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A B S T R A C T   

The surface temperature is one of the main parameters for assessing climate change. Temperature change is most 
pronounced in the Arctic, and therefore, it is crucial to accurately estimate sea and sea ice surface temperatures 
in this region. The availability of in situ observations is limited in the Arctic, thus, increasing the need for satellite 
observations to estimate surface temperatures. We present the first Arctic (>58◦N) gap-free climate dataset 
covering the surface temperatures of the ocean, sea ice and the marginal ice zone from 1 January 1982 to 31 May 
2021 based on observations from infrared satellite sensors. The underlying algorithm combines the multi- 
satellite observations and performs a statistical optimal interpolation to obtain daily gap-free fields, with a 
spatial resolution of 0.05◦ in latitude and longitude. In situ observations have been used to derive consistent 
validation statistics over the ocean and sea ice. Comparison of the derived sea surface temperatures against in 
situ measurements from drifting buoys, moored buoys and Argo floats shows mean differences of 0.01 ◦C, 0.04 ◦C 
and 0.04 ◦C and standard deviations of 0.54 ◦C, 0.56 ◦C and 0.51 ◦C, respectively. Over sea ice, the derived ice 
surface temperatures have been compared with KT-19 measurements from IceBridge flights, showing a mean 
difference of 1.52 ◦C and standard deviation of 3.12 ◦C, and with air temperatures from the North Pole (NP) ice 
drifting stations as well as ECMWF distributed buoys and CRREL buoys, with mean differences of − 2.35 ◦C, 
− 3.21 ◦C and  –2.87 ◦C and standard deviations of 3.12 ◦C, 3.34 ◦C and 3.36 ◦C, respectively. The combination of 
sea and sea-ice surface temperature provides a consistent dataset for climate analysis, which is crucial for 
studying climate change and trends in the Arctic. The combined sea and sea-ice surface temperature of the Arctic 
has risen with about 4.5 ◦C over the period 1982–2021, with a peak warming of around 10 ◦C in the northeastern 
Barents Sea.   

1. Introduction 

The surface temperature is one of the main variables for assessing 
climate change (Bates and Diaz, 1991; Bojinski et al., 2014; Folland 
et al., 2001; Kaplan et al., 1998). This is also true for the Arctic, where 
positive feedback mechanisms, e.g. the ice-albedo feedback, amplify 
climate change (AMAP, 2021; Comiso and Hall, 2014; Graversen et al., 
2008; Hall et al., 2004; IPCC, 2019; Pithan and Mauritsen, 2014; Ran-
tanen et al., 2022; Richter-Menge et al., 2017). In the Arctic Ocean, the 
surface temperatures play a crucial role for the heat exchange between 
the ocean and atmosphere, sea ice growth and melt processes (Key et al., 
1997; Maykut, 1986) as well as in weather and sea ice forecasts through 

assimilation into ocean and atmospheric models (Carton et al., 2000; 
Larsen et al., 2007; Oke et al., 2008; Rasmussen et al., 2018; Rayner, 
2003; Song and Yu, 2012). Therefore, it is important to accurately es-
timate the surface temperature of the Arctic Ocean, which consists of 
open ocean, sea ice and a marginal ice zone (MIZ), i.e. the transitional 
region between the open ocean and pack ice. The extreme environment 
and the poor accessibility (especially in the winter season) make in situ 
observations challenging and sparse in the Arctic (Centurioni et al., 
2019; Donlon et al., 2012). Polar orbiting satellites offer a very good 
alternative and addition to the in situ observations through their high 
spatial and temporal coverage of the Arctic. 

A large number of global gap-free (optimally interpolated) gridded 
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sea surface temperature (SST) products (Level 4, L4, analyses) have been 
developed based on a variety of different satellite observations and 
sometimes including in situ observations as well (Donlon et al., 2012; 
Good et al., 2020; Merchant et al., 2014, 2019; Reynolds et al., 2002, 
2007; Roberts-Jones et al., 2012). Differences are known to exist among 
the analyses due to varying input data (both infrared and microwave 
satellite and in situ), quality control procedures, cloud-masks, land/ice 
masks, interpolation techniques and related configurations (e.g. corre-
lation scales and grid sizes). Several inter-comparison studies have been 
performed to understand the consistency and discrepancy of the 
different L4 SST analyses (Dash et al., 2012; Fiedler et al., 2019; Martin 
et al., 2012; Okuro et al., 2014; Yang et al., 2021). The L4 SST analyses 
perform fairly uniformly globally, with accuracies better than 0.5 ◦C in 
clear-sky conditions (Martin et al., 2012; Petrenko et al., 2014; Wang 
et al., 2016), but large uncertainties and significant differences are 
found at high latitudes in particular in coastal and dynamic regions 
(Castro et al., 2016; Dash et al., 2012; Vazquez-Cuervo et al., 2022). The 
extreme atmospheric and oceanographic conditions, sparsely distrib-
uted in situ observations, and persistent cloud cover complicate accurate 
SST satellite retrievals in the Arctic (Donlon et al., 2010; Høyer et al., 
2012). Specialized high latitude algorithms have been developed and 
shown to outperform the global analyses in these regions (Jia and 
Minnett, 2020; Vincent et al., 2008a, 2008b). Improving the SST data 
quality in the Arctic has been identified by the SST community as being 
of high priority for future SST research and developments (O’Carroll 
et al., 2019). 

The presence of both seawater and ice, and the large seasonal and 
inter-annual fluctuations in the sea ice cover, lead to increased 
complexity in the SST mapping of the Arctic region. Traditionally, global 
gridded SST products use independent satellite observed sea ice con-
centration (SIC) to derive an ice mask. Few products simply do not 
report SST in ice covered waters, while most products provide a foun-
dation or mixed layer temperature of the sea water just below the ice, 
which is assumed to be at the freezing point of seawater (− 1.8 ◦C for 
salinities around 35 psu) for high SICs. Different methods and empirical 
relationships have been used to generate proxy SSTs from SICs in the 
MIZ (Banzon et al., 2020), which in some cases are blended with the 
closest open water SSTs (Rayner, 2003; Reynolds et al., 2007, 2002). 

However, the use of under ice SSTs in the MIZ and in sea ice covered 
regions does not represent the surface temperature as very large tem-
perature gradients can exist through the sea ice and snow (Tonboe et al., 
2011). These products cannot be used to estimate the surface heat ex-
change with the atmosphere, and thus, not appropriate for use as 
boundary conditions in e.g. atmospheric models or to assess the surface 
temperature changes in the Arctic Ocean. Combining SST and ice surface 
temperature (IST) is identified as the most appropriate method for 
determining the surface temperature of the Arctic (Minnett et al., 2019). 

Ice surface temperature retrievals from satellites are based on ther-
mal infrared (IR) data, which implies that satellite IST products repre-
sent clear sky temperatures. However, automatic cloud screening over 
Arctic sea ice is challenging due to the resemblance of ice and cloud top 
temperatures. Undetected clouds or atmospheric ice/water typically 
results in larger IST errors than for SST retrievals, including a cold bias 
(Dybkjær et al., 2012; Hall et al., 2004). A number of satellite-based IST 
products are available (Hall et al., 2004; Key et al., 1994, 1997, 2013; 
Maslanik et al., 1997) and some combine Arctic SST and IST (Dybkjær 
et al., 2012; Vincent et al., 2008b), while few products include land 
surface temperatures as well (Comiso, 2003; Comiso and Hall, 2014; 
Dodd et al., 2019). A Near-Real-Time (NRT) gap-free (all-sky) combined 
SST, IST and MIZT product (L4 SST/IST) has been produced for a few 
years within the Copernicus Marine Service (CMEMS; doi: https://doi. 
org/10.48670/moi-00130), however, no L4 SST/IST reanalysis or 
climate data record (CDR) has previously been generated for the Arctic 
Ocean, based on IR satellite observations. Significant differences in 
surface temperatures are observed during all-sky and clear-sky condi-
tions (Nielsen-Englyst et al., 2019; Walsh and Chapman, 1998). 

