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Summary

Since the mid-20th Century, the Arctic is warming about two times faster than the rest of the

world. This is widely known as Arctic Amplification (AA) and has drawn lots of attention

recently. Apart from a dominant impact on the local weather and climate, its influence has been

extended beyond the polar region through significant modification on the circulation in both

the atmosphere and ocean. In order to identify the drivers of Arctic climate change and the

connections between the Arctic and global climate system, it is important to understand the

Arctic weather and climate.

The Arctic weather and climate system is manifested by the cryosphere. Given the essential role

of sea ice and the key factors that regulate the variability of sea ice, it is of vital importance

to shed new light on the energy budget, as well as the atmosphere-ocean interaction in the

perspective of the energy budget in the Northern Hemisphere. A better quantification of the

Arctic sea ice variability and the Arctic energy budget will give us a better understanding of

the mechanisms behind Arctic climate warming. This in turn would help improve the weather

forecasts for the Northern Hemisphere.

This thesis, I mainly focus on the variations and forecasting of the Arctic sea ice. Given the close

relation between the Arctic energy budget and sea ice variability, an emphasis is placed on the

meridional energy transport (MET). In chapter 2, I quantified meridional energy transport in

the atmosphere (AMET) and ocean (OMET) at subpolar latitudes using the latest methods and

six reanalysis data sets. An intercomparison of the results from the chosen reanalysis products

indicates that although the mean transport in all data sets agrees well, the spatial distributions

and temporal variations of AMET and OMET differ substantially among the reanalysis data

sets. I further investigated the coherence between MET and the Arctic climate variability at

interannual timescales. The regressions of climatological fields in the Arctic on both AMET and

OMET suggest that the Arctic climate is sensitive to changes of meridional energy transport

at subpolar latitudes in winter. Our study confirms that the analyzed reanalysis products are

useful for the diagnostics of energy transport. However, beyond interannual timescales, the

results must be interpreted with caution, especially when studying variability and interactions

between the Arctic and midlatitudes.

The analysis of energy transport is extended to the whole energy budget and the interactions

between atmosphere and ocean in the Northern Hemisphere in chapter 3. Based on our findings

in chapter 2, I examined the compensation between heat transport variations in the atmosphere

and ocean. Different from studies in the past, which were mostly based on numerical climate
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models, we provided new insights into the so-called Bjerknes compensation using multiple re-

analysis products. Our study shows that Bjerknes compensation is present at almost all latitudes

from 40◦ to 70◦N in the Northern Hemisphere from interannual to decadal time scales. We found

that the response of the mean flow to OMET variability leads to the Bjerknes compensation. It

is the shift of the Ferrel cell at midlatitudes at decadal time scales in winter, which is driven by

the eddy momentum flux that causes the compensation. Our findings are different from some

experiments with numerical climate models, which attribute the compensation to the variation

of transient eddy transports in response to the changes of OMET at multidecadal time scales.

Limited by the short historical records, the cause–effect relation between the atmosphere and

ocean cannot be resolved.

On the basis of physical insights into the energy transport and sea ice variability shown in

chapter 2 and 3, the study continues in the direction of sea ice forecasts and a series of ex-

periments of extended range sea ice forecasts with novel deep neural networks are presented in

chapter 4. Inspired by the rapid developments in deep learning techniques, in this chapter I

proposed Convolutional Long Short Term Memory Networks (ConvLSTM) to forecast sea ice in

the Barents Sea at weather to sub-seasonal time scales. The architecture of this neural network

is designed to exploit the covariances between different variables, including spatial and temporal

relations, which is suitable for the prediction of spatial-temporal sequential data. Using reanal-

ysis products, we demonstrated that ConvLSTM is able to learn the variability of the Arctic sea

ice and can forecast regional sea ice concentration skillfully at weekly to monthly time scales.

In general, forecasts from ConvLSTM outperform those with climatology, persistence, and a

statistical model, and they are comparable to the forecasts from operational sub-seasonal to

seasonal weather forecast systems. Furthermore, we demonstrated that the ConvLSTMs are

able to preserve the physical consistency between predictors and predictands in their forecasts.

A sensitivity test aiming at an evaluation of the impact of different predictors on the quality

of forecasts shows that the surface energy budget components have a significant impact on the

predictability of sea ice at weather time scales. Our findings indicate that such data-driven

methods with deep neural networks are promising tools for enhancing operational Arctic sea ice

forecasting.

Our exploration is further extended to probabilistic deep learning in chapter 5. Motivated by

the need for uncertainty quantification in weather forecasts and the limit on uncertainty estima-

tion reflected by previous studies using deterministic neural networks, we explored probabilistic

deep neural networks for weather forecasting. By replacing fixed weights with distributions fol-

lowing the methodology in Bayesian deep learning (BDL), we turned normal Long-Short Term

Memory neural networks (LSTM) into Bayesian Long-Short Term Memory neural networks

(BayesLSTMs). With an aim to understand the characteristics of BDL within a simplified

dynamical system that represents the essence of midlatitude atmospheric dynamics, we used

BayesLSTMs to forecast output from the Lorenz 84 system with seasonal forcing. We showed

that forecasts with the BayesLSTM can stay close to the attractor of the Lorenz model and

concluded that they represent the nonlinear relations between each components in this simpli-

fied atmospheric circulation system. We further demonstrated that the BayesLSTMs are able

to produce reliable probabilistic forecasts and address uncertainties relevant to weather fore-

casting. Our study indicates that BDL is an easy and fast solution for probabilistic weather
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forecast and is promising to enhance weather forecasting capabilities at short to medium-range

timescales.

Finally, a synthesis of this thesis and an outlook for suggested future research are shown in

chapter 6.
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Chapter 1

Introduction
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2 Introduction

1.1 Understanding the Arctic climate system

Although there is hardly any footprint of humans in the Arctic area, there are footprints of

human civilization everywhere in the Arctic weather and climate system. The urgent necessity of

identifying the drivers for climate change and understanding the Arctic climate system motivates

this study, which aims to provide more physical insights into the Arctic climate and improve

weather forecasts in the Arctic.

Covered by snow, sea ice, glaciers and permafrost, the Arctic is the “frozen heart” of the planet.

Geographically, it is located at the north end of the world and stays relatively far away from the

centres of human civilization. Characterized by the midnight sun and polar night, the Arctic

area is conceptually defined as north of the polar circle (see Figure 1.1). It is surrounded by

the Eurasian and American continents and it covers the Arctic Ocean. The special location and

complex geophysical composition of the Arctic, including land, sea and ice, lead to a unique

climate system in this area.

Figure 1.1: Map of the Arctic region including average sea ice extent (yellow line), sea ice cover

during record minimum in summer of 2012 (shades of white), continuous and discontinuous permafrost

(shades of pink), glacier locations (gold dots), and snow-cover (average location of 50% snow line in

black and maximum snow line in green as inferred from moderate-resolution imaging spectroradiometer

data). Excerpt from [Comiso and Hall, 2014].
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In the Arctic, relatively long cold winters and short warm summers are the most noticeable

features of the climate [Serreze and Barry, 2014]. While there is substantial variability of tem-

perature with latitude and location, for most of the regions the mean temperature is below

freezing point in winter and above freezing point in summer. Given the low temperature in this

area, the precipitation always falls as snow in winter and partially as rain in summer. Overall,

the Arctic has an extremely dry atmosphere since the descending cold air does not carry much

moisture [Serreze and Barry, 2014].

1.1.1 A picture of the Arctic climate system

Weather and climate on our planet is driven by the uneven distribution of solar radiation. The

Arctic acts as a heat sink in the global climate system due to the net radiation loss to space

from the top of the atmosphere (TOA). The polar area “imports” heat from lower latitudes and

this process is manifested by the general circulation of the atmosphere and ocean. Although

the atmospheric circulation and the ocean circulation are varying all the time, their large-scale

structures remain fairly constant. Latitudinally, the atmospheric circulation in the polar cap is

featured by the Polar cell. It is recognized as a weak meridional circulation characterized by

ascending motion of air in the subpolar latitudes and descending motion of air over the North

Pole, in the troposphere [Holton, 1973]. It is weaker than the tropical/subtropical Hadley cell

and is barely detectable due to the presence of strong midlatitude cyclones and anticyclones

in this region. At lower latitudes, the energy redistribution is mainly carried out by the zonal

mean flow, thus the Hadley cell. The transport of thermal energy peaks at midlatitudes (around

40◦N), which is associated with the occurrence of the largest temperature gradient [Liu et al.,

2020b]. This strong temperature gradient creates environment for baroclinic instability and this

allows the growth of mid-latitude weather systems. As a result, from midlatitudes towards the

Arctic, transient eddies play a crucial role in transporting heat, momentum and moisture. A

schematic illustration of this dynamical process is shown in Figure 1.2. The contribution from

the mean flow is relatively small in terms of heat transport in midlatitudes.

Horizontally, the unique characteristics of atmospheric circulation in the Arctic can be repre-

sented by typical polar weather and climate patterns. One of the most persistent patterns is the

polar vortex [Jaiser et al., 2013]. It is a low pressure area that occurs at the upper-level of the

atmosphere in the Arctic. Its strength is determined by the movement of mass and the transfer

of heat in the polar region. Through modifying other elements and phenomena in the polar area,

like sudden stratospheric warmings (SSW) and the jet stream [Jaiser et al., 2013], the variability

of the Arctic polar vortex has a strong impact on the dynamics of the atmospheric circulation.

Changes in the atmospheric circulation can cause anomalous heat transport towards the North

Pole and therefore influence the energy budget in the polar area.

Another large-scale climate pattern that dominates the whole polar cap is the Arctic Oscillation

(AO). The AO was first proposed by Thompson and Wallace [1998] to describe the alternated

opposing patterns of pressure fields in the Arctic and midlatitudes. When the atmospheric pres-

sure is low in the Arctic and high at midlatitudes, the AO is in the positive phase and this brings

more storms, carrying warm and humid air, to the north. As a result, it will cause an increase in

the atmospheric energy transport from midlatitudes towards the Arctic. In the negative phase,
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Figure 1.2: Schematic illustration of atmospheric circulation in the Northern Hemisphere. Excerpt

from [Showman et al., 2013].

the pattern is reversed. Its phase is linked to the location and intensity of the storm tracks and

the midlatitude jet stream. Given the close relation between the AO and the atmospheric circu-

lation in the Arctic, this pattern has strong impact on the variations of heat transport towards

the polar cap in the atmosphere. Moreover, by modifying the sea level pressure (SLP) field, the

AO pattern also affects the surface wind field and its influence is therefore extended to the ther-

mohaline circulation and heat transport in the ocean [Jungclaus and Koenigk, 2010]. Previous

studies have shown that the variability of AO is corresponding to the strength of the Atlantic

Meridional Overturning Circulation (AMOC) [Gastineau et al., 2013]. Obviously, this pattern

reflects the climate variability in the Northern Hemisphere [Delworth and Zeng, 2016].

Apart from these large-scale patterns, there are also locally constrained patterns, like polar lows,

which are intense mesoscale cyclones developed at high latitudes [Sergeev et al., 2018]. They are

formed when cold Arctic air flows over relatively warm open water during the cold season. The

polar lows are “fuelled” by sensible and latent heat fluxes and therefore they are also coupled

to the surface energy budget in the Arctic.

In addition to the atmospheric circulation, the ocean also plays a crucial role in shaping the

Arctic climate system. The ocean mainly exerts its impact on the variability of the Arctic

climate through the heat transport and its circulation. These processes are associated with

specific “characteristics” of the system, like surface buoyancy fluxes, stratification of the ocean,

meridional energy transport, ocean heat storage, and air-sea-ice interactions [Aagaard and Car-

mack, 1994]. A schematic illustration of the ocean circulation and heat transport in the Arctic

is shown in Figure 1.3. The Arctic Ocean mainly receives inflows from the Atlantic and Pacific

oceans. River runoff from North America and Siberia also contributes to it. The stratification

of the Arctic Ocean is predominantly set by salinity, which is mainly controlled by freezing and

melting of sea ice and wind stress at the surface [Timmermans and Marshall, 2020].

Regarding the energy transport in the ocean, most of the energy that reaches the Arctic is
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Figure 1.3: Schematic illustration of ocean circulation and heat transport in the North Pole. Excerpt

from [Carmack et al., 2015].

transported through the North Atlantic current via the Fram Strait and the Barents Sea opening.

It originates from the heat transported by the AMOC, which is the zonally-integrated component

of surface and deep currents in the Atlantic Ocean that is responsible for most of the meridional

energy transport by the ocean at midlatitudes in the Northern Hemisphere [Trenberth and

Fasullo, 2008]. Consequently, the energy transport in the ocean towards the Arctic is strongly

coupled to the strength of AMOC. Observational and modelling evidence suggest that poleward

meridional energy transport in the ocean considerably contributes to the warming of the Arctic.

Given the essential role of the ocean in the Arctic climate system, the Arctic ocean has become a

focal point of climate change, with ocean warming, freshening, and sea ice decline [Timmermans

and Marshall, 2020].

The phenomena mentioned above are all crucial in shaping the energy balance of the Arctic.

And the energy balance is fundamental to understand and predict the Arctic climate. Featured

by the interplay of heat budget and general circulation, the variability of the Arctic weather

and climate is closely related to the variations of meridional energy transport. This underlines

the importance of quantifying energy transport in the atmosphere and ocean towards the Arctic

and identifying their impact on the general circulation and the total energy budget.
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1.1.2 Meridional energy transport and the Arctic climate variability

The sources and sinks of net radiation in the tropics and the Arctic, respectively, lead to the

poleward energy transport, which is also called the meridional energy transport (MET). The

balance of the global energy budget is maintained by the meridional energy transport in the

atmosphere (AMET) and ocean (OMET), and the energy flow in-between. Figure 1.4 provides a

typical view of annual and zonal mean of AMET and OMET as a function of latitude. Anomalous

energy transport can cause large variations in the weather and climate system, like the expansion

or reduction of the overturning circulation, changes of eddy behaviours, and the shift of large-

scale climate patterns [e.g. D’Andrea et al., 2005, Trenberth and Stepaniak, 2003].

Figure 1.4: The annual and zonal means of the meridional energy transports for 2000–2014 in PW

for (left) the total Earth system (black), the atmosphere (red) and the ocean (blue). (right) The ocean

component broken down into the contributions from the Atlantic (violet), Pacific (red), and Indian

(green) Oceans which combine south of 35◦S to give the southern ocean value, as given in the small

map below. Excerpt from [Trenberth and Fasullo, 2017].

Given the unique features of the cryosphere and the polar weather and climate system, the

Arctic is extremely susceptible to the variability of MET [Serreze et al., 2007]. Consequently, to

understand the variability of Arctic climate, we can examine the energy transport towards the

Arctic and identify the crucial role of the interactions between AMET and OMET. This leads to a

need for reliable quantification of meridional energy transport in the Northern Hemisphere.
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Quantifying meridional energy transport

The energy transport in the climate system is obtained through either integral of all the energy

components, or by calculating the residual between sources and sinks of energy in the system,

which are often referred to as direct and indirect methods, respectively. The variations of the

energy budget (∂E∂t ) can be approximated as ∂E
∂t = ∇v ·E+Fs. Using direct method, we include

all the relevant components (e.g. dry static energy, latent energy) and compute the divergence

of energy in the system (∇v ·E). While using indirect method, we calculate the energy transport

as the difference between the energy sources and sinks (Fs, e.g. solar radiation at the top of the

atmosphere), and the variations of energy (∂E∂t ) in the system.

However, these are not easy tasks due to a lack of reliable data, which is either related to the

sparseness of observations or caused by the defects in the numerical models used to construct

these data sets. The latter includes issues like coarse model resolution, imperfect physical

modelling, mass imbalance, unrealistic moisture budget [Trenberth, 1991]. Some of these issues

are rooted in our incomplete knowledge of the energy budget, for instance, the uncertainty

related to the observed radiation at top of the atmosphere (TOA) and the heat storage in the

ocean [Loeb et al., 2012, Trenberth et al., 2014].

Since the early 20th century, many efforts have been made to reproduce the AMET and OMET,

even with very limited availability of observational data [e.g., Vonder Haar and Oort, 1973].

After entering the satellite era, the increased data richness boosted the studies of AMET and

OMET, and the quality and reliability of the estimations of MET have been improved. However,

these estimations still have limitations. For example, most of these studies were conducted using

outdated data sets and old numerical models [e.g., Trenberth and Solomon, 1994, Wunsch, 2005,

Mayer and Haimberger, 2012]. These computations did not benefit from the latest numerical

weather prediction and ocean models, the increased number and coverage of observations in the

recent decade, the improved knowledge of physical modelling, and the increase in resolution and

length of the covered time span. Although there were some attempts based on the improved

models and methodologies, these studies were subject to a single reanalysis product or model

simulations, which are prone to the uncertainty associated with data sources and provide little

room for the inspection of the robustness and reliability of their conclusions [e.g., Fasullo and

Trenberth, 2008, Mayer and Haimberger, 2012].

This motivates our research on the quantification of AMET and OMET using multiple state-

of-the-art reanalysis data sets, and on the examination of the coherence between MET and the

Arctic climate variability. By incorporating the latest reanalysis products, it paves the way for

a better estimation of AMET and OMET, as well as the atmosphere and ocean interactions

considering the energy compensation.

Meridional energy transport and the Arctic warming

Driven by the combination of natural variability and anthropogenic forcing, global warming

became the main trend of climate system since mid-20th century and it is enhanced by the

increase of greenhouse gas emissions. Given the fact that Arctic is extremely susceptible to

global warming and climate change, the Arctic has experienced big changes over time [Overpeck
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et al., 1997] and it is warming much faster than the rest of the world, which is an effect known

as Arctic Amplification (AA) [Comiso and Hall, 2014, Francis et al., 2017]. This unprecedented

trend of warming in the Arctic climate has been captured by both the satellite and in-situ

observations, and the increase in surface temperature has left their footprints on the cryosphere

[Comiso and Hall, 2014, Wang et al., 2016b, Stroeve and Notz, 2018]. Figure 1.5 shows the

trend of surface air temperature and sea ice concentration (SIC) in the Arctic from 1979 to

2018.

Figure 1.5: (a)Near-surface air temperature (2 meter temperature) trend (degree per decade) and

(b) Sea-ice concentration trend (percentage per decade) over 1979–2018 from ERA-Interim. Excerpt

from [Jansen et al., 2020].

The Arctic sea ice extent is in sharp decline. Since the beginning of the satellite era, there

is significant sea ice loss in the Arctic across all seasons. The most dramatic decrease of sea

ice up to approximately 50% has been observed in summer and autumn [Vihma, 2014]. Large

anomalies in spring and winter sea ice coverage have been found in both the historical records

and numerical simulations, and they are as significant as the observed drop in summer sea ice

extent [Stroeve and Notz, 2018]. Although data available on sea ice thickness is not as abundant

as sea ice extent, recent studies have agreed on the fact that sea ice thickness in the Arctic

has experienced a remarkable decrease, especially in winter the reduction of sea ice thickness

is approximately 50% compared to the early records around 1980 [Kwok and Rothrock, 2009,

Lindsay and Schweiger, 2015].

Previous studies have shown that the AA and sea ice decline are coupled with poleward energy



1

1.1 Understanding the Arctic climate system 9

transport [Hwang et al., 2011]. In the atmosphere, AMET plays an important role in the Arctic

temperature evolution [Yang et al., 2010] and therefore leverages the advance or retreat of the

Arctic sea ice in different seasons [Kapsch et al., 2013]. A link between the vertical structure of

Arctic warming at the surface and in the troposphere, and the advection of AMET towards the

Arctic was found in the historical records [Graversen et al., 2008].

In the ocean, specifically in the Atlantic sector, increasing energy transports can contribute to

sea ice melting and Arctic warming. OMET through the Barents Sea opening and the Fram

Strait has a strong impact on the sea ice variability in the Barents Sea and the Central Arctic

Ocean [Mahlstein and Knutti, 2011, Årthun et al., 2012, Sandø et al., 2014]. An increased

OMET into the Nordic Seas and Arctic Ocean in recent decades was reported using more than

20 years of volume transport measurements [Tsubouchi et al., 2021]. It was confirmed by climate

model projections that this trend of increasing OMET in the Atlantic sector is determined by

warmer water as the current itself is found to weaken due to a slowdown of the AMOC and a

future long-term increase is likely to continue in a warming background [Årthun et al., 2019].

The increase is sufficient to account for the recent accumulation of heat in the northern seas in

recent decades [Tsubouchi et al., 2021]. Most of this extra heat warmed the ocean and a fraction

of it caused sea ice melt [Mayer et al., 2016].

Exploring compensation between energy transport variations in the historical records

Changes in AMET and OMET have been proposed to explain the climate variability in the

Arctic. This is relevant for the balance of surface energy budget in the Arctic, and it is inex-

tricably linked with complex feedback mechanisms and ultimately determines the growth and

decay of sea ice in the polar region. The decline in sea ice cover due to the increased OMET

exposes the ocean to the atmosphere. It causes a decrease in surface albedo. This leads to an

increase in surface solar radiation absorption and oceanic heat uptake, which amplifies warming

and drives further melt [Curry et al., 1995, Mayer et al., 2016]. This is a positive feedback

mechanism called the sea-ice albedo feedback, which serves as one of the key drivers for sea ice

variations [Curry et al., 1995]. It also interacts with other feedback processes in the Arctic, like

the temperature feedback [Pithan and Mauritsen, 2014], and lapse-rate feedback [Feldl et al.,

2020]. These feedback processes are corresponding to the non-linear relation between sea ice

change and Arctic warming [Goosse et al., 2018], as shown in Figure 1.6. The impact of OMET

is extended to the atmosphere through open water via surface flux and this allows intensified flow

of heat between the ocean and atmosphere. As a result, it greatly contributes to the complexity

of the ocean-atmosphere coupling in the Arctic [Deser et al., 2015]. The resulting decrease of

temperature gradient at high latitudes due to the Arctic warming weakens the AMOC and its

poleward energy transport [Sévellec et al., 2017, Caesar et al., 2018, Liu et al., 2019]. This

affects the thermohaline circulation and passes its influence to the atmosphere through air-sea

interactions.

At relatively large time scales (e.g. interannual to decadal time scales), the compensation

between the AMET and OMET via air-sea interactions leads to a closed energy budget at the top

of the atmosphere and hence a stable climate system. The variability of the total heat transport

is much smaller than the variability in either AMET or OMET over interannual time scales. This
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Figure 1.6: A schematic of some important radiative and non-radiative feedbacks in polar regions

involving the atmosphere, the ocean, sea ice and ice sheets. Excerpt from Goosse et al. [2018].

is a feature known as Bjerknes compensation [Bjerknes, 1964]. This phenomenon is characterized

by an interplay of AMET, OMET, and air-sea interaction in the climate system. Furthermore, it

is associated with the response of atmosphere and ocean to the changes of energy transport over

decadal time scales. Intrinsically, these adjustments are driven by physical processes involved

in the atmospheric and oceanic circulation, such as wind-driven Ekman transport and Sverdrup

transport, anomalous buoyancy flux and relevant impact on the thermohaline processes, changes

in baroclinicity and variability of heat and momentum transport by eddies [Shaffrey and Sutton,

2006, Van der Swaluw et al., 2007, Liu et al., 2020a]. As a consequence, a deep look at the

mechanism of Bjerknes compensation can provide insight into the general circulation and energy

budget in the Arctic. However, due to the involvement of complex climate feedback mechanisms

[Liu et al., 2016], intricate air-sea interaction processes [Czaja and Blunt, 2011], and influence

from the global warming [He et al., 2019], it is a challenging task.

This topic has been addressed by many studies and most of them demonstrated that compen-

sation between AMET and OMET occurs from low latitudes to high latitudes across many

different time scales [e.g. Shaffrey and Sutton, 2006, Van der Swaluw et al., 2007, Jungclaus

and Koenigk, 2010, Farneti and Vallis, 2013, Liu et al., 2016, Outten and Esau, 2017, Outten

et al., 2018]. However, these studies mostly relied on numerical climate models with relatively

long records. An intercomparison of Bjerknes compensation found in different numerical models

shows that these results are model dependent and they can hardly reach a consensus on the

mechanism of the Bjerknes compensation [Outten et al., 2018].
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Given the differences in representing Bjerknes compensation in the numerical models, this mo-

tivates our interests in the interaction between atmosphere and ocean, and Bjerknes feedback in

the historical climate records. The use of multiple reanalysis data sets will allow us to investigate

the Bjerknes feedback in each reanalysis product and intercompare the results. This can help us

examine the robustness of the mechanism of Bjerknes compensation found in each dataset, and

explore the large scale variability of the Arctic climate associated with the interactions between

the atmosphere and ocean.

Almost all the mechanisms listed above, which describe the evolution of the Arctic climate

system and explain Arctic warming, are coupled to each other via the energy budget. This

points to a way for research on the Arctic climate, which is to quantify the energy transport

and identify their roles in the polar area. Furthermore, insight into the MET and its influence

on the Arctic climate can assist the forecasting of the evolution of climatological fields in the

polar area, for instance, the variability of Arctic sea ice. It is particularly informative for data-

driven weather forecast approaches, whose forecast skill is strongly dependent on the selection of

input variables. The lessons learnt from the quantification and evaluation of AMET and OMET

towards the Arctic, as well as the compensation between AMET and OMET variations, form

the basis for feature selection, which serves as the starting point of weather forecasting based

on deep learning approaches. This initiates the second part of this thesis, in which I elaborate

upon our attempts to push the boundary of weather forecasts in the polar region using deep

neural networks.

1.2 Improving weather forecast in the Arctic with deep learn-

ing

Driven by the demand from societal, scientific and commercial sectors, improving weather and

climate forecasts in the Arctic is one of the most challenging tasks. It is of paramount importance

to the science community and the society. In this section, I will describe the predictability of the

Arctic weather and climate in general and discuss the current techniques for weather forecasting,

which are mostly based on the numerical weather prediction systems (NWP). Finally, I will

explain the reason for introducing data-driven approaches to climate science and elaborate on

the potential of deep neural networks for weather forecasting.

1.2.1 Predictability of Arctic weather and climate

The basis for Arctic weather and climate forecasting at different time scales and locations is the

predictability coming from the physical processes and interactions between the elements in the

integrated climate system, including atmosphere, ocean, cryosphere and anthropogenic influence

[Guemas et al., 2016]. Despite the chaotic nature of the atmosphere, large-scale atmospheric

flow still acts as the major source of predictability at hourly to weekly time scales in the Arctic.

Also, large-scale patterns in the atmospheric system, like the AO and NAO, can provide pre-

dictability to the forecasts from seasonal to decadal time scales [Bader et al., 2011, Gastineau

and Frankignoul, 2015, Gong et al., 2018]. Over decadal time scales, changes in the ocean are

expected to have an effect on predictability because of the relatively slow changes of ocean heat
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content (OHC) due to the large heat capacity and the effect of ocean heat transport convergence

on OHC. In the Arctic, the persistence and propagation of anomalies in SIC and sea surface

temperature (SST) can form the basis for the forecasts from sub-seasonal to seasonal time scales

[Blanchard-Wrigglesworth et al., 2011b,a, Day et al., 2014b]. Moreover, some large scale pat-

terns and processes in the ocean, like Pacific Decadal Oscillation (PDO), Atlantic Multidecadal

Oscillation (AMO) and AMOC, are useful predictors for the Arctic climate forecasts at longer

time scales [Newman et al., 2016, Delworth et al., 2017]. In this thesis, I mainly focus on the

Arctic sea ice predictability and forecasting.

Arctic sea ice predictability

Given the close relations between sea ice and other components in the Arctic climate system,

there are multiple sources that provide predictability for the Arctic sea ice. The first source

of predictability of the Arctic sea ice lies in the variability of sea ice itself. The Arctic sea ice

shows strong persistence at sub-monthly to monthly scales in winter and summer [Blanchard-

Wrigglesworth et al., 2011a]. In general, this statement holds for the sea ice extent (SIE), sea

ice thickness (SIT) and sea ice volumes (SIV) for most of the regions in the pan-Arctic [Guemas

et al., 2016]. A relatively large autocorrelation of SIC was identified in spring and autumn with

time scales of 3-7 weeks in the Arctic area. Using both the observations and model output,

previous studies have shown that a characteristic e-folding time of the total Arctic SIE ranges

from 2-5 months across different seasons [Blanchard-Wrigglesworth et al., 2011a], as shown in

Figure 1.7. Such persistence patterns of SIC are consistent in both the satellite observations and

numerical model simulations [Blanchard-Wrigglesworth et al., 2011a, Day et al., 2014b].

Figure 1.7: E-folding time-scale of the correlation between the monthly linearly detrended Arctic sea-

ice-extent anomalies and the monthly linearly detrended sea-ice-extent anomalies of the following month

from the NSIDC observational dataset in black, the HadISST dataset in grey and the HistDfsNudg

sea-ice reconstruction from Guemas et al. [2014] in blue. The figure is excerpted from Guemas et al.

[2016].
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As an extension to the persistence, re-emergence of sea ice anomalies can also provide pre-

dictability to the Arctic sea ice forecast. Depending on the mechanism, there are a few types

of re-emergence in models. On the basis of a slow decorrelation of thickness anomalies, a sum-

mer to summer re-emergence exists in the model simulations [Blanchard-Wrigglesworth et al.,

2011a]. There is also re-emergence associated with the link between the anomalies in the growth

season and its origin in the melt season. The latter stems from the persistence of SST and it is

confirmed in both the observations and model studies [Day et al., 2014b].

Similar to the re-emergence, there is another source of predictability related to the variations

of sea ice, which is the advection of sea ice anomalies. Characterized by the anticyclonic and

cyclonic regimes of the mean Arctic ocean circulation, the sea ice drift occurs periodically, follow-

ing the shifts of the regimes. Some studies suggest a periodicity of 5-7 years [e.g., Proshutinsky

and Johnson, 1997], but this is still debatable. This phenomenon can provide predictability in

the sea-ice conditions at interannual time-scales. Such sea ice variations are associated with the

sea ice transport via Transpolar Drift Stream and sea ice export through Fram Strait, which are

primarily wind-driven. This reveals the essential role of the atmosphere in driving Arctic sea ice

variability, especially for these large-scale atmospheric patterns characterizing the Arctic surface

circulation, like the NAO and AO [e.g. Hilmer and Jung, 2000]. The predictability of the atmo-

spheric circulation and the large-scale patterns can therefore contribute to the predictability of

the sea-ice conditions, as well.

Given the slow changes of OHC due to the large heat capacity, the ocean possesses a relatively

“long memory” and it can act as a major source of sea ice predictability. For instance, the

persistence associated with vast heat storage and slow propagation of heat anomalies in the

ocean allows for a winter-to-winter memory of the presence sea ice edge [Guemas et al., 2016].

The source of predictability from the ocean is rooted in either the dynamics process (e.g. drag

effect due to the ocean circulation) or the thermodynamics process (e.g. heat exchange and

heat transport). Given the susceptibility of sea ice advance and retreat to the variations of

heat budget, the latter can be used to forecast sea ice for large time scales. For instance, with

observed OMET in the Atlantic sectors, recent studies have shown considerable prediction skill

of SIE and SIV in the Barents Sea at interannual time scales [Årthun et al., 2012, Onarheim

et al., 2015]. Furthermore, it was found by some model-based experiments that OMET in the

Barents Sea Opening and through Fram Strait could even be used to analyse and predict the

sea ice variability concerning complex morphological changes, like ponding, frazil, congelation

growth and bottom melting in the Central Arctic Ocean [Sandø et al., 2014].

1.2.2 Weather forecasting with numerical weather prediction system

Modern weather forecasts are usually based on numerical weather predictions. It is a

computation-intensive process of solving mathematical equations representing the climate sys-

tem governed by the laws of physics. This process always relies on NWP systems, which are

integrated numerical systems combining the art of mathematical representation of physical pro-

cesses, parameterization schemes, the representation of spatial and temporal variability by the

discretizations, data assimilation frameworks, the treatment of boundary conditions and the

initialization approaches [Bauer et al., 2015]. Together with ensemble approaches [Gneiting and
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Raftery, 2005], the deterministic NWP-based weather forecasts can be further extended to the

probabilistic domain and therefore provide knowledge about uncertainty associated with the

evolution of a chaotic system. However, this system also has some disadvantages. For instance,

these numerical climate models require near real-time input of environmental conditions and

accurate models to assure the quality of the forecasts, and the simulations are computationally

expensive, especially considering the implementation of a large ensemble [Milinski et al., 2020]

and high resolution. Moreover, incomplete physical knowledge and imperfect approximation of

the physical processes on the basis of parameterization schemes can also influence the forecasts

quality [Stensrud, 2009]. Despite of all these drawbacks, NWP-based ensemble forecasting, at

this moment, is still the most used solution for operational weather forecasts.

In practice, apart from the limits placed by the potential predictability attributed to physical

processes and the defects in models, the configuration of numerical experiments can also sig-

nificantly influence the forecasting performance. This includes the initialization strategy [Day

et al., 2014a,b], richness of observations for the data assimilation, model spin-up and initial

shocks and drifts, ensemble generation approaches [Guemas et al., 2016]. In order to generate

reliable sea ice forecast, it is necessary to take these factors into consideration.

The sparseness of observations available in the Arctic and the resulting large uncertainty in

the initial state significantly limit the skill of sea ice forecasts in the Arctic based on NWPs

[Sato et al., 2017]. Also, modelling challenges of some complex physical processes, for instance,

wave-ice interaction, landfast ice, melt ponding, and floe size distribution rheology, ice thick-

ness distribution, are not well addressed in the numerical climate models [Leppäranta, 2011,

Leppäranta et al., 2020]. Similarly, the imperfect approximations of many physical processes via

parameterization, either related to sea ice variations, or associated with changes in the atmo-

sphere and ocean, also hamper the forecast quality in this region. As a result, for NWP-based

forecasting, the forecast quality and even the potential sea ice predictability show strong de-

pendency on the numerical models [Blanchard-Wrigglesworth and Bushuk, 2019]. Note that

forecasts with fully coupled systems need to undergo bias correction due to the drift and biases

growth [Gneiting et al., 2007]. The forecast quality is thus prone to the shortcomings of the bias

correction methods, as well.

Although the advances in numerical weather prediction have pushed the NWP-based weather

forecast to a new level in the recent decade, given the defects of the NWP-based approaches,

the community continues to search for new techniques and methodologies to assist, improve and

even replace this system. Considering that the essence of nonlinear feedback mechanisms in

the integrated Arctic climate system are reflected in the historical records and model outputs,

we might need nonlinear approaches to replicate the coupling between atmosphere, ocean and

sea ice and forecast the evolution of the system. This motivates us to search for a data-driven

method that can account for complex nonlinear relations and finally brings the deep learning

into our scope.

1.2.3 Deep neural networks for weather forecasting

Unlike NWP systems, deep learning approaches do not require prior physical knowledge to

build a model. They try to learn the non-linear relations between given fields and determine
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the parameters of the predefined neural networks via an optimization procedure. The distilled

non-linear relationships are stored into the chosen neural network structure. Hence, the neural

networks try to approximate the physical consistency of the given system and can be used to

produce forecasts. Also, these deep neural networks are trained with a relatively large data base

and therefore do not rely on a single initial state. A bias correction method is not needed for

deep learning. Moreover, deep neural networks are flexible and adaptive tools that can deal

with heterogeneous data. As a consequence, they can make use of abundant historical records

of weather and climate states. The rapid development of computer hardware and machine

learning methods leads to the increasing trend of adapting latest techniques in deep learning

to the conventional weather and forecasting applications [e.g Salman et al., 2015, Kim et al.,

2017, Rasp et al., 2018, Kim et al., 2019, 2020, Ham et al., 2019, Reichstein et al., 2019].

Consequently, deep neural networks become promising tools to deal with complex weather and

climate forecasting tasks, like Arctic sea ice forecasts.

Known for their “brute-force” problem-solving abilities, deep learning benefits from big leaps

in the development of computing infrastructures and have become a powerful toolkit for multi-

disciplinary applications [LeCun et al., 2015]. The core of deep learning is neural networks

(NN). Neural networks are constructed based on many simple neurons. Mathematically, these

neurons are weight matrices and each can produce a sequence of activations depending on its

structure and the connection with other neurons [Schmidhuber, 2015]. During the so-called

training process, these weight matrices will be updated according to the chosen optimization

strategy and they are trained to represent the features of training data. In terms of the training

methods, machine learning approaches can be categorized as supervised learning, unsupervised

learning and reinforcement learning [Schmidhuber, 2015]. For example, Figure 1.8 provides a

simple multilayer neural network and a close look at the mathematical process in one neuron,

which illustrates the concept of supervised learning. Deep learning is part of the family of

machine learning and its types are often defined in terms of the architecture of deep neural

networks.

Figure 1.8: (a) An illustration of multilayer neural networks and (b) a close look at the mathematical

process inside a neuron. x and y are input and output values, respectively. h represents the hidden

unit. w and b are weight matrices and bias. The figure is excerpted from Shridhar et al. [2019].

