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Abstract: Coastal areas are among the most productive areas in the world, ecologically as well as
economically. Sea Surface Temperature (SST) has evolved as the major essential climate variable
(ECV) and ocean variable (EOV) to monitor land–ocean interactions and oceanic warming trends.
SST monitoring can be achieved by means of remote sensing. The current relatively coarse spatial
resolution of established SST products limits their potential in small-scale, coastal zones. This study
presents the first analysis of the TIMELINE 1 km SST product from AVHRR in four key European
regions: The Northern and Baltic Sea, the Adriatic Sea, the Aegean Sea, and the Balearic Sea. The
analysis of monthly anomaly trends showed high positive SST trends in all study areas, exceeding
the global average SST warming. Seasonal variations reveal peak warming during the spring, early
summer, and early autumn, suggesting a potential seasonal shift. The spatial analysis of the monthly
anomaly trends revealed significantly higher trends at near-coast areas, which were especially distinct
in the Mediterranean study areas. The clearest pattern was visible in the Adriatic Sea in March and
May, where the SST trends at the coast were twice as high as that observed at a 40 km distance to
the coast. To validate our findings, we compared the TIMELINE monthly anomaly time series with
monthly anomalies derived from the Level 4 CCI SST anomaly product. The comparison showed an
overall good accordance with correlation coefficients of R > 0.82 for the Mediterranean study areas
and R = 0.77 for the North and Baltic Seas. This study highlights the potential of AVHRR Local Area
Coverage (LAC) data with 1 km spatial resolution for mapping long-term SST trends in areas with
high spatial SST variability, such as coastal regions.

Keywords: sea surface temperature; climate change; global warming; coastal areas; AVHRR; time
series; Europe; remote sensing; TIMELINE

1. Introduction

Sea Surface Temperature (SST) is a key essential climate variable (ECV) [1] as well as
an essential ocean variable (EOC) [2] describing the temperature of the uppermost ocean
layer. In the context of remote sensing, SST is mostly considered as the skin temperature of
the ocean, which can be derived from thermal infrared radiation. Besides air temperature,
SST is one of the main indicators of climate change [3]. It plays an important role in global
lateral energy transport, radiative and turbulent air–sea energy exchange, absorption of an-
thropogenic greenhouse gases in the ocean, modification of the atmospheric boundary layer,
and the global water cycle [4]. Furthermore, changes in SST affect marine ecosystems [5]
and also have economic impacts, e.g., on the fishery [6] and aquaculture industries [7] and
on tourism [8]. Therefore, they need to be monitored closely. Figure 1 provides an overview
of global change processes, which can be derived from SST. After the Copernicus program
of the European Union reported record-breaking marine heat-waves for summer 2023 [9],
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SST was in the headlines across all media. However, the years before this were already
setting global temperature records again and again, which is reflected by the fact that the
ten warmest years on record occurred after 2009 [10].
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Figure 1. Overview figure illustrating global change processes affected by SST changes.

Satellite observations have become a standard in monitoring SST and a range of sensors
are used in this context. The Advanced Very-High-Resolution Radiometer (AVHRR) and
Landsat provide the longest time series starting from the early 1980s. Meanwhile, AVHRR
provides high temporal resolution (several times daily) and medium spatial resolution
(1 km to 4 km), while Landsat provides high spatial resolution (60 m to 100 m) but only low
temporal resolution (16 days). Often-employed sensors with shorter time series include the
Moderate-Resolution Imaging Spectroradiometer (MODIS), operating since the year 2000,
the Along-Track Scanning Radiometer (ATSR), operating between 1991 and 2011, and its
successor the Advanced Along-Track Scanning Radiometer (AATSR), operating between
2002 and 2012. Satellite-based SST research has led to a number of SST products which
are used by the scientific community. The National Aeronautics and Space Administration
(NASA), for example, published a 4 km resolution daytime SST product derived from
MODIS Aqua data [11]. Another SST product was developed from 4 km resolution AVHRR
data within the pathfinder project [12]. Recently, the most established long-term SST
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data record was published within the Climate Change Initiative (CCI) by the European
Space Agency (ESA), which utilized 4 km AVHRR data and ASTR data to create a global
harmonized SST for the period 1980 to 2016 with 0.05◦ spatial resolution [13].

Currently, a new long-term SST product has been developed in the framework of the
TIMELINE (Time Series Processing of Medium-Resolution Earth Observation Data assess-
ing Long-Term Dynamics In our Natural Environment) project. The TIMELINE project
conducted at the German Remote Sensing Data Center (DFD) of the German Aerospace
Center (DLR) aims to generate well-calibrated and harmonized time series spanning four
decades from the early 1980s based on 1 km Local Area Coverage (LAC) AVHRR data
over Europe, which are exclusively received and archived at the DLR. Besides SST, the
TIMELINE product suite includes LST, NDVI, Hot Spot/Burnt Area, Cloud Probability, and
Snow Cover [14]. First analyses of the higher-level (Level 3) products are on the way, and
the products are to be released on the DLR Geoservice (https://geoservice.dlr.de/web/)
in the near future. A recently published study analyzing the TIMELINE NDVI product
revealed unique insights into long-term seasonal vegetation dynamics across Europe [15].
The TIMELINE Level 3 SST product contains daily, 10-day, and monthly composites of SST
including the corresponding statistics like mean, standard deviation, and uncertainty of
the SST product.

Many studies were conducted on regionally and globally increasing SST. Far less
attention has been given to SST trends in coastal areas [16]. During the last three decades,
more than 70% of the world’s coastal areas experienced significant increases in SST at a
mean rate of 0.25 ◦C/decade. Still, warming rates are highly heterogeneous, both spatially
and seasonally [17]. These regions underly many local and remote forcing factors like
wind direction, cloudiness, ocean currents, thermocline depth, and upwelling intensity [18].
While upwelling can buffer the effects of global warming nearshore [19], many coastal
areas experience higher warming rates than open waters [16]. Little attention has been
given to SST trends in coastal areas, and regional variations and changes in the seasonality
are yet not fully understood [16]. Also, the authors of [17] emphasize the need for high-
spatial-resolution studies to close this gap. This reflects the relevance of long-term SST
trend studies with high spatial resolution.