Therefore, to study climate trends, it is important with an effective way 
to fill in the gaps (due to clouds) since inter-annual variations in cloud 
cover may impact the accuracy of the trends observed when only clear- 
sky data are used (Liu et al., 2008). 

Previously, climate trends have been estimated individually for SST 
and IST records (e.g. (Bulgin et al., 2020; Comiso, 2003; Comiso and 
Hall, 2014; Merchant et al., 2019; Wang and Key, 2005). However, this 
is problematic in the Arctic region due to the large temporal variability 
in the sea ice cover including the overlying northward migration of the 
ice edge on decadal timescales, and thus, the resulting climate trends are 
not easy to interpret (Comiso, 2003). A combined surface temperature 
dataset of the ocean, sea ice and the MIZ provides a consistent climate 
indicator, which is important for studying climate trends in the Arctic 
region. 

This paper presents the generation, validation and analysis of the 
first gap-free, combined sea and sea-ice surface temperature climate 
dataset, with CDR-like temporal consistency, for the Arctic (>58◦N) 
covering the period from 1 January 1982 to 31 May 2021. It is based on 
IR satellite products of surface temperatures from the European Space 
Agency’s Climate Change Initiative (ESA CCI), the Copernicus Climate 
Change Service (C3S) and the Arctic and Antarctic ice Surface Tem-
peratures from thermal Infrared (AASTI). A multiplatform optimal 
interpolation (OI) scheme has been used to combine these data sources 
and fill the gaps due to clouds. It has been developed considering the 
conditions that apply in the Arctic with special attention to the MIZ, 
where it produces a combination of open water SST and IST. Each sur-
face type (i.e. sea ice, open ocean and MIZ), has its own characteristics, 
and thus, it is very important with an accurate SIC product to identify 
the different regions. Because of this, a combination of several SIC 
products and additional filtering and consistency checks between the 
SST and SIC fields have been developed to reduce erroneous SIC ob-
servations and produce an improved SIC product in particular close to 
the coasts. 

The paper is organized such that Section 2, describes the satellite and 
in situ data used for construction and validation of the dataset. In Sec-
tion 3, the methods and processing steps of the SIC and the L4 SST/IST 
fields are described. The results, validation, and analysis of the L4 SST/ 
IST are provided in Section 4, while discussion and conclusions are given 
in Section 5 and Section 6, respectively. 

2. Data 

Multiple sources of satellite observations are used over the sea and 
sea ice surfaces in the Arctic in order to provide IST and SST information 
for the L4 SST/IST processing. Fig. 1 shows the temporal coverage of the 
individual SST/IST satellite products used as input to the Danish 
Meteorological Institute Optimal Interpolation (DMIOI) L4 processing 
system and the in situ observations used for validation. Moreover, it 
shows the temporal coverage of the input SIC products and the auxiliary 
data used in the generation of the OI SIC product (see Section 3.a). 
Details about each data source are provided below. 

2.1. Satellite data 

2.1.1. Sea and sea ice surface temperature 

2.1.1.1. SST CCI L2P. The SST CCI version 2.1 data are used for the 
period 1982–2016, and they are obtained through the ESA CCI project 
(Merchant et al., 2019). The SST CCI data include observations from the 
ATSR 1 instrument on board the ERS-1 satellite, ATSR 2 on board the 
ERS-2 satellite, and the AATSR on board ENVISAT, and the AVHRR on 
board the NOAA and Metop satellites. The CCI SST retrievals provide the 
temperature at 20 cm depth at the nearest of 10:30h or 22.30h local 
time to best represent the daily mean (Embury et al., 2012; Merchant 
et al., 2019). 
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2.1.1.2. C3S SST. For the period 2017–2021, SST observations from 
C3S are used. From 2017 to August 31, 2019, the C3S data are provided 
in satellite swath coordinates, referred to as Level 2 (L2), while the data 
are provided as gridded single L2 files, referred to as Level 3 uncollated 
(L3U) files after this period. The C3S data is obtained from Owen 
Embury (personal communication, 2018) and corresponds to the L3U 
data files available from https://cds.climate.copernicus.eu/ except for 
the higher spatial resolution. The C3S data include observations from 
the SLSTR A/B instruments on board the Sentinel 3 satellites and the 
AVHRRs on board the NOAA and Metop satellites. 

2.1.1.3. AASTI + OSI-205 IST. IST observations are obtained by 
combining two data sources; a climate dataset and data from a NRT data 
stream. The Arctic and Antarctic ice Surface Temperatures from thermal 
Infrared satellite climate dataset version 2 (AASTI v2) covering the 
period 1982–2014 (Dybkjær et al., 2014, 2022) and data from the 
operational OSISAF IST product (OSI-205) covering the period from 
2015 and onwards (Dybkjær et al., 2018). The AASTI and OSI-205 data 
are retrieved by identical algorithms from a single sensor type, the 
AVHRR sensors, where the applied algorithms are calibrated specifically 
for each sensor. The data format for the two datasets differ, as AASTI 
uses the Global Area Coverage (GAC) and the OSI-205 uses the Local 
Area Coverage (LAC), at approximately 4 and 1 km resolution, respec-
tively. In Dybkjær et al. (2018) the retrieval system is described in detail. 

A critical step for IST retrievals is the cloud detection procedure. For 
this purpose, the cloud mask from the EUMETSAT Nowcasting Satellite 
Application Facility (NWCSAF) Polar Platform System version 2014 
(PPS2014) is used (Dybbroe et al., 2005a, 2005b; SMHI, 2014). The PPS 
has for years been used for automatic cloud masking for AVHRR and 
other sensors (Dybbroe et al., 2005b). However, cloud mask quality over 
ice during non-sunlit hours is low due to the similarity of cloud tops and 
ice surfaces at IR wavelengths. 

2.1.2. Sea ice concentration 
The sea ice concentration (SIC) field uses the EUMETSAT OSISAF 

Global SIC CDR v2 product OSI-450 covering the period 1979–2015, and 
the OSI-430b the Interim CDR extension from 2016 onwards. The 
product is derived from coarse resolution (30-60 km) passive microwave 
(PMW) satellite data (SMMR, SSM/I and SSMIS). We hereafter label 
this whole time series as OSI-450, although the OSI-430b period is 
involved as well. In addition, we use data from the ESA CCI programme 

SICCI-25km product, which uses medium-resolution (15–25 km) PMW 
satellite data from AMSR-E (June 2002 to October 2011) and AMSR2 
(July 2012 to May 2017). An extension of the SICCI-25km processing 
has been performed to provide consistent SIC fields after May 2017 
using AMSR2 data. We hereafter label both the SICCI-25km and its 
extension as SICCI-25km. OSI-450 and SICCI-25km share the same al-
gorithms, processing chains and data format (Lavergne et al., 2019), and 
continue earlier work by Andersen et al. (2007) and Tonboe et al. 
(2016). Both OSI-450 and SICCI-25km are presented at 25 km grid 
spacing. However, the true spatial resolution of OSI-450 is coarser due to 
the larger footprints of the SMMR, SSM/I and SSMIS channels used by 
the algorithm. The true spatial resolution of the SICCI-25km product is 
on the order of its grid spacing: 25 km. As other such SIC CDRs based on 
PMW satellite data, OSI-450 and SICCI-25km have challenges in coastal 
regions (Lavergne et al., 2019). For that reason, the SIC fields for the 
Baltic Sea consist of a SIC product based on ice charts from the Swedish 
Meteorological and Hydrological Institute (SMHI; 1982–2011) and the 
CMEMS 1 km SIC fields (2012-present), which include high resolution 
sea ice information from the Swedish and Finnish ice services. These 
Baltic Sea SIC products are similar to those used in the regional SST and 
IST CDR produced for the Baltic region (Høyer and Karagali, 2016). 

