DISCUSSION  

In the validation for the SCA derived with the reflec-
tance model, the highest accuracy was reached in the 
full snow coverage or in snow free conditions. How-
ever, the results for partial snow coverage show the 
clear problem with the validation data used. Local in 
situ observations with only five SCAcategories for 
the SCA causes problems when they are compared 
with the SCA-estimates calculated for the whole 
drainage basin. On the other hand, in the early stage 
of the melting season, snow disappears first under 
the coniferous trees. Local observations recognise 
this easily but for the optical sensors it is a very 
complicated task.  

The accuracy of remotely sensed SCA is likely to 
improve when the effect of viewing geometry is in-
cluded in the reflectance model. So far, the variance 
of reflectance caused by different viewing geome-
tries appears as a weakened statistical accuracy (see 
2.3) 

 

The assimilation test carried out in this study was 
accomplished without accuracy information on each 
individual SCA-estimate. This was due to the de-
layed results from the accuracy analysis.  Accord-
ingly, the accuracy information was not yet available 
in the calibration phase. Therefore, we expect to get 
even better results when calibration and assimilation 
are re-run in the near-future.  

5 CONCLUSIONS 

Remote sensing of Snow Covered Area offers valu-
able information for hydrological modelling. As-
similation of remotely sensed SCA and hydrological 
model drastically improves the forecasting accuracy.  
Though Snow Water Equivalent (SWE) seemed to 
improve the forecast even more, the weak availabil-
ity of SWE-measurements makes SCA clearly more 
important for hydrological modelling in the ope-
rational work.  

REFERENCES 

Koskinen, J., Pulliainen, J. and Hallikainen, M. 1997. The use 
of ERS-1 SAR data in snow melt monitoring. IEEE Trans-
actions on Geoscience and Remote Sensing, 35:601-610. 

Kuusisto, E. 1984. Snow accumulation and snowmelt in 
Finland. Publications of the Water Research Institute, Na-
tional Board of Waters, Finland. 55, 149 p. 

Metsämäki, S., Vepsäläinen J., Huttunen, M., Hynninen, M., 
Pulliainen, J. 2002. Operative estimation of snow covered 
area for the needs  of hydrological modelling, in Geoinfor-
mation for European- wide Integration (proceedings  of 
22nd EARSeL Symposium on Remote Sensing,  Prague, 
Czech Republic, 4 - 6 June 2002), Mill press, 2003. 

 ISBN 90 77017 71 2. 
Metsämäki, S., Vepsäläinen, J., Pulliainen, J., Koskinen, J., 

Huttunen, M., Hallikainen, M. 2001. The Applicability of 
C-Band SAR and Optical Data for  Snow Monitoring in 
Boreal Forest. LandSAR -Third International Symposium, 
Sheffield, United Kingdom. 

Pulliainen, J., Koskinen, J. and Hallikainen, M. 2001. Compen-
sation of forest canopy effects in the estimation of snow 
covered area from SAR data. Proceedings of IGARSS'01, 
Sydney, Australia, 9-13 July 2001. 

Robinson, D.A. and Kukla, G. 1985. Maximum surface albedo 
of seasonally snow-covered lands in the Northern Hemi-
sphere, Journal of Climatology and Applied Meteorology, 
23: 402-411. 

Solantie, R., Drebs, A., Hellsten, E., Saurio, P. 1996. Lumipeit-
teen tulo-, lähtö- ja kestoajoista Suomessa talvina 
1960/1961-1992/1993. Meteorological Publications 34, 
Finnish Meteorological Institute, Helsinki 1996. 

Tikkanen, M. 1994. Suomen pinnanmuodot (The Landforms of 
Finland). Terra 106:3, pp. 181-192. Journal of the Geo-
graphical Society of Finland. 

Vehviläinen, B. 1994. The watershed simulation and forecast-
ing system in the National Board of Waters and Environ-
ment. Publications of the Water and Environment Research 
Institute,No.17, National Board of Waters and the Envi-
ronment, Finland. 

225The operative remote sensing of snow covered area in a service of hydrological modelling in Finland