This research gap can be filled with the new TIMELINE SST product. In this study,
we present the first analysis of TIMELINE SST anomalies for the years 1990–2022. To
our knowledge, to date, there is no other dataset which allows the observation of trends
and patterns of more than 30 years of SST at a 1 km resolution. We have chosen four
example regions, in which we expect high spatial variability of trends, because of their
high proportion of nearshore areas. Furthermore, these regions have a high economic and
ecological relevance. The regions are namely the North and Baltic Seas, the Adriatic Sea,
the Aegean Sea, and the Balearic Sea. These regions are based on several sub-basins defined
by the International Hydrographic Organization (IHO). The following steps are carried out:

• Analyze the SST anomaly time series.
• Compare the TIMELINE SST anomalies to SST anomalies from the ESA CCI product.
• Interpret the spatial distribution of monthly SST anomaly trends with a special focus

on their distance to the coastline.
• Contrast the results with findings of previous SST studies and discuss the advantages

and disadvantages of the TIMELINE SST product.

2. Data and Study Areas
2.1. Data

We have employed two data sources in this study. For the analysis of the SST anomalies
and anomaly trends of the European coastal zones, we used the Level 3 10-day TIMELINE
SST product. For validation and comparison of the results, the Level 4 daily CCI SST
anomaly product was employed. Both datasets are described in the following. The different
spatial resolutions of the TIMELINE SST and CCI SST are displayed in Figure 2.

https://geoservice.dlr.de/web/
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Figure 2. Example for TIMELINE daily Level 3 (a,c) and CCI daily Level 4 (b,d) SSTs on 7 June 2007
displaying the different spatial resolutions of these products. The black rectangles in (a,b) represent
extend of the zoomed-in areas in (c,d).

2.1.1. TIMELINE SST

The TIMELINE SST product was derived from brightness temperatures of the AVHRR
channels 4 and 5. Atmospheric correction was performed with an extension of the Split Win-
dow Algorithm by [20]. This algorithm was extended by [21] with coefficients to account
for the influence of water vapor (TCWV), view angle (VA), and temperature range whilst
harmonizing the AVHRR sensors. Emissivity values of ε = 0.991 for channel 4 and ε = 0.985
for channel 5 were taken from [22]. Clouds were masked using the TIMELINE Apollo cloud
product [23]. Level 2 SST was validated with shipborne radiometer measurements derived
in the framework of the Ships4SST project [24] and buoy measurements from the NOAA
Global Drifter Array [25] during the development of the product [14,26]. Furthermore,
prior to this study, we conducted a validation study of the TIMELINE SST, including a
direct comparison between TIMELINE SST and the well-validated CCI Level 4 SST prod-
uct [18]. The results of this validation study are presented in the Supplementary Material
(Figures S1–S3). Figure S1 shows the results of the validation of TIMELINE SST with SSTs
from 195 drifting buoys for the years 2007–2013. The comparison resulted in 5484 data
points, showing a high accordance with an R2 of 0.97, a mean absolute difference (MAD) of
0.89 ◦C, and a bias of 0.01 ◦C. Figure S2 shows the difference between the TIMELINE and
CCI monthly maximum SST for the North Sea and the Baltic Sea for the years 1990–2016,
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revealing a slightly higher standard deviation of the difference for the period 1990–2002.
The comparison showed an overall MAD of 0.77 ◦C for the North Sea and 0.89 ◦C for the
Baltic Sea and a bias of −0.12 ◦C for the North Sea and −0.15 ◦C for the Baltic Sea. Figure
S3 shows the difference between TIMELINE and CCI SST for three 10-day maximum SST
composites in summer and winter. The differences were classified for classes of TCWV
and VA, which are the main drivers of uncertainty during the atmospheric correction. The
results show a stable difference for all TCWV classes if the VA is smaller than 50◦.

While the Level 2 product contains SST in orbit projection, the Level 3 product includes
daily, 10-day, and monthly statistics of SST in map projection (Lambert Azimuthal Equal
Area (LAEA) with ETRS89 datum) with a 1 km resolution. These statistics imply the mini-
mum, maximum, median, and mean SST for the respective period. Only high-quality SST
observations are used for the compositing, which is ensured by filtering out observations
acquired with a sensor view angle higher than 50◦ and a standard-deviation-based filter
for the respective period. In this study, the medium SSTs from the 10-day Level 3 products
are used. To apply the Split Window Algorithm for atmospheric correction, two thermal
bands are necessary. Therefore, data from AVHRR/1 (NOAA-6, 8 and 10) were not used in
this study. Table 1 provides an overview of which platforms and sensors have been utilized
for which part of the time series. In total, 5072 10-day products were processed, which
comprise a data volume of 483.6 GB.

Table 1. Overview of employed platforms and sensors and their respective period.