2.1.3. Auxiliary data 
An independent daily SST product has been used to filter the SIC 

product. SST from ESA SST CCI L4 Analysis CDR v2.1 is used from 1982 
to 1990 (Good et al., 2019; Merchant et al., 2019), while the ESA SST 
CCI Analysis Long Term Product (Merchant et al., 2016) is used for the 
period 1991 to 2010, and the Operational Sea Surface Temperature and 
Sea Ice Analysis (OSTIA; Donlon et al., 2012; Good et al., 2020) is used 
from 2011 and onwards. These auxiliary products are obtained from the 
CMEMS catalogue (https://marine.copernicus.eu/) and they have a 
spatial resolution of 0.05◦ in latitude and longitude. The combined and 
independent SST product will be referred to as OSTIA/CCI in this paper. 
The OSTIA/CCI product is only included for filtering the SIC products 
and not as an input to the L4 SST generation. 

2.2. In situ data 

2.2.1. Sea surface temperature 
For the SST validation, data from drifting buoys, moored buoys and 

Argo floats are obtained from the Hadley Centre Integrated Ocean 

Fig. 1. Temporal coverage of the input satellite IST and SST data, the in situ IST and SST observations as well as the input SIC products and the auxiliary data used for 
the OI SIC generation. 

P. Nielsen-Englyst et al.                                                                                                                                                                                                                        

https://cds.climate.copernicus.eu/
https://marine.copernicus.eu/


Remote Sensing of Environment 284 (2023) 113331

4

Database (HADIOD; Atkinson et al., 2014) version 1.2.0.0. The Argo and 
drifter observations are well represented in the Arctic region open wa-
ters, while the moorings are concentrated in the North Atlantic and 
Greenland Sea. 

2.2.2. Ice surface temperature 
For validation of IST, we use data from 116 drifting buoys obtained 

from the Meteorological Archival and Retrieval System (MARS) at the 
European Centre for Medium-Range Weather Forecasts (ECMWF) 
covering the period 1993–2015 (hereafter referred to as ECMWF buoys). 
These are supplemented with data from 96 U.S. Army Cold Regions 
Research Engineering Laboratory (CRREL) mass balance buoys for the 
period 2001–2017 (Perovich et al., 2016; Richter-Menge et al., 2006) as 
well as measurements from 14 Russian North Pole (NP) drifting ice 
stations mainly for the period 1982–1989 but also some for the period 
2003–2012 (RU/FSR/HME/AARI and NSIDC, 1993). The temperature 
observations from NP, ECMWF and CRREL are air temperatures 
measured at different heights (typically around 2 m above the surface) 
depending on e.g. snow accumulation, snow drift and snow melt. These 
temperature observations have been inspected and quality controlled 
manually for data artefacts. The ECMWF and CRREL observations have 
previously been used for validation of satellite ISTs and corresponding 2 
m air temperature estimates within the European Union’s Horizon2020 
project EUSTACE (EU Surface Temperatures for All Corners of Earth; 
Nielsen-Englyst et al., 2021; Rayner et al., 2020). 

We also access 117 NASA IceBridge (IAKST1B) flights covering the 
period 2012–2019, typically conducted during March–May (version 2; 
Studinger, 2020). The surface temperatures are converted from IR ra-
diation measurements from a Heitronics KT-19 IR Radiation Pyrometer 
by assuming an emissivity constant of 0.97. The surface temperatures 
are provided by IceBridge at a spatial resolution of about 15 m, and here 
they have been averaged for every fifth kilometer to remove the small 
scale variability, which cannot be represented by the coarser resolution 
L4 IST product. 

3. DMIOI L4 processing system 

This section presents the full DMIOI L4 processing system, which 
integrates individual, single sensor, swath based SST and IST observa-
tions to a multi-sensor interpolated (gap-free) field. The processing 
sequence is outlined in Fig. 2. The OI SIC field (derived and described in 
Section 3.a) is used as input to identify the different surface types (i.e. 
ocean, sea ice and the MIZ) for each day during the record. The surface is 
considered as open water when SIC≤15%, ice covered when SIC>70% 
and as MIZ when 15 < SIC≤70%. Together with the land mask the SIC is 

used to construct a dynamic surface mask. This dynamic surface mask is 
used during the pre-processing of the input L2 + L3 IST/SST to L3 Super- 
collated (L3S) data, which is described in detail in Section 3.b. The 
surface mask is also used during the derivation of the error statistics and 
covariances for each surface type, which are used in the OI method for 
analysis of the observations (see Section 3.c). In the end, the OI method 
produces the daily L4 SST/IST and the corresponding uncertainties. The 
L4 SST/IST generation and post-processing are described in Section 3.d. 

3.1. Processing of OI Sea ice concentration 

The OI SIC field (used as input for the DMIOI L4 Processing System) 
is based on different sources of sea ice information, which have been 
resampled onto the final L4 0.05◦ regular latitude longitude grid. As 
stated in Section 2.a.2), the SMHI/CMEMS products (Høyer and Kar-
agali, 2016) are used within the Baltic Sea, while the SICCI-25km and 
OSI-450 SIC fields are used outside of the Baltic Sea. The SICCI-25km 
product is used whenever it is available and the OSI-450 product 
otherwise. The days with missing data are listed in the product user 
guides, and for these days the SIC field closest in time is used to construct 
a SIC record for all days from 1982 to May 2021. The SIC field has been 
extrapolated along the coasts to cover the fjords with SIC values. Low 
SIC (≤15%) is defined as no ice and the SIC is set to 0% in these grid 
cells. 

Even though a land-spillover correction procedure is already applied 
in the SIC processing for SICCI-25 and OSI-450, erroneous ice is still 
common along ice-free coasts since the PMW brightness temperatures 
from ocean grid cells close to the coast often contain a mixture of the 
microwave emission from land and ocean (due to the large field of view). 
This land-spillover effect is more pronounced for the coarser resolution 
OSI-450 product than the SICCI-25km product (Kern et al., 2022; Lav-
ergne et al., 2019). The resampling of the SIC products to the L4 0.05◦

grid results in oversampling of the coarse resolution SIC data, which also 
requires some filtering of the resampled SIC data to comply with the 
higher resolution SST data. To improve the resampled SIC fields (in 
particular the coarser resolution OSI-450) and to increase the consis-
tency of the full SIC record, two filters have been used to minimize the 
effects from erroneous ice along the coasts. Both filters use a spatial 15 
× 15 grid point filter around each 0.05◦ L4 grid cell. The first filter (F1) 
removes sea ice from the center grid cell if the group of 15 × 15 grid cells 
contains at least one land and one ocean grid cell. This approach is 
similar to the NOAA/NSIDC Bootstrap Land-Spillover Correction (Cho 
et al., 1996; Meier, 2012) for which the center grid cell is replaced by the 
minimum non-land value within the group of grid cells if at least one of 
the grid cells is land. The second filter (F2) removes sea ice from the 

Fig. 2. Schematic diagram illustrating the processing steps of the DMIOI L4 Processing System.  
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center grid cell if any of the grid cells within the 15 × 15 group is land 
and the SST (from the OSTIA/CCI product) of the center grid cell at the 
same time exceeds 3 ◦C. The rationale for this is that the SST fields in 
general have fewer coastal issues as they are based on the higher reso-
lution IR observations. 

To examine the consistency between the different products, the 
resampled OSI-450 and SICCI-25km have been compared for 2018 with 
and without the filters. The Baltic Sea has been excluded in this com-
parison since the SMHI/CMEMS SIC products have been used here. In 
general, the largest differences between the resampled OSI-450 and 
resampled SICCI-25km are found along the coasts, where the resampled 
OSI-450 has numerous occurrences of sea ice grid cells, which are not 
seen in the resampled SICCI-25km. This is explained by the larger un-
corrected land spill-over effects in OSI-450 compared to SICCI-25km. 