In this thesis, I mainly focus on supervised learning. Supervised learning is the most common

form of deep learning, or machine learning in general. During training, the training data will be



1

16 Introduction

fed to the neural network and the neural network will produce an output in a desired form. A loss

function is used to measure the error between the output and the ground truth. This procedure

is called the forward process. Then we need to modify the internal adjustable parameters in

the neural network to reduce the error. Several mathematical approaches exist for this purpose

and most of them are derived from stochastic gradient descent (SGD) [LeCun et al., 2015]. This

consists of including a few examples as the input vector, computing the outputs and the errors,

computing the average gradient for those examples, and adjusting the weights accordingly. In

combination with a procedure called the back-propagation, which computes the gradient of an

objective function with respect to the weights of a neural network based on the chain rule of

derivatives, we are able to adjust the weights to reduce the error. By repeating the whole

procedure for a number of times, the trained network will learn to account for the non-linear

relations between given variables. Note that in this procedure, the ground truth is shown to the

neural network. This is the essence of the concept of supervised learning.

The main function of a neural network is to extract relevant information from the training set

and represent the useful information with multiple levels of abstraction in a latent space [LeCun

et al., 2015]. Depending on the implementation of different types of feature extractors and the

corresponding architectures, these neural networks can be divided to different categories. Among

all of them, the Convolutional Neural Networks (CNN) and the Recurrent Neural Networks

(RNN) are most prevalent in weather forecasting, due to their capacities in handling spatial and

temporal sequential data [Reichstein et al., 2019]. We will use these two types of deep neural

networks to forecast sea ice in the Arctic.

Figure 1.9: Architecture of the CNN model used for the ENSO forecasts. The CNN model consists

of one input layer (the predictor), three convolutional layers, two max-pooling (MP) layers, one fully

connected (FC) layer, and one output layer (the predictand). The figure is excerpted from Ham et al.

[2019].

CNN is a typical type of feed-forward network that is designed to process data in the form

of stacked layers [Rawat and Wang, 2017]. In general, CNN architectures consist of multiple

layers with different functions, which are convolutional layers, pooling layers and dense layers.
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Convolutional layers act as feature extractors. They are used to detect local conjunctions of

features from the previous layer. The role of the pooling layer is to achieve spatial invariance

from input distortions and translations. They can merge semantically similar features into one

and therefore reduce the spatial resolution of the feature maps [LeCun et al., 2015]. The dense

layers, also known as fully-connected layers, are often placed as the last layer before the output.

They serve to interpret the feature representations extracted by the convolutional layers and

pooling layers, and perform the function of high-level reasoning [Rawat and Wang, 2017]. By

stacking these three type of layers, we can build a CNN that is able to exploit the hierarchic

properties of the data and perform regression or classification with the trained network. For

example, an architecture of a CNN model used for the ENSO forecasts is shown in Figure 1.9.

Based on the classical architecture of CNN, many variants have been proposed to improve the

classification accuracy or to reduce the computational cost [Rawat and Wang, 2017].

Serving as an “expert” in sequential data processing, RNNs are popular feed-forward neural

networks which are good at capturing the dynamics of sequences via cycles in the network

nodes [Lipton et al., 2015]. Their ability comes from the basic structure of a RNN, which are

the recurrent layers or hidden layers. These layers consist of recurrent cells whose states are

affected by both past states and current input with feedback connections [Yu et al., 2019]. A

typical RNN architecture and the unfolding in time of the computation involved in its forward

computation is shown in Figure 1.10. In each forward process, RNNs process an input sequence

one element at a time. A summary of the history of all the past elements of the sequence is

maintained in their hidden units implicitly [LeCun et al., 2015]. By organizing the recurrent

layers into various architectures, it is possible to obtain RNNs in different forms. Long-Short

Term Memory Network (LSTM) is one of those variants [Hochreiter and Schmidhuber, 1997],

which preserves the powerful dynamic properties of RNNs while it solves the problem of gradient

exploding or vanishing during back-propagation. In this thesis, we will apply LSTM and more

details about the implementation of this neural network to weather forecasting is given in the

Chapter 4 and 5.

Figure 1.10: A recurrent neural network and the unfolding in time of the computation involved in

its forward computation. xt and ot are inputs and outputs at step t. U , V and W are weight matrices.

st is the state at step t. The figure is excerpted from LeCun et al. [2015].

So far, these neural networks have shown promising skill in many climate science related studies,

like short term weather forecasting [Dalto et al., 2015], extreme events forecasting [Gope et al.,

2016], forecasting of large-scale climate patterns [Salman et al., 2015, Feng et al., 2016, Ham
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et al., 2019], representation of physical processes in climate models [Rasp et al., 2018], miss-

ing observation data reconstruction [Kadow et al., 2020], post-processing of ensemble forecasts

[Rasp and Lerch, 2018]. Deep learning is data-driven and it can make use of the large amount

of historical records in a way different from NWP-based approaches. It is very promising to

extend the application of NN to Arctic sea ice forecasts, as mentioned in the beginning of this

section.

Probabilistic deep learning

Trustworthy weather forecasting involves uncertainty estimation related to uncertainties in the

observations, models formulations and stochastic nature of flows. Usually, for a NWP-based

forecast system, this is achieved by using ensemble approaches. It is also possible to extend de-

terministic forecasts with NN to probabilistic forecasts through ensemble approaches. However,

for a deterministic NN, it is very expensive to generate an ensemble. In practice, a NN-based

ensemble is obtained through perturbing either the training data or the structure of NN [e.g.

Zaier et al., 2010, Wang et al., 2017]. Depending on the types of perturbation, these approaches

can be further categorized as randomization, bagging and boosting Zaier et al. [2010]. How-

ever, these methods require multiple times of training to obtain a certain number of ensemble

members and therefore they can be very costly.

Fortunately, a probabilistic deep learning approach, namely the Bayesian deep learning (BDL),

provides a feasible solution for NN-based probabilistic weather forecast [Blundell et al., 2015].

Unlike deterministic neural networks, where the weight matrices are fixed, within BDL the

weight matrices are distributions. An ensemble forecast can be made by sampling the weight

distribution [Shridhar et al., 2019].The difference between a deterministic NN and a probabilistic

NN is illustrated in Figure 1.11. There are several variational inference schemes available for the

training of Bayesian deep neural networks (BNN), like Monte Carlo Markov Chain (MCMC)

[Salimans et al., 2015], Monte Carlo dropout (MCD) [Gal and Ghahramani, 2015, 2016] and

Bayes by Backprop (BBB) [Blundell et al., 2015, Shridhar et al., 2019].

The ability of uncertainty representation is fundamental for any probabilistic forecast and there-

fore makes BDL a candidate for weather forecasting. Typically, three types of uncertainties are

considered: (1) Uncertainties in the initial conditions (2) necessary approximations and cor-

responding uncertainties in the construction of a numerical model of the real atmosphere (3)

uncertainties posed by external forcing, boundaries and the chaotic nature of flows. The last

one is often ignored in an operational weather forecast system, but relevant for climate studies

and local forecasts. In NWP systems, uncertainties in the initial conditions and model parame-

ters are projected by ensemble forecasts with perturbations in the initial conditions and model

formulations Palmer [2002], Milinski et al. [2020]. While with BDL, model uncertainty is ad-

dressed via placing a prior distribution over a model’s weight, and initial condition uncertainty

is represented by generating a distribution over the output of the model [Kendall and Gal, 2017].

Consequently, uncertainties in initial conditions and model parameters can both be addressed

by BDL, albeit differently than in operational NWP approaches.

Applied to different types of neural networks, for instance, the CNN and the LSTM, BDL can

gain sufficient capacity in representing the variance of intricate spatial-temporal sequential data
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Figure 1.11: Difference of forward procedures between a deterministic NN and a probabilistic NN.

The figure is excerpted from Shridhar et al. [2019].

and provide adequate knowledge of uncertainty. These all make BDL a good candidate for the

Arctic sea ice forecast.

1.3 Thesis Overview

In this thesis, I present our attempts to gain more physical knowledge about the Arctic weather

and climate, and our endeavours to improve the weather forecast with novel statistical ap-

proaches in this region. At the beginning of this chapter, I have explained the essential role

of the meridional energy transport in the Northern Hemisphere. It has strong impact on the

general circulation of the atmosphere and ocean in the Arctic. The AMET and OMET are key

components in the energy budget. They regulate the variability of sea ice in the polar region

and are related to the warming in this area. In order to improve our understanding about

the weather and climate system in the Arctic, it is necessary to have reliable quantification of

heat transport. Thanks to the developments in modelling techniques and an increase of data

richness, it is promising to have better quantification of AMET and OMET using modern re-

analysis products. Our motivation and the improved conditions naturally lead to the research

question:

� Can we obtain a reliable and consistent estimation of meridional energy trans-

port in the atmosphere and ocean using multiple modern reanalysis data sets,

and are the results coherent with the Arctic climate variability at different time

scales?

To provide an answer, we will compute energy transport using reanalysis products and a syn-

thesis and evaluation of the results is given in Chapter 2. Specifically, we will calculate AMET

and OMET in the Northern Hemisphere towards the Arctic using six reanalysis products. The

assessment will be based on the inter-comparison among the chosen data sets and the OMET

will be further evaluated against independent observations in the Atlantic ocean. An extended

analysis of the linkages between the evolution of the Arctic climatological fields and the vari-

ability of AMET and OMET is also conducted. Better quantification of AMET and OMET
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allows us to continue our study on the relationship between the variability of the Arctic climate

and changes in the energy budget. In the first section of this chapter, I have described the air-

sea interactions in the perspective of heat transport and introduced the Bjerknes compensation.

Corresponding to complex air-sea interaction processes and climate feedback mechanisms, Bjerk-

nes compensation is responsible for maintaining the energy balance between the atmosphere and

ocean, and therefore helps to stabilize the climate system. More knowledge about the occurence

of Bjerknes compensation and the mechanisms related to it in the Northern Hemisphere can

potentially shed lights on the climate variability in the Arctic. Studies with numerical climate

models fail to reach an agreement on the presence and mechanism of the Bjerknes compensation.

Their results are model-dependent and are not fully convincing. Different from these studies, we

will revisit this topic with multiple modern reanalysis products and try to answer the following

question:

� Does the compensation between energy transport variations in the atmosphere

and ocean in the Northern Hemisphere occur in the historical records and is

there a robust mechanism found in multiple modern reanalysis products?

This question is addressed in Chapter 3, by investigating the energy compensation between the

atmosphere and ocean from annual to decadal time scales using the same reanalysis products

as in Chapter 2. For the first time, the Bjerknes compensation is studied using reanalysis data.

I will focus on the response of the atmosphere and ocean to the variations of heat fluxes and

study the consistency of the physical pictures of the integrated climate system within each

process.

By quantifying the energy transport and inspecting the Bjerknes compensation in Chapter 2

and 3, we will have a good overview of the coupling between the Arctic climate variability and

energy budget variations in the polar region. This link is useful for weather forecasting in the

Arctic and it can provide practical information for feature selection, which is vital for data

driven approaches. In the last section, we have elaborated on our motivation for introducing the

deep neural networks to weather forecasting. Physical knowledge of the climate system serves

as the key to improve weather forecasts. The influence of energy budget components on the

evolution of climatological fields in the Arctic, like sea ice advance and retreat in accordance

with the varying heat transport, is valuable for determining the predictors as input fields for

deep learning. It can further assist the analysis of physical consistency in predictands. Based

on the physical pictures, I will examine the weather forecasting skill of deep learning approaches

through a case study. It focuses on sea ice forecasting in the Barents Sea and the research

question reads:

� Can we produce skillful Arctic sea ice forecasts at weekly time scales using deep

neural networks, and is the physical consistency preserved in these forecasts?

I will present a special NN to work with complex spatial temporal sequential data and explore

its capacity in sea ice forecasting in Chapter 4. It will focus on the sea ice in the Barents sea

considering its important role in AA and Arctic heat budget since the heat exchange between

ocean and atmosphere in this region is controlled by coupled feedback processes [Smedsrud et al.,

2013]. The forecast with the NN will be assessed against the operational weather forecast with
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numerical models and the forecast with an intricate non-linear statistical model.

A sophisticated weather forecast includes a good estimation of uncertainty. Such demand moti-

vated us to search for a probabilistic deep learning technique that can satisfy this requirement

in a feasible way with a relatively lower cost compared to an ensemble based on a deterministic

NN, and therefore leads to the research question:

� Can probabilistic deep neural networks learn to represent the evolution of

weather and climate system with an appropriate estimation of uncertainty,

and can we use them to generate reliable weather forecasts?

In Chapter 5, we will try to answer this follow-up question by exploring BDL with a simple

Rossby wave system, namely the Lorenz 84 model. We will examine if the Bayesian deep neural

networks are able to represent the evolution of the large scale eddies on a westerly jet and

preserve the physical consistency between each field.

Finally, I will conclude our findings in Chapter 6. It serves as an synthesis of the whole thesis and

provides an outlook with respect to the theme “Arctic weather and climate from mechanisms

to forecasts”.
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Chapter 2

Synthesis and evaluation of historical

meridional heat transport from

midlatitudes towards the Arctic

This chapter is based on:

Yang Liu, Jisk Attema, Ben Moat, and Wilco Hazeleger. Synthesis and evaluation of

historical meridional heat transport from midlatitudes towards the arctic. Earth System

Dynamics, 11(1):77–96, 2020b
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Abstract

Meridional Energy Transport (MET), both in the atmosphere (AMET) and ocean (OMET), has

significant impact on the climate in the Arctic. In this study, we quantify AMET and OMET

at subpolar latitudes from six reanalysis data sets. We investigate the differences between

the data sets and we check the coherence between MET and the Arctic climate variability at

interannual time scales. The results indicate that, although the mean transports in all data

sets agree well, the spatial distributions and temporal variations of AMET and OMET differ

substantially among the reanalysis data sets. For the ocean, only after 2007 the low frequency

signals in all reanalysis products agree well. A further comparison with observed heat transports

at 26.5◦N and the subpolar Atlantic, and a high resolution ocean model hindcast confirms that

the OMET estimated from the reanalysis data sets are consistent with the observations. For

the atmosphere, the differences between ERA-Interim and JRA55 are small, while MERRA2

differs from them. An extended analysis of linkages between Arctic climate variability and

AMET shows that atmospheric reanalyses differ substantially from each other. Among the

chosen atmospheric products, ERA-Interim and JRA55 results are most consistent with those

from coupled climate models. For the ocean, ORAS4 and SODA3 agree well on the relation

between OMET and sea ice concentration (SIC), while GLORYS2V3 deviates from those data

sets. The regressions of multiple fields in the Arctic on both AMET and OMET suggest that the

Arctic climate is sensitive to changes of meridional energy transports at subpolar latitudes in

winter. Given the good agreements on the diagnostics among assessed reanalysis products, our

study suggests that the reanalysis products are useful for the evaluation of energy transports.

However, assessments of products with the AMET and OMET estimated from reanalysis data

sets beyond interannual time scales should be conducted with great care and the robustness of

results should be evaluated through intercomparison, especially when studying variability and

interactions between the Arctic and midlatitudes.
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2.1 Introduction

Poleward meridional energy transport, both in the atmosphere (AMET) and ocean (OMET), is

one of the most fundamental aspects of the climate system. It is closely linked to the changes

of weather and climate at different latitudes. The quantifications of AMET and OMET have

been studied extensively. In the 1980s, many efforts were made to reproduce the AMET and

OMET with very limited observational data available [Vonder Haar and Oort, 1973, Oort and

Vonder Haar, 1976]. After entering the satellite era, much progress has been made in particu-

lar during the recent two data-rich decades. Using the radiation at the top of the atmosphere

from satellite data and the reanalysis data, a complete picture of AMET and OMET is given

by Trenberth and Caron [2001]. Following their work, rapid progress was made using similar

methodologies and new data sets of observations [Ganachaud and Wunsch, 2000, 2003, Wun-

sch, 2005, Fasullo and Trenberth, 2008, Zheng and Giese, 2009, Mayer and Haimberger, 2012].

Nevertheless, these estimations still suffered from problems like mass imbalance, unrealistic mois-

ture budget, coarse resolution, and sparseness of observations [Trenberth, 1991, Trenberth and

Solomon, 1994]. Fortunately, recent improvements in numerical weather prediction and ocean

models, and increased data coverage of observations provide a basis to improve the estimation

of AMET and OMET. As a result of an increase of available reanalysis products, an increase

in resolution and length of the covered time span, and an increase of components of the Earth

system that are included in the products [Dee et al., 2011, Gelaro et al., 2017, Harada et al.,

2016, Balmaseda et al., 2013, Ferry et al., 2012b, Carton et al., 2018], it is very promising to

have better quantification of AMET and OMET using the latest reanalysis data sets. In this

study, we will provide further insights into MET from midlatitudes towards the Arctic, with the

state-of-the-art reanalysis products.

To support the examination of MET from midlatitudes towards the Arctic, it is worth investigat-

ing the AMET and OMET in relation to climate variability at different time scales in the Arctic

region. In recent decades, the Arctic is warming twice as fast as the global average [Comiso and

Hall, 2014, Francis et al., 2017]. This phenomenon is known as Arctic Amplification (AA) and

it has an impact far beyond the Arctic [Miller et al., 2010, Serreze and Barry, 2011]. In order

to understand the warming, the processes behind the AA, its wider consequences and to make

reliable predictions of the Arctic climate, it is crucial to understand Arctic climate variability.

Among all factors responsible for the variability in the processes described above, meridional

energy transport, from midlatitudes toward the Arctic, plays a significant role [Graversen et al.,

2008, Kapsch et al., 2013, Zhang, 2015]. There is a large volume of published studies describing

the impacts of AMET and OMET on the variation of sea ice and the warming in the Arctic.

Using reanalysis data, Yang et al. [2010] showed that poleward AMET is linked with the evolu-

tion of temperature in the free troposphere at decadal time scales. By separating the planetary

and synoptic-scale waves, Graversen and Burtu [2016] showed that latent heat transport, as

a component of AMET, influences the Arctic warming with reanalysis data. Gimeno-Sotelo

et al. [2019] studied moisture transport with reanalysis data and observations, and showed that

the moisture sources in the Arctic region are linked with interannual fluctuations of Arctic sea

ice. Nummelin et al. [2017] analyzed the linkages between OMET, Ocean Heat Content (OHC)

and AA through climate model simulations within the Coupled Model Intercomparison Project
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Phase 5 (CMIP5). They reported an enhancement of OMET as a result of heat loss in the

subpolar ocean and the contribution of OMET to the AA through increasing OHC in the Arctic

ocean. Also by analyzing CMIP5 simulations, Sandø et al. [2014] showed a large impact of heat

transport in the Barents Sea on sea ice loss. However, ocean reanalyses do not show a clear sign

of AA in the Arctic OHC increases [Mayer et al., 2016, von Schuckmann et al., 2018, Mayer

et al., 2019]. Consequently, knowledge on poleward AMET and OMET at subpolar and polar

latitudes will aid in the understanding of AA.

Global climate models show compensations between variations in atmospheric and oceanic heat

transports at subpolar and midlatitudes [Outten et al., 2018]. This is indicative of positive

feedbacks between the ocean and atmosphere, and it has been associated with variations in sea

ice by some studies [Van der Swaluw et al., 2007, Jungclaus and Koenigk, 2010, van der Linden

et al., 2016]. These studies all point to connection between energy transports and variations

of the Arctic climate. However, these results are mostly based on numerical model simulations

and they tend to differ among these models. In contrast to numerical modeling studies, here

we intend to examine AMET and OMET variability and their relation with the Arctic using

reanalysis data sets, which are regarded as the best estimates of the historical variability.

In this paper, we quantify AMET and OMET using multiple state-of-the-art reanalysis prod-

ucts. These are representations of the historical state of the atmosphere and ocean optimally

combining available observations and numerical simulations using data assimilation techniques.

Emphasis is placed on the variation of AMET and OMET from midlatitudes to the Arctic at

interannual time scales (∼5 yr). Different from earlier studies, we include multiple reanalysis

data sets for intercomparison. Independent observations in the Atlantic from the Rapid Climate

Change-Meridional Overturning Circulation and Heatflux Array (RAPID array) and the Over-

turning in the Subpolar North Atlantic Program (OSNAP) are included in the comparison. The

RAPID array is a trans-basin observing array along 26.5◦ N in the Atlantic [Johns et al., 2011,

McCarthy et al., 2015]. It operates since 2004 and provides the volume and heat transport in

the Atlantic basin. OSNAP is an ocean observation program designed to provide a continuous

record of the trans-basin fluxes of heat, mass and freshwater in the subpolar North Atlantic

[Susan Lozier et al., 2017, Lozier et al., 2019]. Moreover, a state-of-the-art NEMO-LIM2 1/12◦

ocean circulation/sea ice model simulation forced by Drakkar Surface Forcing data set version

5.2 [Moat et al., 2016] is also employed in the comparison. Based on the intercomparison of

reanalysis data, especially with the independent observation data, we will be able to identify the

sources of uncertainty. To support our comparison of AMET and OMET, we also investigate

the interactions between oceanic and atmospheric variations and remote responses. The corre-

lations between the variability of AMET and OMET, and the changes in the Arctic climate are

compared to literature. This is motivated by previous studies that explain those connections

with only numerical models or a single reanalysis dataset [Graversen, 2006, Van der Swaluw

et al., 2007, Graversen et al., 2008, Jungclaus and Koenigk, 2010, Kapsch et al., 2013].

The paper is organized as follows: Section 2 presents the data and our methodology. Results and

analysis are given in Section 3. It includes AMET and OMET calculated from reanalysis data

and an intercomparison of them. The correlation between the variability of AMET and OMET,

and the Arctic climate is elaborated upon in detail. Finally, remarks are given in Section 4 and
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conclusions are provided in Section 5.

2.2 Data and Methodology

The reanalysis data sets used in this study are introduced in this section. Moreover, the method-

ology for the quantification of AMET and OMET is also included in this section. The statistical

tests performed in this study are elucidated in detail.

2.2.1 Reanalyses

In order to make use of observations and advanced numerical models, six state-of-the-art re-

analysis data sets are used in this study. The chosen reanalysis products have a high temporal

and spatial resolution, thus are suitable for the computation of energy transport (see section

2.3). We chose three atmosphere reanalysis data sets: ERA-Interim, MERRA2, and JRA55

(references below) and three ocean reanalysis data sets: ORAS4, GLORYS2V3, and SODA3

(references below). To avoid interpolation errors and imbalances in the mass budget introduced

by regridding, the calculations are based on data from the original model grid. Note that the

latest atmospheric reanalysis ERA5 from ECMWF is not included here since the model level

data has not been opened to the public yet [ECMWF, 2017]. In addition, the computation is too

expensive to achieve a longer time series for the study of the interannual variability of AMET

using ERA5. As a synthesis, Table 2.1 shows the basic specifications of the reanalysis products

contained in this study.

Table 2.1: Basic specification of reanalyses products included in this study

Type Product Name Producer Period Temporal Resolution Spatial Resolution / Grid

ERA-Interim ECMWF 1979 - 2017 6-hourly TL255, L60 up to 0.1 hPa

Atmosphere MERRA2 NASA 1980 - 2017 3-hourly 0.5◦ x 0.625◦, L72 up to 0.01 hPa

JRA55 JMA 1979 - 2016 6-hourly TL319, L60 up to 0.1hPa

ORAS4 ECMWF 1979 - 2016 Monthly ORCA1

Ocean GLORYS2V3 Mercator-Ocean 1993 - 2014 Monthly ORCA025

SODA3 Univ. of Maryland 1980 - 2014 5-daily MOM5

ERA-Interim

ERA-Interim is a global reanalysis dataset produced by the European Center for Medium Range

Weather Forecasts (ECMWF) [Dee et al., 2011], which covers the data-rich period since 1979. It

employs the cycle 31r2 of ECMWFś Integrated Forecast System (IFS) and generates atmospheric

state estimates using 4D-Var data assimilation with a T255 (∼79km) horizontal resolution on 60

vertical levels [Berrisford et al., 2009]. Compared with its predecessor, ERA-40 [Uppala et al.,

2005], ERA-Interim is superior in quality in terms of the atmospheric properties like mass,

moisture and energy [Berrisford et al., 2011]. The improvement in observations and the ability

of 4D-Var contributes a lot to the quality of the divergent wind [Berrisford et al., 2011], which is

significant for the mass budget and hence the energy budget. We use the data that is provided

on a 256× 512 Gaussian grid, with a 0.75◦ x 0.75◦ horizontal resolution and 60 vertical hybrid

model levels. We take 6-hourly data with a range from 1979 to 2016.
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MERRA2

The Modern-Era Retrospective Analysis for Research and Applications version 2 [Gelaro et al.,

2017], in short MERRA2, is the successor of MERRA from the Global Modeling and Assimilation

Office (GMAO) of the National Aeronautics and Space Administration (NASA). It assimilates

observational data with the Goddard Earth Observing System (GEOS) model and analysis

scheme [Molod et al., 2015, Gelaro et al., 2017]. The atmospheric state estimates are produced by

a 3D-Var Incremental Analysis Update (IAU) assimilation scheme and have coverage from 1980

until present. Unlike most of the reanalysis products, the GEOS atmospheric model includes

a finite-volume dynamical core that uses a cube-sphere horizontal-discretization [Gelaro et al.,

2017]. The model grid has a resolution of 0.5◦ x 0.625◦ with 72 hybrid levels. For this study, we

use the 3-hourly assimilation data on the native model grid from 1980 to 2016.

JRA55

Extending back to 1958, Japanese 55-year reanalyses (JRA55) is the second reanalysis product

made by the Japan Meteorological Agency (JMA) [Kobayashi et al., 2015, Harada et al., 2016].

JRA55 applies 4D-Var assimilation and it is generated on TL319 horizontal resolution with 60

hybrid levels. Before entering the satellite era in 1979, the assimilated upper air observations

mainly come from radiosonde data. In this project we take 6-hourly data from 1979 to 2015 on

the original model grid, which has a horizontal resolution of 0.5625◦ x 0.5625◦ with 60 hybrid

model levels.

ORAS4

Serving as the historical reconstruction of the ocean’s climate, the Ocean reanalyses System 4, in

short ORAS4, is the replacement of its predecessor used by the ECMWF, the reanalyses system

ORAS3 [Balmaseda et al., 2013]. It implements Nucleus for European Modelling of the Ocean

(NEMO) as ocean model [Madec, 2008, Ferry et al., 2012a] and uses NEMOVAR as the data

assimilation system [Mogensen et al., 2012]. The model is forced by atmosphere-derived daily

surface fluxes, from ERA-40 from 1957 to 1989 and ERA-Interim from 1989 to 2010. Since 2010,

the forcing is changed to operational forcing [Balmaseda et al., 2013]. ORAS4 produces analyses

with a 3D-Var FGAT assimilation scheme and spans from 1958 to the present. ORAS4 runs on

the ORCA1 grid, which is associated with a horizontal resolution of 1◦ in the extratropics and

a refined meridional resolution up to 0.3◦ in the tropics. It has 42 vertical levels, 18 of which

are located in the upper 200m. Here we skip the first two decades and use the monthly data

from 1979 to 2014 to avoid the uncertainties reported by Balmaseda et al. [2013]. We use the

monthly mean fields on the native model grid.

GLORYS2V3

GLORYS2V3, which is short for GLobal Ocean reanalyses and Simulations version 3, is a global

ocean and sea-ice eddy permitting reanalysis system that yielded from the collaboration between

the Mercator Ocean, the Drakkar consortium and Coriolis Data center [Ferry et al., 2010, 2012b].

It spans the altimeter and Argo eras, from 1993 until present. The NEMO ocean model is

implemented on the ORCA025 grid (approximately 0.25◦ x 0.25◦ with 75 vertical levels). The
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model is forced by a combination of ERA-Interim fluxes (e.g., shortwave radiation) and turbulent

fluxes obtained with bulk formulae using ERA-Interim near-surface parameters. The data is

generated by a 3D-Var assimilation scheme with temperature and salinity profiles assimilated

from the CORA3.3 database [Ferry et al., 2012b]. In this study, monthly data from 1993 to

2014 on the original ORCA025 grid is used.

SODA3

SODA3 is the latest version of Simple Ocean Data Assimilation (SODA) ocean reanalyses con-

ducted mainly at the University of Maryland [Carton et al., 2018]. SODA3 is built on the

Modular Ocean Model v5 (MOM5) ocean component of the Geophysical Fluid Dynamics Labo-

ratory CM2.5 coupled model [Delworth et al., 2012] with a grid configuration of approximately

0.25◦ (latitude) x 0.25◦ (longitude) x 50 levels resolution [Carton et al., 2018]. To be consistent

with the other two reanalysis data sets assessed in this study, the SODA 3.4.1 is chosen since it

applies surface forcing from ERA-Interim. For this specific version, the 5-daily data is available

from 1980 to 2015. Reanalysis data from this period on the original MOM5 grid is used in this

case.

2.2.2 Oceanic Observations and OGCM Hindcast

For independent examination of the OMET calculated from reanalysis data sets, observations

of the meridional transport of mass and heat throughout the Atlantic basin are used here. We

use data from the RAPID-MOCHA-WBTS program [Johns et al., 2011, McCarthy et al., 2015]

and the OSNAP program [Susan Lozier et al., 2017, Lozier et al., 2019]. The RAPID-MOCHA-

WBTS program, which is known as the RAPID array, employs a transbasin observing array

along 26.5◦N and it is in operation since 2004. The OMET from the RAPID array available to

this study is from April 2004 to March 2016. The OSNAP program has an observing system that

comprises an integrated coast-to-coast array extending from the southeastern Labrador shelf to

the southwestern tip of Greenland, and from the southeastern tip of Greenland to the Scottish

shelf. So far, it provides OMET data from the full installation of the array in 2014 until the first

complete data recovery in 2016, 21 months in total. Although it is too short to provide a good

estimate of the interannual variability of OMET, we still include it as it is a unique observation

system for OMET in the subpolar Atlantic.

Apart from the RAPID array and OSNAP observational data, a NEMO ORCA hindcast is

also included here to provide more insights since two of the chosen reanalysis products are also

built on the NEMO ocean circulation model [Moat et al., 2016, Marzocchi et al., 2015]. This

forced model simulation implements the NEMO ORCA global ocean circulation model version

3.6 [Madec, 2008]. It is configured with the ORCA0083 grid, which has a nominal resolution

of 1/12◦, on 75 vertical levels. Climatological initial conditions for temperature and salinity

were taken in January from PHC2.1 at high latitudes [Steele et al., 2001], MEDATLAS in the

Mediterranean [Jourdan et al., 1998], and the rest from Levitus et al. [1998]. It is forced by the

surface fields produced by the Drakkar project, which supplies surface air temperature, winds,

humidity, surface radiative heat fluxes and precipitation, and a formulation that parameterizes

the turbulent surface heat fluxes and is provided for the period 1958 to 2012 (dataset version
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5.2) [Brodeau et al., 2010, Dussin et al., 2016]. More information about this hindcast is given

by Moat et al. [2016]. We take monthly mean data from the hindcast, which spans from 1979

to 2012. For clarity, this hindcast will be referred to as the Oceanic General Circulation Model

(OGCM) simulation in this paper.

2.2.3 Computation of Meridional Energy Transport

The methods for quantification of AMET and OMET with atmospheric and oceanic reanalyses

are included in this section, respectively.

Energy Budget in the Atmosphere

The total energy per unit mass of air has four major components: internal energy (I), latent

heat (H), geopotential energy (φ) and kinetic energy (k). They are defined as:

I = cvT

H = Lvq

Φ = gz

k =
1

2
v · v

(2.1)

with cv the specific heat capacity of dry air for constant volume (J/(kgK)), T the absolute

temperature (K), Lv the specific heat of condensation (J/kg), q the specific humidity kg/kg, g

the gravitational acceleration (kg/(ms2)), z the altitude (m) and v the zonal/meridional wind

velocity (m/s). The northward propagation is positive. In addition, these four quantities can

be divided into three groups: the dry static energy I +φ, the moist static energy I +φ+H and

the kinetic energy k. A constant value of Lv = 2500KJ/kg was used to compute the AMET

with the atmosphere reanalysis data sets. In addition, recently improved formulations of energy

budget equations proposed by Mayer et al. [2017] and Trenberth and Fasullo [2018] are addressed

here. We use an updated formulation of AMET as a combination of the divergence of dry-air

enthalpy, latent heat, geopotential and kinetic energy transports, which is suggested by Mayer

et al. [2017]. Note that in this case the enthalpy transports associated with vapor fluxes are

neglected.

In pressure coordinates, the total energy transport at a given latitude Φi can be expressed as

[Mayer et al., 2017]:

E =

∮
Φ=Φi

∫ pt

ps

[(1− q)cpT + Lvq + gz +
1

2
v · v]v

dp

g
dx (2.2)

with cp the specific heat capacity of dry air at constant pressure, pt the pressure level at the

top of the atmosphere (Pa) and ps the pressure at the surface (Pa). A constant value of

cp = 1004.64J/(kgK) was used. Since we work on the native hybrid model coordinate with
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each atmosphere reanalysis product, the equation can be adjusted as follows (see Graversen

[2006]):

E =

∮
Φ=Φi

1

g

∫ 1

0
[(1− q)cpT + Lvq + gz +

1

2
v · v]v

∂p

∂η
dηdx (2.3)

where η indicates the number of the hybrid level.

Unfortunately, a direct estimation of AMET based on the equations above cannot provide mean-

ingful energy transports obtained from reanalysis data. It has been widely reported that reanal-

ysis products suffer from mass inconsistency [Trenberth, 1991, Trenberth et al., 2002, Graversen,

2006, Graversen et al., 2007, Chiodo and Haimberger, 2010, Berrisford et al., 2011]. Spurious

sinks and sources mainly come from low spatial and temporal resolution, interpolation and re-

gridding, and data assimilation. The interpolation from the original model level to pressure level

can introduce considerable errors to the mass budget [Trenberth et al., 2002]. Therefore we pre-

vent interpolations onto the pressure levels and use data on the native model levels with a high

temporal resolution. Trenberth [1991] provided a method to correct the mass budget through

the use of the continuity equation. The method assumes that the mass imbalance mainly comes

from the divergent wind fields and corrects the overall mass budget by adjusting the barotropic

wind. The conservation of mass for a unit column of air can be represented as:

∂ps
∂t

+∇ ·
∫ pt

ps

vdp = g(E − P ) (2.4)

Where E stands for evaporation and P denotes precipitation. It has been noticed that big

uncertainties reside in the evaporation and precipitation of global reanalyses [Graversen, 2006].

Hence we use the moisture budget to derive the net moisture change in the air column, according

to:

E − P =
∂

∂t
(

∫ pt

ps

q
dp

g
) +∇ ·

∫ pt

ps

(v · q)dp
g

(2.5)

The related fields for the mass budget correction are surface pressure (ps), meridional and zonal

winds (u, v), and specific humidity (q). After determining the mass budget imbalance, we correct

the barotropic wind fields (uc, vc), with uc and vc indicating the correction terms for zonal and

meridional wind components as a result of the barotropic mass budget correction, and then

calculate AMET [Trenberth, 1991]. Note that all the computations regarding barotropic mass

budget correction were performed in the spectral domain via spherical harmonics. Figure 2.1

shows the mean AMET and each component in each month at 60◦N estimated from ERA-

Interim.

It is worth mentioning that MERRA2 is very different from ERA-Interim and JRA55, in terms

of the discretization method and grid incorporated by the dynamical core. The dynamical

core for MERRA2 is the GEOS-5 model and it computes all fields on a cubed-sphere grid

with a resolution of 50 × 50km [Gelaro et al., 2017], while in ERA-Interim and JRA55 the
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Figure 2.1: Estimation of mean AMET and each component in each month at 60◦N with ERA-Interim

from 1979 to 2017.

computations were performed in the spectral domain. However, the data collections are saved

only on the latitude-longitude grid after interpolation. Thus the data cannot be transferred back

to the cubed-sphere grid without loss of information. Moreover, the vector field computations

on the cubed-sphere grid are not divergence-free due to the implementation of finite volume

discretization methods [Putman and Lin, 2007]. Consequently, we transferred MERRA2 fields

to the spectral domain and performed vector field computations via spherical harmonics to

minimize the numerical errors, the same treatment as ERA-Interim and JRA55.