Platform Sensor Period

NOAA-11 AVHRR/2 1990–1994
NOAA-14 AVHRR/2 1995–2002
NOAA-16 AVHRR/3 2001–2006
NOAA-17 AVHRR/3 2003–2009
NOAA-18 AVHRR/3 2006–2012
NOAA-19 AVHRR/3 2010–2022

2.1.2. CCI SST

The CCI SST products combine observations derived from AVHRR and ATSR between
1980 and 2022. Atmospheric correction methods are different for the two sensors: While for
ATSR, the dual-view brightness temperatures can be used for the correction, for AVHRR, an
atmospherically smoothed maximum likelihood approach is used [13]. AVHRR brightness
temperatures are harmonized beforehand by matching up simultaneously acquired obser-
vations between the different AVHRR sensors. Analogous to the TIMELINE products, the
CCI Level 2 products contain instantaneous SST in orbit projection. Observations for one
day are composited and gridded for each sensor to obtain daily Level 3 products with 0.05◦

resolution. Based on them, the data from AVHRR and ATSR are merged and interpolated to
calculate the gap-free daily Level 4 SST analysis products [13]. The CCI processing scheme
includes a probabilistic cloud detection, a sea ice mask, an adjustment for daytime, and an
adjustment to represent SST at 20 cm depth. A median uncertainty for pixel SSTs of 0.18 ◦C
is stated [13]. Based on the Level 4 product, the project also delivered daily SST anomalies
for the period between 1980 and 2016 [27], which represent the daily deviation of SST from
the climatological mean of this period for the respective day. This product, which can be
freely downloaded from the catalogue of the Centre for Environmental Analysis (CEDA),
was used as a reference in this study.

2.2. Study Regions

The TIMELINE Level 3 products which cover Europe and Northern Africa have the
same extent as the European Environmental Agency (EEA) reference grid: 900,000 m west
and 900,000 m south to 7,400,000 m east and 5,500,000 m north. For this study, four regions
of special interest were selected, which are characterized by a high proportion of nearshore
areas with high economic and ecological relevance. The regions are based on the sub-basins
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defined by the IHO and are displayed in Figure 3. The regions are, namely, the North and
Baltic Seas also including the IHO basins Skagerrak and Kattegat, the Adriatic Sea, the
Aegean Sea including the IHO basin with the same name, the Sea of Marmara, and the
Balearic Sea. SST trends in these regions have already been subject to previous studies for
which an overview is given in Table 2. Study regions are described below in further detail.
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Table 2. Recent SST time series trend analysis conducted for our study regions.

Study Area Authors SST Trend
[◦C/Decade] Time Frame Instrument

Balearic Sea [28] 0.5 2003–2019 MODIS SST (8 days, 4 km)

Adriatic Sea [28] 0.7 2003–2019 MODIS SST (8 days, 4 km)

Baltic Sea

[29] 0.5 1982–2021 AVHRR

[30] 0.41 1982–2012 AVHRR, ATSR

[31] 0.5 1850–2008 Rossby Centre regional Ocean climate
model historical simulation

North Sea [30] 0.37 1982–2012 AVHRR, ATSR

Aegean Sea [28] 0.7 2003–2019 MODIS SST (8 days, 4 km)

2.2.1. North and Baltic Seas

For this study, the North and Baltic Seas were analyzed within the bounding box of
x-minimum = 5.5◦E, x-maximum = 18.5◦E, y-minimum = 52.5◦N and y-maximum = 62.5◦N.
While the North Sea has a direct connection to the Atlantic Ocean, the Baltic Sea is a
semi-enclosed ocean in northern Europe and the second largest brackish sea after the
Black Sea. It has a low average depth (~54 m) and a strongly variable bathymetry, which
limits the exchange between sub-basins [31]. Kattegat and Skagerrak form a strait that
connects the North Sea with the Baltic Sea. The area is one of the busiest shipping routes



Remote Sens. 2024, 16, 1932 7 of 25

in the world. The Danish and the German Baltic and North Sea coasts are important
tourist areas. The Baltic Sea experiences one of the strongest increases in SST observed
in a large marine ecosystem [32]. SST trends display a strong seasonal variability and
differ among the different sub-basins. Intense warming in the western and eastern part of
the Baltic proper could be related to changes in surface winds, yielding a decrease in the
upwelling frequencies along the Swedish coast and an increase in heat flux in the eastern
Baltic proper [31]. Furthermore, the Baltic Sea is threatened by anthropogenically induced
hypoxia and eutrophication. While hypoxia is mainly caused by river-borne nutrient loads
and atmospheric deposition, the contribution of increasing SSTs cannot be ruled out [33].

2.2.2. Adriatic Sea

The Adriatic Sea separates the Italian Peninsula from the Balkans. The northern and
central parts are shelf areas with a depth of less than 100 m. In the southern part, the
Adriatic Sea is in exchange with the Ionian Sea. The climate is influenced by the Bora wind,
which is known to be associated with cold and dry continental air [34]. The physicochemical
processes are directly influenced by the inflow of water from the river Po in the north as
well as its specific topography [35]. The Adriatic Sea has a lower salinity level than the
rest of the Mediterranean due to the inflow of inland waters, which contain about a third
of the freshwater that enters the entire Mediterranean Sea [35]. The eastern Balkan coast
experienced a substantial warming of 1 ◦C between 1979 and 2015 [36].

2.2.3. Aegean Sea

The Aegean Sea is located between the Balkan Peninsula and Anatolia and is connected
to the Sea of Marmara by the Dardanelles. Most of the Greek Islands are located in this
area. The area belongs to the top tourist destinations in Europe, and the tourism in the
Aegean Sea accounts for a large proportion of the Greek economy. According to the IPCC
reports, this region is considered to be one of the regions most vulnerable to climate change.
SST trends in the Aegean Basin are significantly higher (0.38 ◦C/decade, 0.6 ◦C/decade
when considering the years 2003–2019) than the trends of the whole Mediterranean Sea
(0.35 ◦C/decade) [28,37].

2.2.4. Balearic Sea

The Balearic Sea is located in the northwestern Mediterranean Sea between the Balearic
Islands (Ibiza, Mallorca, and Menorca) and the eastern coast of Spain. The Balearic Islands
as well as the Spanish coast (Costa Blanca, Costa de Valencia, and Costa de Azahar) are
important tourist regions. Most of the area is less than 2000 m deep. Regional topography,
especially the shelf slope and submarine canyons, are an important factor in the regional
circulation [38]. Furthermore, climatological patterns in the Balearic Sea show a high
correlation to the Northern Atlantic Oscillation (NAO) [28]. Similar to the Aegean Sea,
SST trends are higher (0.5 ◦C/decade) than in the rest of the Mediterranean Sea and
progressively increasing (1 ◦C in the last decade) [28].