Fig. 3 shows the distribution of sea ice as a function of SST (OSTIA/ 
CCI) for OSI-450 and SICCI-25km during July 2018 in the case of no 
filter and both filters (F1 + F2) applied. July has been chosen as example 
month since it is one of the months with largest disagreement between 
OSI-450 and SICCI-25km as well as the month with most cases of 
coinciding sea ice and SST > 3 ◦C. As shown in Fig. 3a-b, OSI-450 has 
many cases of sea ice with SIC up to 60% in warm (6–15 ◦C) waters 
(before filtering) which are not seen in SICCI-25km. The OSI-450 and 
SICCI-25km agree much more after applying the two filters (F1 + F2), 
but with some remaining differences for warm SSTs (>10 ◦C). 

A final filter (F3) has been applied to remove all sea ice in grid cells 
with OSTIA/CCI SST exceeding 8 ◦C. This SST threshold is more relaxed 
than what has previously been used (Hurrell et al., 2008; Markus and 

Cavalieri, 2009) and observed during in situ campaigns (Chiodi et al., 
2021) to minimize the removal of true ice in regions with large SST 
gradients. 

Before applying any filters, the resampled OSI-450 has more ice grid 
cells (SIC>15%) than the resampled SICCI-25km ranging from 0.88% 
more in March to 3.34% more in July. These ranges reduce to 0.84% in 
March and 2.84% in July after applying all filters (F1 + F2 + F3). The 
number of grid cells with SIC>15% and SST>3 ◦C is only a small fraction 
of all ice grid cells. Without any filters this fraction ranges from 0.018 to 
0.639% and 0.002–0.162% for OSI-450 and SICCI-25km, respectively. 
After applying all the filters, these ranges are reduced to 0.002–0.197% 
and 0.000–0.140% for OSI-450 and SICCI-25km, respectively. 

Fig. 4 provides detail of the number of ice grid cells with SST>3 ◦C 
for the entire SIC range (0<SIC≤100%) during July for the resampled 
OSI-450 and SICCI-25km in the cases where no filter, F1, or F1 + F2 + F3 
has been applied. The filters remove limited sea ice in SICCI-25km 
compared to OSI-450. In OSI-450, F1 primarily removes sea ice with 
concentrations below 20% while adding F2 leads to removal of sea ice 
with SICs up to 80%. F3 removes very limited cases in comparison with 
F1 and F2. After filtering, the distribution of sea ice (with SST> 3◦C) in 
OSI-450 looks more similar to the distribution in SICCI-25km. 

The filtering method derived here removes many of the errors due to 
land spill-over, in particular in OSI-450, but some errors likely remain 
and likewise some true sea ice may be removed through the filtering. 
However, overall the filters have proven to be beneficial to reduce 
spurious ice and to reach higher consistency in the resulting combined 
and filtered SIC record (referred to as OI SIC). The preprocessed OI SIC 

Fig. 3. OSTIA/CCI SST versus SIC from OSI-450 (right) and SICCI-25km (left) during July 2018 without filtering (top) and with both F1 and F2 filters applied 
(bottom). The average distribution is shown as asterisks with related error-bars showing the standard deviations considering bins with >30 members. 
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field is used as input to the DMIOI L4 processing system for the L4 SST/ 
IST generation (see Fig. 2). 

3.2. Preprocessing of SST/IST satellite data 

The input L2 SST and IST satellite data have been aggregated into 
L3S data by considering the available data within 24 h from the analysis. 
The L3S SST fields have been calculated as a noise weighted average of 
all available ATSR, AVHRR and SLSTR observations. Based on results 
from validation against in situ observations and the statistics from 
ingestion in the L4 analysis, we use the following uncertainties for ATSR, 
AVHRR, SLSTR and AASTI: 0.3 ◦C, 0.4 ◦C, 0.4 ◦C and 1.0 ◦C. AASTI ISTs 
are used over the MIZ and sea ice regions. 

Only satellite data classified as cloud free by the cloud mask were 
included. Satellite observations processed using an IST algorithm in 
areas where the OI SIC field is zero were discarded. A minimum quality 
flag of 4 was used for all observations except from those from SLSTR, 
where a quality flag of 5 was required. 

3.3. The optimal interpolation (OI) method 

The aim of the OI method is to take an irregular distribution of ob-
servations, which may have different uncertainties and spatial resolu-
tions, and provide the best possible estimate on a regular grid. This 
should be done by extracting the maximum information from all avail-
able observations and combining these using the proper weight of each 
observation. OI attempts to accomplish this by minimizing the mean- 
square interpolation error for a large ensemble of analysis situations. 
The OI method was first introduced by Gandin (1963) to produce grid-
ded maps of meteorological variables, while oceanic applications was 
introduced by Bretherton et al. (1976) and has since then been widely 
used for mapping of SST (e.g. Høyer and She, 2007; Reynolds and Smith, 
1994; White, 1995). The OI methodology used in this paper follows the 
high latitude SST DMI processing scheme (Høyer et al., 2014; Høyer and 
She, 2007). For the OI estimation, we assume that f̂ i represents the ith 
observation of the field and can be written as 

f̂ i = fi + εi (1)  

where fi is the true representative value of the field and εi is the obser-
vational error. 

The construction of the OI field employs a first guess field, which in 
this case is provided as the analysis field from the previous day. The 
deviation of the estimated field from the first-guess field is calculated as 
a weighted sum of the nearby observed departures (anomalies) from the 

first guess: 

f
′

0 =
∑n

i=1

(
f
′

i + εi
)
pi + I0, (2)  

where pi are the weighting factors, I0 is the interpolation error, n is the 
number of observations selected for the interpolation and the primes 
indicate anomalies from the first-guess field. Working with anomalies 
ensures that the first guess is preserved in regions with limited or no 
observations. It is assumed that the first guess is unbiased and that the 
noise on one observation is not correlated with the true value or with the 
noise of other observations (Bergman, 1978). The optimal weights 
should be chosen such that ε is minimized and this is obtained by 
differentiating ε partially with respect to each of the pj and equate them 
to zero. By assuming that the variances are homogenous and the co-
variances are both homogenous and isotropic (i.e. only depending on the 
distance) the following set of linear equations can be derived: 

∑n

j=1
Ci,jpj + τ2

i pi = C0,i, (3)  

where pi denotes the optimal weights, which need to be determined, 

Ci,j =
f i̇
′ f j̇

′

σ2 is the correlation function between the individual observa-

tions and C0,i =
f ′0f i̇

′

σ2 is the correlation function between the observations 

and the estimation point, and τ2
i =

σ2
ε,i

σ2 with σεi
2 being the error variance of 

the ith observation and σ2 representing the variability. The OI method 
directly provides the mean-square interpolation error, which can be 
estimated in all grid points by 

εmin = σ2

(

1 −
∑n

i=1
C0,ipi

)

. (4) 

From this, it follows that the mean-square interpolation error never 
exceeds the variance of the anomalies in the estimation point. Both the 
weights and the interpolation error depend on the scales of the corre-
lations Ci,j and C0,i, on the variance, and on the random observational 
error, σε, i. These are calculated prior to the prediction and assumed to be 
constant in time. 

3.3.1. OI statistical parameters 
The analysis field from the previous day is used as first guess and the 

corresponding first guess error variances are derived from a test run, 
where the L3 observations were compared against the previous day 
analysis and the standard deviations were calculated from the 

Fig. 4. The number of ice grid cells (SIC>0%) with SST>3 ◦C during July 2018 for a) SICCI-25km and b) OSI-450 in case where no filter, F1, or F1 + F2 + F3 filters 
have been applied, respectively. 
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anomalies. For IST, the first guess variance and error covariance have 
been derived using one year of Metop AVHRR L3 IST observations. For 
each day, the L4 field of previous day were subtracted from the L3 IST 
observations. The anomaly time series were then used to calculate the 
standard deviations for every grid point in order to obtain a spatial two 
dimensional field of standard deviations (Høyer et al., 2014). The first 
guess variance and error covariance for SST are the same as those used in 
Høyer et al. (2014), and Høyer and She (2007). In the MIZ (15% <
SIC≤70%), the first guess variance and error covariance are calculated 
through a weighted linear combination of SST and IST values, using the 
OI SIC as a weighting factor. 