Energy Budget in the Ocean

Unlike the atmosphere, energy transport in the ocean can be well represented by the internal

energy itself. Consequently, the total energy transport in the ocean at a given latitude φi can

be expressed in terms of the temperature transport [Hall and Bryden, 1982]:

E =

∮
Φ=Φi

∫ z0

zb

ρ0cp0θ · vdzdφ (2.6)

where ρ0 is the seawater density (kg/m3), cp0 is the specific heat capacity of seawater (J/(kg◦C)),

θ is the potential temperature (◦C), v is the meridional current velocity (m/s), z0 and zb are sea

surface and the depth till the bottom (m), respectively. A constant value of cp0 = 3987J/(kg◦C)
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was used in all the calculations of OMET. Ocean heat content (OHC, with unit J) is another

variable that plays a role in the ocean heat budget. The total OHC between certain latitudes

can be calculated by:

OHC =

∫ Φ0

Φi

∫ z0

zb

ρ0cp0θdzdφ (2.7)

Our computation of OMET suffers from a small mass imbalance (e.g., mass imbalance coming

from the difference between precipitation and evaporation [Mayer et al., 2017]). In the ocean,

with its strong boundary circulations even the smallest imbalance can lead to large errors in the

heat flux. However, the barotropic correction method adopted by the atmosphere is not feasible

here due to the mass imbalance coming from the residual between precipitation and evaporation,

and some budget terms that are hard to diagnose. In oceanographic literature it is common to

use a reference temperature when calculating OMET in both observations and model diagnostics

[Bryan, 1962, Hall and Bryden, 1982, Zheng and Giese, 2009]. Here, we also take a reference

temperature θr (C). Note that the influence of taking a reference temperature on a zonally

integrated transport is smaller than that on a single strait [Schauer and Beszczynska-Möller,

2009]. Then the quantification of OMET becomes:

E =

∮
Φ=Φi

∫ z0

zb

ρ0cp0(θ − θr) · vdzdφ (2.8)

Here, we take θr equal to 0◦C. Finally, operations in the zonal direction are different from

their conventional meaning. As the three ocean reanalysis products used here are all built on

a curvilinear grid, the zonal direction on the native model grid is curvilinear as well. Similar

to the considerations made in Section 2.1, regridding from the native curvilinear grid to a

uniform geographical grid will introduce large errors. So, we worked on the original multi-

pole grid and followed a zig-zag setup when taking zonal integrals. The method is illustrated

by Outten et al. [2018] in their Figure 2. After applying this method the resulting OMET

values are comparable to those in earlier publications [Trenberth and Caron, 2001, Wunsch,

2005, Trenberth and Fasullo, 2008]. Note that we only have access to sub-monthly data for

SODA3. The computation of OMET using monthly data in GLORYS2V3 could miss part of

heat transport by eddies, while ORAS4 does not include the heat transport from the eddy

parameterization scheme [Gent and Mcwilliams, 1990] as the related eddy-induced velocity field

was not archived.

2.2.4 Statistical Analysis

In order to understand the connection between MET and changes in the Arctic, and to compare

to the results from numerical climate models or single reanalysis dataset [Graversen, 2006,

Van der Swaluw et al., 2007, Graversen et al., 2008, Jungclaus and Koenigk, 2010, Kapsch

et al., 2013], in the following section we performed linear regressions on multiple fields with

AMET and OMET. To test the significance of the regressions, we use the student’s t-test. The
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autocorrelations are taken into account. Note that all the reanalysis data sets included in this

study have relatively short time series (no more than 456 months, see Table 2.1).

2.3 Results

Unless specifically noted, the results shown in this section are all based on monthly mean fields

with low pass filter of 5 years, which will be referred to as interannual time scales for the rest of

the paper.

2.3.1 Overview of AMET and OMET

Globally, MET is driven by the unequal distribution of net solar radiation and thermal radiation.

There are transports from regions with positive net TOA radiation to regions with negative net

TOA radiation. Figure 2.2 shows the mean AMET and OMET over the entire time series of

every product at each latitude in the Northern Hemisphere. For the atmosphere, all three data

sets agree very well. The results differ a bit in amplitude but capture similar variations at each

latitude. The peak of AMET is around 41◦N, after which it starts to decrease towards the north

pole. In ERA-Interim and JRA55, AMET peaks at 4.45 PW at 41◦N, while in MERRA2 AMET

peaks at 4.5 PW at 41.5◦N. These findings are consistent with previous work [e.g. Trenberth and

Caron, 2001, Fasullo and Trenberth, 2008, Mayer and Haimberger, 2012, and many others].

Apart from the climatology of MET, we are particularly interested in the variations across

different time scales from midlatitudes towards the Arctic. The time series of AMET, integrated

zonally over 60◦N, are shown in Figure 2.3a. The seasonal cycle is dominant in each component,

as expected, and the phase is very similar, but differences in the amplitudes are noted. The mean

AMET provided by the chosen three atmospheric reanalysis data sets agrees well. However, their

variations differ from each other. In ERA-Interim, the standard deviation (std) of AMET is

0.92 PW, while MERRA2 has a relatively large std of 0.97 PW, and in JRA55 the std is 0.91

PW. Hence, it can be concluded that the seasonal cycles of AMET presented by the chosen

atmospheric reanalysis data sets are similar. After removing the seasonal cycles and applying

a 5-year low pass filter, we obtain the low frequency signals of AMET anomalies at interannual

time scales (see Figure 2.3b). ERA-Interim and JRA55 agree well, and the correlation coefficient

between them is 0.82. MERRA2 provides a different result, and the correlation coefficient

between ERA-Interim and MERRA2 is -0.53. The std of AMET anomaly in ERA-Interim

is 0.02 PW, while in MERRA2 the std is 0.04 PW and in JRA55 the std is 0.03 PW. This

implies that the variations of AMET anomalies at large time scales are similar in ERA-Interim

and JRA55, but not in MERRA2. We further assess the sources of the difference in the next

section.

For the ocean, all the reanalysis data sets agree well at almost all the latitudes, except for

the OMET between 30◦N and 40◦N, where the Gulf Stream resides (Figure 2.2). One possible

explanation is that GLORYS2V3 and SODA3 both have been generated with eddy-permitting

models while ORAS4 has not. In ORAS4, an eddy parameterization scheme from Gent and

Mcwilliams [1990] is implemented. The implementation of this eddy parameterization scheme

can lead to a big difference in heat transport, compared to eddy-permitted models [Stepanov and
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Figure 2.2: Mean AMET and OMET over the entire time span of each product as function of latitude

in the Northern Hemisphere. AMET are illustrated with solid lines while OMET with dash lines. The

shades represent the full range of MET across the entire time series at each latitude. The time span of

each product used in this study is given in Table 2.1.

Haines, 2014]. However, in this case the computation of OMET with ORAS4 does not include

the contribution from eddy-induced velocity as the fields related to the use of eddy advection

schemes were not archived. The eddy-permitting reanalysis data sets with high resolution, like

GLORYS2V3 and SODA3, are capable of addressing the large scale geostrophic turbulence.

It has been shown that their eddy-permitting capacity can account for the large scale eddy

variability and represent the eddy energy associated with both the Gulf Stream and the Kuroshio

pathways well [Masina et al., 2017]. Consequently, at the latitude of the Gulf Stream (between

30◦N and 40◦N), a strong spatial variability, which might represent more realistic patterns of

the large scale eddy variability, is apparent in all data sets but ORAS4.

Similarly, we show the zonal integral of the OMET at 60◦N in Figure 2.4. Differences in am-

plitudes and trends can be observed in the unfiltered time series. The mean and std of all

the OMET time series are similar (see Figure 2.4a). The mean of OMET in ORAS4 is 0.47

PW, in GLORYS2V3 it is 0.44 PW and in SODA3 it is 0.46 PW. The OGCM hindcast gives a

similar result, which is also 0.47 PW. The std of OMET in ORAS4 and the OGCM hindcast is

0.06 PW, while in GLORYS2V3 and SODA3 the std is 0.07 PW. The OMET anomalies with a

5-year low pass filter are shown in Figure 2.4b. OMET anomalies in ORAS4 resemble that in

SODA3, especially after 1998. While OMET anomalies in GLORYS2V3 are very different from
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Figure 2.3: Time series of zonal integral of AMET at 60◦N without/with low pass filter. (a) The

original time series and (b) the ones with low pass filter include signals from ERA-Interim (blue),

MERRA2 (red) and JRA55 (green). For the low pass filtered ones, we take a running mean of 5 years.

The shades represent the confidence intervals with one standard deviation. σ is the standard deviation

and µ is the mean of the entire time series.

that in ORAS4 and SODA3 from 1998 to 2006. The differences reveal that the first 10 years in

GLORYS2V3 are quite suspicious because of its large deviation from the other products. Such

large differences should be noticeable in the heat content changes or surface fluxes. We find that

OHC anomalies in GLORYS2V3 is indeed very different from ORAS4 and SODA3 during this

period (see Figure 2.8). Nevertheless, after 2007 all the oceanic reanalyses agree well and the
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OGCM hindcast deviates from the reanalyses. It is noteworthy that the observations improve

considerably around that period due to an increasing number of Argo floats in use [Riser et al.,

2016]. The reanalysis products used here are greatly influenced by the number of available

in-situ observations. We further assess the sources of differences in the next section.

Figure 2.4: Time series of zonal integral of OMET at 60◦N without/with low pass filter. (a) The orig-

inal time series and (b) the ones with low pass filter include signals from ORAS4 (blue), GLORYS2v3

(red), SODA3 (green) and the OGCM hindcast (yellow). For the low pass filtered ones, we take a

running mean of 5 years. The shades represent the confidence intervals with one standard deviation.

σ is the standard deviation and µ is the mean of the entire time series.
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2.3.2 Sources of Disparity

In order to further understand the difference between the AMET estimated from each atmo-

sphere reanalysis product, we compare each component of AMET separately. We investigate

the difference between each component of AMET at 60◦N estimated from ERA-Interim against

those from MERRA2 and JRA55. It is noticed that the differences mainly originate from merid-

ional temperature transport(vcpT ) and geopotential energy transport (vgz). We find that the

correlation between the difference in total energy transport and the difference in meridional tem-

perature transport between ERA-interim and MERRA2 is 0.55, while between ERA-Interim and

JRA55 that is 0.21. In addition, the correlation between the difference in total energy transport

and the difference in geopotential energy transport (vgz) between ERA-Interim and MERRA2

is 0.56, while between ERA-Interim and JRA55 that is 0.60. For the other components, the

correlations between them and the total difference are small. The results are all obtained with a

confidence interval of 95%. Large differences in temperature transport among reanalysis prod-

ucts are found at almost all latitudes (not shown). Such differences are consistent with the fact

that the temperature transport and geopotential energy transport have a large contribution to

the total AMET (see Figure 2.1). Note that the differences in each AMET component are of

the same order of magnitude as AMET. Besides, the mean and anomalous latent heat transport

agree well between the chosen atmospheric products (not shown). A similar result was found

by Dufour et al. [2016] in their study using more reanalysis data sets.

In order to know the relative contribution of each field to the difference of the mean total AMET

among the chosen reanalyses, a direct comparison of the vertical profile of temperature and

meridional velocity fields between ERA-Interim and MERRA2 is presented in Figure 2.5. We

compare the monthly mean temperature and velocity fields of ERA-Interim and MERRA2 from

1994 to 1998, in which the biggest difference was observed (Figure 2.3, taking into account the

running mean of 5 years). To accommodate a point-wise comparison, the fields from MERRA2

are interpolated onto the vertical grid of ERA-Interim. It shows that these two reanalysis

products differ substantially regarding each variable field (Figure 2.5a and b). Big differences in

temperature reside mostly at the tropopause. Large differences in meridional wind components

are distributed over the entire vertical column of the tropopause. Such differences in both fields

are expected to be responsible for the difference in mean temperature transports (vcpT ). Large

differences are found in geopotential height fields, too (not shown). It should be noted that this

comparison is carried out on pressure levels and mass conservation is not ensured. Therefore it

can only provide insight qualitatively, and a quantitative contribution of the difference in every

single field to the mean temperature transports can not be identified here.

Differences between every two chosen atmospheric products are found at nearly each pressure

level. This analysis is not sufficient to explain conclusively where the uncertainty mainly comes

from in terms of the dynamics and physics in the atmosphere model and data assimilation

system. We do find that uncertainties, as indicated by the spread between the data sets, in

both the temperature and meridional velocity fields, are too large to constrain the AMET. Note

that the difference in horizontal advection schemes can also influence the results. The chosen

atmospheric reanalyses systems use Semi-Lagrangian advection schemes, but this is not the case

for MERRA2. Hence studies on low frequency variability of energy transports and associated
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Figure 2.5: Difference in temperature, meridional wind velocity and temperature transport between

MERRA2 and ERA-Interim at 60◦N. The vertical profile of (a) temperature difference and (b) merid-

ional wind velocity difference are calculated from the climatology of each fields from 1994 to 1998,

respectively.

variables should be interpreted with care as the reanalysis products differ substantially, and we

cannot judge a priori how close they are to actual energy transports since independent direct

observations are not available.

For the ocean, fortunately observations of OMET in the Atlantic Ocean are available. First,

OMET estimated from ORAS4, GLORYS2V3, SODA3 and the OGCM hindcast is evaluated

against OMET measured at 26.5◦N. The intercomparison shows that the reanalysis products

capture roughly the mean amplitude of the OMET (Figure 2.6). Some large events are captured

as well, such as the strong weakening in 2009. Statistically, the mean OMET provided by the

RAPID array is 1.21±0.27PW . It is higher than the chosen products here. The mean OMET in

ORAS4 is 0.66± 0.27PW , in GLORYS2V3 it is 0.89± 0.52PW , in SODA3 it is 0.81± 0.52PW

and in OGCM hindcast it is 1.05±0.21PW . This means that all chosen products underestimate

the mean OMET at 26.5◦N in the Atlantic basin. Of all products, ORAS4 has the largest

bias. The std of OMET given by ORAS4 is the same as that from the RAPID array, while in

GLORYS2V3 and SODA3 we find a higher std of OMET. The OGCM hindcast has a relatively

small OMET std, which is 0.21 PW. In terms of the correlation and standard deviation, ORAS4

and the OGCM hindcast agree well with observations. It is noteworthy that the OGCM does

not assimilate ocean data. The simulation is only constrained by the surface fluxes and this

suggests that the surface forcing is a very important driver of OMET variability. To conclude,

the heat transport at 26.5◦N is too low in these products, but ORAS4 and OGCM hindcast

appear to have reasonable variability.

Moreover, the comparison of time series in the chosen reanalyses and OSNAP observations is

given in Figure 2.7. Due to the limited length of OMET time series, only ORAS4 and SODA3 are

included in the comparison. It can be noticed that the OMET given by ORAS4 is comparable

to that in OSNAP in terms of the amplitude and variability. For most of the time within the

observation period, OMET in ORAS4 falls into the range of the OSNAP observation including

the uncertainty margins. The mean of OMET in ORAS4 is 0.39±0.11PW , which is quite similar
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Figure 2.6: OMET estimated from ORAS4 (blue), GLORYS2V3 (red), SODA3 (green) and the

OGCM hindcast (orange) compared to the RAPID array observation (gray) at 26.5◦N across the

Atlantic basin. The time series of OMET is presented in (a). The statistical properties are shown

in (b) Taylor Diagram, including bias, correlation (blue), standard deviation (black) and root mean

square deviation (green). σ is the standard deviation and µ is the mean of the entire time series.

to the mean OMET 0.45± 0.07PW of OSNAP. However, OMET in SODA3 has a larger mean

and standard deviation than that in OSNAP and thus deviates from the observations.

Just as in the atmosphere, we would like to study the temperature and meridional current

velocity contributions to the ocean heat transport to identify the sources of the difference between

products. However, due to the nature of the curvilinear grid, the comparison of local fields after

interpolation is not trustworthy. To get further insight, we calculate the ocean heat content
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Figure 2.7: OMET estimated from ORAS4 (blue), SODA3 (green) and compared to the OSNAP

observation (gray) at subpolar Atlantic basin. The range of uncertainty from OSNAP observation is

marked by the red shade. σ is the standard deviation and µ is the mean of the entire time series.

(OHC), since the convergence of the heat transports is likely related to OHC change. A full

budget analysis was not feasible as most data sets did not include the surface fluxes. Figure 2.8

illustrates the OHC (Figure 2.8a) and OHC anomalies (Figure 2.8b) quantified from ORAS4,

GLORYS2V3, SODA3 and the OGCM hindcast. It depicts the OHC integrated in the polar

cap (from 60◦N to 90◦N) over all depths. The mean OHC in ORAS4 is 4.48 ± 0.78 ∗ 1022J , in

GLORYS2V3 it is 4.23± 0.59 ∗ 1022J and in SODA3 it is 3.79± 0.93 ∗ 1022J , while the OGCM

hindcast shows a much larger mean OHC of 7.85 ± 0.58 ∗ 1022J . Actually, we found that the

OHC between 60◦N to 70◦N in the OGCM hindcast agrees well with the reanalyses (not shown).

Thus the difference seems to be associated with changes to the sea ice distribution. Given the

limited observations in the Arctic to constrain the reanalyses and different assumptions about

the Arctic sea ice due to the differences in spatial resolutions, it is more complex than just

concluding that the reanalyses are better. The variations of OHC are similar between chosen

products. Regarding the OHC anomalies in Figure 2.8b, a positive trend of OHC anomalies

in the polar cap is captured by each product. However, the variability is different and these

are reflected in the standard deviation of OHC anomalies time series. Increases in surface

temperature and OHC are often taken as a sign of AA in many papers [e.g. Serreze and Barry,

2011]. Qualitatively, the trends of OHC in the chosen reanalyses at the polar cap could be

taken as a sign of the AA, but it might be just Arctic warming and not necessarily a higher

warming rate than the global mean temperature change. A quantitative evaluation of the AA is

not possible due to large differences between products. To conclude, there are large differences

in OHC between chosen products, while their variations agree relatively well. Since OHC is a

function of temperature fields only, this can imply that temperature profiles are different among

the chosen ocean reanalysis data sets. The differences of OHC between chosen products are

partially consistent with the differences that we found for OMET. However, the OHC anomalies
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agree better among reanalysis products than the absolute OHC, which indicates that the trend

of OHC is captured in a similar way among all the ocean reanalysis products.

Figure 2.8: Time series of (a) ocean heat content (OHC) and (b) OHC anomalies with a low pass

filter at the polar cap. The OHC is integrated from surface to the bottom between 60◦N and 90◦N. It is

estimated from ORAS4 (blue), GLORYS2V3 (red), SODA3 (green) and the OGCM hindcast (yellow).

The shades represent the confidence intervals with one standard deviation. σ is the standard deviation

and µ is the mean of the entire time series.
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2.3.3 MET and the Arctic

In previous sections, it is found that MET in different reanalysis products at subpolar and

subtropical latitudes differ substantially from each other. In order to further evaluate AMET

and OMET given by different reanalyses and to provide more insight, we investigate the links

between MET and remote regions. We focus on the Arctic because previous studies indicate

a strong role for subpolar MET in low frequency variability in the Arctic region. Given the

complexity of the interaction between MET and the Arctic, and the short time series available,

determining cause-effect relations is out of the scope for this paper. We aim to compare the

relation between MET and the Arctic within each reanalysis product to investigate the physical

plausibility and compare it with previous studies that use data from one reanalysis product or

from coupled climate models [e.g. Graversen, 2006, Van der Swaluw et al., 2007, Graversen et al.,

2008, Jungclaus and Koenigk, 2010, Kapsch et al., 2013].

Many of these studies perform linear regressions between a time series of MET and gridpoint

values of other physical variables. Here we follow the same procedure and perform linear regres-

sions of sea level pressure (SLP), 2 meter temperature (T2M) and sea ice concentration (SIC)

anomalies on AMET and OMET anomalies at 60◦N for the chosen products. We show linear

regressions in summer and winter separately in order to account for the seasonal variability of

the relationships. It should also be noted that there are strong trends in OMET, T2M and

SIC. We removed them by applying a polynomial fit to the time series on each grid point. We

find that the second order polynomial fit is able to capture the trend without losing variations

at interannual time scales. Hereafter we only address detrended OMET, T2M and SIC. For

the sake of consistency, the regressions are carried out on the surface fields included in each

respective reanalysis product. For instance, the regression of SLP on AMET estimated from

ERA-Interim, involves SLP fields from ERA-Interim itself. For the ocean reanalyses, as they

all apply forcing derived from ERA-Interim, the regressions are performed on the fields from

ERA-Interim. Note that there is a known issue with the quality of sea ice field close to the

north pole in ERA-Interim, which can be inferred from an evaluation of reanalysis data sets

concerning near surface fields in Lindsay et al. [2014]. Following the regressions performed by

Van der Swaluw et al. [2007] and Jungclaus and Koenigk [2010], we repeated the same procedure

here with AMET at interannual scales (∼ 5 year).

First, we investigate the links between MET and the Arctic in winter. The regressions of anoma-

lies of multiple fields on AMET anomalies at 60◦N in each atmospheric product in winter are

shown in Figure 2.9. The regression coefficients reach maximum when the regressions are in-

stantaneous with given fields. In ERA-Interim and JRA55, AMET is correlated with SLP over

the Greenland, the North Atlantic, the Barents Sea, the Kara Sea and the northern part of the

Eurasian continent. It suggests that an increase in subpolar AMET is linked to a northward

advection over the Greenland which could bring relatively warm and humid air into the Arctic.

Such patterns are consistent with the relatively warm air over the Greenland and part of the

Central Arctic close to the Eurasian side shown in Figure 2.9d and f. Using ERA-40, Graversen

[2006] found similar correlation between AMET and surface air temperature (SAT) at the Green-

land Sea and Barents Sea as Figure 2.9d and f, without time lag. This is also consistent with

a model study by Jungclaus and Koenigk [2010]. The decrease of sea ice concentration with
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increasing AMET at the Baffin Bay and the northern part of Barents Sea given by Figure 2.9g

and i is consistent with the relations between AMET and T2M. A further eddy decomposition

of AMET following the method from Peixoto and Oort [1992] indicates that heat transported by

standing eddies has the biggest contribution to the total AMET (not shown), which is consistent

with Graversen and Burtu [2016]. These patterns are found only in ERA-Interim and JRA55,

but not in MERRA2. Such different patterns in MERRA2 likely stem from its shift in AMET

around 2000. Hence, there is also large uncertainty in the assertion that heat and humidity

transport by stationary eddies contribute to the changes in the subpolar and Arctic regions at

interannual time scales.

Figure 2.9: Regressions of sea level pressure, 2 meter temperature and sea ice concentration anomalies

on AMET anomalies at 60◦N in winter (DJF) at interannual time scales with no time lag. The monthly

mean fields are used here after taking a running mean of 5 year. Both the 2 meter temperature and

sea ice concentration are detrended. From left to right, they are the regressions on AMET of (a, d, g)

ERA-Interim, (b, e, h) MERRA2 and (c, f, i) JRA55. The stippling indicates a significance level of

95%.
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Moreover, similar to Van der Swaluw et al. [2007] and Jungclaus and Koenigk [2010], we inves-

tigate the links between the variability of OMET and variations of multiple fields at interannual

time scales. The regressions of anomalies of multiple fields on detrended OMET anomalies at

60◦N in winter are shown in Figure 2.10 with OMET leading by 1 month. It is noteworthy that

it takes around 1 to 2 years for the OMET anomalies to propagate from the North Atlantic to

the Barents Sea [Årthun et al., 2012]. However, the regression coefficients are maximal when the

OMET leads by 1 month, which could be attributed to the implementation of the low-pass filter.

In ORAS4 and SODA3, increasing OMET can lead to a decrease in SLP in the Arctic, while in

ORAS4 this polar-low is much stronger. This seems to indicate that an increase in OMET is

related to sea ice melt and increase in T2M around the Nordic seas. There is an AO/NAO like

SLP anomaly with the associated large scale temperature pattern. However, GLORYS2V3 tells

an entirely different story. This is mainly due to the difference between OMET in this dataset

compared to the other ocean data sets during the 1990s as shown in Figure 2.4.

In general, the decrease of OMET leads to an increase in the growth rate of SIC, which is

consistent with studies performed with global climate models at decadal to inter-decadal time

scales [e.g. Van der Swaluw et al., 2007, Jungclaus and Koenigk, 2010, van der Linden et al.,

2016]. Studies with observations of sea ice at the Barents Sea and OMET across Barents Sea

Opening (BSO) also confirm the strong correlation between the OMET and sea ice variation

over the Barents Sea [Årthun et al., 2012, Onarheim et al., 2015]. However, note that some

discussed regions are below the significance of 95%.

In summer, the situation becomes more intricate and unclear. The same regressions of anomalies

of multiple fields on AMET and OMET anomalies at 60◦N in each reanalysis product in summer

were performed (not shown). It is noticed that the consistency of associations between AMET,

OMET and multiple fields is better in winter than that in summer within the chosen products.

Atmospheric dynamical processes are more dominant in winter, which is also reflected in large

scale patterns of variability such as the AO and NAO which are more pronounced in winter

than in summer [e.g. Lian and Cess, 1977, Curry et al., 1995, Goosse et al., 2018]. Therefore

the regressions of SLP, T2M and SIC on AMET in winter are easier to understand than those

in summer.

In this section we compared the reanalysis data with findings from previous studies. We found

that ERA-Interim and JRA55 are most consistent with the results given by coupled numerical

models in winter, while MERRA2 does not corroborate model studies. For the ocean, results

from ORAS4 and SODA3 are more consistent with literature in winter. However, given the

low statistical significance and the difference among chosen products, it is still hard to deter-

mine which atmospheric product provides a more convincing plausible interannual variations in

AMET.

2.4 Discussion

In this study, we found substantial differences between reanalysis products with respect to

MET. In order to improve the accuracy of the variability of AMET and OMET estimated

from reanalyses, one needs more observations to constrain the models. Vertical profiles differ
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Figure 2.10: Regressions of sea level pressure, 2 meter temperature and sea ice concentration anoma-

lies on OMET anomalies at 60◦N in winter (DJF) at interannual time scales. OMET leads the fields

by one month. The 2 meter temperature, sea ice concentration and OMET are detrended. From left

to right, they are the regressions on OMET of (a, d, g) ORAS4, (b, e, h) GLORYS2V3 and (c, f, i)

SODA3. The stippling indicates a significance level of 95%.

substantially between products, and surface and top of the atmosphere radiation budget are

too uncertain to constrain variability in the different products. Note that reanalyses do not

assimilate direct observation of the TOA and surface energy budgets. Climate models already

provide information on the interaction between atmosphere and ocean and connections provided

by the energy transport from mid to high latitudes [Shaffrey and Sutton, 2006, Van der Swaluw

et al., 2007, Jungclaus and Koenigk, 2010]. This can potentially sketch the mechanism of the

interaction between energy transport and the Arctic climate change. Moreover, some studies

point out that the latent heat is more influential on the Arctic sea ice rather than the dry

static energy [Kapsch et al., 2013, Graversen and Burtu, 2016]. With improved reanalysis
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products and independent observations, such as ocean mooring arrays and atmospheric in-situ

and satellite observations, to validate the reanalyses, the validity of these mechanisms can be

further studied.

The regression of SIC on OMET suggests that sea ice variations are sensitive to changes of merid-

ional energy transport at subpolar latitudes, which is noticed by other studies on SIC and MET

as well [Van der Swaluw et al., 2007, Jungclaus and Koenigk, 2010, van der Linden et al., 2016].

ORAS4 and SODA3 show a large anticorrelation between SIC and OMET in winter around the

Greenland Sea and the Barents Sea. However, GLORYS2V3 does not show this relation. The

differences in OMET are reflected in the regressions on sea ice. The strong connection between

OMET from mid-to-high latitudes and the Arctic sea ice indicates an indirect link between

midlatitudes and the Arctic. Many studies that explored these remote links found large scale

“horseshoe” and dipole patterns over the Atlantic [Czaja and Frankignoul, 2002, Gastineau and

Frankignoul, 2015, Delworth et al., 2017]. However, the physical mechanism remains disputable.

Overland et al. [2015] and Overland [2016] propose that the multiple linkages between the Arc-

tic and midlatitudes are based on the amplification of existing jet stream wave patterns, which

might also be driven by tropical and midlatitudes SST anomalies [Screen and Francis, 2016,

Svendsen et al., 2018]. Cohen et al. [2014] lists possible pathways for the teleconnection between

the Arctic and midlatitudes, including changes in storm tracks, the jet stream, and planetary

waves and their associated energy propagation. However, due to the shortness of time series, a

small signal-to-noise ratio, uncertain external forcing, and the internal atmospheric variability

[Overland, 2016, Barnes and Screen, 2015], this question has no easy answer.

Previous studies have shown that the variations of total OMET are very sensitive to the changes

of its overturning component [e.g. McCarthy et al., 2015, Lozier et al., 2019]. Hence, the AMOC

may serve as an indicator of the changes of OMET. In our case, a quantitative estimation of the

difference in the AMOC among the chosen data sets is beyond the scope of this paper. However,

the downward trend of AMOC, which has been reported by several studies [Smeed et al., 2014,

McCarthy et al., 2015, Oltmanns et al., 2018], is consistent the downward trend observed in

OMET at 60◦N in our chosen oceanic reanalyses (see Figure 2.4). After analyzing six oceanic

reanalysis data sets, Karspeck et al. [2017] find the reanalysis products are not consistent in their

year-to-year AMOC variations. The discrepancy between AMOC represented by each reanalysis

product may explain the differences in OMET in each reanalysis dataset.

2.5 Conclusions

This study aimed to quantify and intercompare AMET and OMET variability from 3 atmo-

spheric and 3 oceanic reanalysis data sets at subpolar latitudes. It also serves to illustrate the

relation between AMET and OMET with high latitude climate characteristics. The study is

motivated by previous studies with coupled models that show a strong relation between merid-

ional energy transport and sea ice. It is also motivated by previous studies with reanalysis

data, where generally only one reanalysis data set is considered, and which includes mostly only

oceanic or atmospheric analysis.

All selected data sets agree on the mean AMET and OMET in the Northern Hemisphere. The
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results are consistent with those achieved over the previous 20 years [Trenberth and Caron,

2001, Fasullo and Trenberth, 2008, Mayer and Haimberger, 2012]. However, when it comes to

anomalies at interannual time scales, they differ from each other both spatially and temporally.

The variations between ERA-Interim and JRA55 are small, while MERRA2 is very different

from them. Although there is an overlap of observational data assimilated by different reanal-

ysis products, large deviations still exist in many fields, especially for the vertical profiles of

temperature and velocity in atmospheric reanalyses, which were also reported by some reanal-

ysis quality reports [Simmons et al., 2014, 2017, Uotila et al., 2018]. A further investigation of

the relations between multiple fields in the Arctic and meridional energy transport shows that

the Arctic climate is sensitive to the variations of AMET and OMET in winter. The patterns

in ERA-Interim and JRA55 are more consistent in winter. For the ocean, ORAS4 and SODA3

provide similar patterns in winter. Based on our results, it seems that the interannual variability

of AMET and OMET cannot be constrained by the available observations. The existence of

sources and sinks in reanalysis data sets introduces large uncertainties in the computation of

energy transport [Trenberth, 1991, Trenberth and Solomon, 1994]. Although the reanalysis data

sets are not specifically designed for the studies on energy transport, given the good agreements

on mean AMET and OMET and their annual cycles among assessed reanalysis products, we

still recommend to use these reanalysis products for the energy transport diagnostics. However,

much care should be taken when adopting reanalyses for the examination of energy transport

at relatively long time scales. The robustness of those results based on the AMET and OMET

estimated from reanalyses should be further assessed.

Code and data availability

The reanalysis products used in this study are open to the public and they are available online.
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Abstract

Interactions between the atmosphere and ocean play a crucial role in redistributing energy,

thereby maintaining the energy balance of the climate system. Here, we examine the compen-

sation between the atmosphere and ocean’s heat transport variations. Motivated by previous

studies with mostly numerical climate models, this so-called Bjerknes compensation is studied

using reanalysis datasets. We find that atmospheric energy transport (AMET) and oceanic

energy transport (OMET) variability generally agree well among the reanalysis datasets. With

multiple reanalysis products, we show that Bjerknes compensation is present at almost all lati-

tudes from 40◦N to 70◦N in the Northern Hemisphere from interannual to decadal time scales.

The compensation rates peak at different latitudes across different time scales, but they are al-

ways located in the subtropical and subpolar regions. Unlike some experiments with numerical

climate models, which attribute the compensation to the variation of transient eddy transports

in response to the changes of OMET at multi-decadal time scales, we find that the response of

mean flow to the OMET variability leads to the Bjerknes compensation, thus the shift of Ferrel

cell at midlatitudes at decadal time scales in winter. This cell itself is driven by the eddy mo-

mentum flux. The oceanic response to AMET variations is primarily wind driven. In summer,

there is hardly any compensation and the proposed mechanism is not applicable. Given the short

historical records, we cannot determine whether the ocean drives the atmospheric variations or

it is the reverse.
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3.1 Introduction

Interactions between the atmosphere and ocean play a crucial role in redistributing energy,

thereby maintaining the energy balance of the climate system. Here, we study the compensation

between the atmosphere and ocean’s heat transport variations. It influences large scale dynamics

by reshaping the energy budget. Many efforts have been made to determine heat transport. In

the 1960s, Jacob Bjerknes suggested that energy transport in the atmosphere and ocean should

compensate each other if the variations of heat fluxes at the top of the atmosphere (TOAFlux)

and the ocean heat content (OHC) are small [Bjerknes, 1964]. This process has come to be

known as Bjerknes compensation.

However, since the variations of total energy are small from the interannual time scales onwards

[Shaffrey and Sutton, 2006], Bjerknes compensation is mostly studied using numerical climate

models, which allows generating relatively long time series [Shaffrey and Sutton, 2004, 2006,

Van der Swaluw et al., 2007, Jungclaus and Koenigk, 2010, Farneti and Vallis, 2013, van der

Linden et al., 2016, Outten and Esau, 2017]. Shaffrey and Sutton [2004] reported an anti-

correlation between the atmospheric meridional energy transport (AMET) and oceanic energy

transport (OMET) variations in the North Atlantic ocean at midlatitudes with the HadCM3

model. They found that variability of OMET in the North Atlantic is dominated by the wind

driven Ekman processes, while AMET in the Northern Hemisphere appears to be governed pri-

marily by changes in stationary waves at midlatitudes across interannual time scales. In their

following work with the same model, Shaffrey and Sutton [2006] further claimed that AMET and

OMET anomalies are significantly anticorrelated in the extratropical Northern Hemisphere at

decadal time scales. They concluded that positive OMET anomalies could reduce atmospheric

baroclinicity and hence lead to weakened AMET transport, primarily by transient eddies. It

also causes weakened stationary eddy transport, but this is less pronounced than the variations

caused by transient eddies.

Those findings are further confirmed by Van der Swaluw et al. [2007] as they also found that

compensation between atmosphere and ocean can be attributed to changes in transient ed-

dies with varying OMET at multidecadal time scales in their numerical experiments with the

HadCM3 climate model. They emphasized the coupling between OMET in the Atlantic Ocean

and the Atlantic Meridional Overturning Circulation (AMOC). Moreover, they argued that

there is a link between compensation and the variability of the Arctic sea ice. van der Linden

et al. [2016] demonstrated that the link between sea ice cover variations in the Barents Sea and

ocean-atmosphere heat exchanges originates from the low frequency changes in the ocean, which

supports the statement from Van der Swaluw et al. [2007] about the link between sea ice and

Bjerknes compensation. Jungclaus and Koenigk [2010] investigated Bjerknes compensation at

decadal time scales with long time series from simulations with the ECHAM5/MPIOM model.

They also found that in their model the compensation peaks at 70◦N. Both Van der Swaluw

et al. [2007] and Jungclaus and Koenigk [2010] agree that the compensation reaches a maximum

when the ocean leads the atmosphere. With the GFDL climate model, Farneti and Vallis [2013]

detected a strong compensation between AMET and OMET in the North Atlantic at decadal

time scales. They confirmed the crucial role of AMOC in generating OMET anomalies as well

as the Bjerknes compensation.
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Apart from studies using fully coupled general circulation models, some researchers also investi-

gated the mechanism of compensation using simplified mathematical models [Yang et al., 2013,

2018]. By conducting experiments with the Fast Ocean-Atmosphere Model, Yang et al. [2013]

found that AMET and OMET compensate very well in the tropics and extratropics driven by

the freshwater input in the high latitude Atlantic. Similarly, Yang et al. [2018] found a stabiliz-

ing role of Bjerknes compensation caused by the freshwater influx in the North Atlantic using a

simple box model.

Recently an intercomparison of Bjerknes compensation found in different numerical models

shows that the results are model-dependent [Outten et al., 2018]. Given the differences in

representing Bjerknes compensation in the numerical models, we are interested in the interaction

between atmosphere and ocean, and Bjerknes feedback in the historical climate record. Serving

as a good representation of the historical climate, reanalyses allow us to look for the Bjerknes

compensation in a state that is close to reality. Note that these reanalysis products incorporate

the numerical models that fail to capture the robust compensation response [Outten et al., 2018],

but they are constrained by observations. Nowadays, the time span covered by most reanalysis

products allows examining the response and feedback from atmosphere to ocean at interannual

to decadal time scales [Dee et al., 2011, Ferry et al., 2012b, Balmaseda et al., 2013, Harada

et al., 2016, Gelaro et al., 2017, Carton et al., 2018]. But the time series are not long enough

to account for the multidecadal variability of energy transports, which are of interest to many

studies with numerical models.