3. Methodology

Figure 4 gives an overview of the workflow of this study. It contains the calculation of
the monthly TIMELINE and CCI anomalies, the calculation of the trends per study area,
the comparison between the TIMELINE and CCI anomaly time series, the mapping of the
monthly anomaly trends, and the analysis of the relationship between the trends and the
coast distance.
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trend analysis and the salmon-colored symbols are connected to the validation analysis.

3.1. Calculation of Monthly Anomalies

TIMELINE SST anomalies were calculated for the study regions described in Sec-
tion 2.2. To reduce the seasonal impact, we calculated 10-day anomalies with respect to the
period from 1990 to 2022 as defined in Equation (1).

SSTanomaly(10 days) = SSTmedian(10 day)−

2022
∑

1990
SSTmedian (10 day)

33
(1)

where SSTanomaly (10 days) is the 10-daily anomaly and SSTmedian (10 day) is the median SST
in the 10-day period. We then aggregated the 10-day anomalies to monthly mean anomalies
to smooth outliers and fill spatial gaps due to cloud cover. For the comparison, the global
CCI daily SST anomaly dataset was cropped to the extents of the study areas. To match the
temporal resolution of the TIMELINE SST anomalies, the daily CCI anomalies were also
aggregated to monthly median anomalies by taking their median for the respective month.
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3.2. Calculation of Anomaly Trends per Study Area

The TIMELINE and CCI SST monthly anomalies were aggregated over each of the
study areas, taking the median of all available pixels in the respective area. For both of
the resulting time series, a moving mean with a window size of one year was applied
to display the climatological patterns for each study area and to compare the TIMELINE
and CCI time series. Furthermore, the Mann–Kendall test was applied and the Sen’s
slope was calculated to analyze and compare significant long-term trends for each study
area. Section 4.1 addresses the analysis of TIMELINE SST anomaly time series, whereas
Section 4.2 contains the comparison of the CCI and TIMELINE moving mean time series
and the long-term trends for each study area.

3.3. Mapping of the Monthly Anomaly Trends

Based on the TIMELINE monthly anomalies described in Section 3.1, the Mann–
Kendall test was performed and the Sen’s slope was calculated for each month on a
pixel-base. This allowed us to display the significant monthly anomaly trends with one km
resolution. The significance level was 5%, meaning that pixels associated with an p-
value > 0.05 were masked from the trend maps. The Mann–Kendall trend test as well as the
calculation of the Sen’s slope was performed using the “Original Mann–Kendall test” from
the pymannkendall package (version 1.4.3) in Python. In Section 4.3, the spatial distribution
of the monthly anomaly trends is described.

3.4. Relationship of Linear SST Trend to Coast Distance

Based on the monthly trend maps produced in Section 3.3, we carried out some spatial
analysis of the significant trends. The trend in relation to the distance to the coast was
analyzed for each study area and for months with a high proportion of significant trends.
To that end, we created coast buffers, with an increasing coast distance in steps of 1 km.
In between each 1 km step, the mean trend as described in Section 3.1 was calculated and
plotted against the coast distance. The calculation was performed in R using the R packages
terra and sf. In Section 4.4, we show the results of this analysis.

4. Results
4.1. Analysis of the TIMELINE SST Anomaly Time Series

Figure 5 displays the time series of the monthly anomalies, as well as the moving
mean and the trend for all study areas. An overview of the study areas and the respective
trends is also provided in Table 3. The Adriatic Sea experienced the highest trend with a
slope of 0.48 ◦C/decade, which results in an increase of 1.54 ◦C for the whole study period.
Lower trends have been observed for the other study areas, with 0.41 ◦C/decade for the
North and Baltic Seas, 0.39 ◦C/decade for the Aegean Sea, and 0.33 ◦C/decade for the
Balearic Sea. For all study areas, the last decade is dominated by high positive anomalies
and contributes the most to the SST warming trends.

Table 3. Linear trend of SST anomaly time series at study sites.

Study Area Trend (1990–2022) [◦C/Decade] Significant (Alpha = 0.05)

North and Baltic Seas 0.41 yes
Adriatic Sea 0.48 yes
Aegean Sea 0.39 yes
Balearic Sea 0.33 yes
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Sea (b), Aegean Sea (c) and Balearic Sea (d).

Besides the long-term trends, several warmer and colder periods can be identified,
which depend on the respective study area. The cold years of 1993 and 1996 in the North
and Baltic Seas fit with [39], who reported that 1996 had the most severe winter in the
southern Baltic Sea. For the Adriatic Sea, the cold winter–spring of 1999 is apparent,
followed by warmer conditions in the early 2000s [40]. The heatwaves in 2003 and 2006 are
visible throughout all study areas, but especially pronounced in the Adriatic Sea in 2003
with anomalies up to 3 ◦C [41] and the North and Baltic Seas in 2006. The 2006 heatwave
was particularly extreme over Scandinavia and Western Europe, and was partly caused
by a “blocking” weather regime [42]. It was followed by a colder period between 2008
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and 2012, which is again especially visible at the Baltic and North Sea. The ice winter of
2010/11 contrasts the previously mentioned heat waves. In the Baltic Sea, SST decreased
very strongly during November and December 2010. The anomalies were the lowest in
Kattegat/Skagerrak with −4 K and the western Baltic with −2 to −3 K [39]. From late
November to early January, the entire Baltic Sea region was under the influence of cold
polar air [43]. After 2015, which was the last cold regime because of a North Atlantic cold
anomaly [44], the Baltic sea was marked by several hot months with anomalies regularly
higher than 2 K, and only a few single months with negative anomalies.