Spatially varying correlation functions in the latitudinal and longi-
tudinal directions have been derived empirically from the observations 
(i.e. one year (2018) of anomalies) by assuming steady state. For IST, L3 
observations from METOP AVHRR were used, while L3 VIIRS observa-
tions (e.g. Liang and Ignatov, 2013) were used for SST due to the higher 
accuracy and higher spatial resolution (~750 m). The correlations are 
calculated by correlating time-series of anomalies within 10 × 10◦ bins. 
Separate functions were derived for open ocean, sea ice and the MIZ, due 
to the different variabilities in the temperature of the different surface 
types, but they share the same form: 

Ci,j = exp
(
− λ • distγ

i,j
)

(7)  

where disti, jγ is the distance between two observations, and λ and γ are 
the two empirically determined parameters that vary throughout the 
domain. 

The true correlations will be larger than the observed correlation 
near zero lag because of the random noise in the observations. The 
difference in correlation resulting from the random noise (μ) has been 
estimated by measuring the drop in correlation from the estimation 
point (correlation = 1) to a small distance (2.5 km) for both IST and SST. 
Thereby, it is assumed that at distances smaller than 2.5 km from the 
estimation point, the drop in correlation can be fully attributed to the 
random noise. For the MIZ, the random noise has been estimated by 
assuming that the error of MIZT observations is equal to the error on IST 
observations. The estimated effect from the random noise has been 
removed before fitting the correlation functions. The fit results in 2D 
spatial fields of λ and γ for each of the three surface types. Fig. 5 shows 
the spatial 2D mean observed correlations including the random noise 
component for SST and IST using all available observations. They are 
calculated by correlating time-series of anomalies within 10 × 10◦ bins 
and ordering the results according to the distance in latitude and 
longitude. 

Fig. 6 shows the best fit mean correlation models for SST, IST and 
MIZT in the latitudinal direction with the corresponding average values 
of λ and γ as listed in Table 1. The fitted mean correlations only include 
observations with >30 pairs of anomalies. The derived e-folding scales 
are shown in Table 1. 

3.4. L4 SST/IST generation and post-processing 

The derived OI statistical parameters have been used for the gener-
ation of the gap-free L4 SST/IST climate dataset. The correlations of all 
observations within the search radius (100 km) around the estimation 
point have been estimated and the observations used by the OI have 
been selected by taking the one with largest correlation within each 
quarter around the estimation point (if available). This has been 
repeated until the maximum number of observations (20) is reached or 
no more observations are available. On average, the selected number of 
observations used in the OI is 18.6, indicating good coverage. The 
coverage increases over time (with annual means ranging from 16.3 to 
19.8) and reaches a maximum during winter (DJF) with a mean 
coverage of 19.1 and a minimum during summer (JJA) with a mean 
coverage of 17.6. 

The interpolated anomalies have been added to the first guess field to 
provide the surface temperatures. Any anomalies exceeding ±9.9 ◦C 

Fig. 5. Spatial mean of observed correlations (all 10 × 10◦ bins) for SST (left) and IST (right) with the estimated random noise added to the observations.  

Fig. 6. The best fit mean spatial correlation in the latitudinal direction for SST, 
IST and MIZT. 
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were reset to this value. Surface temperatures outside the accepted 
range (− 60 to +35C◦) have been reset to the closest of the two tem-
perature limits. 

The input satellite observations are all thermal IR observations 
which can only be utilized during clear-sky conditions. Here, the gaps 
due to clouds are filled using OI, but the aggregated and averaged daily 
surface temperatures are clear-sky averages, which may differ from the 
all-sky averaged surface temperature. For SST, the difference is small but 
over ice the clear-sky averaged IST is typically colder than the all-sky 
averaged IST (referred to as the clear-sky bias). Nielsen-Englyst et al. 
(2019) found an average cold clear-sky bias of 0.85 ◦C, using in situ 
observations over Arctic sea ice and a cloud mask derived from the 

Table 1 
The average covariance parameters, λ, γ, first guess error variance, σ2, (◦C), 
random noise, μ, and e-folding scale, e− 1 (km) of each domain.   

SST (SIC≤15%) IST (SIC>70%) MIZT (15% < SIC≤70%) 

λ 0.18 0.05 0.16 
γ 0.47 0.58 0.37 
σ2 0.18 5.15 3.17 
μ 0.24 0.29 0.47 
e− 1 69.5 276.1 344.4  

Fig. 7. An example of a) the combined L3S SST/IST field, b) the optimally interpolated L4 SST/IST field, c) the L4 surface mask, and d) the derived L4 uncertainty 
field for August 1, 2018. 
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longwave-equivalent cloud cover fraction. To minimize the clear-sky 
bias over ice in the L4 SST/IST product, we have introduced a con-
stant bias correction over sea ice (SIC>70%) of +0.85 ◦C, which are 
linearly scaled towards 0 ◦C for open ocean using the SIC as a weighting 
factor. 

No clear-sky bias correction has been applied to the SST in open 
water grid points (SIC≤15%), but a constant bias correction of 0.16 ◦C 
has been applied based on the validation against drifting buoys. It has 
been added to all open water grid points and the value is linearly scaled 
towards zero for 100% sea ice cover using the SIC as a weighting factor. 

4. Results 

The DMIOI L4 processing system has been used to generate a daily 
gap-free combined SST and IST reanalysis covering the Arctic (>58◦N) 
with a spatial resolution of 0.05◦ for the period 1st of January 1982 to 
31st of May 2021. An example of the combined SST and IST L3S field, 
the L4 SST/IST field, the L4 surface mask, and the L4 uncertainty field is 
shown in Fig. 7 for August 1, 2018. 

4.1. Validation 

The L4 SST and IST fields have been validated separately using the 
independent in situ observations listed in Section 2.b. The OI SIC field is 
only used as a mask for ocean/ice identification, and it will not be 
validated. Table 2 shows the overall validation statistics against inde-
pendent in situ observations for SST and IST. The statistics are divided 
into the different sources of in situ observations due to differences in 
type and error characteristics. For both SST and IST, matchups with L4 – 
in situ temperature differences deviating more than three times the 
standard deviation (i.e. 3σ) from the mean L4 – in situ temperature 
difference have been excluded. This has been done for the individual 
observation types to avoid effects from outliers. The results of the SST 
and IST validation are discussed separately in the two following 
sections. 

4.1.1. Sea surface temperature 
The L4 SST (SIC≤15%) have been validated against drifting buoys, 

moored buoys, and Argo floats. Matchups with in situ SST or L4 SST 
colder than − 1.8 ◦C have been excluded from the validation statistics. 
Table 2 shows that the L4 SST have mean differences <0.05 ◦C and 
standard deviations <0.6 ◦C, and correlations above 0.98 when 
compared against drifting buoys, moored buoys, and Argo floats. The 
Argo floats and moored buoys provide independent validation statistics 
while the drifting buoys have been used to adjust the L4 SST (see Section 
3.d). The mean differences are lower than those reported by Castro et al. 

(2016) where nine different SST analyses and two single sensor satellite 
products were compared with independent observations from Upper 
Temperature of the polar Oceans (UpTempO) buoys deployed in the 
Beaufort Sea in 2012 and 2013. The standard deviations reported here 
are slightly lower than in Castro et al. (2016) for most cases, but higher 
than those reported for the most northern UpTempO buoys where SSTs 
were very uniform and lower than for those observations that coincided 
with a summer storm over the Arctic Ocean. 