In this paper, for the first time, Bjerknes compensation is studied using multiple atmospheric

and oceanic reanalysis datasets. We quantify and intercompare meridional energy transport

(MET) in the atmosphere and ocean with six state-of-the-art reanalysis products. With these

reanalysis products, Bjerknes compensation is investigated from interannual to decadal time

scales. Moreover, we are interested in the energy transport variability and their influence on

the circulation of the atmosphere and ocean. The atmospheric response and potential feedback

to the variability of the ocean are illustrated in detail. We examine the role of the ocean in

the air-sea interaction and explore the mechanism of Bjerknes compensation. The large scale

climate variability associated with the interactions between the atmosphere and ocean is also

examined in this study.

The paper is organized as follows: The reanalysis datasets used in this study are listed in the

section Data and Methodology. In this section, we elaborate on the methods for the quantifica-

tion of AMET and OMET. A description of the statistical tests is also included in this section.

The calculated AMET and OMET, and an overview of Bjerknes Compensation are shown in the

section Results, together with our exploration of the physical mechanism of compensation and

the atmospheric response and feedback to the ocean. In the section Conclusion and Discussion,

we summarize this study and provide suggestions and a perspective for future work.

3.2 Data and Methodology

In this section, we introduce six reanalysis datasets used in this study. In addition, we elaborate

on our methodology for the computation of AMET and OMET, and the statistical analysis
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performed in this work.

3.2.1 Reanalysis Datasets

Unlike most of the previous studies that took output from climate models, we investigate Bjerk-

nes compensation within reanalysis datasets. Six reanalysis products are included in this paper:

3 atmospheric reanalysis products (ERA-Interim, MERRA2, and JRA55) and 3 oceanic reanal-

ysis products (ORAS4, GLORYS2V3, and SODA3). A synthesis of the basic specification of the

reanalysis products used in this study is provided in Table 2.1. We chose these six reanalysis

products because they are the state-of-the-art atmospheric and oceanic reanalyses incorporat-

ing the latest weather forecast models and data assimilation schemes. Although there is overlap

between the assimilated observations in the chosen products, the intercomparison between them

is still fruitful as most of them were built upon different numerical models and data assimi-

lation techniques. For instance, ERA-Interim is based on the ECMWFś Integrated Forecast

System (IFS) [Dee et al., 2011], while MERRA2 is based on the Goddard Earth Observing Sys-

tem (GEOS) [Gelaro et al., 2017]. JRA55 generates data with an advanced weather prediction

system from JMA [Kobayashi et al., 2015, Harada et al., 2016]. The numerical schemes and

data assimilation systems are also different among the chosen oceanic reanalysis products. More

details about these reanalysis products can be found in Chapter 2.

3.2.2 Methodology

The methods for the computation of AMET and OMET are given in this subsection, together

with the statistical analysis performed in this study.

Energy Transport in the Atmosphere and Eddy Decomposition

Following Magnusdottir and Saravannan [1999], Shaffrey and Sutton [2006] and Van der Swaluw

et al. [2007], we calculate the zonal integral of AMET at each latitude as the residual between

the zonally integrated net surface flux (SFlux) from the ocean into the atmosphere (Fsurface),

and the downward net radiation flux at the top of the atmosphere (FTOA). The equation is

shown below:

1

a cos θ

∂

∂θ
(cos θE) =

∫ 2π

0
(Fsurface + FTOA)a cos θdφ (3.1)

where ∂
∂θ (cos θE) is the divergence of global AMET (PW ), a is the earth radius (m), θ denotes

the latitude and φ indicates the longitude. The calculation of AMET was performed on monthly

mean fields with chosen reanalysis products. Note that the calculation of AMET is based on

the inferred method which is different from the direct calculation given in Chapter 2.

For the eddy decomposition, we follow the mathematical definition given by Peixoto and Oort

[1992] (see chapter 4.1 and equation 4.9). We compute the transient eddies and stationary

eddies on selected pressure levels with daily mean fields. The eddy decomposition is performed

on each component of atmospheric heat transport separately in order to calculate the total heat
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transport by eddies. Taking the internal energy transport as an example, the decomposition is

as follows [Peixoto and Oort, 1992] (see equation 4.10):

cp[vT ] = cp[v][T ] + cp[v
∗][T

∗
] + cp[v′T ′] (3.2)

where [v] is the zonal average of meridional wind velocity, v the temporal average, v∗ the de-

parture from zonal mean, v′ is the departure from temporal mean, and similar for temperature

T . The total internal energy is now decomposed into three components: temperature transport

by (1) steady mean circulation cp[v][T ], (2) stationary eddies cp[v
∗][T

∗
] and (3) transient eddies

cp[v′T ′] . In this case, we assume that cross terms, which indicate the temperature transport car-

ried by instantaneous and asymmetric flow, are small compared to the other components.

After applying the decomposition to all the components in AMET, we can calculate the total

heat transport by transient eddies and stationary eddies, respectively. Note that the calculation

suffers from mass imbalance reported by previous studies [e.g. Trenberth, 1991, Graversen, 2006,

Liu et al., 2020b]. We have examined the mass budget correction methods in a previous paper

[Liu et al., 2020b]. In general, barotropic mass correction is the most practical method used

by many studies to calculate mass residuals [Trenberth, 1991, Graversen, 2006, Fasullo and

Trenberth, 2008, Mayer and Haimberger, 2012, Liu et al., 2020b]. Unfortunately, such barotropic

correction is a rough mass budget correction. It is assumed that the barotropic wind causes the

mass imbalance and introduces corrections to barotropic wind fields, which only works for the

vertical integral of an air column. It cannot quantify reliably the mass residuals on each pressure

level. Liang et al. [2018] proposed a new mass budget correction method for the variability of

the total heat transport at short timescales. However, it cannot be applied to a decomposition

of heat transport driven by transient or stationary eddies.

It is still necessary to have an estimate of the energy transported by mass residuals. Therefore,

we performed barotropic mass correction and show the energy transported by mass residuals.

For instance, we calculated the zonal integrals of total energy transported by mass residuals at

60◦N in the chosen atmospheric reanalysis products (not shown). The values are smaller than

the total energy transport at that latitude, but much larger than the anomalies. Although the

impact of mass residuals on each layer should be much smaller than the total integral, the results

should be interpreted with care.

Energy Transport in the Ocean

Different from the atmosphere, we calculate the total energy transport in the ocean by integrating

the divergence of OMET over the entire water column. The mathematical expression of the

calculation of OMET at each latitude is given in the methodology section in Chapter 2.

Statistical Analysis

Intending to explore the relations between different variables, we performed linear regressions on

various fields. We implemented the Student’s t-test to check the significance of the regressions.

Before performing the linear regression, all the time series were detrended. We determined the
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trends by applying a polynomial fitting to the time series. We found that the second-order

polynomial fitting can capture the multidecadal trend without losing variations at decadal time

scales, especially for OMET (not shown). The t-tests were performed on detrended monthly

fields without a low pass filter.

Note that some of the results discussed in the following sections are below the 99% confidence

level. This is mainly due to the short time series provided by the reanalysis data (no more than

456 months at monthly time scales, see Table 2.1). However, compared to the outputs from

numerical models, we believe the results are still insightful as these reanalyses can represent

AMET and OMET in the real world.

3.3 Results

The results shown in this section are based on monthly mean fields. Results across larger time

scales are obtained with low pass filters (running mean from 1 to 10 years) applied to the monthly

mean fields.

3.3.1 Meridional Energy Transport

To investigate the compensation between the atmosphere and ocean, we start with the quantifi-

cation of AMET and OMET. Estimated from the chosen reanalysis products, the mean AMET

and OMET as a function of latitude in the Northern Hemisphere are shown in Figure 3.1.

Generally, AMET between the chosen atmospheric products agrees well. Starting from 20◦N,

AMET increases with latitude and peaks at 41◦N. The peak of AMET in ERA-Interim is about

5PW , which is consistent with previous studies [e.g. Trenberth and Caron, 2001, Fasullo and

Trenberth, 2008]. The AMET from MERRA2 and JRA55 are a bit lower than that in ERA-

Interim. The meridional variations of mean AMET agree well with literature [Trenberth and

Caron, 2001, Fasullo and Trenberth, 2008].

Furthermore, we inspect the temporal evolution of AMET at specific latitudes. Our interest

is in meridional variations in energy transport associated with midlatitude-Arctic interactions.

The time series of AMET and their anomalies at decadal time scales at 60◦N is given in Figure

3.2. The monthly averaged AMET provided by each atmospheric reanalysis product can be

found in Figure 3.2a. The variations of AMET are similar among the chosen products, but

they differ slightly in amplitudes. The average of AMET in ERA-Interim is 3.06 ± 1.33PW ,

while in MERRA2 it is 2.88± 1.20PW and in JRA55 it is 2.90± 1.20PW . After removing the

seasonal cycle and implementing a low pass filter of 10 years running mean to each time series,

we obtain the anomalies of AMET from each reanalysis (Figure 3.2b). MERRA2 and JRA55

have similar AMET anomalies in terms of the variations and amplitudes, while ERA-Interim

differs from them in amplitude. This is also reflected in Figure 3.2a, as ERA-Interim gives a

higher mean AMET at each latitude. In addition, ERA-Interim has a larger standard deviation

(std) compared to the other two products.

For the ocean, the mean OMET at each latitude estimated from chosen oceanic reanalyses are

shown in Figure 3.1. Compared to AMET, OMET is relatively small. The mean OMET in each

oceanic reanalysis agrees well at almost all latitudes except for OMET between 30◦N and 40◦N.
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Figure 3.1: Mean AMET and OMET over the entire time span of each product as a function of

latitude in the Northern Hemisphere. AMET is shown with solid lines and OMET with dash lines.

The shaded regions represent the full range of MET across the entire time series at each latitude. The

time span of each product used in this study is given in Table 1.

This could be due to the difference in the model’s capability of representing mesoscale eddies in

the Gulf Streams among the chosen oceanic reanalyses. We have explored this in our previous

work [Liu et al., 2020b]. Both GLORYS2V3 and SODA3 have a high spatial resolution, employ

eddy-permitting models, and simulate the large scale eddy variability, but this is not the case

for ORAS4 [Ferry et al., 2012b,a, Balmaseda et al., 2013, Carton et al., 2018].

Moreover, we are interested in the temporal evolution of OMET. The time series of OMET

and their anomalies at decadal time scales at 60◦N after detrending are given in Figure 3.3.

Differences in both the amplitude and variations can be observed in all three time series (Figure

3.3a). The differences are consistent with several recent studies. Uotila et al. [2018] demonstrate

the large difference in ocean heat transport between several different oceanic reanalyses in their

Polar ORA Intercomparison Project, especially for the Arctic region. Karspeck et al. [2017]

report that with the same surface forcing (CORE-II forcing), ocean models can behave very

differently without further constraints from observations. They find large differences in volume

transports between six reanalysis products (also including ORAS4 and SODA) in their tests.

The OMET time series considered here do not differ much from each other statistically. The

mean OMET at 60◦N in ORAS4 is 0.47± 0.06PW , while in GLORYS2V3 it is 0.44± 0.07PW

and in SODA3 it is 0.46±0.07PW . After removing the climatology of OMET and implementing

a low pass filter of 10 years, the differences become clear (e.g. Figure 3.3b). It can be noticed
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Figure 3.2: Time series of the zonal integral of AMET at 60◦N without/with a low pass filter. (a)

The original time series and (b) the anomalies with a low pass filter after detrending. For the detrended

low pass filtered ones, we take a running mean of 10 years. σ is the standard deviation and µ is the

mean of the entire time series.

that ORAS4 resembles SODA3 but differs much from GLORYS2V3. It was explained in our

previous work that the first 10 years in GLORYS2V3 are not reliable [Liu et al., 2020b]. Given the

absolute value of OMET anomalies (∼ 0.01PW ), the standard deviations of OMET anomalies

(∼ 0.01PW ) from these three oceanic reanalyses are large.

To conclude, all the chosen atmospheric reanalyses agree on mean AMET at almost every lati-
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Figure 3.3: Time series of the zonal integral of OMET at 60◦N. (a) The original time series and (b)

the anomalies with a low pass filter after detrending. For the detrended low pass filtered ones, we take

a running mean of 10 years. σ is the standard deviation and µ is the mean of the entire time series.

tude in the Northern Hemisphere. The low frequency AMET anomalies in ERA-Interim differ

a bit from those in MERRA2 and JRA55, but the differences in variability are relatively small

compared to the differences between low frequency AMET anomalies calculated through inte-

gration of energy transports over the entire air column [Liu et al., 2020b]. Similarly, the mean

OMET given by all three oceanic reanalyses agree at almost all latitudes in the Northern Hemi-

sphere except for around the Gulf Stream. The OMET anomalies given by ORAS4 resembles
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that provided by SODA3, especially for the OMET variability. However, in GLORYS2V3 the

OMET anomalies are not so reliable. Liu et al. [2020b] found that ORAS4 is more consistent

with the direct heat transport observations in the Atlantic Ocean (OSNAP and RAPID array)

than SODA3 and GLORYS2V3 with aspect to OMET. Given the similarities in the variability

of OMET anomalies in all the chosen oceanic reanalysis products excluding GLORYS2V3, and

the consistency of OMET given by ORAS4 and the observations [Liu et al., 2020b], we further

investigate the Bjerknes compensation with ORAS4 only. Three atmospheric reanalyses are

all included in the following analysis to test the robustness of our study among atmospheric

reanalysis products.

3.3.2 Bjerknes Compensation and Atmospheric Response to Ocean Variabil-

ity

According to Bjerknes [1964], compensation between atmosphere and ocean is expected to take

place when the net solar radiation flux at TOA and the heat content in the ocean remain rela-

tively stable. This suggests that the Bjerknes compensation should be investigated across large

time scales, at least at interannual (∼ 5yrs) time scales. In search of the Bjerknes compensa-

tion, we illustrate the correlation between AMET and OMET with time lags up to 10 years from

interannual to decadal time scales in Figure 3.4. All months are included in the lag regressions.

We also investigated the compensation between AMET and OMET anomalies by season and

they will be shown in the following analyses of the mechanism of compensation. Results at an-

nual time scales are included for comparison. At annual time scales, the anticorrelation is small

in the chosen atmospheric reanalysis products, which is consistent with results shown by Shaf-

frey and Sutton [2004] using a numerical climate model. At longer time scales, compensation

between AMET and OMET is found at almost all latitudes from 40◦N to 70◦N. The maximal

compensation rates are reached when the ocean leads the atmosphere for the chosen atmospheric

reanalyses from interannual to decadal time scales. However, the time lag between OMET and

AMET for the maximum compensation varies across time scales at different latitudes among

chosen atmospheric products. At interannual time scales, compensation reaches a maximum

when there is no lag at midlatitudes around 40◦N in ERA-Interim and JRA55, while close to

70◦N the maximum compensation occurs when the ocean leads by 2.5 years. MERRA2 differs

slightly. The compensation peaks when the ocean leads by 2.5 years around 40◦N, while between

65◦N and 70◦N the compensation reaches the maximum when the ocean leads the atmosphere

by several months. Similarly, in ERA-Interim and JRA55, at decadal time scales, the maximal

compensation rate is found at around 40◦N to 50◦N, and 60◦N to 65◦N when the ocean leads by

2 months and 2.5 years, respectively. While in MERRA2 the compensation peaks around the

same latitudes but always with ocean leading by 3 years.

Focusing on multi-decadal time scales, previous studies with numerical climate models can

provide more insight into the compensation because of longer time series. After analyzing

93 decades of model output from HadCM3, Shaffrey and Sutton [2006] found that at decadal

time scales, compensation between atmosphere and ocean occurs in the Northern Hemisphere

and reaches maximum only around 70◦N. Similarly, Van der Swaluw et al. [2007] investigated

Bjerknes compensation with 341 years of data from a preindustrial run of HadCM3. They found

a strong anticorrelation between AMET and OMET at around 70◦N at interdecadal time scales
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Figure 3.4: Lag regression of OMET anomalies on AMET anomalies at different latitudes in the

Northern Hemisphere at annual, interannual and decadal time scales. The correlation coefficients are

shown by contour lines. Positive time lag indicates that ocean leads the atmosphere and vice versa.

The regression was performed on monthly mean series of AMET from (a,b,c) ERA-Interim, (d,e,f)

MERRA2 and (g,h,i) JRA55 and OMET integrated over each latitude after taking running means of

1 year, 5 years and 10 years, including all months. The stippling indicates a significance level of 95%

based on t-test with unfiltered time series.

and the compensation rate peaks when the ocean leads the atmosphere by 1 year. Using 505

years of the IPCC AR4 preindustrial experiment with the ECHAM5/MPIOM model, Jungclaus

and Koenigk [2010] found Bjerknes compensation around 70◦N and the compensation became

stronger when the ocean leads by 1-2 years. In summary, these studies using numerical climate

models all suggest that the compensation between atmosphere and ocean occurs and peaks

around 70◦N when the ocean leads at decadal and multi-decadal time scales.

With reanalysis data, we find that at decadal time scales the Bjerknes compensation occurs and

peaks not only at subpolar latitudes but also at mid-to-low latitudes. Specifically, we notice

the highest compensation rate is found at 40◦N and 60◦N at decadal time scales when the

ocean leads. However, we should note that our time series are very short. Recently, Outten

and Esau [2017] examined the output from the Bergen Climate Model at decadal time scales

using 600 years data and found the strongest compensation at 0 years lag between the oceans

and the atmosphere. Their results are supported by other CMIP5 models examined in Outten

et al. [2018], which is a synthesis of the diagnostic results using model outputs from 15 CMIP5

models. The finding that Bjerknes compensation appears at mid-latitudes, as well as high

latitudes, was put forward in Outten et al. [2018]. They found that peak compensations occurs
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around the latitude 70N (near the sea ice edge) and around 45N (near the tracks of transient

eddies). Those results are similar to our findings with reanalysis data. However, Outten et al.

[2018] also show that numerical climate models do not agree on the locations and magnitudes of

Bjerknes compensation. Given the large uncertainties and differences between the presence of

the compensation in numerical models and reanalysis datasets, we further explore the physical

mechanism of the compensation between the atmosphere and ocean, so as to obtain a physically

consistent picture of Bjerknes compensation.

Since the compensation between the atmosphere and ocean becomes more persistent at decadal

time scales in three atmospheric reanalyses and ORAS4, for the rest of this paper we focus on

decadal time scales and apply a low-pass filter of 10 years to the monthly fields, unless specifically

noted. In order to compare the results given by reanalyses and models from literature, we em-

phasize on the compensation and its physical mechanism in the subpolar region. Consequently,

most of the regressions shown below were conducted on the AMET and OMET anomalies at

60◦N. We do realize that the time series are very short for this, but we are looking for various

strands of evidence for Bjerknes compensation.

A first impression of the physical picture about the compensation between ocean and atmosphere

can be obtained by looking at the surface flux. The SFlux anomalies, which consist of the net

turbulent flux and net radiation flux at the surface, regressed on OMET anomalies at 60◦N at

decadal time scales, are shown in Figure 3.5. There is no time lag between these two variables.

Positive values indicate SFlux towards the ocean, and vice versa. The chosen atmopsheric

reanalysis products provide similar results. It can be observed that the atmosphere provides

energy to the ocean in subtropical regions in the Atlantic ocean. In the Pacific Ocean close to the

Asian continent, SFlux variations associated with AMET are also directed from the atmosphere

to the ocean. This means that in the places where the strongest northward flow is situated

in the Atlantic (the Gulf Stream) and in the Pacific (the Kuroshio Current), the ocean always

receives heat from the atmosphere. In the subpolar Atlantic, especially in the Labrador Sea,

the ocean releases energy back to the atmosphere. Jungclaus and Koenigk [2010] found similar

results, but the locations where the air-sea interaction is most active are different. Our results

suggest that the change of OMET at 60◦N is linked to the changes of SFlux from subtropical

to subpolar regions. The cause-effect relation between the atmosphere and ocean, in general,

cannot be resolved due to the short timeseries of the analyzed reanalysis products. But the

strong correlation between SFlux and OMET at subtropical and subpolar Atlantic is consistent

with the anticorrelation in Figure 3.4c, f and i at decadal time scales.

A further look into the mechanism of compensation requires more insight into the physical

processes in the atmosphere. We investigated the air-sea interactions in both summer and

winter. Since the atmospheric dynamic processes are more dominant in winter than in summer

[e.g. Gastineau and Frankignoul, 2015, van der Linden et al., 2016], we found clearer signals

of compensation and more active interaction between ocean and atmosphere in winter than

in summer. Therefore, we mainly elaborate on processes in winter and will briefly mention the

results from summer. The correlations between OMET anomalies at 60◦N and AMET anomalies

on each pressure level in winter are shown in Figure 3.6a,d and g. In this case, the ocean leads

by 1 month. The mean meridional mass streamfunction of the atmosphere is also shown. At
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Figure 3.5: Regression of net surface turbulent and radiation flux anomalies on vertically integrated

OMET anomalies at 60◦N at decadal time scales. The regression was performed on monthly fields from

(a) ERA-Interim, (b) MERRA2 and (c) JRA55 after taking a running mean of 10 years, including all

seasons. The regression coefficients with a unit of Tera Watt per Peta Watt are shown spatially, with

positive sign indicating fluxes directed towards the ocean. The gray contour lines indicate a significance

level of 99% based on t-test with unfiltered time series.

lower layers, a strong anticorrelation between AMET and OMET in the subtropical region and a

strong correlation at the subpolar region is consistent with the air-sea interaction shown in Figure

3.5. However, it is not consistent with Bjerknes compensation. A strong compensation around

60◦N at high altitudes is observed, and this should be responsible for the strong compensation

illustrated in Figure 3.4c around 60◦N. Given the mean meridional atmospheric circulation, the

region contributing to the compensation is located at the ascending branch and overturning

part of the Ferrel cell. This motivates us to investigate the relation between the Ferrel Cell and

OMET variability. We regressed the anomalies of the Stokes streamfunction on OMET at 60◦N

in winter (DJF) when ocean leads by one month in Figure 3.6b, e and h. A strong anticorrelation

is observed between 50◦N and 70◦N. Together with the climatology of the Stokes streamfunction

shown in this figure, we observe that the changes in meridional mean flow is primarily due to

a shift rather than a change in intensity of the Ferrel cell. The result is consistent with the

observed anticorrelations provided in Figure 3.6a,d and g. Although the magnitudes of regression

coefficients are different among the chosen atmopsheric reanalysis products in Figure 3.6, the

patterns are quite robust among these datasets. In addition, we also notice a strong coupling

between the Hadley Cell and OMET (not shown). This suggests that a low latitude driver

may contribute to the compensation at mid-to-high latitudes. However, such a teleconnection

is beyond the scope of this paper.

Since the mean meridional cells are primarily driven by the eddy forcing at midlatitudes [e.g.

Phillips, 1956, Lorenz and Lorenz, 1967, Holton, 1973, Andrews et al., 1987, Trenberth and

Stepaniak, 2003], we expect the shift of the Ferrel cell to be related with changes of transient

eddy momentum fluxes and thus the baroclinicity of the atmosphere. In order to inspect the

baroclinicity, we regress du/dz anomalies on OMET anomalies at 60◦N in winter (DJF) at

decadal time scales when ocean leads by one month in Figure 3.6 c, f and i. The results are
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Figure 3.6: Regression of AMET anomalies (a, d, g), Stokes streamfunction anomalies (b, e, h), and

du/dz anomalies (c, f, i) on each pressure level on vertically integrated OMET anomalies at 60◦N in

winter (DJF) at decadal time scales when OMET leads by one month. The climatology of the Stokes

streamfunction of the atmosphere is placed on top of the shades as contour lines with unit of 1010kg/s.

du/dz is the change of zonal wind velocity divided by the change of height, which indicates the vertical

shear of zonal wind, with positive sign indicates enhancement of baroclinicity. The regression was

performed on monthly fields from (a, b, c) ERA-Interim, (d, e, f) MERRA2 and (g, h, i) JRA55 after

taking a running mean of 10 years. The stippling indicates a significance level of 99% based on t-test

with unfiltered time series.

very similar for different atmospheric reanalysis products. A direct look at the momentum trans-

ported by eddies at multiple pressure levels is given in Figure 3.7. Around 50◦N from the surface

to 400 hPa and 70◦N above 300 hPa, with increased OMET we find increased baroclinicity in

the atmosphere, which implies that more transient eddy activity can be anticipated. Follow-

ing Peixoto and Oort [1992] we decomposed the total meridional eddy momentum transport

anomalies into transient eddy momentum transport and standing eddy momentum transport

on multiple pressure levels, and then regressed them on OMET anomalies at 60◦N in winter

(DJF). The OMET leads the atmosphere by 1 month. The results are similar among the chosen

atmospheric reanalysis products. Between 50◦N and 70◦N at 200 hPa, transient eddies become

more active when OMET increases. The standing eddies are correlated with OMET from 50◦N

and 70◦N at almost all the chosen pressure levels. Physically, it seems heat converges due to

increased OMET and the convergence could lead to increased baroclinicity. A change in gradient

will occur as a consequence and hence stronger transient eddy activity in the upper tropopause.
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The response of transient eddies and standing eddies are comparable, in terms of the magni-

tudes of eddy momentum in response to the variability of OMET (Figure 3.7). The mechanisms

for changes in standing eddies are unclear. It might be that the processes associated with the

increased baroclinicity involve large scale orographic forcing of the stationary waves [Williams

et al., 2007]. Due to an interaction with transient eddies and changes in the vertical structure

of the atmosphere, stronger standing eddy activity is therefore expected [Held et al., 2002]. The

result is consistent with the strong correlation in Figure 3.6 c, f and i between 50◦N and 70◦N.

Consequently, with increased OMET the shift in the Ferrel Cell is likely to be driven by eddy

momentum fluxes due to changes in baroclinicity, which explains the anticorrelation between

OMET and the Ferrel Cell around 60◦ in Figure 3.6b, e and h.

Figure 3.7: Regression of meridional component of eddy momentum anomalies on vertically integrated

OMET anomalies at 60◦N in winter (DJF) at decadal time scales when OMET leads by one month. The

eddy momentum v · v was decomposed into transient eddies and standing eddies. The regression was

performed on monthly fields from (a,b) ERA-Interim, (c,d) MERRA2 and (e,f) JRA55 after taking a

running mean of 10 years, with positive sign indicating enhancement of eddy transport. The regression

coefficients are shown with a unit of m2/s2PW .
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In summer, compensation is much weaker than that in winter. Similar to our study in win-

ter months, we examined the compensation and its mechanism with the same methods. We

calculated the correlations between OMET anomalies at 60◦N and AMET anomalies on each

pressure level in summer (JJA) (not shown). We observed that there is a weak compensation at

the surface around 60◦N. We regressed the anomalies of the Stokes streamfunction on OMET

at 60◦N in summer (JJA) when ocean leads by one month (not shown). No strong correlation

between OMET and the mean flow is found. Similarly, we regressed du/dz anomalies on OMET

anomalies at 60◦N in summer (JJA) at decadal time scales when ocean leads by one month

(not shown). There is no sign about the coupling between OMET and baroclinicity in subpolar

regions. The patterns given by ERA-interim, MERRA2 and JRA55 are slightly different. In

summary, the air-sea interaction is weak in summer and it hardly leads to Bjerknes compen-

sation. Given the fact that both the mean flow and the baroclinicity of the atmosphere are

not strongly linked to the variability of OMET in summer, the physical processes are also very

different than those in winter.

Apart from the zonal mean response, the atmosphere also shows spatial patterns in the hor-

izontal plane in response to OMET variations. The atmospheric response to the changes of

OMET in winter at decadal time scales is given in Figure 3.8. It illustrates the relation between

geopotential height anomalies at 500 hPa and OMET anomalies at 60◦N when OMET leads

by 1 month. Both the patterns and magnitudes are very consistent among three atmospheric

reanalysis datasets. The variations of OMET are correlated with a low pressure system over the

Greenland, subpolar North Atlantic and central Arctic ocean, and a high pressure system over

the subtropical Atlantic. In other words, the atmospheric response to positive OMET anomalies

is characterized by an AO/NAO like pattern in the North Atlantic and the polar low pres-

sure system is shifted southward. Such an AO/NAO like pattern was found by Jungclaus and

Koenigk [2010] too. In addition, they also noticed a high pressure center over the North Pacific

(see their Figure 6a) and they claimed that the Bjerknes compensation is likely to be influenced

by the changes in the North Pacific sector after inspecting the longitudinal variations of AMET

(see their Figure 7). On the other hand, Van der Swaluw et al. [2007] reported a low pressure

center driven by positive OMET anomalies at the Greenland Sea and no AO/NAO like pattern

was observed at the North Atlantic. Although the chosen reanalyses and models do not agree

well on the atmospheric response to OMET anomalies in the North Pacific and the subtropical

North Atlantic regions, a strong polar low is found by all of them. This also implies that OMET

has a strong impact on the Arctic climate, which has been reported by many studies [Van der

Swaluw et al., 2007, Jungclaus and Koenigk, 2010, Koenigk and Brodeau, 2014, van der Linden

et al., 2016].

To conclude, the atmosphere responds to OMET variations with a shift in the Ferrel Cell in

winter. This shift is likely to be driven by eddy momentum fluxes due to changes in baroclinicity.

Horizontally, this shift shows as an AO/NAO like response.

So far, we discussed the atmospheric response to the variations of OMET. We demonstrated

that the atmosphere responds to the OMET variations with a shift of mean flow driven by eddy

momentum transport in winter. This was also shown by Outten and Esau [2017] with Bergen

Climate Model, where they regressed the OMET variations onto surface fluxes and showed a
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Figure 3.8: Regression of geopotential height anomalies at 500hPa on vertically integrated OMET

anomalies at 60◦N in winter (DJF) at decadal time scales when OMET leads by one month. The

regression was performed on monthly fields from (a) ERA-Interim, (b) MERRA2 and (c) JRA55 after

taking a running mean of 10 years. The gray contour lines indicate a significance level of 99% based

on t-test with unfiltered time series.

shift in the transient eddy storm tracks over the North Atlantic and Pacific, located over the

Gulf Stream and Kuroshio Current. The corresponding AMET variations, which links to the

compensation directly, contain additional information about the occurrence of Bjerknes com-

pensation as shown in Figure 3.4c, f and i, and 3.6a,d and g. Regarding the AMET response to

the variations of OMET in the subpolar Atlantic, there are multiple explanations provided by

early studies with numerical climate models. Shaffrey and Sutton [2006] found that a stronger

OMET in the North Atlantic Ocean leads to a weakened atmospheric transient energy trans-

port, and thus the Bjerknes compensation. Van der Swaluw et al. [2007] also claimed that the

compensation is due to the variations of eddy components in their experiments, especially for

the transient synoptic eddies. They found that the vertical shear of zonal wind decreases when

OMET increases (see Figure 7a and b in their paper), and this implies a decrease of baroclinicity.

Consequently, the decreasing baroclinicity results in less eddy activity and this will lead to the

changes in AMET. However, our findings about the changes of eddies are opposite to those from

Van der Swaluw et al. [2007] (see Figure 3.7). Moreover, we also notice that there is a shift of

Ferrel Cell due to the OMET variations. This encourages us to perform a decomposition of eddy

components with AMET and compare them with the energy transported by steady mean flow.

The regression of AMET anomalies transported by mean flow and eddy components on OMET

on multiple pressure levels (from 850 hPa to 200 hPa) at 60◦N in winter (DJF) is given in Figure

3.9. Note that the regression was performed at decadal time scales and the ocean leads by 1

month. In general, the chosen reanalyses products agree well on the energy transport by eddies,

especially around 60◦N. The magnitudes of regression coefficients differ from product to product,

though. Note that in MERRA2 at lower levels (850hPa) there is strong latitudinal variations in

Figure 3.9e and f. This is due to the fact that GEOS data assimilation system used to produce

MERRA2 does not extrapolate data to pressure levels greater than the surface pressure [Gelaro

et al., 2017]. Similarly, the latitudinal variations of steady mean energy transport are consistent
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in the chosen atmospheric reanalyses around 60◦N. The magnitudes of regression coefficients are

different, though.

Figure 3.9: Regression of meridional energy anomalies transported by steady mean flow (a, d, g),

transient eddies (b, e, h) and standing eddies (c, f, i) on multiple pressure levels on vertically integrated

OMET anomalies at 60◦N in winter (DJF) at decadal time scales when OMET leads by one month.

The regression was performed on monthly fields from (a,b,c) ERA-Interim, (d,e,f) MERRA2 and (g,h,i)

JRA55 after taking a running mean of 10 years, with positive sign indicating a northward flow.

To conclude, across interannual to decadal time scales we find that Bjerknes compensation

occurs in both subtropical and subpolar regions in reanalysis data. We also investigated the

mechanism behind the compensation in the subpolar region. Unlike the numerical experiments

which attribute the Bjerknes compensation to the adjustment by the eddy heat transport com-

ponents [Shaffrey and Sutton, 2006, Van der Swaluw et al., 2007], we find that the compensation

is primarily achieved by the changes of mean flow in the atmosphere in response to the OMET

variability, thus a shift of the Ferrel cell, driven itself by eddy momentum fluxes around 60◦N

due to changes in baroclinicity in winter. Horizontally, the shift of the Ferrel Cell leads to a

shift of AO/NAO like pattern, which confirms the early results with numerical model by Jung-

claus and Koenigk [2010], as they also found a shift of patterns in atmospheric circulations due

to compensation. In summer, there is hardly any compensation between the atmosphere and

ocean.
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3.3.3 Drivers for the OMET variations

In the last section, we explored the atmospheric response to the OMET variations with respect

to atmospheric circulation and heat transport variations. Now we turn to the drivers of OMET

variations. In this section, we study wind and buoyancy forcing of the ocean by the atmosphere.

It is well established that the atmosphere can force the ocean at the surface by wind stress and

buoyancy flux, and the latter is related to the thermohaline circulation, which is closely linked

to variations of AMOC [e.g. Kuhlbrodt et al., 2007, Thomas et al., 2014]. At short time scales, a

shallow upper ocean layer adjusts quickly to wind stress variations, which causes the anomalous

wind driven Ekman transports. The relation between variations of meridional mass transport

in this Ekman layer and changes of OMET anomalies at 60◦N in winter (DJF) is illustrated

in Figure 3.10. The atmosphere (i.e. surface wind stress) leads by one month. Again, similar

results are obtained with the chosen atmospheric reanalysis products, the surface wind stress is

larger in JRA55 than the other two products, though. Around 60◦N in the North Atlantic, where

the subpolar gyre resides, OMET is correlated to the Ekman transports as expected. It indicates

that atmosphere variability can influence the OMET variations through wind stress anomalies.

This is consistent with Shaffrey and Sutton [2004], as they also found the variability of OMET

in the North Atlantic is dominated by Ekman processes. Outten and Esau [2017] noticed that

the variations in the strength of the subpolar gyre were well correlated to AMET but not well

correlated to OMET, despite AMET and OMET being well correlated to one another. This

indicates that the atmosphere could influence the ocean at decadal time scales by causing a

spin up or spin down of the subpolar gyre. However, this relationship is not robust when they

examined it in many CMIP5 models [Outten et al., 2018].

Figure 3.10: Regression of meridional Ekman transport anomalies on vertically integrated OMET

anomalies at at 60◦N in winter (DJF) at decadal time scales when atmosphere leads by one month.

The meridional Ekman transport anomalies are calculated as − τxf with τx the zonal wind stress and

f the coriolis parameter. The regression was performed on monthly fields from (a) ERA-Interim, (b)

MERRA2 and (c) JRA55 after taking a running mean of 1 year. The gray contour lines indicate a

significance level of 99% based on t-test with unfiltered time series.

The atmosphere can further affect OMET through modifying the intensity of gyres or initiating

a shift of the location of gyres and the compensating western boundary current strength through
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wind stress curl variations [e.g. Sverdrup et al., 1942, Thomas et al., 2014]. Since the impact

of wind stress curl on gyres are reflected in sea surface height (SSH), by exploring the relation

between SSH anomalies and OMET variations, we can further investigate the drivers for wind-

driven OMET variations. We performed regression of SSH anomalies on OMET anomalies at

60◦N (see Figure 3.11). A correlation pattern and an anticorrelation pattern are observed at the

Gulf Stream extension and the Labrador Sea, respectively. This is consistent with Figure 3.10.

We can conclude that the atmospheric winds influence OMET variations through anomalous

Ekman transport and variations in the strength of gyres in the North Atlantic, which is consistent

with early studies [e.g. Kuhlbrodt et al., 2007].

Figure 3.11: Regression of sea surface height anomalies on vertically integrated OMET anomalies

at 60◦N at decadal time scales. The regression was performed on monthly fields from ORAS4 after

taking a running mean of 10 years, including all seasons. The mean sea surface height is illustrated by

contour lines with an unit of meter. The stippling indicates a significance level of 99% based on t-test

with unfiltered time series.