4.2. Comparison between TIMELINE and CCI SST Anomalies

Figure 6 displays a comparison between the TIMELINE and the CCI time series,
showing the moving average as well as the long-term trend for each study area for the
period 1990–2016. Table 4 presents the result of the correlation between the monthly
TIMELINE and CCI anomalies (coefficient R and the root mean square error (RMSE)) as
well as the trend differences for the four study areas. It is apparent that the accordance
between the TIMELINE and CCI anomalies in the Adriatic Sea, the Aegean Sea, and the
Balearic Sea are quite similar with respect to R values, which are between 0.82 and 0.85,
and RMSEs between 0.5 and 0.54 ◦C. Meanwhile, for the North and the Balearic Seas, the
accordance is lower with an R value of 0.77 and an RMSE of 0.84 ◦C. For the Balearic Sea,
the TIMELINE trend is similar to the CCI trend, while for the Adriatic and the Aegean
Sea, the trend difference is in the order of 20% in relation to the trend. For the North and
Baltic Seas, the TIMELINE trend is 75% higher than the CCI trend. Figure 6 reveals that
the TIMELINE and CCI moving averages show similar patterns for large parts of the time
series for all study areas. Higher differences are visible during the period from 1994 to
1995, where the TIMELINE anomalies are considerably higher than the CCI anomalies
in the Mediterranean study areas. Possible causes for that will be discussed in Section 5.
Furthermore, there is a positive offset of the CCI towards the TIMELINE moving average
for large parts of the time series in all study areas. This offset can be explained by the
different reference periods: While the CCI anomalies are based on the period 1982–2016, the
TIMELINE anomalies are based on the period 1990–2022. However, because of the higher
trends in the TIMELINE anomalies, this offset decreases towards the end of the time series.
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Figure 6. Comparison of TIMELINE and CCI monthly SST anomalies and the moving mean (window
length = 12 months) for the North and Baltic Seas (a), Adriatic Sea (b), Aegean Sea (c) and Balearic
Sea (d).

Table 4. Correlation coefficient R and root mean square error (RMSE) between the TIMELINE and
CCI monthly anomalies as well as the trend difference for each study area.

Study Area R RMSE [K] Trend Difference [◦C/Decade]

North and Baltic Seas 0.77 0.84 0.21
Adriatic Sea 0.85 0.54 0.12
Aegean Sea 0.82 0.5 −0.09
Balearic Sea 0.85 0.5 0.0

4.3. Spatial Distribution of Anomaly Trends

In Figures 7–10, we present the spatial distribution of the SST anomaly trends for each
month and study area. Overall, we found mostly positive trends. However, the magnitude
and spatial distribution of trends showed high variations for both the study areas and the
different months. As outlined in Section 3.2, insignificant pixels with p > 0.05 were masked.

For the North and Baltic Seas (Figure 7), area-wide positive trends are visible through-
out March to June as well as for the months September and October. While for March and
April high trends are mostly seen along the Danish coast in the Skagerrak and Kattegat
(up to 1 ◦C/decade), between May and July, the highest trends can be observed along the
German, Polish, and Swedish Baltic Sea coast. For September, high trends (>0.5 ◦C/decade)
can be observed near Bornholm, while for October, high trends can be observed throughout
the whole study area.

For the Adriatic Sea (Figure 8), trends are highest in June, July, and September, exceed-
ing 0.5 ◦C/decade almost through the whole study area. Especially high trends can be seen
along the Italian coast (up to 1 ◦C/decade) around the Gargano Peninsula and the Gulf of
Venice. In the summer months, high trends can also be observed on the Balkan coast.

For the Aegean Sea (Figure 9), high positive trends (>0.5 ◦C/decade) are visible in the
northern part (Thracian Sea and Thermaic Gulf) almost throughout the whole year, with
the exception of the period from October to December. The trend is highest in September
(up to 1 ◦C/year). In August, a hotspot with very high trends can be observed north of the
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island Skyros. The highest trends in the Sea of Marmara can be observed in the summer
months from June to September.
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For the Balearic Sea (Figure 10), the highest positive trends can be observed in summer
and autumn, whereby September and October show very high trends throughout the
whole study area. During winter and spring, we can observe moderate to high trends
along the Spanish coast (around 0.5 ◦C/decade), while there are less significant trends in
open waters.
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4.4. SST Trends in Relation to Coast Distance

Section 4.3 has revealed that nearshore areas show higher SST anomaly trends than
open waters. To further investigate this finding, SST trends were analyzed in relation to
coast distance for each month. Several months were excluded from this analysis, because
they showed significant trends in less than 30% of the respective study area. This was the
case for January, February, March, July, August, November, and December in the North
and Baltic Seas, October in the Adriatic Sea, October and November in the Aegean Sea, and
February, March, May, and August in the Balearic Sea.

Figure 11 shows the SST trend plotted against the distance to the coast for each
study area. The trend gradient in relation to distance from the coast is especially visible
in spring in the Adriatic Sea; in March, for example, the trend directly at the coast is
almost 0.7 ◦C/decade, while it drops down to 0.4 ◦C/decade at 40 km distance to the coast.
Similarly, in May, the trend at the coast is 0.5 ◦C/decade and only 0.25 ◦C/decade at a 40 km
distance to the coast. For the other study areas, the trend gradient is not as pronounced as
for the Adriatic Sea but still visible. For the Balearic Sea, trends at 10 km from shore are
around 0.1 ◦C/decade lower than trends directly at the coast. For the Aegean Sea, trends
drop up to 0.1 ◦C/decade in the 0–5 km zone to the coast. For the North and Baltic Seas, the
picture is more ambiguous: while in April, September, and October, the trend drops within
the 0–30 km zone around the coast, for May and June, the trend shows a slight increase
with distance to coast. This will be further discussed in Section 5.
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5. Discussion
5.1. The TIMELINE SST Product and the Generation of the Anomaly Time Series

In this study, we present an analysis of the TIMELINE SST product. The aim was
twofold: Firstly, to create new insights into the long-term SST dynamics by considering
the recent warm years up to 2022 and applying the enhanced spatial resolution of 1 km in
comparison with previous long-term SST studies; secondly, to evaluate the reliability and
consistency of the TIMELINE SST time series by comparing it to the established CCI SST
time series.