Fig. 8 shows the seasonal (3-month) mean L4 SST differences (L4 SST 
– in situ SST) and standard deviations for the period 1982–2021, when 
compared to drifting buoys, moored buoys, and Argo Floats. It should be 
noted that the amount of drifting and moored buoys are much lower in 
the beginning of the time period compared to the latest years, which 
makes the validation statistics against drifter and moorings less reliable 
in the beginning of the record. The Argo floats are only available from 
May 2001. The statistics are only calculated for 3-month periods with 
>45 matchups available. Overall, the mean difference and standard 
deviation are both quite stable over the period of time for all three types 
of in situ observations. The combined trend in the mean difference is 
plotted (Fig. 8) and the corresponding overall trend is − 0.0002 ◦C/yr 
indicating a very stable performance. The trends for the individual in 
situ types are − 0.0001 ◦C/yr, − 0.0019 ◦C/yr and 0.0027 ◦C/yr for 
drifters, moorings and Argo floats, respectively. 

4.1.2. Ice surface temperature 
The validation of the L4 IST (SIC>15%) is limited by the sparse 

number of in situ observations as well as increased in situ uncertainties 
in the ice covered regions compared to the open ocean. The L4 IST is 
colder than in situ measurements from NP, ECMWF and CRREL, while 
the L4 IST is warmer than KT-19 measurements from IceBridge flights. 
NP, ECMWF and CRREL do not provide the surface temperature, but the 
air temperatures measured at a varying height, typically of about 2 m 
(T2m). Nielsen-Englyst et al. (2019) found an average IST-T2m differ-
ence of − 1.25 ◦C during all-sky conditions over sea ice. This IST-T2m 
difference is a real temperature difference between the snow surface 
and the air above it. This explains part of the temperature differences 
observed in the validation results against NP, ECMWF and CRREL 
(presented in Table 2), which is not related to the performance of the L4 
IST. In Section 5, this topic is further discussed. Fig. 9 shows the seasonal 
mean L4 IST difference and standard deviation against NP, ECMWF and 
CRREL observations, respectively. The statistics are only calculated for 
the 3-month periods with >45 matchups available. The combined trend 
in the mean difference is − 0.0166 ◦C/yr, while the individual trends are 
0.0047 ◦C/yr, − 0.0391 ◦C/yr, and 0.0676 ◦C/yr for NP, ECMWF buoys 
and CRREL buoys, respectively. A seasonal cycle is present both in the 
mean difference and the standard deviation. The larger standard de-
viations during winter are explained mainly by the larger temperature 
variability during winter, but also by the higher uncertainties in the 
cloud masking during winter (Nielsen-Englyst et al., 2019). The seasonal 
variation in the mean difference is corresponding to what was observed 
in the L3 IST validation and in Nielsen-Englyst et al. (2021). 

The L4 IST validation against IceBridge includes 117 IceBridge 
flights, which provide measured surface temperatures in the period 
2012–2019. The IceBridge data are smoothed for every fifth kilometer if 
>30 observation points were available. Fig. 10 shows an example of the 
validation against one single IceBridge flight from March 2012. Despite 
the smoothing of the data, there are still large fluctuations in the IST 
measured by IceBridge, which are not captured by the L4 IST. These are 
results of warm leads (open or newly refrozen) in the sea ice and some of 
the largest ones are actually captured to some extent by the L4 IST. 
Overall, the figure shows a quite good agreement between IceBridge and 
the L4 IST in this particular example, with a mean difference of 1.24 ◦C 
and a standard deviation of 1.11 ◦C. Considering all 117 IceBridge 
flights, and weighting all observations equally, the IST validation shows 
a mean difference of 1.52 ◦C, standard deviation of 3.12 ◦C and corre-
lation of 0.92 (see Table 2) using the 3σ filter on the differences. The 

Table 2 
Overall validation statistics of the L4 SST and IST against in situ observations. 
The mean difference is given by L4 SST/IST minus in situ SST/IST. Notice that 
the NP, ECMWF and CRREL do not measure the surface temperature, but the air 
temperature (T2m). For both the SST and IST validation a 3σ filter has been 
applied before calculating the statistics. The table shows the mean difference 
(MD), standard deviation of the difference (std), root mean squared error 
(RMSE), correlation (corr) and the number of observations (Nobs).  

Type Parameter MD std RMSE corr Nobs 

Drifting buoys SST (◦C) 0.00 0.54 0.54 0.99 3,062,549 
Moored buoys SST (◦C) 0.03 0.56 0.56 0.98 76,052 
Argo SST (◦C) 0.03 0.51 0.51 0.99 32,953 
NP drifting ice 

stations (T2m) 
IST (◦C) − 2.35 3.12 3.91 0.98 7665 

Drifting buoys 
ECMWF (T2m) 

IST (◦C) − 3.21 3.34 4.63 0.96 55,288 

Drifting buoys 
CRREL (T2m) 

IST (◦C) − 2.87 3.36 4.42 0.96 22,979 

IceBridge KT-19 
(IST) 

IST (◦C) 1.52 3.12 3.48 0.92 36,638  
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IceBridge observations have standard deviations of the 5 km averages 
ranging from 0.81 ◦C to 5.41 ◦C for the different flights and an average 
value of 2.52 ◦C. Part of the bias against IceBridge may be explained by 
the missing cloud screening of IceBridge observations. If clouds are 
present between the flight and the surface, the radiometer will provide 
the temperature of the (usually colder) clouds instead of the surface 
temperature. Furthermore, IceBridge provides “snap-shots” of the sur-
face temperature, while the L4 SST/IST provides daily means, which 
have been adjusted by using the 24 h average clear-sky bias correction 
(see Section 3.d). 

4.1.3. Uncertainties 
Each daily L4 SST/IST is accompanied with an uncertainty estimate, 

which is a direct output of the OI method (see Eq. 4). The uncertainties 
for the L4 SST have been validated against drifters. The validation re-
sults are shown in Fig. 11, where the actual L4 SST minus drifter SST 
differences are plotted as a function of the OI derived uncertainty esti-
mates. This uncertainty validation approach is similar to what is done in 
Alerskans et al. (2020) and Nielsen-Englyst et al. (2018). The dashed 
lines represent the ideal uncertainty based on the assumption that 
drifters have a total uncertainty of 0.2 K (Kennedy, 2014). The figure 
shows a good agreement between the estimated uncertainties and the L4 
SST uncertainties for low uncertainties, but overestimated uncertainties 
for the higher uncertainties. This approach is unfortunately not appli-
cable for the IST validation results due to the lack of good quality in situ 
reference observations that makes the spatial sampling component very 
large in comparisons between the L4 IST and the in situ measured near 
surface air temperatures. 

4.2. Climate analysis 

The derived L4 SST/IST product is the first gap-free combined SST 
and IST reanalysis product for the Arctic. The combination of sea ice and 
ocean surface temperatures in the Arctic provides a consistent climate 
indicator, which can be used to monitor day-to-day variations as well as 
long-term climate trends. Fig. 12 shows the average seasonal variation 
of the daily surface temperature and the sea ice to open water ratio of the 
Arctic (>58◦N). The daily surface temperature reaches a maximum in 
August with average surface temperature around the melting point and 
minimum temperatures in February/March with average temperatures 
around − 24 ◦C. During the minimum in September, only 30% of the L4 
SST/IST region is covered with sea ice (and 70% open ocean), while the 
fraction increases to almost 70% during winter (30% for open ocean). 
The largest variability in temperature is seen during winter. Part of this 
is explained by stronger cyclones and anticyclones in contrast to the 
summer (Serreze et al., 1993), when the variability moreover is limited 
by the upper temperature limit around the melting point for the ice 
covered regions. For regions covered by seasonal sea ice, the SSTs usu-
ally also stay around the melting point during summer, when the sea ice 
has retreated(e.g. Timmermans and Labe, 2020), limiting the summer 
SST variability in these regions as well. The large variability in winter 
temperatures as well as in the sea ice coverage, shown in Fig. 12, is also 
explained by the increasing temperatures and decreasing sea ice extent 
throughout the data record (1982–2021). 