Moreover, the atmosphere can influence the thermohaline circulation of the ocean through sur-

face buoyancy fluxes. The thermohaline processes affect the AMOC, and thus the variations of

OMET [e.g. Kuhlbrodt et al., 2007, Smeed et al., 2014]. The total buoyancy flux consists of a

thermal flux and a haline flux. We have already elucidated the influence of SFlux on OMET

in Figure 3.5. To provide a complete picture, here we investigate the linkage between anoma-

lous buoyancy flux variations and OMET anomalies. The regression of buoyancy flux anomalies

on OMET anomalies in winter (DJF) at decadal time scales is shown in Figure 3.12. Among

the chosen atmospheric reanalysis products, a strong coupling between OMET and buoyancy

forcing is observed in the subtropical Atlantic, while an anticorrelation between them is found

in the subpolar Atlantic. The patterns resemble the correlation map in Figure 3.5, which in-

dicates that the buoyancy forcing is dominated by its thermal component. The anticorrelation

between OMET and buoyancy forcing in the Labrador Sea and the Irminger Sea indicates that

weaker buoyancy fluxes are associated with stronger OMET in these regions. This means that

it is unlikely that the OMET variations are driven by the AMOC associated with convection in

this region at these short time scales. In that case, one would have expected the reverse sign.
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The patterns seem consistent with the wind variations associated with the OMET variability

and therefore the confounded Ekman-driven OMET variations may cause the high correlations.

However, it should be noted that large uncertainties have been found by Karspeck et al. [2017]

regarding the location and intensity of deep convection in different reanalysis products. Also,

advective feedbacks associated with anomalous temperature and salinity transports in the ocean

can drive AMOC and OMET variations [e.g. Jackson, 2013].

Figure 3.12: Regression of buoyancy forcing anomalies on vertically integrated OMET anomalies at

60◦N at decadal time scales without time lags. The buoyancy forcing is calculated as gα
cp0
Qs+gSβ(P−E)

with g the gravitational acceleration, cp0 the specific heat capacity of sea water, Qs the net sea surface

heat flux, S the surface layer salinity, α and β the thermal expansion coefficient and saline expansion

coefficient, P the precipitation and E the evaporation. For simplification, we use constant cp0 =

3987J/kg◦C, S = 35psu, α = 250×10−6K−1 and β = 7.5×10−4psu−1. The regression was performed

on monthly fields from (a) ERA-Interim, (b) MERRA2 and (c) JRA55 after taking a running mean of

10 year. The regression coefficients with a unit of N/sPW are shown spatially. The gray contour lines

indicate a significance level of 99% based on t-test with unfiltered time series.

In summary, the oceanic response to the variations in the atmosphere at the time scales consid-

ered here is primarily wind-driven. Together with the atmospheric response to the variations in

the ocean, they form a physical picture of the air-sea interaction at subpolar Atlantic which can

lead to Bjerknes compensation in reanalysis datasets. It should be noted that remote processes

that could affect the ocean have not been considered here.

3.4 Conclusion and Discussion

In this paper, we studied the interactions between atmosphere and ocean, and their relation to

meridional energy transport. We quantified AMET and OMET using six reanalysis products

and explored the Bjerknes compensation within the chosen reanalysis datasets. Moreover, we

wanted to understand the physical mechanism of the compensation and we revisit the roles of

atmosphere and ocean in terms of their forcing and response. Our work is motivated by previous

studies on Bjerknes compensation based in numerical climate models only.

We find that the chosen reanalysis datasets agree well on the mean AMET and OMET in the

Northern Hemisphere. Our findings are consistent with the results provided by previous studies



3

3.4 Conclusion and Discussion 71

[e.g. Trenberth and Caron, 2001, Fasullo and Trenberth, 2008]. The differences between AMET

anomalies given by the chosen atmospheric reanalyses are small. This is the same for OMET

anomalies in the chosen oceanic reanalysis products, except for GLORYS2V3. Consequently,

we chose ERA-Interim, MERRA2, JRA55 and ORAS4 as our benchmark to further investigate

the interaction between atmosphere and ocean. From interannual to decadal time scales, we

demonstrate that the Bjerknes compensation occurs in the Northern Hemisphere at almost all

the latitudes from 40◦N to 70◦N in reanalysis data. The intensity of compensation correlates to

the length of time scale, which is consistent with Shaffrey and Sutton [2006]. The compensation

shows clearly in the surface flux, which is necessary because net radiation flux variations at TOA

are small.

Further inspection of the mechanism of Bjerknes compensation at decadal time scales in winter

shows that the atmosphere responds to OMET variations with a shift in the Ferrel Cell. This

shift is likely to be driven by eddy momentum fluxes due to changes in baroclinicity. Horizontally,

this shift shows an AO/NAO like pattern, which is also found by Jungclaus and Koenigk [2010]

in their numerical model. The corresponding AMET variations are primarily found in the zonal

mean part and less in the eddy heat transport part. This is different from previous studies with

numerical models [Shaffrey and Sutton, 2006, Van der Swaluw et al., 2007], but they address

larger time scales. This proposed mechanism is robust across the different atmospheric reanalysis

data sets used in this study. It is noteworthy that this mechanism does not apply to summer,

as in summer there is hardly any compensation between the atmosphere and ocean meridional

heat transports. It should be noted that there is a big caveat due to mass budget imbalances

[Trenberth, 1991, Graversen, 2006, Trenberth et al., 2014].

Moreover, the oceanic response to the changes in the atmosphere is illustrated. The atmosphere

forces the surface ocean through wind stress and buoyancy fluxes [e.g. Kuhlbrodt et al., 2007,

Gregory and Tailleux, 2011, Thomas et al., 2014]. The surface wind anomalies, which leads to

the Ekman transport and Sverdrup transport variations, modify the OMET through an intensifi-

cation of gyre transports and anomalous Ekman transport. On the other hand, the thermal flux

and the saline flux, which constitute a buoyancy flux, could influence the thermohaline processes

in the ocean and their influence is then reflected in the variations of AMOC [Timmermann and

Goosse, 2004, Gregory and Tailleux, 2011, Yang et al., 2016]. However, at decadal time scales

the oceanic response to the variations in the atmosphere appears to be primarily wind-driven. It

should be noted that the time series are too short to unequivocally determine forcing-response

relations. With our analysis we can not decide whether the ocean drives the atmospheric MET

variations, or it is the reverse. The question of causality is beyond the scope of this study.

Note that different methods for the quantification of AMET can potentially lead to different

results Armour et al. [2019]. We are aware of the two practical ways to calculate AMET with

atmospheric reanalysis datasets. Apart from the implied method, which takes AMET as the

residual between SFlux and TOAFlux as shown in this paper, a direct method that is used by

many studies is to integrate the divergence of AMET over the entire air column [Trenberth,

1991, Graversen, 2006, Fasullo and Trenberth, 2008, Mayer and Haimberger, 2012]. Mayer and

Haimberger [2012] and Armour et al. [2019] elaborate on the difference between AMET com-

puted using these two different methods. The method based on vertical integration suffers
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from problems like mass imbalance, unrealistic moisture budget, and sparseness of observations

[Trenberth, 1991]. We also computed AMET as the vertical integral of AMET divergence over

the air column in a previous paper [Liu et al., 2020b], but the variability of AMET anomalies

given by these three atmospheric reanalysis products are very different, which indicates a lack of

constraints on AMET in reanalysis products [Liu et al., 2020b]. A comparison of low frequency

AMET anomalies at 60◦N with implied and direct methods using all three chosen atmospheric

reanalysis products was performed (not shown). With the direct method, the correlation coef-

ficients of low frequency AMET anomalies at 60◦N between ERA-Interim and JRA55 is 0.82,

and between ERA-Interim and MERRA2 is -0.53. While those correlation coefficients are 0.94

and 0.97 with implied methods. Moreover, with the AMET estimated as vertical integrals, a

consistent picture of Bjerknes compensation was not observed and the energy flow between at-

mosphere and ocean even contradicts the surface and TOA energy budget (not shown). Hence

we chose to compute AMET as the residual between SFlux and TOAFlux as in this way we can

obtain a physically consistent picture.

Nevertheless, uncertainties are large in the SFlux and TOAFlux fields. Huang et al. [2017]

compared the radiation flux at TOA and surface given by ERA-Interim, MERRA2 and JRA55

with NASA CERES. He found that the radiation fluxes at TOA given by the chosen datasets

agree well in winter but deviate against the observation in summer. For the surface flux, short

wave radiation differs more in summer while longwave radiation differs more in winter. It seems

the energy fluxes at TOA is more trustworthy than the energy fluxes at the surface [Huang et al.,

2017]. In addition, due to a lack of turbulent fluxes observations with global coverage, currently

reanalysis products cannot assimilate turbulent fluxes at the surface. This also leads to large

uncertainties in SFlux in reanalyses, which is confirmed by Liu et al. [2017] in their study.

In this paper, we demonstrate that the response of Ferrel Cell contributes to the Bjerknes com-

pensation in reanalysis datasets at mid-high latitudes in the atmosphere. It is also interesting

to investigate the other processes that are related to this change. For instance, the coupling

between Ferrel Cell and Hadley Cell suggests that there might be a low latitude driver for the

changes of mean flow in Ferrel Cell. Also, variations can be driven by the tropical ocean or the

AMOC [Trenberth and Stepaniak, 2003]. In this case, we need to explore the teleconnections

between low latitudes drivers (e.g. ENSO) and mid-high latitudes weather and climate. Much

longer time series are needed to obtain statistically significant results and avoid uncertainties.

Here, we find that at large time scales the Bjerknes compensation occurs and peaks not only at

subpolar latitudes but also at mid-to-low latitudes. Specifically, we notice the highest compensa-

tion rate is present at 40◦N at decadal time scales at the subtropics when the ocean leads, which

is worth a visit for future work. Also, analysis can be extended to the Southern Hemisphere and

the relation between global warming and variability of Bjerknes compensation is of interest for

further studies.
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Abstract

Operational Arctic sea ice forecasts are of crucial importance to science and to society in the

Arctic region. Currently, statistical and numerical climate models are widely used to generate

the Arctic sea ice forecasts at weather time-scales. Numerical models require near real-time

input of relevant environmental conditions consistent with the model equations and they are

computationally expensive. In this study, we propose a deep learning approach, namely Con-

volutional Long Short Term Memory Networks (ConvLSTM), to forecast sea ice in the Barents

Sea at weather to sub-seasonal time scales. This is an unsupervised learning approach. It makes

use of historical records and it exploits the covariances between different variables, including

spatial and temporal relations. With input fields from reanalysis data, we demonstrate that

ConvLSTM is able to learn the variability of the Arctic sea ice and can forecast regional sea

ice concentration skillfully at weekly to monthly time scales. It preserves the physical consis-

tency between predictors and predictands, and generally outperforms forecasts with climatology,

persistence and a statistical model. Based on the known sources of predictability, sensitivity

tests with different climate fields as input for learning were performed. The impact of different

predictors on the quality of the forecasts are evaluated and we demonstrate that the surface

energy budget components have a large impact on the predictability of sea ice at weather time

scales. This method is promising to enhance operational Arctic sea ice forecasting in the near

future.
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4.1 Introduction

As one of the most noticeable frontiers with visible changes due to global warming, the Arctic

has received more and more attention in recent decades. This is accompanied with increased

commercial and scientific activities as a result of sea ice melting. This drives a demand for

reliable operational sea ice forecasts, especially for shipping companies and related stakeholders

[Gascard et al., 2017, Stephenson and Pincus, 2018]. Therefore, it is of crucial importance to

improve operational Arctic sea ice forecasts at weather time scales.

The physical interactions between atmospheric and oceanic conditions and Arctic sea ice pro-

vide a basis for forecasting sea ice characteristics. Predictability of Arctic sea ice at different

time scales in different seasons has been explored extensively in many studies. Blanchard-

Wrigglesworth et al. [2011a] investigated the temporal evolution of Arctic sea ice in observations

and in ensemble climate model output. They found a summer to summer and a melt season to

growth season reemergence effect in sea ice which potentially serves as a good predictor for Arc-

tic sea ice forecasts at monthly to annual time scales. Mohammadi-Aragh et al. [2018] studied

the potential predictability of Arctic sea ice in winter, including the deformation and concen-

tration of sea ice at weather time scales. They noticed that the sea ice concentration (SIC) is

predictable throughout a 10-day forecast period.

In addition there are studies on longer range forecasts. Guemas et al. [2016] reviewed progress

on sea ice forecasts and showed that predictability of Arctic sea ice at seasonal to decadal time

scales mainly originates from persistence or advection of sea ice anomalies, air-sea interaction,

and changes in radiative forcing. Krikken and Hazeleger [2015] analysed the natural variability

of Arctic sea ice from an energy budget perspective. They found strong correlations between

the Arctic energy balance components and the reemergence of sea ice anomalies from the melt

season to the growth season, which extends the theory proposed by Blanchard-Wrigglesworth

et al. [2011a] and further confirms the essential role of the energy budget in sea ice forecasts.

Another key element to the predictability of sea ice is the sea ice thickness (SIT). Bonan et al.

[2019] explore the role of SIT on the summer predictability of sea ice and found that similar

skill of SIT forecasts can be obtained as a perfect model experiment. They also discussed the

predictability barrier in late spring and made suggestions for the initialization of forecasts.

Cruz-Garćıa et al. [2019] examined seasonal-to-interannual sea ice predictability with multiple

climate models and revisited the essential role of the reemergence effect of sea ice anomalies.

They observed that SIC anomalies in the Barents Sea have a strong negative correlation with the

local sea surface temperature (SST) anomalies. Moreover, Onarheim et al. [2015] emphasized

that ocean heat transport (OHT) variations play an important role in the observed winter sea ice

variance in the Barents Sea. They claimed an increase in forecast skill at annual times scales up

to 2 years using OHT. The knowledge of sea ice predictability associated with different physical

processes provided by these studies underlines the importance of choosing relevant predictors

related to the target location and time scale.

Currently, many operational Arctic sea ice forecasts are produced by numerical climate models

[e.g. Van Woert et al., 2004, Metzger et al., 2014, Hebert et al., 2015, Smith et al., 2013, 2016].

These numerical models are built upon physical linkages in the climate system and are able to
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generate accurate sea ice forecasts, but they are computationally expensive, due to the need

for relatively high spatial and temporal resolutions, the implementation of ensemble approaches

to address uncertainties, their dependency on the real-time input of observed conditions for

the data assimilation processes, and the calibration of model output. Moreover, dynamical

models are imperfect and many processes have to be parameterized. Specifically for sea ice

there are several modelling challenges. For instance, rheology, ice thickness distribution, wave-

ice interaction, landfast ice, melt ponding, and floe size distribution [Leppäranta et al., 2020].

Many studies have shown that the forecast skill strongly relies on the initialization [Blanchard-

Wrigglesworth et al., 2011b, Goessling et al., 2016], target location and time scales [Cruz-Garćıa

et al., 2019].

Some operational sea ice forecasts are generated by statistical models [Howell et al., 2015, Yuan

et al., 2016, Wang et al., 2019]. Most of these statistical models are linear models, thus they are

not suited to learn nonlinear relations between variables in the Arctic climate system. Given

the importance of nonlinear feedback mechanisms in the atmosphere, ocean and sea ice cou-

pled system in the Arctic, we may need nonlinear approaches to forecast Arctic sea ice with a

statistical model. This brings contemporary machine learning techniques into scope.

Machine learning approaches, especially deep learning, are widely embraced by many fields

and are increasingly used to deal with problems like clustering, classification and regression

[LeCun et al., 2015]. Benefiting from large volumes of data of the Earth system [Knüsel et al.,

2019], those deep learning methods may be appropriate for the weather and climate domain

[Reichstein et al., 2019]. Although these applications still have limitations, for example, they

rely on the data from numerical weather forecast or reanalysis for the training process and this

could be computationally very expensive depending on the configuration as well as the tuning

procedure, there are many successful use cases. These cases are, for instance, the representation

of physical processes [e.g. Rasp et al., 2018], weather and climate forecasts [e.g. Salman et al.,

2015, Ham et al., 2019], and extreme events detection [e.g. Gope et al., 2016]. Deep learning

based techniques could potentially be used as an alternative method or an auxiliary approach for

the current state-of-the-art forecast systems, or even as a preliminary and fast forecast system.

It can be viewed as an enhancement or supplement to our existing tools.

In this study, we consider sea ice forecasts at weekly time scales and we perform extended range

sea ice forecasts in the Barents Sea with a complex deep neural network (DNN), namely the

Convolutional Long-Short Term Memory Networks. These intricate neural networks are built

on top of the basic structures, like convolutional neural networks (CNN) and recurrent neural

networks (RNN). Early studies have shown that even these basic neural networks (NN) are able

to reproduce both the short-term evolution and the long-term statistics of dynamical systems

like a Lorenz system [e.g. Hassanzadeh et al., 2019], which provides a basis for learning the

nonlinear relations between meteorological fields and predicting the evolution of a weather-like

system in a chaotic regime.

To work with such complex spatial-temporal sequence problems, ConvLSTM are useful [Xingjian

et al., 2015]. As a novel combination of CNN and Long-Short Term Memory (LSTM) networks

[Fukushima, 1980, Hochreiter and Schmidhuber, 1997], ConvLSTM were first introduced by

Xingjian et al. [2015] when dealing with precipitation nowcasting. Until now, many studies
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have shown that ConvLSTM are suitable for weather forecasts at different time scales, like

precipitation forecasts [Xingjian et al., 2015, Kim et al., 2017], hurricane tracking and forecasting

[Kim et al., 2019], sea ice concentration [Kim et al., 2020] and sea ice motion forecasts [Petrou

and Tian, 2019]. However, most of those studies only incorporate a few variables and were

mostly data-driven without physical insights. In this paper, except for the sea ice forecasts with

ConvLSTM using multiple predictors, we also conducted a sensitivity analysis of predictors and

focus on the physical consistency between sea ice and other meteorological fields in the trained

and forecasted output.

The paper is organized as follows: The methodology and the data sets used in this study are

described in section 2. The results are shown in section 3, including constrained forecasts,

sensitivity tests of predictors and operational forecasts with ConvLSTM. The discussion and a

brief summary of this study are given in section 4 and 5, respectively.

4.2 Data and Methodology

A detailed elaboration on the deep neural networks and data sets used in this study is given

in this section. In addition, a brief summary about the hyper-parameter tuning of our neural

networks and an overview of the evaluation metrics is included at the end of this section.

4.2.1 Convolutional Long-Short Term Memory Networks

To enhance LSTM networks to include learning and forecasting spatial information, Xingjian

et al. [2015] embedded convolutional cells into LSTM cells and created a new neural network

structure coined ConvLSTM. Consequently, ConvLSTM inherits the ability of LSTM to “re-

member” and “forget”, which is achieved by the design of memory cells and multiple gates that

control the flow of information [Hochreiter and Schmidhuber, 1997]. Also, the spatial awareness

of a convolutional network is added to a LSTM. These aspects of the structure are relevant for

weather and climate problems. The structure of ConvLSTM can be defined and explained by

the following equations [Xingjian et al., 2015]:

it = σ(Wxi ∗ xt +Whi ∗ ht−1 +Wci ◦ ct−1 + bi)

ft = σ(Wxf ∗ xt +Whf ∗ ht−1 +Wcf ◦ ct−1 + bf )

ct = ft ◦ ct−1 + it ◦ tanh(Wxc ∗ xt +Whc ∗ ht−1 + bc)

ot = σ(Wxo ∗ xt +Who ∗ ht−1 +Wct ◦ ct + bo)

ht = ot ◦ tanh(ct)

(4.1)

With it the input gate, ft the forget gate, ct the cell state, ot the output gate, ht the hidden

state, W the weight matrix, x the input, b the bias, ∗ the convolutional operation, ◦ the element-

wise product, σ the sigmoid function and tanh the hyperbolic tangent function. The subscripts

describe the correspondence of the weight matrix to different gates and states. For instance,

Wxi indicates the weight matrix of input values related to the input gate, while Whf represents
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the weight matrix of hidden states corresponded to the forget gate. The subscript t indicates

the time step and will be elucidated in section 2.c.

The structure of the ConvLSTM network is illustrated in Figure 4.1. At each time step, con-

volutions over the input fields (e.g. data of the Arctic climate system) are performed. Then,

at each grid point, those values are fed into an LSTM cell. The LSTM cells only differ in their

input, and hence their memory, but share all other parameters. Multiple layers can be stacked

to further increase the complexity of the network if needed.

Figure 4.1: Structure of the convolutional long short term memory neural networks.

ConvLSTM networks are powerful tools for intricate spatial-temporal sequence prediction prob-

lems. They are likely suitable for sea ice forecasts. Physically, the use of filters inside convolu-

tional layers accounts for the local interactions between multiple fields (e.g. temperature, wind,

etc) which affect the formation of sea ice, and the advance and retreat of sea ice at neighbouring

grid points. The temporal evolution of sea ice, including the communication of neighbour points

within the convolutional cells, are tracked by the LSTM structure of the network through its

recurrence feature. Moreover, this approach is unsupervised learning and it can make use of

historical records of weather and climate states.

In this study, we perform many-to-one prediction, which means sequences with spatial structure

are taken as input and spatial maps of one time step ahead will be the output by the networks.

The numerical processes, including training and testing of ConvLSTM, are elaborated upon in

detail in the appendix. The ConvLSTM used in this study are constructed on top of the Pytorch

library, and our script is published on Github (https://github.com/geek-yang/DLACs).

https://github.com/geek-yang/DLACs
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4.2.2 Reanalysis Data Sets

We train ConvLSTM and evaluate its capability to forecast sea ice using reanalysis data sets,

namely ERA-Interim and ORAS4.

ERA-Interim is a global atmospheric reanalysis dataset produced by the European Centre for

Medium-Range Weather Forecasts (ECMWF) [Dee et al., 2011], which covers the data-rich

period since 1979. It employs the cycle 31r2 of ECMWF’s Integrated Forecast System (IFS)

and generates atmospheric state estimates using 4D-Var data assimilation with a T255 (∼79km)

horizontal resolution on 60 vertical levels [Berrisford et al., 2009]. We use the surface fields,

including SIC, 2 meter temperature (T2M), sea level pressure (SLP), net surface turbulent and

radiation flux (SFlux), 10 meter zonal and meridional wind (UV10m), and geopotential height

at 850hPa (Z850) and 500hPa (Z500), with a 0.75◦ x 0.75◦ horizontal resolution (∼ 28.6 km

x 28.6 km, at 70◦N). We take 6-hourly data with a range from 1979 to 2016 and the data is

averaged to weekly time scales.

Given a lack of detailed verification studies of the SIC quality in ERA-Interim, we further verify

the SIC field in ERA-Interim with a satellite-based product, namely the NOAA/NSIDC Climate

Data Record of Passive Microwave Sea Ice Concentration (version 3) [Peng et al., 2013]. A point-

to-point comparison of the SIC in the Barents Sea between ERA-Interim and the chosen satellite

product was performed (not shown). They look similar in most of the areas, except for some

places close to the continent as a result of land-sea mask and interpolation since the native grids

are different. To ensure the robustness of our results, we also perform our training and testing

with the SIC field from the chosen satellite-derived product and the results are almost the same

as those based on the SIC in ERA-Interim.

The Ocean reanalyses System 4, in short ORAS4, is the replacement of the reanalyses system

ORAS3 used by the ECMWF [Balmaseda et al., 2013]. It implements Nucleus for European

Modelling of the Ocean (NEMO) as ocean model [Madec, 2008, Ferry et al., 2012a] and uses

NEMOVAR as the data assimilation system [Mogensen et al., 2012]. The model is forced by

atmosphere-derived daily surface fluxes, from ERA-40 from 1957 to 1989 and ERA-Interim from

1989 onwards. ORAS4 produces analyses with a 3D-Var FGAT assimilation scheme and spans

from 1958 to the present. ORAS4 runs on the ORCA1 grid, which is associated with a horizontal

resolution of 1◦ in the extratropics and a refined meridional resolution up to 0.3◦ in the tropics.

It has 42 vertical levels, 18 of which are located in the upper 200m. We use the monthly mean

temperature on the native model grid from 1979 to 2016 to calculate the ocean heat content

(OHC) from the sea surface to 300m. Given the long memory effect in the ocean, OHC at weekly

time scales is interpolated from monthly fields.

We chose this combination because both data sets are ECMWF reanalysis products and ORAS4

takes surface forcing from ERA-Interim [Balmaseda et al., 2013]. This combination is promising

to provide a physically consistent picture of the interaction between the atmosphere, ocean and

sea ice related processes. The selected fields are potential predictors for the sea ice variations

due to their physical relationships in the Arctic [Krikken and Hazeleger, 2015, Guemas et al.,

2016].

In this study, we only focus on the Barents Sea. Following the same definition of the Arctic re-
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gions as Walsh et al. [2019], our domain is covered by the ERA-Interim grid with 24 (latitudinal)

x 56 (longitudinal) points. It is noteworthy that this regional focus has a negative impact on

the performance of ConvLSTM. The sampling of convolutional layers is affected by the cut-off

of data close to the boundary of the Barents Sea. This partially explains the relatively bad

forecast quality in the boundary regions, as we will show, and provides room for improvement

if a larger area is included in the future. However, this comes with a computational cost.

4.2.3 Evaluation Metrics

Two types of lead time dependent forecast were performed in this study. One is called constrained

forecast, which takes input fields from the future, excluding SIC only, to test the maximum

expected predictability given the chosen forecast methods and input fields. It can be described

with the equation shown below:

SICpred[tn+l+1] = ConvLSTM(SICobs[t1,t2,...,tn]+pred[tn+1,tn+2,...,tn+l],

OHCobs[t1,t2,...,tn,tn+1,tn+2,...tn+l], ...)
(4.2)

With OHCobserve[tn+l] the observed OHC for the l leading week. An extended analysis of the

contributions from several predictors was conducted based on the constrained forecast formula-

tion.

The other setup is called operational forecast, which uses only historical records and the forecasts

at a specific lead time are based on the predicted fields of all variables (e.g. the week n + 2

forecast is made with all variables of the reanalysis time series considered until the current step

n and the week n+ 1 forecast). The procedure can be explained by the equation below:

SICpred[tn+l+1], OHCpred[tn+l+1], ... = ConvLSTM(SICobs[t1,t2,...,tn]+pred[tn+1,tn+2,...,tn+l],

OHCobs[t1,t2,...,tn]+pred[tn+1,tn+2,...,tn+l], ...)

(4.3)

With SICobs[t1,t2,...,tn] and OHCobs[t1,t2,...,tn] the time series of observed SIC and OHC until the

current time step, SICpred[tn+l] and OHCpredict[tn+l] the predicted SIC and OHC for the l leading

week. We can assess the performance of ConvLSTM with re-forecasts, i.e. performing forecasts

over the reanalysis period as if they were actual operational forecasts.

The configurations of constrained forecasts and operational forecasts are illustrated in Figure

4.2. The major differences between these two setups are: the constrained forecasts use predictors

from the future to predict SIC, whereas the operational forecasts use forecast predictands as

predictors to predict future SIC. The value of considering the constrained forecasts is to gain

insight into what forecasts of SIC would look like if the ConvLSTM models were able to perfectly

forecast the predictors that are then used in the operational forecasts.

In order to evaluate the performance of sea ice forecast by the ConvLSTM, several scores are

calculated. The Root Mean Square Error (RMSE) is used to evaluate the sea ice forecast in the
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Figure 4.2: Configurations of constrained forecast and operational forecast at starting time step T0
and lead time step T0+x.

chosen area. To evaluate the predicted data with both temporal and spatial information, we

define the RMSE in the following way:

RMSE =
1

N

N∑
t=1

√√√√ [
∑X

x=1

∑Y
y=1 ax,y[SIC

(predict)
x,y,t − SIC(observe)

x,y,t ]]2∑X
x=1

∑Y
y=1 ax,y

(4.4)

With x the number of points in the longitudinal direction, y the number of points in latitudinal

direction, X and Y the total number of gird cell length in longitudinal and latitudinal direction,

t the number of time step, N the total time steps, ax,y the area of grid cell denoted by indices

x and y, SIC
(predict)
x,y,t and SIC

(observe)
x,y,t the predicted and observed SIC, respectively.

The Mean Absolute Error (MAE) is used to assess the forecasts on a point-wise basis. The

spatial structure is preserved (see Figure 4.4). MAE is defined as follows:

MAE =
1

N

N∑
t=1

|ax,y[SIC(predict)
x,y,t − SIC(observe)

x,y,t ]| (4.5)

For several applications, such as shipping and navigation in the Arctic, it is also necessary to

know if a certain area is open water or covered by sea ice. This requires a binary forecast.

Following Van Woert et al. [2004] and Walsh et al. [2019], the grid boxes with sea ice concentra-

tion less than 15% are regarded as open water areas. Based on this criterion, we introduce the
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integrated ice-edge error score (IIEE), which is a verification metric first proposed by Goessling

et al. [2016], to better represent the performance of binary forecasts. The score is defined as

the area where the forecast and the “truth” disagree on the ice concentration being above or

below 15% and it can be further decomposed into two components, the overestimated (O) and

underestimated (U) local sea ice extent, respectively:

IIEE = O + U

O =

∫
A
max(cf − ct, 0)dA

U =

∫
A
max(ct − cf , 0)dA

cf , ct =

{
1, SIC > 15%

0, SIC < 15%

(4.6)

where A is the area of interest, and subscripts f and t denote the forecast and the truth. By

definition, overestimated local sea ice extent means the failure of predicting a sea ice free area

as ice covered, while underestimated local sea ice extent is the failure of predicting a sea ice

covered area as ice free.

Many studies assess their sea ice forecast systems against persistence and climatology at weather

time scales [Van Woert et al., 2004, Metzger et al., 2014, Hebert et al., 2015, Smith et al., 2013,

2016]. The reason is that, at weekly to sub-monthly time scales, the persistence of sea ice

anomalies is very high [Blanchard-Wrigglesworth et al., 2011a, Guemas et al., 2016]. Therefore,

it is very challenging to beat persistence at these time scales. For instance, Van Woert et al.

[2004] provide daily ice analyses and 5-day forecasts with their polar ice forecast system but this

has almost no skill in winter against persistence. Consequently, in this study, forecasts with the

ConvLSTM using different input fields will also be evaluated against persistence and climatology.

The persistence is defined as the SIC anomaly at lead time step 0 added to the climatology at

each lead time. We use the climatology based on a 10-year sliding window preceding the forecast

time [e.g. Zampieri et al., 2018] in order to take changes in the climatology into account.

In order to compare the ConvLSTM with numerical model-based forecasts, we include two

ensemble forecast data sets from the sub-seasonal to seasonal prediction project [Vitart et al.,

2017]. We use forecasts from the National Centers for Environmental Prediction (NCEP) and

the ECMWF ensemble forecasts. These data sets were chosen because of their active sea ice

model, available time range (Jan 2015 - Dec 2016), and the forecast frequency.

The NCEP global ensemble forecast system generates real time forecasts using the NCEP Cli-

mate Forecast System Version 2 (CFSv2) [Saha et al., 2014]. It consists of 16 ensemble members

and the forecast length is 45 days. The atmospheric model has 64 model levels and its hori-

zontal resolution is T126 (∼ 100km), which is lower than the ERA-Interim (T255, ∼ 80km).

Its ocean model is GFDL MOM4 [Pacanowski et al., 1991]. It has a spatial resolution in the

zonal direction of 0.5◦ and in the meridional direction, 0.25◦ from 10◦S to 10◦N , progressively

decreasing to 0.5◦ from 10◦ to 30◦, and is fixed at 0.5◦ beyond 30◦ in both hemispheres. There
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are 40 levels in vertical. The system is coupled to an active sea ice model, which is part of the

Modular Ocean Model (MOM4) [Pacanowski et al., 1991].

Based on the Integrated Forecasting System (IFS) version CY46R1, the ECMWF global ensem-

ble forecast system has 51 members and it runs twice a week up to day 46. The atmospheric

component of the system has a horizontal resolution about 16km up to day 15 and a relatively

coarse horizontal resolution about 32km after day 15. Vertically, the atmospheric model has

91 model levels. The ocean model is NEMO3.4.1 with a 0.25◦ horizontal resolution, 75 vertical

levels [Madec, 2008, Ferry et al., 2012a]. The system is coupled to the Louvain-la-Neuve Sea Ice

Model (LIM2) [Rousset et al., 2015].

Note that the output from the forecast systems in the S2S project have been regrid-

ded to the same model grid. To enable a direct comparison, we interpolate our Con-

vLSTM results and ERA-Interim sea ice data to the model grid used in the S2S project

and weigh the results the same as the area weight applied throughout the paper. More

information about these experiments can be found on the homepage of the S2S project

(https://confluence.ecmwf.int/display/S2S/Models).

Sensitivity tests of the contribution from each predictor to the skill of sea ice forecasts are

conducted with the ConvLSTM using SIC plus one extra predictor. To assess the change of

forecast skill with different predictors, we introduce a dimensionless score with the definition

given below:

Relative forecast skill score =
RMSEsic −RMSEpredictor

RMSEsic
(4.7)

With RMSEsic the RMSE of forecast with ConvLSTM using only SIC, and RMSEpredictor the

RMSE of forecast with ConvLSTM using SIC and one extra predictor. More details are provided

in the section 3b.

4.2.4 Training and Hyperparameter Tuning

The networks are trained with reanalysis data from 1979-2008 (1440 weeks). Given the spatial

resolution of input fields, the training set includes 24 x 56 x 1440 points, thus 1440 points for

each node in the convolutional layer. Data from 2009-2012 is used for cross-validation, allowing

to implement an early stop module and to avoid overfitting. Data from 2013-2016 is taken as

the test set for evaluation. The weight matrix of the ConvLSTM is updated by optimizing the

loss function, for which we use mean square error (MSE):

MSE =
1

N

N∑
t=1

[
∑X

x=1

∑Y
y=1 ax,y[SIC

(predict)
x,y,t − SIC(observe)

x,y,t ]]2∑X
x=1

∑Y
y=1 a

2
x,y

(4.8)

Physically, this loss function measures the difference between the actual and forecasted

SIC.

The training time varies from 8 hours to 12 hours on a single GPU, depending on the choices of

hyperparameters (e.g. number of epochs, filter size, number of layers). With an assessment based
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on the RMSE of sea ice forecasts for the first leading week, the results from hyperparameter

tuning show that a combination of learning rate equal to 0.01, 3 stacked ConvLSTM layers,

filter size 3 x 3 and 1500 epochs is the best. We further inspected the learning curve with the

chosen combination of hyperparameters. Although the loss stops decreasing after 600 epochs,

the model’s skill for anomalies continues to increase.

It is worthwhile emphasizing the importance of the convolutional filter size. In each convolu-

tional layer, the filter size controls the exchange of information between neighbouring points.

Physically, it accounts for the influence of for instance SIC, OHC or SLP from adjacent regions

on the selected area (node). Given the physical consistency between regional atmospheric and

oceanic fields, and the advection of sea ice anomalies [Blanchard-Wrigglesworth et al., 2011a,

Guemas et al., 2016], this feature of the convolutional layer should improve the forecast skill.

Similarly, the number of stacked ConvLSTM layers also relates to the communication of neigh-

bouring points because of the filtering in each layer with convolutions.

4.2.5 Baseline Statistical Model Analysis

In order to set a baseline for our forecasts with ConvLSTM with less complex statistical models

and to provide insight into its ability to account for the non-linearity between multiple physical

fields, we also fit a generalized linear model with a “logit” link function. For conciseness, it

is referred to as the baseline statistical model in this paper. This method is similar to the

logistic regression, which means the non-linear properties of the input fields are covered. In this

approach, each spatial location is modelled separately. While the fitted parameters vary over

space, the structure of the linear regression is the same everywhere. In particular, the SIC is

predicted using an auto-regressive model which includes the value of the previous three weeks

at that location, as well as the previous values of the T2M and OHC. In addition, the SIC of

all neighbouring locations one week prior is used to establish whether spatial drift is a relevant

factor. For all terms, only linear parts are included, although the percentage of sea ice content

is first transformed using the “logit” function. Finally, the model is fit using ridge regression,

where the optimal amount of regularisation is determined using 5-fold cross-validation over the

training set. The predictors are selected in terms of the balance between their expected source of

predictability and the cost of training. Similarly, it uses the “constrained forecast” configuration

as all the input fields are from the reanalysis. Mathematically, this generalized linear model with

a logit link function can be expressed as:
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SIC(t) = βt t+ βsin sin(t)+βcos cos(t) +
−−−→
βSIC ·

−−−−→
SIC(t) +

−−−→
βT2M ·

−−−−−→
T2M(t)

+
−−−→
βOHC ·

−−−−−→
OHC(t)+

−−−−−−−→
βneighbours ·

−−−−−−−−−−−→
SICneighbours(t)

−−−−→
SIC(t) =

logit(SICt−1,detrend)

logit(SICt−2,detrend)

logit(SICt−3,detrend)

 −−−−−→
T2M(t) =

logit(T2Mt−1,detrend)

logit(T2Mt−2,detrend)

logit(T2Mt−3,detrend)



−−−−−→
OHC(t) =

logit(OHCt−1,detrend)

logit(OHCt−2,detrend)

logit(OHCt−3,detrend)

 −−−−−−−−−−−→
SICneighbours(t) =



logit(SICNt−1,detrend)

logit(SICNEt−1,detrend)

logit(SICEt−1,detrend)

logit(SICSEt−1,detrend)

logit(SICSt−1,detrend)

logit(SICSWt−1,detrend)

logit(SICWt−1,detrend)

logit(SICNWt−1,detrend)



(4.9)

with t the current step, SIC(t) the sea ice forecast of current step, sin(t) and cos(t) cycles

with one year period, β the trainable weight for each term, SICt−x,detrend, T2Mt−x,detrend and

OHCt−x,detrend the detrended SIC, T2M and OHC at previous x time step, SICdirectiont−1,detrend the

detrended SIC of neighbouring point at previous time step at certain location (e.g. N indicates

north, NE indicates north-east, and etc.), excluding land pixels.