Because of the length of the AVHRR time series, sensors are distributed across several
subsequent platforms as new generations have been launched (in the case of this study,
NOAA-11, 14, 16, 17, 18, and 19), where each sensor has a different spectral response
curve. Furthermore, the NOAA platforms experience orbit drift, which leads to changing
observation times throughout the time series [45]. For the TIMELINE SST product, we
wanted to make use of the extensive radiative transfer modeling and harmonization of the
AVHRR sensors performed by [21] during the development of the TIMELINE Land Surface
Temperature product. During the atmospheric and emissivity correction, a different set of
parameters was applied for each AVHRR sensor, view angle, water vapor, and temperature
level class. For the split window algorithm, we assumed a uniform emissivity for sea
surfaces, as was proposed in the original algorithm publication [20]. Given that we only
used SST observations acquired with satellite view angles < 50◦, depending on wind speed,
sea surface emissivity can vary up to 0.01 [46]. Error simulations have shown that this
translates into errors up to 0.5 ◦C for the temperature calculation [21]. However, this would
only apply to extreme cases and is not likely to add a systematic error to the SST time series.

In this study, no SST daytime correction was included. Instead, only observations
from daytime overpasses were used, which were taken between 8:00 h and 20:00 h. In this
time frame, the SST variability is <0.2 ◦C in the summer and <0.1 ◦C in the other seasons,
which can be derived from diurnal SST cycle models as published by [47]. It was assumed
that the SST anomalies due to observation time differences would not significantly impact
the SST trend calculation. A further known challenge when dealing with AVHRR data is
geolocation errors [14]. Within the TIMELINE project, this problem is tackled with the help
of the chip-matching preprocessor, which improves the mean geolocation error of the Level
1b data to 0.92 km [48]. Thus, subpixel accuracy is achieved.

For this study, the trend was calculated on the base of anomalies, which represent the
deviation of the long-term climatological mean. Anomalies are a common way in climatol-
ogy to remove seasonality from the time series. We decided to use 10-day anomalies, as they
offer a compromise between low SST variability within 10 days and high data availability
within the period. Utilizing the median for this calculation enhances robustness against
outliers compared to the mean. Additionally, we aggregated the 10-day anomalies into
monthly anomalies to improve the spatial completeness of the results. The combination of
the Mann–Kendall significance test and Sen’s slope represents a robust method commonly
employed for temperature trend analysis. in contrast to the CCI SST time series, the TIME-
LINE SST time series is not gap-free, meaning that the data availability within the study
areas can differ throughout the time series. Although the possibility exists that this could
influence the presented trends, the close alignment between the TIMELINE time series and
the CCI time series indicates that our calculated anomalies are a valid representation of the
SST dynamics within our study areas. This is further supported by the representation of
heat waves and other temperature extremes that have occurred in recent years, which are
consistent with the observed dynamics of the TIMELINE SST anomaly time series depicted
in our analysis.

5.2. Comparison between TIMELINE and CCI Product

The comparison between the TIMELINE and CCI SST anomaly time series revealed a
strong correlation for the Mediterranean study areas (R ≥ 0.82) and lower correlation for
the North and Baltic Seas (R = 0.77). Furthermore, the long-term trends were equal for the
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Balearic Sea, while they were moderately different (~20%) for the Adriatic and the Aegean
Sea and significantly different (~75%) for the North and Baltic Seas.

Initially, the differences between the time series can be partially attributed to differ-
ences in their respective product generation chains.

The TIMELINE AVHRR SST was derived using the split window algorithm by [20],
which was trained with the radiative transfer model MODTRAN. In contrast, the CCI
AVHRR SST was calculated using the fast radiative transfer model (RTTOV) [49]. Further-
more, while the TIMELINE AVHRR product assumed uniform emissivity based on [22],
the CCI emissivity module considered factors such as wind speed and salinity [13]. Ad-
ditionally, a daytime correction was applied to the CCI SST product, which was not the
case for the TIMELINE SST product. However, as mentioned in the section above, these
factors are expected to have only minor influences on the anomaly time series. Finally, the
CCI SST anomalies were calculated on the base of the Level 4 SST analysis product, which
was spatio-temporally interpolated. This, coupled with the fact that the Level 4 product
represents SST at a 20 cm depth, might result in a smoother time series but could also cause
a degradation of feature resolution [13].

Besides the differences between the TIMELINE and CCI SST products, there are also
differences in the anomaly calculation itself: while the CCI SST anomalies are based on
the reference period of 1982–2016, the TIMELINE SST anomalies are calculated based on
the reference period of 1990–2022. However, this fact can only lead to a constant offset
of the anomalies on the y-axis and do not affect the climatological pattern or trend in the
time series. This offset is evident, varying in degree, across all of the plots. Additionally,
the monthly TIMELINE SST anomalies were calculated from decadal anomalies, opposed
to the CCI anomalies, which were calculated from daily anomalies. Due to the higher
variation of SST during a 10-day period compared to a single day, this could lead to a
higher standard deviation in the anomalies. Finally, the fact that the CCI SST product is
gap-free and has a lower spatial resolution can also lead to different results.

Despite the obvious differences, we argue that comparing our results with the CCI
product is relevant. Firstly, the CCI SST product is one of the most used datasets for long-
term SST studies [4], and secondly it shows the best agreement with in situ observations [16].
Given the differences in the SST product generation and the SST anomaly calculation
described above, the overall high agreement between the CCI and TIMELINE time series
makes us confident about our results.