Fig. 13 shows the monthly mean surface temperature anomaly for 
the period 1982–2021 when compared against the monthly mean of the 
30-year-long reference period, 1991–2020. The large fluctuations 
illustrate large monthly variations in sea and ice surface temperatures of 
the Arctic. The solid black curve represents the yearly mean and the 
dashed black curve is the linear fit. During the period from 1982 to 2021 

Fig. 8. Seasonal (3-month) mean L4 SST difference (top) and standard deviation (middle) against sea surface temperatures measured by drifting buoys, moored 
buoys and Argo floats. The bottom plot shows the seasonal mean number of matchups for each in situ source. The linear trend in the mean difference is calculated 
considering all in situ types. The seasonal difference, standard deviation and trend are only calculated if >45 matchups are available. 
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the linear trend is 0.114 ◦C/yr, and the surface temperatures of the 
Arctic Ocean (>58◦N) have thus increased by about 4.5 ◦C in 39 years. 
The trend increases with latitude and the total temperature increase to 
about 5 ◦C north of 70◦N. Fig. 14 shows the corresponding two dimen-
sional trend in the monthly Arctic surface temperatures for the entire 

period, 1982–2021. On average, the temperature has increased in most 
regions, with the largest increase in the northeastern Barents Sea, which 
shows a peak temperature increase of about 10 ◦C over the 1982–2021 
period. The trend pattern is in agreement with the most recent findings 
based on combined observed and modelled data over the Arctic Ocean 

Fig. 9. Seasonal (3-monthly) mean L4 IST difference (top) and standard deviations (middle) against air temperatures from NP, ECMWF, CRREL. The bottom panel 
shows the seasonal mean number of matchups for each in situ type. The linear trend in the mean difference is calculated considering all in situ types. The seasonal 
mean difference, standard deviation and trend are only calculated if >45 matchups are available. 

Fig. 10. An example of the validation against one Icebridge flight during March 29, 2012. Figure a) shows the flight path, while b) shows a comparison of the 
smoothened IceBridge IST and the L4 IST, with a mean temperature difference of 1.24 ◦C and a standard deviation of 1.11 ◦C. 
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for the period 1979–2019 (AMAP, 2021) and a combination of four 
observational datasets covering the period 1979–2021 (Rantanen et al., 
2022). The largest temperature increases are coinciding with those re-
gions where the number of open water days have increased the most 
(Tonboe et al., 2016). In general, the surface temperature increases 
observed in Fig. 14 are slightly larger than the air temperature increases 
observed in AMAP (2021) and (Rantanen et al., 2022), who find 
maximum temperature increases of around 6–8 ◦C in the northeastern 
Barents Sea. The largest surface temperature trends are found during fall 
(September–November) and winter (December–February) with average 
trends of 0.148 ◦C/yr and 0.142 ◦C/yr, respectively, leading to an 
average temperature increase of >5.5 ◦C from 1982 to 2021 considering 
these months. During summer (June–August), limited increase in the 
surface temperature (0.037 ◦C/yr) is observed. The small trend during 
summer is mainly explained by the upper constrain of the sea ice surface 

temperature to the melting point and the fact that the SSTs usually stay 
around the melting point during summer in regions where the seasonal 
sea ice has retreated (e.g. Timmermans and Labe, 2020). 

5. Discussion 

In order for a dataset to be categorized as a CDR it needs to have 
sufficient length, accuracy and stability to enable study and assessment 
of long-term climate variability and change (Minnett et al., 2020). A 
dataset with excellent absolute accuracy is important for understanding 
climate processes, but not necessary for determining long-term changes 
or trends as long as the dataset has the required stability (Ohring et al., 
2005). Based on the expected magnitude of a climate change signal (per 
decade), the requirements of an SST CDR are an accuracy of 0.1 ◦C and a 
stability (per decade) of 0.04 ◦C according to Ohring et al. (2005). The 

Fig. 11. L4 SST uncertainty validation against independent in situ 
observations from drifters. The dashed lines show the ideal uncertainty 
when accounting for uncertainties in the drifter SSTs and the sampling 
error. The solid black lines show one standard deviation of the L4 SST 
minus drifter SST differences for each 0.02 K bin and the red asterisks 
mark the mean difference. The bottom plots show the number of 
matchups (blue) and the cumulative percentage of matchups for each 
bin (red). (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.)   

Fig. 12. Seasonal cycle of daily mean L4 SST/IST (blue) and daily mean sea ice – open water ratio in percentage of the total L4 SST/IST coverage (red) considering all 
years, 1982–2021. The shaded regions show one standard deviation. (For interpretation of the references to colour in this figure legend, the reader is referred to the 
web version of this article.) 
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observed accuracy and stability of the L4 SST meet these SST CDR re-
quirements. For land surface temperature (LST), including land surfaces 
covered with snow and ice, the CDR requirements are 0.3 ◦C/decade for 
the threshold stability and 0.1 ◦C/decade for the target stability (GCOS, 
2016). The L4 IST meets the target requirements when considering the 
NP validation (which spans the longest time period). Currently, no GCOS 
requirements have been established for sea ice surface temperature, 
because this variable is not recognized as an Essential Climate Variable 
(ECV). Introducing IST as an official GCOS ECV is highly recommended 
in order to facilitate a common community consensus on IST re-
quirements for climate applications (Lavergne et al., 2022). Moreover, 
the limited availability of long-term high quality reference in situ IST 

observations (with known and controlled stability), complicates vali-
dation and hence, the extent to which satellite IST products can be tested 
for meeting the CDR requirements. 

In CDRs, quantitative uncertainty information should also be pro-
vided with the observations (Merchant et al., 2017). Here, each daily L4 
SST/IST is accompanied with an uncertainty estimate derived directly 
from the OI method. The validation of the L4 SST uncertainty estimates 
(see Section 4.a.3) shows that the OI method is capable of deriving 
reliable uncertainty estimates for SST. 

The validation of the L4 SST shows differences smaller than 0.05 ◦C 
and standard deviations <0.6 ◦C against drifters, moorings and Argo 
floats. The L4 IST is colder than in situ measurements from NP, ECMWF 
and CRREL, and warmer than KT-19 measurements from IceBridge 
flights with an average difference of 1.52 ◦C. The L4 IST differences were 
in the range from − 3.21 ◦C to − 2.35 ◦C and standard deviations of about 
3.4 ◦C against T2m measurements from NP, ECMWF and CRREL. A large 
fraction of these differences can be attributed to the temperature dif-
ference between the in situ air temperatures measured about 2 m height 
and the actual surface temperature provided by the L4 IST product. 
Nielsen-Englyst et al. (2021) derived a simple regression model to 
convert satellite observed ISTs to 2 m air temperatures (T2m) over ice 
surfaces. Using the sea ice regression model and coefficients from 
Nielsen-Englyst et al. (2021) to derive T2m from the L4 ISTs, the abso-
lute differences against CRREL, ECMWF and NP reduce to below 0.7 ◦C, 
while the standard deviations remain more or less the same. These initial 
results indicate that it is possible to derive reliable T2m above the sea ice 
on basis of satellite derived L4 ISTs in order to supplement the sparse in 
situ air temperature network in the Arctic. 

Traditionally, gridded and gap-free satellite SST products provide 
the temperature of the sea water just below the ice in ice covered regions 
and this is also the case for the OSTIA/CCI and the NOAA Optimum 
Interpolation SST (OI SST v2; Reynolds et al., 2007, 2002), which are 
used in the comparison here. The NOAA OI SST v2 shows an overall 
warming trend in the Arctic Ocean (>65◦N) of 0.036 ± 0.03 ◦C/yr 
considering the period from 1982 to 2018 (Carvalho and Wang, 2020), 
while a trend of 0.015 ± 0.003 ◦C/yr is found using OSTIA/CCI for the 
same region and time period. Considering the L4 SST/IST region 
(>58◦N) and period (1982–2021), OSTIA shows an overall warming 
trend of 0.016 ± 0.001 ◦C/yr. To enable a comparison against the L4 
product derived here, the OSTIA SST has been compared with the L4 SST 
product for regions that never experience sea ice (considering both 
products). The two products show very similar spatial trend fields, and 
the average trend is 0.019 ◦C/yr for OSTIA and 0.022 ◦C/yr for the L4 
SST product, indicating a good agreement in those regions where both 

Fig. 13. Monthly mean surface temperature anomalies for the period 1982–2021. The anomalies represent the difference between the monthly mean surface 
temperature and the monthly mean surface temperature of the reference period, 1991–2020. The yearly mean anomalies are shown as the solid black curve, while the 
dashed black curve is the linear fit, which has a slope of 0.114 ◦C/yr. 

