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Abstract  With the rapid change in the Arctic sea ice, a large number of sea ice observations have been collected in recent 

years, and it is expected that an even larger number of such observations will emerge in the coming years. To make the best use 

of these observations, in this paper we develop a multi-sensor optimal data merging (MODM) method to merge any number of 

different sea ice observations. Since such merged data are independent on model forecast, they are valid for model initialization 

and model validation. Based on the maximum likelihood estimation theory, we prove that any model assimilated with the 

merged data is equivalent to assimilating the original multi-sensor data. This greatly facilitates sea ice data assimilation, 

particularly for operational forecast with limited computational resources. We apply the MODM method to merge sea ice 

concentration (SIC) and sea ice thickness (SIT), respectively, in the Arctic. For SIC merging, the Special Sensor Microwave 

Imager/Sounder (SSMIS) and Advanced Microwave Scanning Radiometer 2 (AMSR2) data are merged together with the 

Norwegian Ice Service ice chart. This substantially reduces the uncertainties at the ice edge and in the coastal areas. For SIT 

merging, the daily Soil Moisture and Ocean Salinity (SMOS) data is merged with the weekly-mean merged CryoSat-2 and 

SMOS (CS2SMOS) data. This generates a new daily CS2SMOS SIT data with better spatial coverage for the whole Arctic.

Keywords  sea ice concentration, sea ice thickness, data merging, remote sensing, Arctic 

Citation: Wang K G, Lavergne T, Dinessen F. Multi-sensor data merging of sea ice concentration and thickness. Adv Polar Sci, 2020, 

31(1): 1-13, doi: 10.13679/j.advps.2019.0016 

 
 
 

1  Introduction 

Data merging is a process of combining data from multiple 
sources into a functioning dataset. In this paper, we confine 
the term “data” as “observation data” from different sensors 
that are already converted into physical parameters such as 
sea ice concentration (SIC) and sea ice thickness (SIT). 
Incorporating observation data into numerical models is 
often referred to data assimilation, which is an important 
technique in numerical weather prediction and ocean 
forecast.   

Both data merging and data assimilation aim to 
                                                        
Corresponding author, E-mail: Keguang.wang@met.no 

provide a complete estimate for the concerned fields. The 
advantage of data assimilation is that it works well even in 
situations where the number of observations is orders of 
magnitude smaller than the number of values required to 
specify the model state (Kalnay et al., 2007), this being a 
common practice in the operational weather forecast. Data 
assimilation is also widely applied in sea ice studies, with 
the assimilation methods ranging from simple direct 
insertion (Caya et al., 2010; Posey et al., 2015), nudging 
(Lindsay and Zhang, 2006; Caya et al., 2010; Tietsche et al., 
2013; Wang et al., 2013; Fritzner et al., 2018), optimal 
interpolation (Zhang et al., 2003; Stark et al., 2008; Wang et 
al., 2013), three-dimensional variational (3DVAR) (Caya et 
al., 2010; Buehner et al., 2013, 2016; Waters et al., 2015), to 
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ensemble Kalman filters (Lisæter et al., 2003; Sakov et al., 
2012; Yang et al., 2014; Fritzner et al., 2018). It is 
interesting to note that, when assimilating the same sea ice 
observations, the forecast quality is quite similar regardless 
of using 3DVAR, direct insertion, nudging, or ensemble 
Kalman filter (e.g. Caya et al., 2010; Fritzner et al., 2018).   

In contrast to the large number of studies on the Arctic 
sea ice data assimilation, studies on sea ice data merging 
have been very limited due to the luxurious requirement of 
data from multiple sources. As far as the authors know, 
there have been only two such studies. Posey et al. (2015) 
developed a relatively rough piecewise method for merging 
SIC observations from Advanced Microwave Scanning 
Radiometer (AMSR2) along with a sea ice mask produced 
by the US National Ice Center. They showed a marked 
improvement in the forecast ice edge location when 
assimilating the merged data compared with assimilating 
the AMSR2 SIC alone. Using the weighted mean and 
optimal interpolation methods, Ricker et al. (2017) merged 
the weekly-mean Soil Moisture and Ocean Salinity (SMOS) 
SIT together with weekly-mean CryoSat-2 (CS2) SIT, thus 
forming a new weekly-mean CS2SMOS SIT data. This is 
an excellent example showing the advantage of data 
merging, where SMOS SIT has high uncertainties in thick 
ice and CS2 SIT has high uncertainties in thin ice. Their 
merged weekly-mean CS2SMOS SIT data not only has a 
larger spatial coverage compared with either SMOS or CS2 
data, it also has overall lower uncertainties in thin and thick 
ice regions.  