5.3. Discussion and Comparison of SST Trends

Our study found an SST trend for the period of 1990–2022 of 0.48 ◦C/decade for
the Adriatic Sea, 0.41 ◦C/decade for the North and Baltic Seas, 0.39 ◦C/decade for the
Aegean Sea, and 0.33/decade ◦C for the Balearic Sea. These trends are much higher than
the global SST trend, which is reported to be 0.09 ◦C/decade for the period of 1982–2018,
or 0.11 ◦C/decade when excluding sea-ice regions [4]. The North, Baltic, and Mediter-
ranean Seas are among the hot spots of SST warming [4,17]. This is also supported by
previous studies (see Table 2); e.g., [28] found a warming of SST between 2003 and 2019 of
0.7 ◦C/decade for the Adriatic Sea, 0.7 ◦C/decade for the Aegean Sea, and 0.5 ◦C/decade
for the Balearic Sea. For the Baltic Sea, [30] reported an SST warming of 0.41 ◦C/decade
between 1982 and 2012, while [29] reported an SST warming of 0.5 ◦C/decade between
1982 and 2021. For the North Sea, SST warming of 0.37 ◦C/decade was reported by [30].

Section 4.3 delineated clear seasonal differences in both the magnitude and spatial
distribution of trends. The highest trends in the North and Baltic Seas were observed
during spring and early summer (April to June) and early autumn (September to October).
Similarly, for the Mediterranean study areas, peak trends occurred during early summer
and September. The Adriatic and Aegean Seas showed a similar seasonal pattern with
area-wide significant trends from December throughout September and only scattered
trends in October and November. The accumulation of high positive trends in spring and
early summer suggests a potential seasonal shift, with a progressively earlier warming
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phase of SST towards the later years. Simultaneously, the high trends in September may
indicate a prolongation of the warm SST condition in summer. High SST trends at the
Mediterranean coast in spring and autumn were also observed by [17] and interpreted as
an indicator for a phenological shift.

While most of the months in Section 4.3 showed area-wide significant trends, some
of the months only showed scattered areas or almost no significant trends. For the North
and Baltic Seas, this was the case for December, January, July, August, and November; for
the Adriatic Sea, this was the case for August, October, November, and December; for the
Aegean Sea, this was the case for December, October, and November; and for the Balearic
Sea, this was the case for December, February, March, and May. For the analysis of the
significant trends, we decided to mask trends with a p-value higher than 0.05, which is
common for SST analysis but also represents a high significance level. Figures S5–S8 in the
Supplementary Materials show maps of the p-value for each month and study area. For
the winter months, we see p-values higher than 0.4, which clearly indicate no significant
trend. These low p-values can be explained by higher cloud cover in the winter months,
which leads to fewer observations. However, for July in the North and Baltic Seas, August
in the Adriatic Sea, and May in the Balearic Sea, we see large areas with p-values around
0.1, which could indicate a weak significant trend.

5.4. Importance of the Monitoring of SST Trends in Coastal Areas

Significantly higher SST warming rates in coastal areas were already reported in prior
studies, e.g., by [17]. In Section 4.4, we observed a clear SST trend gradient relative to the
distance from the coast. This gradient was particularly distinct in the Adriatic Sea during
spring. Here, the trend at the coast in March and May was twice as high as that observed
at a 40 km distance to coast. The width of the near-coastal zone, where this gradient was
visible, varied between the study areas: for the Adriatic Sea it was 40 km, for the Balearic
Sea it was 10 km, and for the Aegean Sea it was only 5 km.

Coastal areas represent some of the most biodiverse and also variable environments
of the ocean [50]. But these areas are also exposed to extraordinary anthropogenic pres-
sure such as overpopulation, agricultural runoff and pollution, overfishing, and maritime
traffic [51]. High SST warming rates can be an additional threat to these vulnerable ecosys-
tems and can have an impact on key biological processes. One example is the phenology
and productivity of phytoplankton, which shows a clear response to SST warming [5].
Besides ecological consequences, high SST warming rates can also have a major economic
impact: the aforementioned changes in plankton had a proven negative influence on the
biomass and landings of European anchovy and sardine, which are among the most popu-
lar seafood [6]. Furthermore, changes in SST affect the aquaculture industry [7]. Indirect
consequences of SST trends on tourism are also possible, as seen for example in the algae
blooms of the recent years in the Baltic Sea, which are favored by high SSTs [8].

Our analysis regarding the SST trends in relation to coast distance has shown that the
SST trends in coastal areas can vary significantly on a kilometer scale. Differently from open
sea conditions, where SST trends are mostly determined by large-scale ocean circulations
and atmospheric warming, near-coast SST trends are also influenced by topography or
local atmospheric and oceanographic circulation patterns [19]. While for the Mediterranean
study areas the near-coast trends were consistently higher in comparison to open waters, the
trend gradient in the North and Baltic Seas for June was the other way around. This pattern
could point to upwelling events, which can cause a depression of warming rates [19]. Our
increased resolution of 1 km can contribute to a deeper understanding of the impact of local
factors on SST warming and thus help policymakers to make more sustainable decisions.

5.5. Outlook and Further Development of the TIMELINE SST Product

This study has demonstrated the potential of AVHRR LAC data with 1 km spatial
resolution to reliably map long-term trends of SST in areas with high spatial SST variability,
particularly coastal areas. While the TIMELINE SST product has not reached the maturity
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of well-established long-term SST products, such as for example the CCI SST product [13] or
the AVHRR pathfinder product [12], our analysis revealed generally good agreement with
the findings of previous studies. Further developments are planned to improve the accuracy
and stability of the TIMELINE SST dataset. Hereby, many findings from the generation of
the CCI SST dataset can be possibly adapted: as previously mentioned, the split window
algorithm used for TIMELINE SST calculation [20,21] does not yet consider the impact of
wind speed and salinity on the sea surface emissivity. An appropriate emissivity module
could improve the accuracy of the product [52]. Moreover, daytime correction should be
integrated into the processing chain. This not only prevents artefacts in the time series
due to orbital drift but also allows the integration of morning, evening, and nighttime
observations thus enhancing the data availability. Areawide daytime correction for SST can
either be derived from the time series itself by setting noon observations as a reference [13]
or from observations by geostationary satellites [53]. While sea ice did not impact our
study areas, sea ice detection will soon be integrated into the TIMELINE processing chain
to enable the analysis of the time series even at high latitudes.