4.3 Results

4.3.1 Constrained Predictability

Before implementing the novel deep neural network for sea ice forecasts and performing ret-

rospective analysis of skill, it is worthwhile examining its capability in an ideal set-up. We

performed lead-time dependent constrained forecasts of SIC with the ConvLSTM network using

different combinations of input fields. The RMSE of these forecasts against those given by per-

sistence and climatology with a lead time up to 6 weeks is shown in Figure 4.3a (details in Table

S2). For all the forecasts (except for climatology as it does not vary over time, by definition),

RMSE increases with increased lead time. It is observed that most of the forecasts with the

ConvLSTM using SIC and one extra field, such as OHC, Z500, SLP and SFlux, can outperform

the forecasts with persistence and climatology. The increase of RMSE as a function of lead time

from these forecasts with the ConvLSTM is smaller than that with persistence and climatology.

However, this is not true for some combinations of input fields, for instance, SIC with T2M or

Z850. To obtain more insight on the impact of several predictors, an extended constrained SIC

forecast with lead time up to 16 weeks is shown in Figure 4.7. It is found that with multiple

input fields, the performance of ConvLSTM is also stable at long lead times. This time scale is

beyond the scope of this study though.
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Figure 4.3: RMSE of (a) the constrained forecast of SIC with a lead time up to 6 weeks and (b) the

constrained forecast of SIC for the first week in each month with ConvLSTM using different predictors

against persistence, climatology and the baseline statistical model. The unit is square kilometer per

grid cell.

Forecasts with a ConvLSTM using only SIC also provides better results than forecasts from

persistence and climatology. The non-linearity introduced by the ConvLSTM effectively con-

tributes to the skill of the forecast. A comparison between forecasts with our baseline statistical

model and forecasts using the ConvLSTM shows that the ConvLSTM produces slightly better

forecasts. They both significantly outperform a persistence forecast.

As SIC has a strong seasonal cycle and the predictability is known to be strongly seasonal

dependent, we further evaluate the forecasts by examining the error in each month. The RMSE

of the constrained forecast of SIC for the first week in each month with different predictors and

methods is given in Figure 4.3b (details in Table S3). In general, the forecast error is larger

in winter than that in summer, which is similar to operational forecasts with numerical models

[Smith et al., 2016]. This can be explained by the large year-to-year variations of sea ice in

winter and a large open water area in summer [Perovich and Richter-Menge, 2009]. Compared

to the sea ice forecasts with persistence, the ConvLSTM provides more skillful forecasts in winter

and spring, but not for summer and early autumn. Similarly, it was demonstrated by Goessling

et al. [2016] that the predictability of sea ice edge is relatively low from summer to autumn at

monthly time scales over the whole Arctic. However, for the Barents Sea, it was shown by some

studies that the initialized seasonal forecasting models could show monthly skill in the autumn

(NDJ) up to 9 months in advance [e.g. Bushuk et al., 2017]. The better performance of the

sea ice forecast with the ConvLSTM in winter and during the transition seasons shows that the

ConvLSTM is able to capture the intricate sea ice variability in these seasons. This is not so

surprising given the significant role of SSTs on sea ice predictability in this region in fall and

winter [e.g. Guemas et al., 2016]. However, given the large ice free area in summer from 2013

to 2016 in the Barents Sea, the worse performance of the ConvLSTM than persistence seems to

imply that ConvLSTM tend to over-predict sea ice in summer. Similar results are provided by

forecast with the baseline statistical model and forecasts using the ConvLSTM. Considering the

large difference between RMSE in each calendar month, it is not surprising that the spread of
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RMSE in Figure 4.3a is very large.

We investigated the seasonal differences in forecast skill at more lead times for the constrained

forecasts (not shown). Similar to Figure 4.3b but with different lead times, the error increases

with the increase of lead time, especially for the early spring around March. For the ConvLSTM

forecast with all the chosen predictors, the reduction of skill is relatively smaller than the oth-

ers. Forecasts with the ConvLSTM cannot beat persistence in autumn starting from October

regardless of the lead time. But they are always better than the persistence in the transition,

from spring to summer. At lead time step 6, forecasts with the ConvLSTM behave similar as

the climatology in terms of the loss.

In order to understand the source of forecast error in each month, it is insightful to examine the

spatial structure of the error. The spatial distribution of the forecast error with the ConvLSTM

using SIC and OHC is plotted in Figure 4.4. In winter, the error mainly comes from the coastal

area close to the Eurasian continent. Since the boundary sea ice dynamics is relatively complex,

it is difficult to forecast, which is also a challenge for most of the operational numerical sea ice

forecast systems [e.g. Smith et al., 2013, 2016]. In almost all seasons there is also a contribution

to the total error from regions with rapid SIC variations near the northern boundary. Physically,

processes like sea ice advection, sea ice advance and retreat, oceanic heat transport, and polar

air-sea interaction, make forecasting in this area extremely difficult [Årthun et al., 2012, Smith

et al., 2016]. Note that the cut-off of data around the selected boundary also influences the

performance of the ConvLSTM, which was discussed in section 2b.

In practice, it is useful to know whether a region is ice free or not, for instance for shipping

and related activities. A binary evaluation was carried out based on the forecast made by

the ConvLSTM, based on persistence and climatology. We computed the IIEE score of these

forecasts and found that the results are comparable among the forecasts with different methods,

except for that with climatology. In order to assess the forecast skill location-wise, we plot the

difference of IIEE score of the SIC constrained forecast between the ConvLSTM (using SIC

and OHC) and persistence in Figure 4.5. Since the IIEE indicates either an overestimation

or underestimation of sea ice forecast, areas with lower scores have better forecast skill. In

general, the ConvLSTM has better forecast skill than persistence in almost all months. During

the transition time from summer to winter, the ConvLSTM gives more skillful forecasts than

persistence, especially around the northern boundary of the Barents Sea. In winter and spring,

these two methods have skill in different regions and the ConvLSTM is slightly better. In

summer, the differences are small.

We can learn more about the forecast skill of each method by analysing the overestimated and

underestimated sea ice extent separately. The overestimated and underestimated sea ice ex-

tent of the constrained forecasts of SIC with the ConvLSTM using different predictors against

persistence, and climatology are shown in Figure 4.6. Given the definition of these two com-

ponents of IIEE (section 2c), in combination they can be interpreted as a trade-off between

over-predicting and under-predicting. Climatology tends to over-predict the sea ice in this

area (∼ 120 × 103km2), but at the same time it has the least underestimated sea ice extent

(∼ 5× 103km2) than the other methods. Almost all the forecasts with the ConvLSTM provide

better overestimated component of IIEE score but slightly worse underestimated component of
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Figure 4.4: MAE of the constrained forecast of SIC for the first week in each month with ConvLSTM

using SIC and OHC.

IIEE score than persistence. It reflects that the ConvLSTM learns the temporal evolution of

sea ice, especially from an ice free to ice covered period.

To conclude, the ConvLSTM is able to outperform persistence and climatology when conducting

sea ice forecasts at weekly to sub-monthly time scales. However, a careful selection of input fields

should be made in terms of the physical consistency between predictors and sea ice at chosen

time scales. An irrelevant predictor could “confuse” the neural network and hence reduce the

performance. It is noteworthy that with more training data, the forecast skill of the ConvLSTM

can be improved dramatically. This might indicate that ConvLSTM is good at finding nonlinear

relations between variables which could eventually contribute to the predictability of the entire

system, as long as the network is complicated enough, and the training data is sufficient.
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Figure 4.5: Difference of the IIEE score of the constrained forecast of SIC for the first week in each

month between ConvLSTM and persistence (IIEEConvLSTM − IIEEpersistence). The SIC forecast

with ConvLSTM uses SIC and OHC fields.

4.3.2 Sensitivity Analysis of Predictors

In the previous section, we found that the ConvLSTM is skillful for SIC forecasts using multiple

climate fields. The generally better performance of the ConvLSTM than the baseline statistical

model indicates that ConvLSTM learns the nonlinear relations between input fields, and sea

ice forecast systems for weekly time scales can benefit from such representation of non-linearity.

However, the performance could also be attributed to the change of signal to noise ratio and

there is a possibility that the model only learns the noise from these predictors. To understand

whether these predictors contribute to the forecast or they only pollute the prediction, we apply

Monte Carlo reshuffling to all the chosen predictors with respect to the time sequences and use

these reshuffled predictors to forecast SIC. Note that the input SIC sequence is not reshuffled.

The result is shown in Figure 4.7. It can be noticed that forecasts with reshuffled predictors are

much worse than those without reshuffling, especially for a long lead time. This indicates that

these predictors provide useful information for the forecast. For a short period, for instance,
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Figure 4.6: (a) Overestimated and (b) underestimated local sea ice extent of the constrained forecast

of SIC with ConvLSTM using different predictors against persistence and climatology. The unit is

square kilometer per grid cell.

up to lead week 1 and 2, forecasts with randomly reshuffled series of chosen predictors do not

differ much compared to those without reshuffling. This indicates that, in the first two weeks,

forecasts mainly rely on the memory of sea ice. This also explains why persistence is difficult

to beat at weekly time scales. Unfortunately, the information we have is not sufficient to prove

whether the improved forecasts benefit from the nonlinear relations between these variables or

an increase of signal to noise ratio. Given that these predictors contribute to the predictability

of SIC, we can further evaluate the contribution from different predictors to sea ice forecasts by

comparing the forecasts using the same structure of the ConvLSTM, but trained with different

input fields.

Figure 4.7: RMSE of the constrained forecast of SIC with a lead time up to 16 weeks with ConvLSTM

using different predictors against persistence and climatology. A ConvLSTM forecast with Monte Carlo

reshuffled predictors is included for comparison. The unit is square kilometer per grid cell.

Following the definition of our dimensionless relative forecast skill scores in section 2c, the
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sensitivity analysis of predictors is shown in Figure 4.8. Similar to section 3a, we analyze the

forecast skill based on lead-time dependent constrained forecasts up to 6 weeks, and for the first

week in each month. Positive scores indicate an improvement in forecast skill. Note that the

skill is relative to the ConvLSTM model that only uses SIC as a predictor. In Figure 4.8a, it

can be observed that OHC, SFlux and Z500 add skill to the sea ice forecasts at chosen time

scales, while SLP, T2M and Z850 reduce the skill. Predictability from OHC can be attributed

to the long memory of the ocean and the crucial role of OHC in the energy budget, which is

also claimed by Guemas et al. [2016], Cruz-Garćıa et al. [2019]. Furthermore, it is shown in

Figure 4.8b that OHC has a significant contribution to the forecast skill in summer. Another

component of the energy budget, SFlux, also plays an important role here since it has a direct

relation to sea ice, that is, the surface energy balance between open ocean and sea ice covered

ocean is very different. We notice that it contributes to the predictability with a lead-time more

than a week, which is consistent with the lead-lag relations between sea ice melting and the

variability of surface fluxes found by Krikken and Hazeleger [2015].

Figure 4.8: RMSE based relative forecast skill improvement of (a) the constrained forecast of SIC

with a lead time up to 6 weeks and (b) the constrained forecast of SIC for the first week in each month

with ConvLSTM using different predictors.

At weekly to sub-monthly time scales, Figure 4.8 shows that some surface fields, like SLP and

T2M, and some near-surface atmospheric fields, do not contribute to improving sea ice forecasts

with the ConvLSTM. It was reported by Onarheim et al. [2015] and Mohammadi-Aragh et al.

[2018] that the chaotic behavior of the atmosphere causes the low predictability of the near

surface wind divergence and vorticity, which explains the weak relationship between sea ice

variability and SLP. The bad performance of sea ice forecast with the ConvLSTM using SIC

and T2M suggests that the surface temperature field is not directly related to the variation of

sea ice, especially in summer as shown in Figure 4.8b. This is the same for Z850.

In summary, for the extended range sea ice forecasts in the Barents Sea, meteorological and

oceanic fields involved in the energy budget (e.g. SFlux, OHC) can enhance the forecast skill of

the sea ice forecasts made by deep neural networks. The same holds for the fields representing

the free troposphere (e.g. Z500). However, some surface fields (e.g. T2M, SLP) and lower

atmospheric fields (e.g. Z850) do not improve the forecast quality in the selected region. Use of

the ConvLSTM can potentially help us understand the nonlinear relationships between multiple
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selected variables, but limited physical information will be provided by this method. Note

that these conclusions about the predictability of sea ice are drawn for specific time scales and

region. From this study it is unclear whether it can be generalized to other time scales and

locations.

4.3.3 Lead-Time Dependent Operational Forecasts

In contrast to constrained forecasts, operational weather forecasts can only proceed from a known

state to the future state with predicted fields. Therefore, to achieve a “more than one step”

sea ice forecast, we have to predict all the input fields and use the predicted fields for further

forecasts, specifically with the ConvLSTM. Similar to evaluations of the constrained forecasts

given in section 3a, an assessment of the lead-time dependent forecasts with the ConvLSTM

using different combinations of input fields against persistence and climatology are presented

in this section. We emphasize that from now on the presented forecasts with the ConvLSTM

generate all fields (the same variables as the input) and the loss function also includes these

fields. The presented forecasts are re-forecasts and these retrospective forecasts can be analyzed

using observations.

We first show the RMSE of lead-time dependent forecasts with different predictors and methods

in Figure 4.9a (details in Table S4). In general, RMSE increases with the increased lead-

time, which is similar to Figure 4.3a. However, this time, almost all the forecasts with the

ConvLSTM outperform the forecasts with persistence, except for the ConvLSTM forecast with

all the selected input fields. The ConvLSTM forecast are better than the climatology with lead

time from week 1 to 5, in general. The best forecast is given by ConvLSTM with SIC and Z850,

which is very different from the constrained forecast (Figure 4.3a). Considering the RMSE in

each month (Figure 4.9b, details in Table S5), most of the forecasts with the ConvLSTM are

better than the persistence forecast in spring and autumn. All the forecasts are comparable

in winter but persistence is much better in summer. Also, the forecasts with the ConvLSTM

using all given input fields are worse than the ConvLSTM forecasts using fewer variables. We

further inspected the seasonal differences in forecast skill at more lead times for the operational

forecasts (not shown). The results are analogous to those given by the constrained forecasts.

The only difference is that the ConvLSTM forecasts with one extra predictor (e.g. Z850, SFlux)

show better skill in sea ice forecasting for most of the time compared to that with all chosen

predictors, which is consistent with our analysis regarding Figure 4.9.

The decrease in performance of the ConvLSTM with more input variables than that with fewer

variables can be attributed to the training process of deep neural networks and the setup of

operational forecast. Based on this configuration, the number of input fields are equal to the

number of output fields. More input variables mean more output variables and therefore more

model parameters, which in turn requires more training data. Consequently, the operational

forecast with ConvLSTM is a trade-off between skill gain from predictors and skill loss due to

the difficulty in learning. Therefore, it is necessary to choose the right combination of input

fields for the ConvLSTM, instead of using all the data in a purely data-driven manner.

The spatial distribution of the forecast error for the first week with the ConvLSTM using SIC

and OHC is plotted in Figure 4.10. It is very similar to the result in Figure 4.4. It is difficult
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Figure 4.9: RMSE of (a) the operational forecast of SIC with a lead time up to 6 weeks and (b) the

operational forecast of SIC for the first week in each month with ConvLSTM using different predictors

against persistence and climatology. The unit is square kilometer per grid cell.

for the system to predict sea ice in winter and spring, and large forecast errors are mainly found

in the coastal area and the northern boundary. In summer and autumn, the forecast errors are

relatively small. We now consider the binary forecast of sea ice. The difference of the IIEE

score of SIC forecasts between the ConvLSTM (using SIC and OHC) and persistence is shown

in Figure 4.11. Given the similarity of the spatial distribution of the forecast errors between

the constrained (Figure 4.4) and operational (Figure 4.10) forecasts, it is not surprising to find

that the ConvLSTM has better forecast skill than persistence in most of the regions in the

Barents Sea in almost all months. More explanation on this can be found in the section 3a.

Note that starting from the second week the spatial distribution of the forecast errors (RMSE

and binary) becomes different for the constrained and operational forecasts with ConvLSTM,

but the regions with high forecast skill with the ConvLSTM in these two cases are still the same

(not shown).

Compared to the constrained forecast, small differences are found in the overestimated and

underestimated components of the IIEE score for the operational forecasts with the ConvL-

STM. The overestimated and underestimated local sea ice extent of the lead-time dependent

operational SIC forecast with the ConvLSTM using different predictors against persistence and

climatology are shown in Figure 4.12. Still, most of the forecasts with the ConvLSTM provide

better overestimated component of the IIEE score than persistence, except for the ConvLSTM

forecast using SFlux and all available predictors. However, for the underestimated component

of the IIEE score, persistence has always more skill starting from the third week. Considering

both components of the IIEE score, it can be noticed that the forecast with the ConvLSTM

using all the input fields significantly over-predicts the sea ice. Again, it shows a caveat that

rather than blindly using all the available data, a smart selection of input fields is necessary to

improve the sea ice forecast with the current structure of the ConvLSTM.

In addition, we compare the ConvLSTM forecasts with the NCEP and ECMWF ensemble

forecasts considering period 2015-2016. The results are shown in Figure 4.13. It can be noticed

that the NCEP ensemble forecast is worse than most of the ConvLSTM forecasts within 4 lead
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Figure 4.10: MAE of the operational forecast of SIC for the first week in each month with ConvLSTM

using SIC and OHC.

weeks. This may originate from the initialization since the NCEP ensemble forecast is initialized

by sea ice conditions from Climate Forecast System Reanalysis (CFSR), and not from the ERA-

Interim or any satellite-based observations (e.g. NSIDC/NOAA Passive Microwave SIC). The

ECMWF ensemble forecast performs much better than all the ConvLSTM forecasts for more

than 2 weeks ahead. Note that since the forecasts are evaluated against ERA-Interim reanalysis

and ECMWF ensemble forecasts use the same IFS and similar configurations as ERA-Interim, it

is not completely a fair comparison. The forecast error grows slower for the ECMWF ensemble

forecast than the ConvLSTM forecasts. Since for the first two weeks memory in sea ice has

significant impact on its variations, it reflects that forecasts with ConvLSTM considerably rely

on the memory of sea ice, and the chosen numerical model can preserve the physical consistency

and therefore may provide better forecasts even for large lead times. In general, at the lead time

up to 2 weeks, the forecasts with ConvLSTM are comparable to the best NWP-based forecasts

in S2S project.

So far we have not discussed the forecast quality for various start dates. It is useful to know
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Figure 4.11: Difference of the IIEE score of the operational forecast of SIC for the first week in each

month between ConvLSTM and persistence (IIEEConvLSTM − IIEEpersistence). The SIC forecast

with ConvLSTM uses SIC and OHC fields. The unit is square kilometer per grid cell.

if either there is a substantial dependence of forecast errors on climate variability and change,

or whether the variations between forecast cases (start dates) are large in comparison to the

differences between forecast models (ConvLSTM forecasts with different combination of input

fields). The former one can also be interpreted as whether the whole temporal consistency is

needed or not for a ConvLSTM.

To address this we conducted an extra experiment in which we performed Monte-Carlo sub-

sampling of the reanalysis data with a 4-year period. We randomly selected 5 periods (20

years data) to train the network and 4 periods (4 years for each) as valid date. The results

indicate that, compared to the climatology and persistence, these ConvLSTM forecasts do not

show any skill considering each start date at all lead weeks (not shown). This reflects that this

particular ConvLSTM was not able to determine the state of the system and therefore could not

provide reliable forecasts. Indeed, this is not so surprising as forecasts with the ConvLSTM are

strongly dependent on memory and the temporal order in the data must be preserved during

training and predicting. To gain more insight into the dependency of forecasting on the temporal
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Figure 4.12: (a) Overestimated and (b) underestimated local sea ice extent of the operational forecast

of SIC with ConvLSTM using different predictors against persistence and climatology. The unit is

square kilometer per grid cell.

consistency, we performed a follow-up test in which we provided the model with 20 years data

following temporal order and then applied Monte-Carlo sub-sampling with the same setup. Also,

this model gained no skill (not shown). Only when the full time series preceding the valid date

were fed to the model, the ConvLSTM started to generate meaningful forecasts. This again

demonstrates that forecasts using ConvLSTM rely on the correct temporal order to reproduce

and skillfully forecast the state of the system. This indicates that the common workflow used

by NWP systems to determine skill for a range of start dates, and therefore an error estimate of

forecast quality for a specific forecast system, cannot be transferred meaningfully to ConvLSTM,

given the insufficient length of training data. This would only be possible with sufficient length

of training data such that the memory can be maintained in the samples.

Figure 4.13: RMSE of the operational forecast of SIC between 2015 to 2016 with a lead time up to

6 weeks with ConvLSTM using different predictors against persistence, climatology, NCEP ensemble

forecast and ECMWF ensemble forecast. The NCEP real-time forecast and ECMWF ensemble forecast

are provided by the sub-seasonal to seasonal prediction project (S2S archive). The unit is square

kilometer per grid cell.
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There is another way to test the state-dependency and address the significance of the conclusions.

Given the susceptibility of forecasts to the length of the training set, and a strict requirement on

the temporal order of input fields during training and forecasting, we launched another experi-

ment with a reversed time series of the reanalysis data, and chose data from 1979-1982 as testing

set, 1983-1986 as cross-validation set and the rest as training set (not shown). Despite slightly

different skill compared to those shown in Figure 4.9a, ConvLSTM forecasts with different com-

binations of input fields exhibit similar errors. From now on we will refer to this experiment as

“reversed operational forecast 1979-1982”, and the former experiment with time series following

the correct temporal order as “operational forecast 2013-2016” (Figure 4.9a).

By comparing these two operational forecasts, we can evaluate the skill of ConvLSTM for dif-

ferent start dates (between 1979-1982 and 2013-2016) and compare it to the skill of ConvLSTM

related to the choices of input fields (e.g. between ConvLSTM-SIC/OHC and ConvLSTM-SIC in

Figure 4.9a) in a relatively fair manner, as we can use the same amount of training data and both

systems show comparable forecast skill, although the setups are slightly different. We highlight

this comparison quantitatively in Figure 4.14. The mean difference of errors between forecasts

with different start dates were computed as the mean absolute difference of RMSE between

reversed operational forecast 1979-1982 and operational forecast 2013-2016 with the same in-

put fields (1
7

7∑
n=1

(|RMSEConvLSTM−SIC/field(2013−2016)−RMSEConvLSTM−SIC/field(1979−1982)|),

with SIC/field indicating different combinations of input fields shown in Figure 4.9a and

S11), while the mean difference of RMSE between forecasts with different input fields were

obtained from reversed operational forecast 1979-1982 and operational forecast 2013-2016

( 1
14

14∑
n=1

(|RMSEConvLSTM−SIC/field−RMSEConvLSTM−SIC |), concerning the forecasts in Figure

4.9a and S11). These two cases have errors in skill that are similar. Therefore, these experiments

indicate that the ConvLSTM forecasts when properly trained are skillful and their forecast qual-

ity is state-dependent just like forecasts with numerical models. The mean differences between

forecasts with different input fields are smaller than those related to different start dates, but in

general they are of the same amplitude. Note that the differences in skills between the forecasts

of period 1979-1982 and 2013-2016 may also originate from the data richness and quality linked

to these two different eras.

To conclude, similar to constrained forecasts, the operational forecasts with the ConvLSTM

provide better results than persistence in most of the cases. However, unlike the constrained

forecasts, the coherence between the way of learning (loss function and an increase in the number

of trainable parameters) and the way of predicting (forecast based on predicted fields) with a

neural network places a requirement for appropriate choices of input variables, which may a priori

not be clear. However, in practice, it is natural to select predictors related to their physical

consistency with the predicted variables. The results confirm this, with higher contributions

from OHC and SFlux and less clear contributions from more atmospheric characteristics. It is

noteworthy that forecasts with ConvLSTM shows state-dependency and the start dates have

impact on the forecast quality, just like forecasts using numerical models.
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Figure 4.14: Comparison between the mean difference of errors among forecasts with different

start dates and that among forecasts with different combination of input variables based on re-

versed operational forecast 1979-1982 and operational forecast 2013-2016, as a function of lead

time. The mean difference of errors between forecasts with different start dates were computed as

the mean absolute difference of RMSE between reversed operational forecast 1979-1982 and opera-

tional forecast 2013-2016 with the same input fields ( 1
7

7∑
n=1

(|RMSEConvLSTM−SIC/field(2013−2016) −

RMSEConvLSTM−SIC/field(1979−1982)|), with SIC/field indicating different combinations of input

fields shown in Figure 4.9 and S11), while the mean difference of RMSE between forecasts with differ-

ent input fields were obtained from reversed operational forecast 1979-1982 and operational forecast

2013-2016 ( 1
14

14∑
n=1

(|RMSEConvLSTM−SIC/field −RMSEConvLSTM−SIC |), concerning the forecasts in

Figure 4.9a and S11). The standard deviation at each lead week is included.

4.3.4 Physical Consistency of ConvLSTM Forecasts

Deep learning techniques are often considered as brute force approaches or black-box methods.

There is a valid concern that physical laws may be violated and physical relationships may not

hold in the neural network. There is no constraint from first principle in its formulation. With

this in mind, we are interested in the physical interpretation of our forecasts with the ConvLSTM.

Our first impression comes from the mathematical description of the ConvLSTM (equation 4.1),

which includes both linear and non-linear operations. The convolutional operations are all

linear (e.g. Wxi ∗ xt), and this will maintain the physical consistency of input fields, at least

their linear relations. However, the non-linear behaviour caused by the use of sigmoid functions

and hyperbolic tangent functions could potentially introduce further physical inconsistency in

the forecasts.

In order to evaluate whether the physical links between predicted fields are preserved by the

forecasts with the ConvLSTM, we performed singular value decomposition (SVD) on the covari-

ance map of two predicted fields (e.g. SIC and OHC) within training sets (1979-2008), testing

sets (2013-2016) and forecast data (2013-2016) [Bretherton et al., 1992]. Since this method

searches for the maximum covariance between given variables, it is also known as the maximum

covariance analysis (MCA) [Frankignoul et al., 2011]. We first show three SVD modes of the co-

variance map between SIC and OHC in Figure 4.15. These fields are expected to be related and
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OHC varies relatively slowly. The first modes explain over 99% of covariance, and they mainly

represent the trend and climatology, which can be regarded as fairly trivial. Therefore, it is

worthwhile to evaluate the second and third modes. In general, the forecast data show similar

patterns for both SIC and OHC as training sets and testing sets in all three SVD modes. This

indicates that forecasts with ConvLSTM are able to preserve the physical links between given

fields, which reflects the source of predictability within chosen fields and the forecast skill of cho-

sen neural networks. This is further confirmed by the projection of SVD modes of the covariance

map between SIC and OHC on the actual time series of SIC and OHC (not shown).

Figure 4.15: Covariance map of SIC and OHC for the (a, d, g) first, (b, e, h) second and (c, f, i)

third SVD modes in (a, b, c) training (d, e, f) testing and (g, h, i) forecast data for the first week, with

shades the dimensionless SIC and contour lines the dimensionless OHC. The SVD was performed on

the covariance matrix of normalized SIC and OHC.

Similar to the SVD of covariance map between SIC and OHC, we also inspected other variables,

for instance, the SVD and SVD projection of the covariance map between SIC and Z500 (Figure

4.16 and S13). In this case, physically interpretable results are obtained in the training and

testing data sets. However, the forecasts with the ConvLSTM fails to provide similar coupled

patterns of Z500 and SIC. In particular Z500 seems like a spurious pattern. Given the chaotic
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behaviour of the atmospheric circulation and the related lack of predictability at extended range,

it is not so surprising that the predictability of Z500 at weekly time scales is relatively low in the

ConvLSTM [e.g. Hohenegger and Schar, 2007]. Also, the distorted shape of the patterns suggests

that the cut-off of input fields around the boundary also influences the physical consistency

learned by the ConvLSTM (see the SVD mode patterns of Z500 around the boundary in Figure

4.16 and S13).

Figure 4.16: Covariance map of SIC and Z500 for the (a, d, g) first, (b, e, h) second and (c, f, i)

third SVD modes in (a, b, c) training (d, e, f) testing and (g, h, i) forecast data for the first week, with

shades the dimensionless SIC and contour lines the dimensionless Z500. The SVD was performed on

the covariance matrix of normalized SIC and Z500.

We also checked the SVD of the covariance map between SIC and SFlux, and that between SIC

and Z850 (not shown). Since these decompositions were all based on the forecast of lead week

1, the results do not differ substantially.

To conclude, depending on the physically interpretable predictability of chosen meteorological

and oceanic fields, the ConvLSTM is able to preserve a realistic physical consistency between

various predictors and predictands during forecasts. It should be noted that such analysis based
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on SVD can only account for the linear relations of the covariance between given fields. To

further evaluate the physical consistency during forecast with deep neural networks, a choice

of meteorological and oceanic fields could be made based on some lead-lag analysis between

potential fields, similar to Krikken and Hazeleger [2015], but at shorter time scales than they

considered. Also, other clustering techniques can be used that are not limited to linear relation-

ships.

4.4 Discussion

In this study, we introduce a deep neural network to predict the sea ice in the Barents Sea. With

the intention to adapt this approach to the Arctic sea ice forecast problem and further assess

its capabilities, all the computations were performed with reanalysis data sets. It is noteworthy

that our results with the ConvLSTM are comparable to those with the state-of-the-art numerical

climate models [Van Woert et al., 2004, Metzger et al., 2014, Hebert et al., 2015, Smith et al.,

2013, 2016]. For instance, our forecast errors with the ConvLSTM using SIC and OHC shown

in Figure 4.10 are comparable to those with the latest Global Ice Ocean Prediction System

(GIOPS) employed by the Canadian Meteorological Centre (see their Figure 4-7) [Smith et al.,

2016]. We also inspect the errors based on the normalized sea ice concentration and find a

competitive result. However, we only include a brief assessment of the forecast skill between

ConvLSTM and numerical weather forecast systems (NCEP and ECMWF ensemble forecast

in S2S project) and an extended quantitative comparison between them is beyond our scope.

For future work, it is recommended to evaluate ConvLSTM forecasts against numerical weather

and seasonal forecast systems consistently using the same observation dataset and an extensive

range of metrics.

Typically, operational weather forecast systems are ensemble forecast systems in order to sample

several sources of uncertainty [Gneiting et al., 2007]. It is also possible for the deep neural net-

works to model the uncertainty by either employing the deep learning based ensemble approach

(e.g. an ensemble of deep neural networks) [Zaier et al., 2010, Wang et al., 2017], or implement-

ing probabilistic deep neural networks [e.g. Vandal et al., 2018, McDermott and Wikle, 2019,

with Bayesian deep learning]. For the deep learning based ensemble approach, the ensemble is

generated through perturbing the structure of neural networks (e.g. number of hidden layers,

filter size) and the size of input sequences, and therefore very difficult to control. The latter is

more common in practice and this technique is generally known as Bayesian deep learning (BDL)

[Blundell et al., 2015, Fortunato et al., 2017, Kendall and Gal, 2017, Shridhar et al., 2019]. With

Bayesian deep learning, a deterministic NN can easily be transformed into a probabilistic NN,

namely a Bayesian neural network (BNN), by replacing the weight with a distribution. Through

sampling the distribution, an ensemble forecast can be generated to represent the uncertainty

in the forecast to avoid over-confident forecasting. These techniques are able to capture both

aleatoric and epistemic uncertainty, but they are very expensive [Kendall and Gal, 2017].

This study is primarily a proof of concept of the capabilities of ConvLSTMs, which goes be-

yond the extensive use of LSTMs in modern meteorological forecast literature. For this study,

incorporating an ensemble or Bayesian network was beyond scope, but we will study it in our

following work.
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Due to our limited access to the computational resources, the experiments with the ConvLSTM

were carried out with a relatively simple network structure and a small dataset. Given the

nature of deep neural networks, there is still a lot of room for improvement by increasing the

complexity of the neural network (e.g. add more LSTM layers), including more input fields

which are physically consistent with sea ice variability (e.g. separate terms in the surface energy

budget), enlarging the input area to reduce the boundary effect, training separate models for the

forecasts with different lead-time to avoid the accumulation of forecast errors and account for the

teleconnections between remote areas. Theoretically, a more complicated deep neural network

serves as a better representation of non-linearity between variables, thus the nonlinear relation-

ship between all the meteorological fields in a chaotic climate system. Our study has shown

that this is far from straightforward as the inclusion of noisy atmospheric fields deteriorated the

forecast skill.

Nevertheless, it should be noted that, compared to numerical weather forecast systems, the

deep learning based methods still have drawbacks. For instance, these methods always have a

very limited and specialised forecast target and they are not flexible after expensive training

and tuning processes. Moreover, such data driven approaches normally require a large training

set and therefore the left validation data may not be enough to allow for any statistical sig-

nificance tests. However, in terms of the fast development of deep learning techniques and the

corresponding evolution of hardware, these deep learning approaches could potentially enhance

weather forecasts in the near future.

4.5 Conclusion

A ConvLSTM is a useful tool to incorporate both the spatial and temporal information within

meteorological fields in a model. In this work, we demonstrate that this deep neural network

approach can effectively be used to predict sea ice characteristics in the Barents Sea at weekly

to sub-monthly time scales. Different combinations of meteorological fields were tested as input

variables to train the neural networks and make forecasts. Sea ice forecasts were evaluated

against climatology, persistence and the baseline statistical model. They were also compared to

operational sub-seasonal to seasonal forecast systems. It is found that in most cases, a ConvL-

STM can outperform persistence and climatology for the extended range sea ice forecast at lead

week up to 5. However, the choices of input meteorological fields should be made in a smart

way based on the physical consistency between sea ice variation and the variability of predic-

tors. Being dependent on the predictability of chosen meteorological fields, an interpretation of

forecasts with the ConvLSTM in terms of observed linear relationships indicates that the Con-

vLSTM is able to preserve the physical consistency between various predictors and predictands.

In addition, it should be noted that forecasts with ConvLSTM shows state-dependency and the

start dates have impact on the forecast quality, just like forecasts using numerical models.

Both lead-time dependent constrained and retrospective forecasts were performed in this study

and their results are slightly different due to the criterion in the loss function. Moreover,

sensitivity tests were conducted based on the lead-time dependent constrained forecasts and we

notice that energy budget related fields can add skill to the sea ice forecasts in the Barents

Sea at weekly to sub-monthly time scales. Krikken and Hazeleger [2015] also found that OHC
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and SFlux have a strong impact on the predictability of the Arctic sea ice. This indicates the

important role of the energy budget components in the variability of Arctic sea ice and poses

a request for accurate and reliable quantification of the energy budget [Liu et al., 2020b] and a

deep understanding of the energy balance in the climate system [Liu et al., 2020a]. Moreover,

the fields representing the mid-troposphere also have an impact on the predictability of sea ice

in the Barents Sea. In contrast, the atmospheric circulation fields close to the surface seem

to deteriorate the performance of the deep neural network, thus reducing the forecast skill.

Although such deep neural networks are “black boxes”, they can potentially help us gain more

knowledge about the nonlinear relationship between multiple meteorological fields.