Fig. 14. The average rate of surface temperature change (◦C) per year based on 
the monthly mean L4 SST/IST from January 1, 1982 to May 31, 2021. The black 
dots indicate regions where trends are not significant. 

P. Nielsen-Englyst et al.                                                                                                                                                                                                                        



Remote Sensing of Environment 284 (2023) 113331

14

products always report the temperature of the ocean surface. 
In ice covered regions, limited variation is seen in the sub-ice SSTs, 

and this is not representative for the actual surface conditions. Instead, 
T2m is normally used in global reanalyses in ice covered regions in 
combination with SST over the ocean (Dee et al., 2011; Hersbach et al., 
2020; Kobayashi et al., 2015; Simmons, 2004). A combination of 
modelled and observed data for a 49-year long period (1971–2019) 
showed an average increase in annual near-surface air temperature of 
0.063 ◦C/yr (AMAP, 2021). Marquardt Collow et al. (2020) compared 
12 reanalyses of the central Arctic Ocean and found an average trend in 
SST/T2m of 0.09 ± 0.01 ◦C/yr for the period 1979–2017 with large 
spread among the reanalyses (estimated standard deviation of the 
regression coefficient of 0.2 K). Using the derived T2m estimates from 
the L4 IST (following Nielsen-Englyst et al., 2021) together with our L4 
SST, the combined SST/T2m trend in the Arctic is 0.100 ± 0.005 ◦C/yr 
for the region above 58◦N and 0.111 ± 0.006 ◦C/yr above 70◦N. This is 
in good agreement with the average estimate of the 12 reanalyses in the 
central Arctic Ocean. 

Currently, global reanalyses only assimilate in situ measured air 
temperatures over ice. As a consequence, the global reanalyses usually 
show large uncertainties and significant differences in the Arctic due to 
the limited number of in situ observations in this region (Cowtan and 
Way, 2014; Lenssen et al., 2019; Marquardt Collow et al., 2020; Rapaić 
et al., 2015). Marquardt Collow et al. (2020) concludes that more in situ 
and remote sensing observations as well as a better use of existing sat-
ellite observations are needed in order to represent the characteristics of 
the entire Arctic region in both reanalyses and numerical models. 
Therefore, the L4 SST/IST product as well as a satellite derived T2m 
dataset based on the L4 IST product have a large potential to supplement 
existing in situ measurements and improve the current surface air 
temperature estimates over the Arctic sea ice (Nielsen-Englyst et al., 
2021). The L4 SST/IST product has been derived for the Arctic, and the 
same procedures can be applied to the Antarctic. 

Future work should aim at improving the L4 SST/IST product. One 
possible way of improving the L4 IST could be to include other available 
IST satellite products such as the MODIS IST data (Hall et al., 2004) or 
the VIIRS IST product (Key et al., 2013; Liu et al., 2015). More and 
higher quality in situ observations will also increase the possibilities of 
improving the satellite derived IST products and also allowing a better 
parameterization of the constant clear-sky bias, which is believed to 
have a seasonal variation. In general, there is a need for good quality 
reference data over sea ice, and in particular observations that also cover 
the MIZ, to improve retrieval derivation and validation. 

In relation to SST, inclusion of other SST products may lead to im-
provements e.g. those based on PMW observations. The IR observations 
used as input to the L4 SST/IST product are severely limited by clouds, 
which are particularly extensive over the Arctic during summer (Intrieri, 
2002; Key, 1990). PMW SST observations may provide an important 
supplement to the IR observations, since they are not prevented by non- 
precipitating clouds (Chelton and Wentz, 2005; Wentz et al., 2000). A 
number of different retrieval algorithms have been developed to retrieve 
SST from PMW observations (Alerskans et al., 2022, 2020; Chang et al., 
2015; Meissner and Wentz, 2012; Milman and Wilheit, 1985; Nielsen- 
Englyst et al., 2018; Shibata, 2006; Wentz and Meissner, 2000). Hence, 
future work should investigate the possibilities of including PMW SST 
observations in the L4 SST/IST product derived here. This is particular of 
interest since the Copernicus Imaging Microwave Radiometer (CIMR), 
currently being implemented by ESA as a Copernicus Expansion Mission, 
will provide high-accuracy, high resolution PMW observations of the 
Polar Regions, which can be used to improve SST and SIC products in the 
future (Donlon, 2020). 

6. Conclusion 

This paper presents the first gap-free (L4) surface temperature 
climate dataset covering the ocean, sea ice and the marginal ice zone 

(MIZ) of the Arctic (>58◦N) for the period from 1982 to May 2021. The 
dataset is based on thermal infrared observations from A(A)TSR, AVHRR 
and SLSTR, which have been combined using optimal interpolation (OI). 
Due to differences in the variability over ice, ocean and the MIZ, the OI 
statistical parameters have been derived separately for each surface 
type. 

The derived L4 sea surface temperature (SST) and sea ice surface 
temperature (IST) product has been compared with different sources of 
in situ observations. The validation of the L4 SSTs shows mean differ-
ences of 0.01 ◦C, 0.04 ◦C and 0.04 ◦C and standard deviations of 0.54 ◦C, 
0.56 ◦C and 0.51 ◦C for drifting buoys, moored buoys and Argo floats, 
respectively. The L4 ISTs have been compared with KT-19 measure-
ments from 117 IceBridge flights, showing a mean difference of 1.52 ◦C 
and standard deviation of 3.12 ◦C, and with air temperatures (typically 
measured at about 2 m height) from the North Pole (NP) ice drifting 
stations as well as ECMWF distributed buoys and CRREL buoys, with 
mean differences of − 2.35 ◦C, − 3.21 ◦C and –2.87 ◦C and standard 
deviations of 3.12 ◦C, 3.34 ◦C and 3.36 ◦C, respectively. The large 
temperature differences against NP, ECMWF and CRREL are linked to 
the physical temperature difference between the skin ISTs provided here 
and the air temperatures measured in situ. The observed stability is 
− 0.0001 ◦C/yr and 0.0047 ◦C/yr against drifters (SST) and NP (IST) 
observations, respectively, indicating a very stable performance 
throughout the record. 

Traditionally, climate surface temperature trends have been esti-
mated individually for SST and IST satellite based records. This is 
problematic in the Arctic region due to the large variability in the sea ice 
cover on decadal timescales, and the resulting climate trends are not 
easy to interpret. A combined surface temperature dataset of the ocean, 
sea ice and the MIZ provides a consistent climate indicator, which is 
important for monitoring day-to-day variations as well as climate trends 
in the Arctic region. The combined sea and sea ice surface temperatures 
of the Arctic have increased by around 4.5 ◦C between 1982 and 2021, 
with a peak warming of around 10 ◦C in the northeastern Barents Sea. 
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Nicolas, J., Peubey, C., Radu, R., Schepers, D., Simmons, A., Soci, C., Abdalla, S., 
Abellan, X., Balsamo, G., Bechtold, P., Biavati, G., Bidlot, J., Bonavita, M., Chiara, G., 
Dahlgren, P., Dee, D., Diamantakis, M., Dragani, R., Flemming, J., Forbes, R., 
Fuentes, M., Geer, A., Haimberger, L., Healy, S., Hogan, R.J., Hólm, E., 
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