It is noteworthy that sea ice data assimilation studies 
have also revealed similar improvement when assimilating 
multi-sensor observations over single observation (e.g. 
Caya et al., 2010; Buehner et al., 2013, 2016; Fritzner et al., 
2019). Compared with multi-sensor data assimilation, the 
multi-sensor data merging (MDM) has several advantages. 
First and most importantly, the merged data is purely from 
observations and hence independent from model 
simulations, it can thus be used not only for model 
initialization but also for model validation. By contrast, 
assimilated fields are a combination of model simulations 
and observations. As a result, they are related to model 
simulations and thus not very appropriate for model 
validations. Secondly, multi-sensor data assimilation would 
generally require comprehensive assimilation techniques, 
such as 3DVAR/4DVAR or ensemble Kalman filter (e.g. 
Caya et al., 2010; Buehner et al., 2013; Waters et al., 2015; 
Fritzner et al, 2019). This can be an extra workload for 
those without such facilities. On the contrary, with a merged 
data any data assimilation methods can be applied. Finally, 
in order to prepare a complete field, the multi-sensor data 
assimilation would need to determine the model error 
covariance, which is extremely difficult. By contrast, MDM 
is generally an analytical solution of the observations, as 
will be seen in section 2. However, it is noteworthy that the 
MDM generally requires a large number of datasets, which 
is rarely available in most cases.  

Sea ice provides a special case for MDM, as in most 
situations it is a two-dimensional matter on the ocean 
surface, which is very easy to observe from space. In recent 
decades, with the dramatic change in the Arctic sea ice and 
the rapid development of satellite instruments, a large 
number of satellite observations have been generated. How 
to best use such a massive observations is generally a big 
data problem. In this study, we focus to show that the 
optimal estimate of a certain parameter can be achieved by 
using the multi-sensor optimal data merging (MODM) 
technique. The present study can be seen as a generalization 
of the earlier work by Posey et al. (2015) and Ricker et al. 
(2017), which were developed for two-sensor data merging. 
In section 2 we introduce the MODM method, and apply 
this method to merge SIC in section 3 and merge SIT in 
section 4. In section 5, we theoretically compare the effect 
of multi-sensor data assimilation with the assimilation of 
the merged data, and discuss the error covariance and 
assumptions. The conclusions are summarized in section 6.   

2  Method  

In this section, we describe the theoretical framework of 
MODM, deduce the general solution, and simplify the 
general solution for a special case that assumes observation 
errors are spatially uncorrelated. This special case is so far 
the most common in sea ice remote sensing data with 
estimated uncertainties.  

2.1  Multi-sensor optimal data merging (MODM)  

Consider a state variable vector x (column vector), such as 
SIC or SIT, for a certain spatial domain such as Arctic, on a 
regular grid with the total grid number of n. Suppose that 
we have m observations xk, k =1…m, for the true state 
vector xt. These observations are assumed being taken with 
different instruments, and their error vector associated with 
each measurement is ઽk = xkxt. For simplicity, all the 
observations are assumed to have been resampled to the 
same grid. Assuming that all the error vectors are random, 
unbiased and normally distributed, thus for the kth 
observation error vector we have the mean ૄ݇= E(ઽ݇) = 0 
and covariance ݇܀= E(ઽ݇ઽܶ݇), where E denotes expectation 
operation and the superscript T denotes transpose. The 
probability density function (PDF) of such multivariate 
normal distribution for any error vector can be expressed as 
(e.g. Todling, 1999).  