So far, our experiments with ConvLSTM are limited to simple network structures and small

training data sets. It is possible to improve the performance of ConvLSTM by increasing the

complexity of the network and including large data sets for training. Fortunately, such attempts

will hardly influence the time to obtain a forecast, but the training cost will increase. Compared

to the relatively expensive operational numerical forecast systems based on numerical weather

models, this method with the ConvLSTM could be suitable for forecasts where time to produce

the forecast is limited. In addition, the forecasts made by the ConvLSTM can also potentially

be assimilated by the operational weather forecast systems to improve their robustness and

reliability. Given its advantages over the conventional way of weather forecast, as well as the

fast development of deep learning techniques and the corresponding evolution of hardware, this

method is promising to serve as an additional fast and cost-efficient operational sea ice forecast

component of a forecast system in the future.
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Appendix - Numerical configurations of ConvLSTM

The whole numerical processes of training the ConvLSTM and making forecasts with ConvLSTM

are illustrated in details in this part. We train ConvLSTM with the entire time series of the

training set (1979-2008), which is a matrix with a dimension of X x 24 x 56 x 1440 (X indicates

the number of input fields). The whole time series are fed into the ConvLSTM time step by

time step. Each time step contains X x 24 x 56 points and the convolution takes place in these

input layers (e.g. Wxi ∗ xt in equation 4.1). During the convolution, the spatial structure (24

x 56) is preserved by using paddings. After the convolutional processes, the output (dimension

Y x 24 x 56 with Y indicates number of channels) is fed into the LSTM layer and it will pass

through the input gate (it) in LSTM (see equation 4.1). The cell state (ct) will be updated if

this input gate is activated. At the same time, the forget gate (ft) will decide if the previous cell
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state (ct−1) need to be forgotten or not. Finally, the output gate (ot) will determine whether

the hidden state (ht) shall include contributions from the current cell state(ct). It will provide

a forecast for the next time step, and the hidden state (ht) and cell state (ct) will be passed to

the next time step for LSTM related computations. The forecast will be evaluated using the

chosen loss function (MSE in this case, see section 2.d) and it will provide a training error for

this time step.

This process will be repeated until every time step in the time series of the train set has been

fed into the ConvLSTM. Then the aggregation of the training error from each time step will be

used to perform the back-propagation and one epoch of training is complete by now. The whole

training procedure will be repeated until the required number of epoch is reached.

The convolutions take place though the implementation of filters inside convolutional cells before

the start of LSTM processes. Therefore, the convolutions are included in the recurrence. By

introducing convolutional layers, communications between adjacent cells are enabled and flow of

spatial information is allowed between time steps. In other words, the cross correlations between

neighbouring nodes are learnt by the neural network, both spatially and temporally. Multiple

LSTM layers can be stacked to improve the complexity of the network.

The forecast (from 2013-2016 with testing set X x 24 x 56 x 192) procedure is the same as above,

except for the back-propagation processes.
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Chapter 5

Exploring Bayesian deep learning for

weather forecasting with the Lorenz

84 system

This chapter is based on:

Yang Liu, Jisk Attema, and Wilco Hazeleger. Exploring bayesian deep learning for weather

forecasting with the lorenz 84 system. Geophysical Research Letters, 2021a. Under review
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Abstract

Recent developments in deep learning have led to many new neural networks and methods poten-

tially applicable to weather forecasting and climate science. These techniques are nearly always

based on deterministic deep neural networks (DNNs) and therefore prone to over-confident fore-

casts. The need for uncertainty quantification placed by weather forecasting makes Bayesian

deep learning (BDL) a suited candidate for data-driven weather forecasting. Unlike feed-forward

DNN, BDL builds probabilistic DNN by replacing fixed weights with distributions and thus in-

corporating uncertainty. Here, we aim to understand characteristics BDL in a weather applica-

tion. In this study, we use Bayesian Long-Short Term Memory neural networks (BayesLSTMs)

to forecast output from the Lorenz 84 system with seasonal forcing. The latter represents the

dynamics of large scale eddies, or Rossby waves, on a westerly jet. We show that forecasts

with the BayesLSTM can stay close to the attractor of the Lorenz model and conclude that

they represent the nonlinear relations between each component in this simplified atmospheric

circulation system. The forecasts are evaluated against persistence and a baseline statistical

model, namely the Vector Autoregressive Model (VAR). We demonstrate that the BayesLSTMs

are able to produce reliable probabilistic forecasts and address uncertainties relevant to weather

forecasting. Our study indicates that BDL is an easy and fast solution for probabilistic weather

forecast and is promising to enhance weather forecasting capabilities at short to medium-range

timescales.
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5.1 Introduction

Deep neural networks (DNNs) are capable of representing intricate features of data and have

been proven to be useful for many scientific disciplines [e.g., LeCun et al., 2015], including

weather forecasting and climate science [Reichstein et al., 2019]. It has been demonstrated

by recent studies that typical DNN are able to mimic and predict the behavior of chaotic

systems [e.g., Hochreiter and Schmidhuber, 1997, Chattopadhyay et al., 2019] and therefore

they are potentially applicable to weather forecasting. However, mostly deterministic DNNs

are considered and these are prone to overfitting and this can result in over-confident forecasts

[Shridhar et al., 2019].

Due to the chaotic nature of the atmospheric dynamics and uncertainties in both initial condi-

tions and models representing the atmosphere, weather forecasts are of probabilistic nature. In

general, uncertainty estimation is achieved via an ensemble approach within trustworthy Nu-

merical Weather Forecast systems (NWP) [Gneiting et al., 2007, Leutbecher and Palmer, 2008].

However, this strategy is computationally expensive for NWP-based weather forecasts. In or-

der to meet the requirement for uncertainty quantification, many attempts have been made to

adapt deterministic DNN to weather forecasting [e.g., Scher and Messori, 2018]. These efforts

mainly involve generating a DNN-based ensemble through perturbing either the training data

or the structure of DNN [e.g., Zaier et al., 2010, Wang et al., 2017]. However, in practice, this

technique is computationally expensive due to multiple training cycles that are needed and it is

often difficult to manually select proper perturbations which can approximate the error growth

of a real dynamical system. Fortunately, recent developments in deep learning have led to a

branch of DNN to cope with overfitting and address uncertainties, which is known as Bayesian

deep learning (BDL).

Unlike feed-forward DNN, BDL is constructed by replacing fixed weights with distributions

and therefore are designed to represent uncertainties [Blundell et al., 2015]. With a well-defined

likelihood function, BDL is able to capture both the aleatoric and epistemic uncertainty [Kendall

and Gal, 2017, Shridhar et al., 2018, 2019]. They can avoid making over-confident decisions and

incorporate regularization naturally by implementing the variational approaches [Shridhar et al.,

2019]. Together with the simplicity of implementing BDL on an already defined deep neural

network, these make BDL an attractive approach for representing atmospheric dynamics and

the practice of weather forecasting [Vandal et al., 2018].

An operational numerical weather forecast system is very complex. Here, we want to understand

the characteristics of BDL within a simplified dynamical system that represents the essence of

midlatitude atmospheric dynamics and explore the types of uncertainties addressed by BDL. In

particular we examine how BDL can replicate the phase and amplitude of midlatitude Rossby

waves on a jet as represented in a Lorenz 84 model [Lorenz, 1984, Wang et al., 2014]. The

predictive nature and time scale of propagation and development of Rossby waves form the

basis of short to medium-range weather forecasting. We will assess whether BDL can represent

the predictability of this simplified atmospheric circulation system. We notice that the concept

of BDL in the perspective of weather forecasting is quite similar to the implementation of the

Bayesian theorem in data assimilation [e.g., Ghil and Malanotte-Rizzoli, 1991, Navon, 2009,
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Bannister, 2017].

Long-Short Term Memory neural networks (LSTMs) have a network structure and characteris-

tics that are found to be suitable to represent fluids in environmental studies [Liu et al., 2021b].

In this study, we explore BDL by turning LSTMs into Bayesian LSTMs (BayesLSTMs). We

will use the BayesLSTMs to forecast the Lorenz 84 model and assess the forecast quality in the

spatial and temporal space at different lead times. The probabilistic forecasts produced by the

BayesLSTM will be evaluated against those with persistence of initial conditions and a baseline

statistical model. An emphasis is placed on the uncertainties represented by the BayesLSTM

and its capacity in preserving the physical consistency in a simplified atmospheric circulation

system.

The paper is organized as follows: we elaborate on the concept of BDL and Lorenz 84 model

with seasonal forcing in the section Methodology. An analysis of uncertainty estimation with

BDL, and the procedure of sampling the BayesLSTM and generating ensemble forecasts are

also provided in this section. The probabilistic forecasts of the Lorenz 84 system using the

BayesLSTM are elucidated and analyzed in the section Results. This section also includes

forecasts with persistence and a baseline statistical model for comparison and evaluation. Finally,

in the section Conclusion and Discussion, we summarize this study and provide our perspective

for future work.

5.2 Methodology

In this section, we briefly introduce the Lorenz 84 model with seasonal forcing and elaborate upon

the concept of BDL as well as how an LSTM network is transformed into a BayesLSTM. Based

on the characteristics of BDL, the procedure of producing ensemble forecasts and a description

of uncertainty estimation with BayesLSTM is presented in this section.

5.2.1 Lorenz 84 Model with Seasonal Forcing

The Lorenz 84 system represents the general circulation of the atmosphere in a low dimen-

sional space and therefore it is useful as a baseline model for exploring BayesLSTMs in weather

forecasting [Lorenz, 1984]. To incorporate more realistic features into the simple Rossby wave

evolution system, we add a seasonal forcing to the classical Lorenz 84 model. The dynamical

system is formulated as follows:

dX

dT
= −Y 2 − Z2 − aX + aF (1 + εcos(ωT ))

dY

dT
= XY − bXZ − Y +G(1 + εsin(ωT ))

dZ

dT
= bXY +XZ − Z (5.1)

where X represents the intensity of the westerly wind circulating around the globe, Y and Z

represent the cosine and sine phases of a chain of superimposed large-scale eddies, T is the time,
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a and b indicate mechanical and thermal damping, F and G the symmetric and asymmetric

thermal forcing, ε the intensity of seasonal forcing, and ω the angular frequency of seasonality

[Freire et al., 2008]. In this study, we mainly focus on the sensitivity of the forecast quality to

variations in the initial condition X and model parameter a.

To obtain a chaotic system that is suitable for the assessment of the BayesLSTM forecast, we

chose the model parameters to be a = 0.25, b = 4.0, F = 8.0, G = 1.0, ε = 0.4, and the

initial conditions as X,Y, Z = 1.0. One unit of time in the Lorenz model corresponds to 5 days.

The damping time of the wave is about 5 days [Lorenz, 1984]. We sample the system with a

temporal resolution equal to 1/30 unit time, which is 4 hours. The period of seasonal forcing is

taken as 73 unit time steps and then the period of the entire system is equivalent to 356 days.

With this configuration, the trajectories and the time series of each variable are shown in Figure

5.1. Unless specifically noted, the time step and lead time steps in this paper are based on the

sampling interval, which is 4 hours.

Figure 5.1: (a) Trajectory and (b) time series of each variable of the Lorenz 84 model with seasonal

forcing. The sequences contain 250 days (1500 time steps) and the starting point is marked with a blue

dot. (c) Structure of the Bayesian Long-Short Term Memory neural networks Fortunato et al. [2017].

5.2.2 BayesLSTM and Bayes by Backprop

Our aim is to investigate whether the BayesLSTM can represent the Lorenz 84 model described

above. We can add Bayesian inference to an existing neural network by replacing fixed weights
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with distributions [e.g. see Figure 1 in Blundell et al., 2015]. Given the structure of an LSTM

network [Hochreiter and Schmidhuber, 1997], the Bayesian form of an LSTM network can be

represented by equation 5.2:

it = σ(W s
xi ◦ xt +W s

hi ◦ ht−1 +Wci ◦ ct−1 + bi)

ft = σ(W s
xf ◦ xt +W s

hf ◦ ht−1 +Wcf ◦ ct−1 + bf )

ct = ft ◦ ct−1 + it ◦ tanh(W s
xc ◦ xt +W s

hc ◦ ht−1 + bc)

ot = σ(W s
xo ◦ xt +W s

ho ◦ ht−1 +Wct ◦ ct + bo)

ht = ot ◦ tanh(ct) (5.2)

with it the input gate, ft the forget gate, ct the cell state, ot the output gate, ht the hidden

state, W s the weight distribution, xt the input, b the bias, ◦ the element-wise product, σ

the sigmoid function and tanh the hyperbolic tangent function. The subscripts describe the

corresponding weight matrix to different gates and states. W s
xi indicates the weight matrix of

input values related to the input gate, while W s
hf represents the weight matrix of hidden states

corresponding to the forget gate. The subscript t indicates the time step. The structure of a

BayesLSTM is illustrated in Figure 5.1c.

We need to search for the weight distribution W s, thus the posterior p(w|D) where w denotes the

weight and D = (xj , yj)j indicates the training set. As the true posterior probability distribution

is intractable (because of the marginal likelihood), we use a variational inference scheme, namely

the Bayes by Backprop approach, to approximate it [Blundell et al., 2015, Shridhar et al., 2018,

2019]. The reason for choosing this method is elaborated upon in detail in the appendix. A

simple variational distribution q(w|θ) (where θ is the variational posterior parameter), such as a

Gaussian distribution, or a lognormal distribution is often chosen [Blundell et al., 2015, Shridhar

et al., 2018, Vandal et al., 2018]. Here we approximate the posterior p(w|D) with a Gaussian

distribution q(w|θ), which consists of two trainable parameters µ ∈ Rd and σ ∈ Rd. As a result,

θ in the assumed variational distribution q(w|θ) can be denoted by N (θ|µ, σ2).

The gap between the chosen variational distribution and the exact posterior distribution is

reduced using the Kullback-Leibler (KL) divergence between p(w|D) and q(w|θ) [Graves, 2011,

Blundell et al., 2015]. KL divergence measures the similarity between two distributions and in

this we define the optimal parameters θ∗ as:

θ∗ = argmin
θ

[q(w|θ)||p(w|D)]

= argmin
θ
KL[q(w|θ)||p(w)]− Eq(w|θ)[log p(D|w)] + log p(D) (5.3)

where KL indicates the full KL divergence operation and E represents the expectation.

This equation includes a data dependent part Eq(w|θ)[log p(D|w)] and a prior dependent part

KL[q(w|θ)||p(w)] [Neal and Hinton, 1998, Blundell et al., 2015, Shridhar et al., 2019]. We sample

the weight w from q(w|θ) and the cost function that we optimize is:
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F(D, θ) =

N∑
n=1

log q(w(n)|θ)− log p(w(n))− log p(D|w(n)) (5.4)

where w(n) denotes the nth Monte Carlo sampling from the variational posterior q(w(n)|θ).

Together with the local reparameterization method, which translates the global uncertainty in

the weights into a form of local uncertainty [Kingma et al., 2015, Shridhar et al., 2019], our

BayesLSTMs are ready for training and back-propagation. We constructed the networks using

the Pytorch library, and our code is published on Github (https://github.com/geek-yang/

DLACs).

5.2.3 Ensemble Forecasting with BDL and Numerical Configurations

The ensemble method is generally used for uncertainty assessment in weather forecasting [Gneit-

ing et al., 2005, Buizza et al., 2008, Leutbecher et al., 2017]. In numerical weather prediction

systems (NWP), uncertainties in the initial conditions and model parameters are projected by

ensemble forecasts with perturbations in the initial conditions and model formulations [Palmer,

2002, Milinski et al., 2020]. It has been explained in many previous studies that BDL is able

to address the uncertainties in initial conditions and model parameters [e.g., Kendall and Gal,

2017]. This characteristic is fundamental for any probabilistic forecast and therefore makes BDL

a candidate for weather forecasting. However, they are treated differently than in operational

NWP approaches.

The ability of BayesLSTM to characterize uncertainty is reflected in its forecasting procedure.

During a prediction process, the whole time series preceding the forecast date (t < t0) will be

fed to the model to initialize the memory and position the state of the network. Therefore the

model itself is constrained by the past and this is similar to an NWP-based forecast. When

producing a forecast that takes uncertainties into account for a next time step, the BayesLSTM

will first sample the weight distributions multiple times to build an ensemble and then use

the sampled weight matrix to generate the predictions for the target time step (t = t1). The

ensemble forecast can be extended to more time steps ahead (t = tn > t1) by continuing with

each individual LSTM.

In order to evaluate ensemble forecasts with the BayesLSTM, several scores are calculated,

including continuous ranked probability score (CRPS), root mean square error (RMSE) and

Euclidean distance (EuD). The mathematical expressions of these scores can be found in the

appendix.

For all the experiments in this paper, we generate sequences including 1500 time steps (250 days)

with the Lorenz 84 model. The training set contains 1300 time steps (about 216 days) and the

validation set consists of 200 time steps (about 33 days). The optimization is based on the

minimization of training loss, which consists of likelihood cost (data-dependent) and complexity

cost (prior dependent) [Shridhar et al., 2019]. A scaling factor between these two sources of loss

should be tuned, since it accounts for the trade-off between the width of ensemble spread in

terms of uncertainty estimation and saturation of forecasts around the variance displayed in the

https://github.com/geek-yang/DLACs
https://github.com/geek-yang/DLACs
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observations. Note that the scaling factor is related to the normalization of the distributions and

cannot be calculated exactly. The training time is about 20 hours on a single GPU (Nvidia Tesla

K40m). The hyperparameters like the learning rate, number of epochs and number of layers,

were tested and determined in terms of the EuD error. It shows that a combination of a learning

rate equal to 0.01, a single BayesLSTM layer and 3000 epochs is sufficient to achieve satisfying

results. More details about the numerical configurations are shown in the appendix.

5.2.4 Vector Autoregressive Model

The VAR model is used as a baseline method to assess the probabilistic forecast skill of

BayesLSTM. As a variant of the autoregressive model (AR), the VAR model generalizes univari-

ate AR by allowing for multivariate time series and therefore can capture the relation between

multiple variables. The VAR model and many variants belonging to the VAR family have shown

skill in many weather forecast applications [e.g., Gneiting et al., 2006, Wang et al., 2016a, and

many others]. To expand its forecast capacity from the deterministic domain to the probabilistic

domain, we replaced the Gaussian noise term (εt) with Gaussian distributed variations based

on the variance of input time series from the chosen lag step to the current step. The optimal

number of the lag to be included in the model is determined based on the auto-correlation of

each variable of the Lorenz 84 model output, and tests of forecast quality in terms of the CRPS

score. In our case, the VAR model with a lag equal to 3 provides the best probabilistic forecast.

Mathematically, our modified VAR model can be expressed as:

Xt = α1 +

Lag∑
l=1

(β11,lXt−l + β12,lYt−l + β13,lZt−l) + ε1,t

Yt = α2 +

Lag∑
l=1

(β21,lXt−l + β22,lYt−l + β23,lZt−l) + ε2,t

Zt = α3 +

Lag∑
l=1

(β31,lXt−l + β32,lYt−l + β33,lZt−l) + ε3,t (5.5)

with

ε1,t = N [0, σ(Xt−1, Xt−2, ..., Xt−l)
2]

ε2,t = N [0, σ(Yt−1, Yt−2, ..., Yt−l)
2]

ε3,t = N [0, σ(Zt−1, Zt−2, ..., Zt−l)
2]

Where α and β are trainable parameters in the model, εt the Gaussian distributed variations,

and Xt−l, Yt−l and Zt−l the Lorenz model output at time lag l. The parameters were updated

by fitting the model to the time series of Lorenz model output using maximum likelihood.

5.3 Results

We evaluate the capacity of BDL in representing the dynamics of Rossby wave propagation on

a westerly jet by investigating the forecasts in the spatial and temporal domains. Based on
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the selected scoring metrics, we further assess the forecast quality of BayesLSTM against the

forecasts with persistence and a VAR model.

5.3.1 Representing the Evolution of Lorenz 84 Model

A retrospective forecast of the Lorenz 84 system with the BayesLSTM is shown in Figure 5.2.

The forecasts start every time step (4 hours) and each has been extended to a lead time of

3 days. Given the time series of the BayesLSTM forecasts in Figure 5.2a, it can be observed

that in general the forecasts are close to the time series of the Lorenz 84 model output, which

is considered to be the “truth”. Although the forecast quality drops down with the increase

of lead time as expected, the BayesLSTM shows good skill in replicating the variations of the

Lorenz 84 model, especially for the state-transitions of the Lorenz 84 system and the sinusoidal

patterns of the eddy components, like the forecast of X around valid date 14 and the forecast

of Y around valid date 16. This indicates that the BayesLSTM learns to predict the state of

the Lorenz system. Considering the typical predicting process of an LSTM network, in which

the whole time series of the Lorenz 84 system preceding the forecast time should be fed to the

system, it implies that our BayesLSTM is well constrained by the Lorenz 84 model output. Given

the fact that the learning process of a deep neural network is characterized by the relationship

between input fields, it further indicates that the non-linear relations between the variables in

this Lorenz 84 system, the westerly X and the large scale eddies Y and Z, were addressed by

the BayesLSTM.

In addition, we plot the forecast trajectory in Figure 5.2d and compare it with the Lorenz model

output to further evaluate the performance of BayesLSTM. It can be noticed that the forecast

trajectory is close to the attractor and the “behavior” of the forecast trajectory as a function

of lead time resembles the evolution of the Lorenz 84 model. The result is consistent with the

assessment based on the time series of each component as shown in Figure 5.2a. As a follow-

up check, we investigate the physical consistency of BayesLSTM forecasts via the log power

spectrum density of forecast time series, which is shown in Figure 5.2c. Only the high frequency

components of X (with the frequency between 0.9 and 1.5) differ from the Lorenz model output.

In general, the power spectrum density of the BayesLSTM forecasts is similar to that of the

Lorenz 84 model. This indicates that the phases of the waves simulated by BayesLSTM do

not differ much from the Rossby waves in the Lorenz 84 model. Considering the time step (4

hours) and the damping time of the Lorenz system (5 days), such similarity over the whole

frequency space reflects that the BayesLSTM can account for the dynamics of this Rossby wave

system across different time scales, which potentially benefits from its ability of multiple-level

information abstraction. Together with the similar amplitudes of waves displayed in Figure 5.2a,

it implies that the BayesLSTM manages to learn the Rossby wave propagation. The interaction

between the jet and eddy components in this simplified atmospheric circulation system and the

forecasts are physically realistic.

In order to evaluate the probabilistic forecast skill of the BayesLSTM, we generated a 20-

member ensemble by sampling the BayesLSTM network and the time series of these retrospective

forecasts up to 3 lead days are shown in Figure 5.2b. The blue shades serve to approximate

the error growth of the Lorenz 84 system, which are selected as the range between the current
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Figure 5.2: BayesLSTM retrospective forecasts up to a lead time of 3 days (18 time steps), with

forecasts starting every time step (every 4 hours). (a) Time series of each variable (b) time series of a

20-member ensemble (c) logarithmic power spectrum and (d) trajectory in phase space. Except for (b)

all the figures contain the results from a single BayesLSTM retrospective forecast. The Lorenz model

output is included as reference (blue, labelled as “model output”) and the blue shades indicate the

range between the Lorenz model output persisting for 3 days, both lead (3 days forward) and lag (3

days backward).

Lorenz model series persisting for 3 lead and lag days. Note that this selection is made based on

the auto-correlation and it aims to assist the evaluation of the probabilistic forecasts, specifically

for the uncertainty estimation. It is observed that the forecast members are located around the

Lorenz model output and the spread is comparable to the error growth of this Rossby wave

system. This indicates that the spread of the BayesLSTM ensemble is neither over-dispersive

nor under-dispersive. The probabilistic forecasts therefore address uncertainties in a reasonable

way. Collectively, the development of these forecasts as a function of lead time in 5.2b are

similar to the single forecast in 5.2a. This means almost all the ensemble members capture the

properties of the propagating waves and the jet strength while allowing for the occurrence of

uncertainty. Consequently, the probabilistic forecasts generated by sampling the BayesLSTM

are physically plausible.
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Nevertheless, the BayesLSTM forecasts may lose skill at certain valid time. For instance, in

Figure 5.2a and b between valid date 0 to 6, forecasts of X drift away unrealistically. This might

result from the state-dependency of the BayesLSTM, or in general the state-dependency of any

deep learning approaches. For a numerical model, it is common to have state-dependency, for

example, the prediction of NAO/blocking events in medium-range forecasts [e.g., Parker et al.,

2018]. This may also apply to the deep learning approaches if the training data fails to provide

adequate information for forecasting at some points.

5.3.2 Evaluate the BayesLSTM ensemble forecasts

A reliability assessment of probabilistic forecasts with the BayesLSTM ensemble was performed

using the chosen metrics. The BayesLSTM ensemble consists of 20 members and they are

evaluated against a deterministic forecast with persistence and a probabilistic forecast with the

VAR model, which is also a 20-member ensemble. The results are shown in Figure 5.3. Regarding

the CRPS score, in general the BayesLSTM ensemble forecast is better than the VAR ensemble

forecast considering all the variables for almost all lead days. Only around day 1 for predictand

X, the VAR ensemble forecast shows slightly better skill. The error growth of the BayesLSTM

ensemble forecast is much slower than that of the VAR ensemble forecast. Given the definition of

CRPS score, which provides a quadratic measure of discrepancy between the forecast cumulative

density function (CDF) and the empirical CDF of the scalar observation [Gneiting et al., 2005],

this indicates that the forecast CDF with the BayesLSTM centered around the Lorenz model

output, while the forecast CDF with the VAR is relatively over-dispersive.

Regarding the RMSE shown in Figure 5.3b, forecasts with persistence are better than that

with BayesLSTM and VAR ensemble concerning only X. This is consistent with the high auto-

correlation of the zonal wind X. While for the eddy components Y and Z, the BayesLSTM

provides much better forecasts within 3 lead days, with the averaged RMSE error smaller than

the standard deviation of the full time series of the Lorenz 84 model output. Considering the

nonlinear relation between the westerly X and large scales eddies Y and Z, this means that

the BayesLSTM is able to preserve the physical consistency between the zonal wind and the

propagation of large scale eddies in this atmospheric circulation system, and therefore produces

better probabilistic forecasts. It is evident by analyzing the time series in Figure 5.2a, that the

variations of Y and Z are well represented by the BayesLSTM forecasts up to a lead time of 3

days.

More information about forecast quality in terms of the trajectories, which intrinsically embody

the properties of Rossby waves and jet strength, is reflected by the EuD in Figure 5.3c. Starting

from the first forecast time step (4 hours), the BayesLSTM shows better forecast skill concerning

the EuD. Although the EuD error grows with the increase of lead time for all the forecast

methods, the BayeLSTM forecasts are better than the others for the whole inspected lead time

range. Note that within 2 lead days, the EuD error of BayesLSTM is smaller than the standard

deviation of the Lorenz 84 model output, which is about 0.6. Since the EuD of BayesLSTM

ensemble forecast shown in Figure 5.3c is the average of 20 members with forecasts starting

every time step, this implies that these ensemble members are able to replicate the patterns of

the attractor and the spread of the ensemble is properly distributed around the target Lorenz
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Figure 5.3: Skill evaluation of the BayesLSTM ensemble forecasts against VAR and persistence with

(a) CRPS and (b) RMSE and (c) EuD, which are averaged over 200 forecasts starting every time step

(4 hours). The standard deviation of the full time series of Lorenz model output (based on 250 days

data) is included in (b) and (c) (green, labelled as “STD”).

84 model trajectory. It further demonstrates that probabilistic forecast with BayesLSTM can

address uncertainties adequately.

5.3.3 Probabilistic Sea Ice Forecasting with BDL

To better assess the probabilistic forecast skill of the BDL and provide more insights into its

capability with the climatological fields from the real climate system, we revisited the topic of

sea ice forecasting in the Barents Sea in Chapter 4 with the BDL. Similar to the transformation

of the LSTMs into the BayesLSTMs, we built the Bayesian ConvLSTM (BayesConvLSTM)

on the basis of the ConvLSTM and used it to perform a retrospective sea ice forecast with

the operational set-up, as explained in Chapter 4. Concerning the training process, the input

fields include T2M, SLP, Z850, SFlux, and SIC. The numerical and experimental configurations

are exactly the same as those in Chapter 4, except that we chose 2015 to 2017 as the new

valid dates. This choice was made because of the data availability of NCEP ensemble forecast

from S2S project, which is used for evaluation (the ECMWF forecast system from S2S project

only produced deterministic forecasts of sea ice for the inspected period and therefore it is

not included here). A brief introduction about this numerical weather and seasonal forecast

system is available in Chapter 4. Note that the NCEP ensemble forecast is initialized by sea ice

conditions from the NCEP climate forecast system reanalysis (CFSR), and not from the ERA-

Interim. Although previous study has shown that the sea ice fields in the CFSR are similar to

those in the ERA-40 [Wu et al., 2010], they still differ from the ERA-Interim. As a consequence,
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the comparison should be interpreted with cautions.

To begin with, we investigate the time series of sea ice forecasts at different locations. For

instance, the retrospective operational sea ice forecast at 76.75◦ East and 25.5◦ North in the

Barents Sea is shown in Figure 5.4. This example was chosen because of the rapid sea ice

advance and retreat at this location. Forecasts from the ConvLSTM and climatology are also

included for comparison. In general, the observation (ERA-Interim) falls into the spread of the

BayesConvLSTM forecasts in the inspected period. This shows that the uncertainty addressed

by the BayesConvLSTM is relevant to the variability of sea ice in this area, as well as to weather

forecasting. The ensemble mean of the BayesConvLSTM forecasts resembles the ConvLSTM

forecast and the ensemble mean of the NCEP ensemble forecast, but they all differ from the ERA-

Interim at certain periods, for instance, around June in 2015 and around February in 2017. For

the rest of the inspected time, the forecasts from the BayesConvLSTM, the ConvLSTM and the

NCEP ensemble are similar to the observations and they are much better than the climatology.

This indicates that forecasts by BDL show strong state-dependency like the numerical weather

forecast system. It is consistent with our findings from the forecasting of Lorenz 84 system by

the BDL, as elaborated upon in the section 5.3.1.

Figure 5.4: Time series of the sea ice forecast with BayesConvLSTM, NCEP ensemble forecast,

ConvLSTM (green) and climatology (yellow) at 76.75◦ East and 25.5◦ North for the first week from 2015

to 2017. Both the members (BayesConvLSTM, light blue) and the ensemble median (BayesConvLSTM

ens median, blue) from the BayesConvLSTM forecasts are included. The figure also contains the

member (NCEP, light orange) and the ensemble median (NCEP ens median, orange) from the NCEP

ensemble forecast. The ground truth (ERA-Interim) is illustrated in red. The results are weighted by

the size of the grid and the unit is square kilometers.

It can be observed that the spread of the NCEP ensemble forecast is much smaller compared to

the BayesConvLSTM forecasts and it is not sufficient to cover the observed variations of sea ice
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in the ERA-Interim. This implies that the NCEP ensemble forecast is under-dispersive and the

BayesConvLSTM forecasts perform in the perspective of uncertainty estimation, though it might

be relatively over-dispersive and this needs further inspection. Note that concerning the ice-free

seasons, some members of the BayesConvLSTM forecasts erroneously predicted the presence

of sea ice and the ensemble median is similar to the ConvLSTM forecast. This shows that

the bad performance of the BayesConvLSTM in these ice-free periods are associated with both

the uncertainty quantification and the representation of the physical processes by the neural

network. There is still room for improvement and it is worth further investigation.

The forecast quality with the deep neural networks and numerical climate models deteriorates

with the increase of lead time, which is illustrated by the mean RMSE of the sea ice forecast

in the Barents sea for the inspected period with a lead time up to 6 weeks in Figure 5.5. Note

that the RMSE errors of the BayesConvLSTM forecast and the NCEP ensemble forecast are

the RMSEs averaged over the ensemble members. The performance of the BayesConvLSTM

forecast is slightly worse than persistence within a lead time up to 3 weeks and becomes better

after the 3rd lead week. The error growth of the BayesConvLSTM forecasts resembles that of

the ConvLSTM forecast and both of them show better skill than the NCEP ensemble forecast.

As mentioned before, this might relate to the initialization by sea ice conditions.

Figure 5.5: Mean RMSE of the operational forecast of SIC in the Barents Sea with a lead time up

to 6 weeks from the forecasts with BayesConvLSTM, NCEP ensemble forecast system, ConvLSTM,

persistence and climatology, concerning all the valid dates from 2015 to 2017. For the BayesConvLSTM

forecasts and the NCEP ensemble forecast, the RMSEs are averaged over all members.

These probabilistic forecasts are useful to determine the probability of the presence of sea ice,

which are of interest to shipping and expeditions in the Arctic. Same as the criterion adopted in

Chapter 4, the grid boxes with sea ice concentration less than 15% are regarded as open water
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areas [Van Woert et al., 2004, Walsh et al., 2019]. An example of the probability of sea ice

presence based on the binary forecasts from 20 members with the BayesConvLSTM is shown in

Figure 5.6. This figure illustrates whether a certain area in the Barents Sea is open water or

covered by sea ice for the first week in March 2015, as predicted by the BayesConvLSTM. It is

noted that the disagreement between forecast members mainly lies in the areas close to the sea

ice edge. This is physically consistent with the features of sea ice variations in this area, and

further reflects that the BayesConvLSTM is able to account for the features of sea ice variability.

Moreover, it also shows that the uncertainty produced by the BayesConvLSTM is relevant to

the evolution of this physical system.

Figure 5.6: Probability of the presence of sea ice for the first week in March 2015, based on 20

members from the BayesConvLSTM forecasts for the first lead week. The grid boxes with sea ice

concentration less than 15% are regarded as open water areas.

To conclude, the BayesConvLSTM shows skill in operational sea ice forecasts and it can generate

uncertainties relevant to the natural variability of sea ice. Concerning its probabilistic features

that similar to the combination of ensemble approach and numerical weather prediction systems,

it can be an useful tool for operational weather forecasting. The potential of the BDL in

forecasting the evolution of a real climate system is not fully explored here due to the limited

time and a different scope of this study, but it is worth more efforts in the future.

5.4 Discussion

We demonstrate the capability of BayesLSTM in probabilistic weather forecasting. Intuitively,

by perturbing the Lorenz 84 model, it seems possible to compare the BayesLSTM forecasts to the

perturbed Lorenz model output and check if the BayesLSTMs are able to address uncertainties

in the initial conditions and model formulation, respectively. However, there is no objective way
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to determine the amplitude of the perturbation which can appropriately approximate the error

growth in the Lorenz system that analogue to a realistic dynamical system of Rossby waves on

a jet. So this experiment is not feasible at the moment.

In addition, we extended the ensemble forecasts to more than 60 lead days and noticed that

after 20 days the forecast errors increase dramatically with the increase of lead time (not shown).

From this point, it seems that the BayesLSTM is useful for medium-range forecasts and it is

not suitable for seasonal forecast and climate change predictions. The outcome of this study is

insufficient to prove that, either the Bayesian deep neural networks can mathematically represent

the differential equations which depict the Lorenz 84 system with seasonal forcing (note that

due to the features of deep learning and the nature of deep neural networks, there is no direct

mapping between weight matrix in a trained BayesLSTM and Lorenz model parameters), or

BayesLSTMs only abstract and store the physical linkages in a latent space and use them to

produce memory-based forecasts at relatively short time scales. This can be explored in the

future.

Although not the main topic of this paper, we note that the formulations of BDL are very

similar to data assimilation, specifically the Bayesian data assimilation, which is extensively

used in weather forecasting to combine the knowledge from observations and models, and deal

with the uncertainty in the initial conditions [Evensen, 1994, Houtekamer and Mitchell, 1998,

Houtekamer and Zhang, 2016]. Based on the Bayes’ theorem, it incorporates model knowledge

into the prior and corresponding observations as likelihood, and treats the observation involving

uncertainty estimation as posterior. Given the large dimensional systems, in reality approximate

solutions are always made based on different methods, like variational methods, Kalman-based

methods and particle filters [Navon, 2009].

Given the fact that forecasts with BayesLSTM stay close to the Lorenz 84 attractor, the

BayesLSTM may be also chaotic. This question can be answered by the chaotic system di-

agnostics, for instance, with the Lyapunov spectrum [Broer et al., 2002, Freire et al., 2008].

However, this is beyond our scope now but worth the effort in the future. So far, it can be con-

cluded that BayesLSTM is a useful candidate for weather forecasts, at relatively small lead times

up to several days. For a long term climate forecast, the BayesLSTM may not be a good choice

in terms of the error accumulation and the lack of skill in physical model representation. Also,

for simulating and forecasting changes in the climate system boundary condition uncertainty

will need to be taken into account. This can be further tested by studies using observational

data and climate model ensembles in the future.

5.5 Conclusion

In this study, we explored the potential of BDL for weather forecasting using the modified Lorenz

84 model as a model for the atmosphere. The probabilistic character of the BDL is addressed

and assessed using the chaotic nature of the Lorenz 84 system with seasonal forcing as “truth”.

Specifically, we chose BayesLSTM as an example of BDL to forecast the Lorenz 84 model and

evaluate its forecast skill. It was observed that the retrospective forecasts are similar to those of

the Lorenz model output in the spatial and temporal domain. The forecast trajectories are close
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to the attractor. This indicates that BayesLSTM is able to learn the propagation of Rossby waves

in this atmospheric system, in terms of both the amplitude and phase. It further demonstrates

that the BayesLSTM is able to replicate the interaction between the jet stream and large-scale

eddies and thus the evolution of Rossby waves on a midlatitude jet. The forecasts get worse

with increasing lead times due to the accumulation of errors, as expected.