In this study, spatial completeness throughout the time series was nearly accomplished
by using 10-day composites of SST. While the median proved to be suitable in terms of
representativeness, daily anomalies could offer a more accurate picture of time series
patterns and trends. Gap-free daily datasets were calculated by the CCI group by using
an assimilation approach; however, this comes with the price of losing spatial feature
resolution [13]. For the TIMELINE SST dataset, we are exploring solutions to create
a reliable daily gap-free dataset while retaining high spatial resolution. The resulting
products would allow for follow-up analysis and relating SST trends spatially to other
related variables like bathymetry or wind speed. Finally, validation of the TIMELINE SST
towards buoy measurements and other satellite-derived SST products should be extended
in terms of accuracy, precision, and stability.

6. Conclusions

SST is a key indicator of climate change. It plays a pivotal role in global lateral energy
transport, radiative air–sea energy exchange, absorption of anthropogenic greenhouse
gases in the ocean, modification of the atmospheric boundary layer, and the global water
cycle. Furthermore, changes in SST have significant impacts on marine ecosystems, and
therefore need to be closely monitored. Satellite-derived SST has been extensively studied.
However, coastal regions have received less attention, although they experience significant
SST increases and represent some of the most biodiverse and variable environments of the
ocean. Elevated SST poses threats to biodiversity and fundamental biological processes
and also has economic consequences including negative effects on fisheries, aquaculture,
and potential impacts on tourism. To understand SST trends in coastal areas, long-term SST
datasets with high spatial and temporal resolution are necessary, which can be provided by
AVHRR LAC data with 1 km resolution.

This research introduces the TIMELINE SST product, a unique dataset providing over
30 years of SST observations at a 1 km resolution. The study focuses on four significant
European regions—the Northern and Baltic Seas, the Adriatic Sea, the Aegean Sea, and
the Balearic Sea—chosen for their extensive nearshore areas and economic/ecological
importance. For these areas, we analyzed monthly SST anomaly trends between 1990 and
2022 and mapped their spatial distribution with a 1 km resolution. We compared the trends
to prior SST studies and to anomaly trends derived from the CCI SST product. Furthermore,
we mapped the significant trends with a 1 km resolution for each study area and each
month and analyzed the spatial distribution with regards to coast distance.

We found mostly positive trends for all study areas. Regarding the whole areas, we
found a trend of 0.41 ◦C/decade for the North and Baltic Seas, 0.48 ◦C/decade for the
Adriatic Sea, 0.39 ◦C/decade for the Aegean Sea, and 0.33 ◦C/decade for the Balearic Sea.
These trends exceed the global SST trend of 0.11 ◦C/decade and highlight these regions
as hotspots of SST warming. Seasonal variations were noted, with the highest trends
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observed during spring, early summer, and early autumn. This pattern could indicate a
prolongation of the warm SST phase in summer and thus a seasonal shift. Regarding the
spatial distribution, an SST trend gradient was observed with higher trends near the coast
and lower trends in open waters. The gradient was especially distinct in the Adriatic Sea
during spring, where the trend at the coast in March and May was twice as high as that at
a 40 km distance to coast. The differences between near-coast and open water trends can
be attributed to topography, local atmospheric conditions, and oceanographic circulation
patterns. The increased resolution of 1 km of the TIMELINE SST dataset can help to obtain
a more accurate picture of these small-scale variations of SST trends.

The observed long-term trends in the study areas are in line with previous SST studies.
The comparison between the TIMELINE and CCI SST time series showed high correlations
of the anomalies in the Mediterranean study areas but lower correlation in the North and
Baltic Seas. Long-term trends differ significantly in the North and Baltic Seas, moderately
in the Adriatic and Aegean Seas, and are similar in the Balearic Sea. Differences in the
product generation chains, including algorithms, emissivity assumptions, and daytime
correction can explain these variations in the time series. Furthermore, the anomalies were
calculated with different reference periods, and the temporal resolution differs. Despite
these discrepancies, the comparison is considered relevant, as the CCI product is widely
used in long-term SST studies and aligns well with in situ observations.

This study highlights the potential of AVHRR LAC data with 1 km spatial resolution
for mapping long-term SST trends in areas with high spatial SST variability, such as coastal
regions. Further improvements of the TIMELINE SST product are planned, which comprise
an enhanced emissivity module to account for wind speed and salinity impacts, daytime
correction to prevent artifacts from AVHRR orbital drift and enhance data availability,
and sea ice detection. Furthermore, we are exploring methods for creating a daily gap-
free dataset which preserves the high spatial resolution of the AVHRR LAC data. In the
meantime, we are extending the validation of the product. Further in-depth analyses are
planned, which can help to understand the dynamics of SST warming in coastal regions.
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between TIMELINE and CCI monthly maximum SST for the North Sea (a) and the Baltic Sea (b). The
dark blue line shows the median difference, while the shaded areas show the 5–95% quantiles of
the difference; Figure S3: Difference between TIMELINE and CCI SST for three 10-daily maximum
composites in summer (a–c) and in winter (d–f) classified for classes of Total Columnar Water Vapor
(TCWV [kg/m2]) and satellite view angle (VA [◦]); Figure S4: Difference between the 1-year rolling
means of the TIMELINE and CCI SST anomalies for the North and Baltic Sea as displayed in Fig-
ure 6a); Figure S5: p-values in the North and Baltic Seas; Figure S6: p-values in the Adriatic Sea;
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