fሺࢿ௞ሻ ൌ
ଵ

ሺଶ஠ሻభ మ⁄ ೖ|భࡾ| మ⁄ exp ቀെ
ଵ

ଶ
௞ࢿ

௞ࡾ்
ିଵࢿ௞ቁ,   (1)  

where |݇܀| is the determinant of ݇܀. If we further assume the 
observation error vectors are not mutually corrected, that is 
E(ઽ݆ઽܶ݇) = 0 when ݆ ≠ ݇, the PDF of the joint multivariate 
normal distribution for all the observation error vectors can 
be expressed as  
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where Π denotes multiplication operator. It is thus easy to 
see from Eq. (2) that the maximum likelihood estimate of 
f(ઽ1, ઽ2, …, ઽ݉) is obtained by minimizing the following 
cost function,  

Jሺ࢞ሻ ൌ ∑ ௞ࢿ
௞ࡾ்

ିଵࢿ௞
௠
௞ୀଵ ൌ ∑ ሺ࢞ െ ࢞௞ሻ்ࡾ௞

ିଵሺ࢞ െ ࢞௞ሻ௠
௞ୀଵ , (3) 

where the optimal estimate is considered as an approximate 
to the true value. Differentiate (x) against x, and set it as 0, 
we have  

డ

డ࢞
Jሺ࢞ሻ ൌ

డ

డ࢞
∑ ሺ࢞ െ ࢞௞ሻ்ࡾ௞

ିଵሺ࢞ െ ࢞௞ሻ௠
௞ୀଵ ൌ 0.      (4) 

 Solve Eq. (4) we get the optimal estimate xo, based on 
the m observation vectors xk, where k = 1…m and each 
vector x has n components, such that  

࢞୭ ൌ ሺ∑ ௞ࡾ
ିଵ௠

࢑ୀଵ ሻିଵ ∑ ሺࡾ௞
ିଵ࢞௞ሻ௠

࢑ୀଵ .       (5) 
From Eq. (5) it is easy to obtain the optimal 

observation error vector  
୭ࢿ ൌ ࢞୭ െ ࢞௧ ൌ ሺ∑ ௞ࡾ

ିଵ࢓
࢑ୀ૚ ሻି૚ ∑ ሺࡾ௞

ିଵࢿ௞ሻ࢓
࢑ୀ૚ .  (6) 

Since all the estimates are assumed as unbiased, 
normally distributed and not mutually correlated, the 
optimal observation error covariance becomes  

ࡾ ൌ Eሺࢿ୭ࢿ୭
்ሻ ൌ ሺ∑ ௞ࡾ

ିଵ࢓
࢑ୀ૚ ሻିଵ.        (7) 

For the simplification of Eq. (7), we have applied the 
assumption that the observation error vectors are not 
mutually corrected. In this case, the optimal estimate Eq. (5) 
can be rewritten as   

࢞୭ ൌ ࡾ ∑ ሺࡾ௞
ିଵ࢞௞ሻ௠

࢑ୀଵ .     (5a) 

2.2  Simplification of MODM  

In recent years, more and more sea ice remote sensing 
observations begin to provide local variance or standard 
deviation as a measure of uncertainty (e.g. Tian-Kunze et al., 
2014; Dinessen  and Hacket, 2016; Tonboe et al., 2016; 
Ricker et al., 2017; Lavergne et al., 2019). Accordingly, the 
MODM method may be simplified by further assuming that 
each observation error vector is spatially uncorrelated. In 
this case the error covariance of vector xk becomes  

௞ࡾ ൌ Eሺࢿ௞ࢿ௞
்ሻ ൌ ቌ

ଵ,௞ߪ
ଶ ڮ 0
ڭ ڰ ڭ
0 ڮ ௡,௞ߪ

ଶ
ቍ,  (8) 

where the diagonal element σj,k is the standard deviation of 
the value xj,k, the jth value of vector xk. In this case the 
MODM solution of Eqs. (7) and (5a) can be expressed on 
individual grid as   

௝ߪ ൌ ൫∑ ௝,௞ߪ
ିଶ௠

௞ୀଵ ൯
ିଵ ଶ⁄

,         (9) 
and  

௝ݔ ൌ ௝ߪ
ଶ ∑ ௝,௞ߪ௝,௞ݔ

ିଶ௠
௞ୀଵ ,        (10) 

where j = 1…n denotes the grid ordinal number. This 
indicates that, under the assumption that observation errors 
are spatially uncorrelated, the optimal estimate xj and its 
standard deviation σj on any grid j is only dependent on the 
observed values xj,k and their standard deviations σj,k on the 
jth grid. This simplified result is exactly the same as that 
deduced by Daley (1991) for multiple observations at single 
station. Since the above simplified solution is considered 
for spatially uncorrelated observation vectors, it is no 

wonder that the solution is the same as that for a single station. 
It is also noteworthy that the spatially uncorrected assumption 
for observation errors has already been widely applied in the 
SIC data assimilation (e.g. Lisæter et al., 2003; Lindsay and 
Zhang, 2006; Stark et al., 2008; Caya et al., 2010; Buehner et 
al., 2013; Waters et al., 2014). When the full observation error 
covariance matrices are available, we can apply the full 
optimal estimate according to Eqs. (5) and (7).   

3  Data merging of SIC products  

Considering the current status of error covariance in remote 
sensing products, we use the simplified equations (9) and 
(10) as the basis for MODM of sea ice parameters. We 
apply these two equations for SIC merging in this section 
and for SIT merging in section 4. For practical purpose, we 
select the data for 20 March 2019 as an example. We 
resample all the SIC and SIT products onto the 
Arctic-20 km grid, which is a coarse grid of 20 km for 
ocean and sea ice forecasts in the Norwegian 
Meteorological Institute (Wang et al., 2013). This model 
grid is no longer for short-term operational forecast, but will 
be used for seasonal prediction of Arctic sea ice. The 
nearest-neighbor scheme is used for the data resampling, 
which retains very well the basic structures of the whole 
field for oceanic data with land.  

3.1  EUMETSAT SIC Interim Climate Data 
Record  

SIC is so far the most observed sea ice parameter through 
remote sensing. It is also the basis for determining sea ice 
extent and sea ice area. Three products are used for the 
present data merging. The first product is the 2nd version 
EUMETSAT SIC Interim Climate Data Record (ICDR), 
with the product number of OSI-430-b (ftp://osisaf.met.no/ 
reprocessed/ice/conc-cont-reproc/v2p0). This product is the 
operational extension of the product OSI-450, which is a 
full reprocessing of the EUMETSAT SIC, with the 
state-of-the-art algorithms and an upgraded processing 
chain (Lavergne et al., 2019). The EUMETSAT SIC ICDR 
is computed from the SSMIS sensors, with supplemental 
ECMWF Integrated Forecast System (IFS) analysis data for 
atmospheric correction. The data is available daily, but with 
a latency of 16 d. It contains six variables: main (filtered) 
SIC, raw SIC values, total uncertainty, smearing uncertainty, 
algorithm uncertainty, and status flag. The data are gridded 
at 25 km grid spacing. The uncertainties are expressed in 
terms of standard deviation (STD) of SIC.   

Figure 1 shows an example how the original SSMIS 
SIC data is resampled to the Arctic-20km domain. The SIC 
and its STD are originally projected on the Lambert 
Azimuthal grid (Figures 1a and 1b), which cover the whole 
sea ice covered area of the Northern Hemisphere. In most 
cases, the SIC field (e.g. Figure 1a) has a very good 
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multiple-observation problem for atmospheric data. While 
he considered spatial correlation in the background field, 
his analysis was also based on the presumption that the 
multiple-observation errors are spatially uncorrelated. In the 
present study, with the basic equations (Eqs. 5 and 7) and 
observed spatial correlations, the MODM method provide 
one feasible way to the optimal estimate for multiple 
spatially correlated observation vectors. An alternative 
solution may be to use higher resolution products, so that 
we can still use the simplified method (Eqs. 9 and 10). In 
this sense, the 89 GHz AMRS2 SIC does provide a good 
basis for optimal estimate of spatially uncorrelated 
observations.  

When deducing the compact error covariance (Eq. 7), 
we have assumed that different observation error vectors are 
not mutually correlated. This may not always be the case, 
because most datasets will try to use multiple data sources 
to improve the quality. For example, in the current study the 
sea ice chart is already an objectively merged product using 
a large number of remote sensing products. The merged 
daily SIT here uses a daily SMOS SIT together with two 
neighboring weekly-mean CS2SMOS SIT. Since the 
weekly-mean CS2SMOS SIT already uses SMOS SIT, the 
SMOS SIT and the weekly-mean CS2SMOS SIT are 
somewhat correlated in the thin ice area. For this case, we 
may estimate the extra error variance for the merged daily 
SIT uncertainty. Following the same procedure as Eq. (7) 
and assume that all the other assumptions still applies, we 
can see the final result will be 9/7 of the current error 
variance, i.e. about 13% more than the current standard 
deviation. The change in the error variance will generally 
affect the optimal estimate xo. However, in the present study 
it is basically a replacement of the weekly-mean SMOS SIT 
by daily SMOS SIT. Such a replacement is obviously more 
consistent with the daily data requirement.  

6  Concluding remarks  

Due to the increasing interest in the polar region and the 
development of new satellite technologies, a large number 
of sea ice remote sensing data have been generated in recent 
years, and it is expected that such increasing will continue 
in the near future. In order to make the best use of such 
large number of datasets, a statistically based MODM 
method is introduced to merge an arbitrary large number of 
observations, calculating the optimal estimate and 
uncertainty. It is assumed that all the observation error 
vectors are random, unbiased and normally distributed, and 
that any two of the observation vectors should be not 
mutually correlated. For practical applications, a simplified 
version of MODF is deduced, assuming no spatial 
correlation in any observation error vector. This assumption 
is made to fit the current satellite sea ice remote sensing 
products, in which only local standard deviation is provided 
(e.g. Tian-Kunze et al., 2014; Dinessen and Hackett., 2016; 

Ricker et al., 2017; Lavergne et al., 2019). When the full 
estimate of error covariance is available, we can use the 
general equations (Eqs. 5 and 7) to merge different 
observations.   

One important advantage of the MODM method is to 
provide a complete optimal estimate of the concerned field 
and its uncertainties purely through observations. So it can 
be used not only for better real-time monitoring, but also for 
model initialization and model validation. In addition, we 
have shown that assimilation of the merged data is 
equivalent to assimilate the original multi-sensor datasets. 
This greatly facilitates the data assimilation procedure, as 
we may use a large variety of assimilation methods, which 
will provide similar assimilation and forecast quality 
regardless of using 3DVAR, direct insertion, nudging, or 
ensemble Kalman filter when assimilating the same sea ice 
observations (e.g. Caya et al., 2010; Fritzner et al., 2018).   

We have applied the simplified MODM method for 
optimal estimate of SIC and SIT products in this study. The 
results show that the MODM has high capability in 
reducing the observation uncertainties and increasing the 
spatial coverage of the data. From the merging of SIC, the 
MODM improved the ice edge and removed the fake ice 
along the Norwegian and Icelandic coasts. Due to the 
limited datasets in the current study, the merged SIC STD 
still has further potential to improve, particularly for Davis 
Strait, Baffin Bay and Southern Greenland coast. Additional 
ice charts from Canadian Ice Service and Danish Ice 
Service would be very beneficial to such improvement. For 
the merging of SIT, we see that the merged daily CS2SMOS 
SIT has a substantial improvement compared with the pure 
daily SMOS SIT. It also has a marked improvement 
compared with the weekly-mean CS2SMOS SIT, as it has a 
closer thin SIT to the daily SMOS SIT than the 
weekly-mean CS2SMOS SIT. It also provides a better 
spatial coverage of SIT for the coastal areas and bays.   

In the discussion of the error covariance, we have 
shown that the uncertainties of the merged data are always 
not large than any of the original observations. The MODM 
tends to maintain the best observed data (lowest 
uncertainty), and neglect the high-uncertainty data. This can 
be clearly seen in the SIT merging (Figure 7). For most 
thick ice area, the merged SIT remains unchanged 
compared with the original data. For the thin ice area, it is 
the daily SMOS SIT that replaced the weekly-mean SMOS 
SIT. In this case, the improvement due to the MODM is 
apparent for daily purpose. It is noteworthy that, as a 
statistical method, the optimal solution of MODM depends 
strongly on the data quality of the original multi-sensor data. 
It is particularly important to avoid mismarking the 
erroneous data as low-uncertainty data, which may 
deteriorate the overall optimal estimate.  
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