The probabilistic forecast skill of BayesLSTM was analyzed and evaluated against persistence

and a VAR model. We found that the BayesLSTM forecasts saturate around the model output

considering both the sequences of each variable and the trajectory. In terms of the scores in the

chosen metrics, the BayesLSTM shows better probabilistic forecast skill than persistence and

the VAR model in the inspected lead days. It shows that the BayesLSTM is able to account

for uncertainties relevant to the evolution of this simplified atmospheric circulation system,

though the procedure differs from well-known NWP based approaches. Given the relatively

low cost of ensemble forecasts compared to deterministic DNN and NWP systems, and the

capacity in probabilistic forecasting, BayesLSTM, or in general BDL, is useful to produce fast and

reliable probabilistic weather forecast and therefore is promising to enhance weather forecasting

capabilities at short to medium-range timescales.

Moreover, we assessed the probabilistic forecast skill of the BDL in the real climate system by

revisiting the case study of sea ice forecasting in the Barents Sea. We built BayesConvLSTM by

applying the BDL to the ConvLSTM and used it to forecast sea ice with the same setup as that

given in Chapter 4. The probabilistic forecasts with the BayesConvLSTM were evaluated against

the NCEP ensemble forecast, as well as deterministic forecasts by climatology, persistence and

the ConvLSTM. We found that, in general, the BayesConvLSTM forecasts are better than the

NCEP ensemble forecast and forecast by climatology at a lead time up to 6 weeks. They are

comparable to the ConvLSTM forecasts and better than the forecast by persistence with a lead

time of more than 3 weeks.

Considering the binary forecast with the BayesConvLSTM, which provides insight into the prob-

ability of the presence of sea ice in the inspected area, we demonstrate that the BayesConvLSTM

can quantify uncertainties relevant to the natural variability of sea ice. Our exploration suggests

that the BayesConvLSTM, or generally the BDL, is useful for the operational probabilistic fore-

casts of sea ice. However, it should be noted that this is only a preliminary check and a deep

look at the potential of the BDL in forecasting the real climate system is necessary for future

studies.
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Appendix

This appendix includes additional information regarding BDL and the variational inference

method for training the Bayesian neural networks, namely the Bayes by Backprop. It also

includes a brief introduction of the local re-parameterization method and the evaluation metrics.

A detailed explanation of the lead time dependent forecasts and numerical configurations of

training and forecasting with BayesLSTM is provided.

A1. BDL and Bayes by Backprop In this section, we elaborate on BDL and Bayes by

Backprop in detail. Deep neural networks are equipped with multiple layers of fixed weights to

extract the multiple levels of abstraction in the training data LeCun et al. [2015]. These neural

networks are deterministic and prone to overfitting and forecasts with over-confidence Blundell

et al. [2015]. In order to incorporate uncertainty estimation during training and forecasting, we

need to transform the deterministic neural network into a probabilistic structure and therefore

we seek help from the Bayes’ theorem.

To begin with, we have a training set D = (xi, yi)i which consists of input data x ∈ Rd and

output data y ∈ Rd. We aim for a probabilistic neural network p(y|x,w) with a distributed

weight w. To obtain the weight distribution, we apply the Bayesian inference and we will get

the expression:

p(w|x, y) =
p(y|x,w)p(w)

p(x, y)
(5.6)

By substituting p(x, y) according to the law of total probability, we can obtain:

p(w|x, y) =
p(y|x,w)p(w)∫
p(y|x,w)p(w)dw

(5.7)

The integral in the denominator requires coverage of all possible values of w, which is computa-

tionally prohibitive. This makes the true posterior probability distribution intractable Blundell

et al. [2015], Shridhar et al. [2018, 2019]. To solve this, various approximation methods (e.g.

maximum-a-posteriori scheme, variational inference schemes) were studied in the past Graves

[2011], Shridhar et al. [2018]. Among all of them, variational inference schemes are widely

embraced and they work well for a wide range of BDL applications. So far, three popular varia-

tional inference schemes are always used to approximate the intractable posterior: Monte Carlo

Markov Chain (MCMC), Monte Carlo dropout (MCD) and Bayes by Backprop (BBB).

MCMC is a family of methods that combines stochastic variational inference and Monte Carlo

approaches Salimans et al. [2015]. Unlike variational inference in general which takes a random

draw from a simple variational distribution and keeps optimizing the distribution, MCMC meth-

ods subsequently apply a stochastic transition operator to the random draw, so as to cover the

exact posterior distribution. As long as the iterations are sufficient, MCMC can approximate the

exact posterior well. However, we do not know if the iterations are sufficient and this procedure

is always very costly.
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An alternative is MCD, which uses dropout to perform variational inference where the varia-

tional distribution comes from a Bernoulli distribution. Hence it is also known as Variational

inference with Bernoulli Distribution Gal and Ghahramani [2015, 2016]. This method makes

use of dropout in each layer of neural network during training as well as testing and thus the

process is equivalent to sampling from a Bernoulli distribution and provides a measure of uncer-

tainty. Nevertheless, it provides a rough approximation of the target posterior and the control

of uncertainty is limited by the complexity of the neural network.

Given the drawback of MCMC and MCD, in this study, we choose a more functional and

affordable approach, BBB, to approximate the posterior. This method is a back-propagation

(BP) compatible variational inference approach that estimates a density function with a known

distribution and progressively update it with BP Blundell et al. [2015], Shridhar et al. [2018].

More details about BBB can be found in the section Methodology in the main body of the

paper.

A2. Local re-parameterization method With the implementation of BBB and optimization

function, it seems our BayesLSTM is ready for training. However, the whole procedure is not

ready for back-propagation (BP) due to the stochastic node including N (θ|µ, σ2) in our chosen

variational distribution. In order to enable the optimization of the parameters of Gaussian

posterior with BP, we introduce the local reparameterization method, which translates the

global uncertainty in the weights into a form of local uncertainty Kingma et al. [2015], Shridhar

et al. [2019]. In this case, we replace N (θ|µ, σ2) with w = µ + σ ∗ ε where ε ∼ N (0, 1). More

information about the local reparameterization method can be found in the related literature

Kingma and Welling [2013], Kingma et al. [2015], Shridhar et al. [2018, 2019].

A3. Estimate uncertainty with BDL Typically, three types of uncertainties are considered:

(1) Uncertainties in the initial conditions (2) Necessary approximations and corresponding un-

certainties in the construction of a numerical model of the real atmosphere (3) Uncertainties

posed by external forcing and boundaries. The last one is often ignored in an operational weather

forecast system, but relevant for climate studies and local forecasts. [Kendall and Gal, 2017]

explained how the model uncertainty and initial condition uncertainty are addressed by BDL

respectively. Given the nature of the forward process of BDL, model uncertainty is addressed

by the BDL via placing a prior distribution over a model’s weight, which is already explained

by the prior dependent part KL[q(w|θ)||p(w)] during the training of BDL when minimizing the

KL divergence [Kendall and Gal, 2017].

The representation of initial condition uncertainty with BDL is less straightforward. During

training, the BayesLSTMs approach output yj ∈ Rd with an input xj ∈ Rd and weight distribu-

tion wj , as P (yj |xj , wj). However, there is always noise εj in the input fields (initial conditions)

and this propagates through the network and affects the output, thus P (yj |xj , wj , εj). With

the help of Bayes rule, we bring in the pre-knowledge of model weight distribution as prior and

search for the best weight distribution as posterior that is able to achieve the testing set x̂j and

ŷj following P (ŷj |x̂j) = EP (wj |D)[P (ŷj |x̂j , wj)]. To simplify the problem, we assume a Gaussian

distribution for the prior and the weight distribution then can be solved via maximum a poste-

riori (MAP). Due to the use of the BBB approach, we need to solve the KL divergence and the

knowledge of observation is brought in via the data-dependent term Eq(w|θ)[log p(D|w)] in equa-
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tion 3 in the paper, and finally the − log p(D|w(j)) in equation 4. It then can be reformulated

as:

L(θ,D) = − 1

N

N∑
j=1

log p(yj |f ŵj (xj , εj)) (5.8)

If we assume the error in the output is Gaussian, then − log p(yj |f ŵj (xj , εj)) ∝ 1
2σ2 ||yj −

f ŵj (xj)||2 + 1
2 log σ2. The shape of this Gaussian probability is determined by the variance

σ, which is in this case the deviation between the ground truth in reality and the uncertainty

corresponding to the noise in the input fields εj . As a result, the data dependent loss evolves

as:

LNN (θ,D) =
1

N

N∑
j=1

1

2σ(εj)2
||yj − f ŵj (xj)||2 +

1

2
log σ(εj)

2 (5.9)

with σ(εi) indicating the variance as a function of noise in the input fields, which represents

the uncertainty in the initial conditions. In other words, uncertainty in the initial condition is

modeled through the neural networks by generating a distribution over the output of the model.

Note that this is recognized as heteroscedastic and aleatoric uncertainty in machine learning and

it does not exist in a non-Bayesian (deterministic) neural network since this observation noise

parameter ε is fixed as part of the model’s weight decay and therefore neglected after training

Kendall and Gal [2017]. So far, our analysis is based on the hypothesis of linear propagation of

expectation with variational inference in the LSTM Fortunato et al. [2017]. However, it should

be noted that this becomes different when forecasting more than one step ahead since there is

also uncertainty coming from the forecasts of previous time steps.

A4. Lead time dependent forecast and numerical configurations The whole numer-

ical processes of training the BayesLSTM and making lead time dependent forecasts with

BayesLSTM are described in details in this section. We generate time sequences of variable

X, Y and Z with modified Lorenz 84 model, which including 1500 time steps in total. We

perform sequence-to-one forecast with BayesLSTM and the first 1300 time steps are used for

training. During training, in each epoch we pass 3 x 1300 points to the BayesLSTM model. The

model samples its weight distribution at each time step (with 3 points X, Y and Z passed to

the model) and after 1300 iterations we perform back-propagation to update the BayesLSTM

model. The procedure will be repeated until the maximum epochs are reached (or the early stop

module is called, depending on the setup).

The validation set consists of 200 time steps. The forecasting procedure is the same as the

training process, except that there is no back-propagation and we perform lead time dependent

forecasts Liu et al. [2021b]. At each forecast time step tn, we use the Lorenz model output

(observation) to initialize the model and make forecasts, which can be described by the equation

below:

(X,Y, Z)pred[tn] = BayesLSTM((X,Y, Z)obs[t0,t1,t2,...,tn−1]) (5.10)
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with (X,Y, Z)pred[tn] denotes the forecast X, Y and Z at time step tn, and (X,Y, Z)obs[tm]

represents the Lorenz model output of X, Y and Z at time step tm with m < n. It is still

sequence-to-one prediction, which means data at time step t0 to tn−1 will be passed to the

BayesLSTM model to make the forecast for the time step tn.

For one more lead time step tn+1, the forecast is based on both the model output from t0 to

tn−1 and the forecast of time step tn, and therefore it can be expressed as:

(X,Y, Z)pred[tn+1] = BayesLSTM((X,Y, Z)obs[t0,t1,t2,...,tn−1] + (X,Y, Z)pred[tn]) (5.11)

It can be noticed that starting from the time step tn+1 (the second lead time step), the forecast

quality also depends on the forecasts of previous time steps. This helps us explore how far the

BayesLSTM can predict the Lorenz system, which corresponds to the actual predictability of a

weather and climate system.

A5. Evaluation metrics In order to evaluate these ensemble forecasts, we include continuous

ranked probability score (CRPS), root mean square error (RMSE) and Euclidean distance.

CRPS is a popular verification tool for the assessment of probabilistic forecast systems. It is

used to evaluate an ensemble forecast against a single deterministic observation and it has the

following form Gneiting et al. [2005]:

CRPS(F, v) =

∫ inf

− inf
[F (r)−H(r − v)]2dr (5.12)

with F the predictive cumulative density function (CDF), v the verifying observation, r the

threshold value, and H(r − v) the Heaviside function which takes the value 0 when r < v and

otherwise 1.

RMSE score is also included in this study and it is defined in the following way so as to work

with the probabilistic forecast results:

RMSE =
1

N
ΣN
n=1

1

T
ΣT
t=1

√
(xpred − xobs) (5.13)

with N the number of ensemble members, T the number of time steps, xpred and xobs the

predicted and observed value.

Euclidean distance (EuD) is used to evaluate the similarity between trajectories, which is ex-

pressed as:

EuD =
1

N
ΣN
N=1

1

T
ΣT
T=1

√
(xpred − xobs)2 + (ypred − yobs)2 + (zpred − zobs)2 (5.14)
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Given the essential role of the meridional energy transport in regulating the variability of the

Arctic climate, I focus on the quantification of AMET and OMET, and the atmosphere-ocean

interactions in connection to the energy transport. The strong link between the energy transport

and sea ice variations was underlined in this thesis and this further motivates our explorations of

improving the Arctic sea ice forecasts with deep learning techniques. In this synthesis chapter, I

will address the questions raised in the first chapter. The results shown in the previous chapters

will be summarized and discussed in the following sections and the thesis will be closed with an

outlook.

6.1 Physical insights into Arctic climate

Meridional energy transport closely relates to high-latitude climate characteristics and there-

fore is recognized as a key mechanism to the climate variability in the Arctic. We provide

physical insights into the Arctic climate by inspecting the energy transport towards the Arctic

in historical records and addressing the following question: Can we obtain a reliable and

consistent estimation of meridional energy transport in the atmosphere and ocean

using multiple modern reanalysis data sets, and are the results coherent with the

Arctic climate variability at different time scales? This challenging research question

was addressed by many previous studies, but most of them only use coupled models or a sin-

gle reanalysis dataset. This is not sufficient to account for the uncertainties associated with

data sources. In chapter 2, I elaborated upon the quantification and evaluation of AMET and

OMET from three atmospheric and three oceanic reanalysis products. AMET and OMET are

calculated as the vertical integral of the MET divergence over the air and water columns (the

so-called direct method), respectively.

We found that all the selected data sets agree on the mean AMET from midlatitudes towards

the Arctic. For the atmosphere, the peak of AMET occurs around 41◦N at 4.45 PW to 4.5

PW in the analyzed products. Considering the variations of AMET from midlatitudes towards

the Arctic, I inspected the zonally integrated AMET over 60◦N and found that all the chosen

atmospheric reanalysis data sets provide similar results, in terms of the seasonal cycling and the

phases of the time series. The amplitudes are slightly different as a function of time, but on

average the difference is smaller than 0.1 PW, excluding some outliers. Our results are similar

to those from the studies in the past two decades [e.g., Trenberth and Fasullo, 2008, Mayer and

Haimberger, 2012, and many others].

However, the low frequency variations of the anomalies of AMET are different within the chosen

reanalysis products. Concerning the AMET, differences between ERA-Interim and JRA55 are

relatively small, which is no more than 0.05 PW. And their signals are strongly correlated

with each other, with a correlation coefficient 0.82. While MERRA2 provides very different

results and the difference can exceed 0.1 PW for most of the time in the considered period.

We investigated the vertical profile of AMET from ERA-interim, JRA55 and MERRA2 and

identified that differences from the temperature and meridional wind fields. This is consistent

with some early assessment reports of reanalysis products [e.g., Simmons et al., 2017, Uotila

et al., 2018]. Our study can only provide insight qualitatively as the comparison was carried

out on pressure levels and mass conservation was not ensured. But this analysis indicates that
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uncertainties in both the temperature and meridional velocity fields are too large to constrain

the AMET. Given the difference in the numerical schemes among the chosen reanalysis products,

like the horizontal advection schemes, this analysis is not sufficient to judge their similarity to

actual energy transport due to a lack of independent observations in the atmosphere.

For the energy transport in the ocean, the analyzed oceanic reanalysis products agree well on

the mean OMET from midlatitudes to the Arctic. Between 30◦N and 40◦N, the latitude of the

Gulf Stream, their differences are large (up to 0.5 PW), which might be associated with the

differences in eddy representation approaches. An emphasis was placed on the poleward energy

transport at higher latitudes. Taking the zonal integral of OMET at 60◦N as an example, the

mean OMET given by these three products varies from 0.44 PW to 0.47 PW and the variations

of OMET are very similar. However, large differences were observed in the low frequency

signals. We found that the low frequency signals of OMET anomalies in ORAS4 and SODA3

are consistent with each other and the difference is no larger than 0.02 PW. While GLORYS2V3

differs much from them and the differences is more than 0.05 PW between 2000 and 2005. Note

that starting from 2007, all the oceanic reanalysis products agree well on OMET considering

the mean and anomalies, which might be associated with the increase of observations due to

the increasing number of Argo floats in use [Riser et al., 2016]. Only the OMET from ORAS4

resembles the observations in the Atlantic (RAPID array and OSNAP), albeit ORAS4 benefits

from assimilating the observations from RAPID array [Balmaseda et al., 2013].

The study was further extended to analyze the relations between the climatological fields and

MET in the Arctic. Considering the surface fields, we observed physically consistent patterns in

ERA-Interim and JRA55 in winter. For the ocean, similar patterns were found in ORAS4 and

SODA3 in winter. In summer, the relation between MET and the surface fields become unclear,

which reflects that the large-scale dynamics processes are more pronounced and dominant in

winter [Curry et al., 1995, Goosse et al., 2018]. These strong links all indicate that the Arctic

climate variability is very sensitive to changes of AMET and OMET at subpolar latitudes, which

is consistent with other studies as well [Van der Swaluw et al., 2007, Jungclaus and Koenigk,

2010, van der Linden et al., 2016].

Our findings indicate that the interannual variability of AMET and OMET calculated via the

direct method cannot be constrained by the available observations. The presence of sources

and sinks in the reanalysis products introduce large uncertainties in the quantification of MET,

which confirms the caveats raised by Trenberth [1991], Trenberth and Solomon [1994]. Never-

theless, given the good agreement on mean AMET and OMET and their annual cycles, these

reanalysis products are still useful and reliable tools for estimating and assessing the meridional

energy transport in the atmosphere and ocean. Most of them can provide trustworthy energy

transport diagnostics coherent with the Arctic climate variability. Note that when adopting

these reanalysis products for the examination of energy transport at relatively long time scales

(e.g. interannual to decadal time scales), the results should be interpreted with caution and the

robustness of these results must be further evaluated.

Another physical mechanism that influences the Arctic climate variability is the variability in

atmosphere-ocean interactions. This involves energy compensation. The compensation between

AMET and OMET variations redistributes the energy between the atmosphere and ocean, and



6

132 Synthesis and Outlook

it contributes to the energy balance in the climate system. By reshaping the energy budget, it

leaves its footprint in the general circulations in the atmosphere and ocean and influences the

large-scale dynamics of the whole system. It is investigated in chapter 3 and here I will summarize

and discuss my findings by addressing the question Does the compensation between energy

transport variations in the atmosphere and ocean in the Northern Hemisphere occur

in the historical records and is there a robust mechanism found in multiple modern

reanalysis products? On the basis of our outcome from chapter 2, we approached this question

by investigating the AMET and OMET using these six state-of-the-art reanalysis products

again and explored the Bjerknes compensation within the chosen reanalysis data sets. We

demonstrated that the Bjerknes compensation occurs in the Northern Hemisphere at almost

all latitudes from 40◦N to 70◦N from interannual to decadal time scales within the selected

reanalysis products. The results are consistent with some previous work [e.g., Shaffrey and

Sutton, 2006, and many others].

In order to understand the physical mechanism of the compensation, we revisited the roles

of atmosphere and ocean in terms of their forcing and response, including the driven force

for the compensation, the relevant variations in the general circulation of the atmosphere and

ocean, and the corresponding response characterized by large-scale patterns like AO/NAO. With

ERA-Interim, MERRA2, JRA55 and ORAS4, we demonstrated that the Bjerknes compensation

occurs in the Northern Hemisphere at almost all the latitudes from 40◦N to 70◦N and the

intensity varies as a function of the length of time scales. By investigating the flow of the

anomalies of net surface flux, we observed that the atmosphere provides energy to the ocean in

subtropical regions in the Atlantic Ocean and in the Pacific Ocean close to the Asian continent.

In the subpolar Atlantic, the ocean releases energy back to the atmosphere. The compensation

is shown clearly in the surface flux as a result of small net radiation flux variations at TOA. Our

results are similar to the findings from [Jungclaus and Koenigk, 2010].

We further noticed that the atmosphere responds to OMET variations with a shift in the Ferrel

cell at decadal time scales in winter. Horizontally, this shift shows patterns comparable to

AO/NAO. This has also been reported by Jungclaus and Koenigk [2010] in their numerical

model simulation. The associated variations in AMET are mainly observed in zonal mean part

of heat transport and less in the eddy heat transport part. This is different from previous

studies with numerical models [Shaffrey and Sutton, 2006, Van der Swaluw et al., 2007], but

they concerned larger time scales. This proposed mechanism is robust across the different

atmospheric reanalysis data sets used in this study.

Moreover, we found that the oceanic response to the changes in the atmosphere is primarily wind-

driven at decadal time scales. The ocean adjusts to surface wind anomalies and this modifies

the OMET through an intensification of gyre transports and anomalous Ekman transport. The

buoyancy fluxes, which could influence the thermohaline circulation, also play a role in this

process. The buoyancy flux consists of a thermal flux and a haline flux. By inspecting each

component respectively, we identify that the buoyancy forcing is dominated by its thermal

component. Through linear regressions, we showed that the anomalous buoyancy flux variations

are closely linked to the variability of OMET, especially in the subpolar Atlantic and in the

Labrador Sea and the Irminger Sea.
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When interpreting the results given by chapter 3, we must note that the mass budget imbalance

suffered by the chosen reanalysis products might influence the conclusions. We also noticed

that different methods for the quantification of AMET can potentially lead to different results

[Armour et al., 2019]. Our results are based on AMET calculated using indirect method, which

takes AMET as the residual between net surface flux and net radiation flux at TOA [e.g., Mayer

and Haimberger, 2012]. With AMET computed as the vertical integral of AMET divergence

over the air column [Liu et al., 2020b], a consistent picture of Bjerknes compensation was

not observed and the energy flow between atmosphere and ocean even contradicts the surface

and TOA energy budget. In addition, the time series in the historical records are too short

to unequivocally determine forcing–response relations. So, with our analysis we cannot prove

whether the ocean drives the atmospheric MET variations or the reverse. This question could

be addressed with longer historical records in the future, which is beyond the scope of this

thesis.

Chapter 3 provides new insight into the Bjerknes compensation in the Northern Hemisphere by

identifying compensations between energy transport variations in the atmosphere and ocean in

multiple modern reanalysis products. A robust physical mechanism was found among all the

selected atmospheric reanalysis data sets. In contrast, previous studies on Bjerknes compen-

sation are mostly based in numerical climate models only. Different from the previous work,

we demonstrated that the response of the Ferrel cell contributes to the Bjerknes compensation

in reanalysis data sets at middle to high latitudes in the atmosphere. Other processes that are

related to this change, for instance, the coupling between the Ferrel cell and the Hadley cell, and

teleconnections between low-latitude drivers and middle- to high-latitude weather and climate,

are also interesting to investigate if much longer time series can be available in the future. This

poses scientific challenges and is worth a visit for further studies.

6.2 Improving weather forecast in the Arctic

The strong demand for reliable weather forecasts in the Arctic poses a need for improved weather

forecast skill in the polar region. Motivated by the potential of deep neural networks for ad-

dressing complicated nonlinear relationships between multiple variables during the evolution of

a complex dynamical system, in chapter 4 and 5 we explored the deep learning techniques for

weather forecasting. To begin with, we employed a deterministic neural network to forecast

sea ice in the Barents Sea at weather to sub-seasonal time scales. The corresponding research

question reads: Can we produce skillful Arctic sea ice forecasts at weekly time scales

using deep neural networks, and is the physical consistency preserved in these fore-

casts? We address this question by predicting sea ice with a special neural network, namely

the Convolutional Long Short Term Memory Network. The architecture of this neural network

is designed to incorporate both the spatial and temporal information in meteorological fields.

Sea ice forecasts were evaluated against climatology, persistence, a baseline statistical model

and operational sub-seasonal to seasonal forecast systems. In chapter 4, we demonstrated that

this deep neural network can effectively be used to predict sea ice characteristics in the Barents

Sea at weekly to sub-monthly time scales. Two types of lead time dependent forecast were con-

ducted in this work, which are called the constrained and retrospective forecasts. The former
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set-up is used to gain insight into the sea ice forecast skill of the applied deep neural networks

with perfect predictors. In other words, it shows the forecast “ceiling” of the chosen approach.

The latter follows a configuration generally taken by the operational weather forecasting. The

results from these two set-ups differ slightly, but in most cases, ConvLSTMs can outperform

persistence and climatology for the extended range sea ice forecast at a lead time up to 5 weeks,

with proper choices of predictors. Forecasts from the ConvLSTM are comparable to those pro-

vided by the operational sub-seasonal to seasonal forecast systems, namely the NCEP global

ensemble forecast system and the ECMWF ensemble forecast system.

We noticed that the forecast quality has strong dependency on the input meteorological fields

and for the selection of predictors we must consider the physical consistency between sea ice

variation and the variability of predictors. This further motivates our interest in the contribution

from different predictors to the sea ice forecasting. Note that in general such inspection can

hardly be performed in an experiment with numerical climate models. On the basis of known

sources of predictability, we performed sensitivity tests with different climate fields as input

for learning and found that energy budget related fields can add skill to the sea ice forecasts

in the Barents Sea at weekly to sub-monthly time scales. This indicates the important role of

the energy budget components in the variability of Arctic sea ice, which is consistent with our

findings in chapter 2 and 3, and the findings from many other related work [e.g., Krikken and

Hazeleger, 2015].

To conclude, by choosing suitable deep neural networks and the proper combination of predictors,

we can produce skillful extended-range Arctic sea ice forecasts comparable to the operational

sub-seasonal to seasonal forecast systems. The physical consistency can also be preserved in

the forecasts. It should be noted that other research also points to the potential value of

deep neural networks for weather forecasting, and in general the climate science [e.g., Salman

et al., 2015, Gope et al., 2016, Kim et al., 2017, Ham et al., 2019, Kim et al., 2019, 2020, and

many others]. However, most of these studies only focus on deep learning in the deterministic

domain. And, these techniques can not address the probabilistic nature of weather forecasts due

to the chaotic nature of the atmospheric dynamics and uncertainties in both initial conditions

and models representing the atmosphere. Driven by the need uncertainty quantification, we

extended our study to the probabilistic domain and introduced the Bayesian deep learning to

weather forecast.

Here we will summarize and discuss our findings of chapter 5 and answer the research question

Can probabilistic deep neural networks learn to represent the evolution of weather

and climate system with an appropriate estimation of uncertainty, and can we use

them to generate reliable weather forecast? In this chapter, we built Bayesian Long-Short

Term Memory neural networks by replacing fixed weights of normal LSTMs with distributions,

and used them to forecast the evolution of a modified Lorenz 84 system (with a damping time

equal to 5 days). we tried to understand the characteristics of BDL within this simplified

dynamical system that represents the essence of midlatitude atmospheric dynamics, and explore

the types of uncertainties addressed by BDL. We found that, despite the forecasts get worse

with increasing lead times, the retrospective forecasts from BayesLSTM are similar to those of

the Lorenz model output in the spatial and temporal domain up to a lead time of 3 days. The
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forecast trajectories are close to the attractor. Considering both the amplitude and phase, this

indicates that BayesLSTM is able to learn the propagation of Rossby waves on a midlatitude

jet in this atmospheric system, which reflects that the interaction between the jet stream and

large-scale eddies is replicated by the BayesLSTM.

We further assessed the probabilistic forecast skill of BayesLSTM against persistence of initial

conditions and a vector autoregressive model. We found that the BayesLSTM forecasts resemble

the model output. With evaluation metrics including CRPS, RMSE, and Euclidean distance

scores, we observed that the BayesLSTM showed better probabilistic forecast skill than persis-

tence and the VAR model up to a lead time of 3 days. We further explored the probabilistic

forecast skill of the BDL through the sea ice forecasting case study in the Barents Sea, just like

the experiments shown in chapter 4. Our preliminary results suggest that the BDL shows skill in

operational sea ice forecasts and it can generate uncertainties relevant to the natural variability

of sea ice. It can be useful tool for operational weather forecasting, though its potential was not

fully explored here due to the limited time and a different scope of this study.

It is fundamental for any probabilistic weather forecast to address uncertainties in the initial

conditions and model parameters. We found that, compared to the NWP-based approaches,

the BDL addresses these uncertainties in a different manner. For NWP systems, the aleatoric

uncertainties are reflected by the perturbations in the initial conditions and the chaotic nature

of the system, while BDL addresses it by placing a distribution over the weight. Moreover,

NWP based approaches represent epistemic uncertainties by perturbing model parameters, pa-

rameterization, or including multiple models, while BDL deals with it by placing a distribution

over the weights. Such differences, as well as the data driven aspects, make the BDL a method

compared to the classical approaches in climate science.

Based on these results, we concluded that the BayesLSTM is useful for estimating uncertainties

relevant to the evolution of this simplified atmospheric circulation system, though the procedure

differs from the general NWP based approaches. This implies that the BDL can be added to the

toolkit of weather forecasting at relatively small lead times. However, for a long term climate

forecast or climate projections, the BayesLSTM may not be a good candidate in terms of the

error accumulation and the lack of skill in physical model representation. Our attempt only

serves as a pilot study for adapting the BDL to climate science. There is still a lot of room to

improve the performance of BDL, which can be explored in the future.

6.3 Outlook

The threats from adverse effects of climate change and global warming raise our awareness about

the rapid changes occurring in the Arctic. The growing interests in the Arctic lead to a growing

number of publications related to the Arctic climate change, which reveals our eagerness of

the knowledge about the Arctic. This thesis concerns the physical aspects of the Arctic and

contributes to the research on Arctic sea ice forecasting with data-driven techniques. It not

only adds new content to our knowledge base, but also points the way for future work, to some

extent.

In chapter 2 and 3, we studied the meridional energy transport using reanalysis data sets and
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analyzed the variability of the energy transport and compensation in the Northern Hemisphere

at interannual to decadal time scales. However, these studies are limited by the shortness of

historical records and the conclusions are therefore prone to the uncertainties associated with the

insufficiency of samples available. As a consequence, some results show relatively low statistical

significance and this hampers the corresponding interpretation of our findings. Similar problems

were encountered when testing the forecast quality for various start dates in chapter 4. Since

the neural networks were trained with reanalysis data and the chosen neural networks require

about 30 years of training data strictly following the temporal order to ensure the quality of

learning, the test for multiple start days can not be performed. For meteorology, the data-

rich decades originate from the start of satellite era in 1979. Hence we only have about 40

years historical records, but their lengths are still increasing over time. This explains why most

of the previous work choose to study the interannual variability of energy transport and the

Bjerknes compensation using the long time series generated by numerical climate models [e.g.,

Van der Swaluw et al., 2007, Jungclaus and Koenigk, 2010, and many others]. In the future,

with relatively long time series, we will be able to revisit these topics with much convincing

analysis and the outcome could be more trustworthy.

The sparseness of observations is a big obstacle for studying the meridional energy transport.

In chapter 2, we noticed that the interannual variability of AMET and OMET cannot be con-

strained by the available observations, which explains the difference of our results among chosen

analysis products. The strong correlation between the estimation accuracy of energy budget

components, and the number and coverage of observations available has been revealed by many

studies. For instance, the advent of the global Argo array of profiling floats (see Figure 2 in

Riser et al. [2016]) and the decrease of uncertainties in ocean heat budget (see Figure 2 in Cheng

et al. [2020]). In addition, with independent observations, we will be able to identify the sources

of uncertainty related to the energy budget at TOA and sea surface, and provide more insights

into the energy transport diagnostics.

Fortunately, there are many ongoing projects aiming at documenting the variability of changes

in the atmosphere and ocean. For the atmosphere, there are many efforts to provide better

monitoring of the atmosphere from both satellite and in-situ observations, for instance, the

European Union’s Earth observation programme, namely the Copernicus program, and the

Clouds and the Earth’s Radiant Energy System (CERES) project [Loeb et al., 2018]. Similarly,

there are also many on-going observation programs for the ocean, like RAPID-MOCHA-WBTS

program [Johns et al., 2011, McCarthy et al., 2015], Overturning in the Subpolar North Atlantic

Program (OSNAP) [Susan Lozier et al., 2017, Lozier et al., 2019], Observatoire de la variabilité

interannuelle et décennale en Atlantique Nord project (OVIDE) [Mercier et al., 2008], and

Greenland Scotland Ridge observation project (GSR) [e.g., Berx et al., 2013, and many others in

GSR project]. Given the fact that the reconstruction of historical records relies on both the model

output and assimilated observations, we need more observation data to better constrain the

models and improve the reanalysis products. In addition, considering the demand of independent

observations to validate the reanalyses, at this moment the amount of observations available are

far from sufficient. With improved numerical models and independent observations, the validity

of these mechanisms in chapter 2 and 3 can be further studied.
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In chapter 4 and 5, we explored two types of deep neural networks for weather forecasting. So

far, our experiments with ConvLSTM and BayesLSTM are limited to simple network structures

and small training data sets. It is possible to improve the performance of these neural networks

by increasing the complexity of the network and including large data sets for training. When

exploiting the BDL with Lorenz 84 model, our experiments contribute in a way as a proof of

concept. These experiments can be further extended to address a real weather forecast case in

the future and the body of the research can be expanded with more training data, as well as

more output from numerical models for intercomparison and evaluation. This will also allow for

different kinds of sensitivity tests, in terms of different predictors and various start days, and

statistical tests for the validity of lessons learnt with the analyzed deep learning techniques.

Inspired by recent developments in artificial intelligence, many studies have introduced advanced

machine learning techniques to tackle the challenges in meteorology and oceanography [Reich-

stein et al., 2019, Knüsel et al., 2019]. Until now, most of these studies have provided positive

feedbacks about the implementation of machine learning approaches, especially for deep neural

networks, to revisit common research topics in climate science [e.g., Vandal et al., 2018, Kim

et al., 2020, and many others]. However, these studies still struggle with the interpretability of

their results from a physical perspective and these deep learning techniques are often considered

as brute force approaches or black-box methods. In chapter 4, we performed singular value de-

composition on the covariance map of the forecasts from ConvLSTM, with a valid concern that

physical laws may be violated and physical relationships may not hold in the neural networks.

Although we demonstrated that the ConvLSTM is able to preserve the physical consistency

between various predictors and predictands, our method is limited to linear relationships. With

the fast development of machine learning techniques, the community is dedicated to disentangle

the multi-layer representations of abstracted information from training data and provide more

physical explanations [e.g, Chakraborty et al., 2017, Zhang and Zhu, 2018, and many others].

Such explorations are promising for the “decryption” of deep learning in climate science, and

therefore are worth the effort in the future.

As a closing remark, I would like to emphasize the value of multifaceted analysis and multidisci-

plinary approaches to the climate science. This thesis contributes to improve our understanding

about the Arctic, in terms of the physical processes and forecasting practices. Apart from the

scientific content, it also acts as a good example of embracing new approaches when revisiting

old issues. As a practitioner, our endeavor involves the employment of new combinations of

data sets, the implementation of new approaches, the utilization of new tools, and finally the

development of new ideas. Although there are always some defects related to the novelty, for in-

stance, incomplete knowledge, lack of benchmarks, and inadequacy of consideration, unexpected

breakthroughs can often be expected, as “the role of pain” from time to time.
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Alice Marzocchi, Joël J-M Hirschi, N Penny Holliday, Stuart A Cunningham, Adam T Blaker,

and Andrew C Coward. The north atlantic subpolar circulation in an eddy-resolving global

ocean model. Journal of Marine Systems, 142:126–143, 2015.

Simona Masina, Andrea Storto, Nicolas Ferry, Maria Valdivieso, Keith Haines, Magdalena Bal-

maseda, Hao Zuo, Marie Drevillon, and Laurent Parent. An ensemble of eddy-permitting

global ocean reanalyses from the myocean project. Climate Dynamics, 49(3):813–841, 2017.

Michael Mayer and Leopold Haimberger. Poleward atmospheric energy transports and their

variability as evaluated from ecmwf reanalysis data. Journal of Climate, 25(2):734–752, 2012.

Michael Mayer, Leopold Haimberger, Marianne Pietschnig, and Andrea Storto. Facets of arctic

energy accumulation based on observations and reanalyses 2000–2015. Geophysical research

letters, 43(19):10–420, 2016.

Michael Mayer, Leopold Haimberger, John M Edwards, and Patrick Hyder. Toward consistent

diagnostics of the coupled atmosphere and ocean energy budgets. Journal of Climate, 30(22):

9225–9246, 2017.

Michael Mayer, Steffen Tietsche, Leopold Haimberger, Takamasa Tsubouchi, Johannes Mayer,

and Hao Zuo. An improved estimate of the coupled arctic energy budget. Journal of Climate,

32(22):7915–7934, 2019.

GD McCarthy, DA Smeed, WE Johns, E Frajka-Williams, BI Moat, Darren Rayner,

MO Baringer, CS Meinen, J Collins, and HL Bryden. Measuring the atlantic meridional

overturning circulation at 26 n. Progress in Oceanography, 130:91–111, 2015.

Patrick L McDermott and Christopher K Wikle. Bayesian recurrent neural network models for

forecasting and quantifying uncertainty in spatial-temporal data. Entropy, 21(2):184, 2019.

Herle Mercier, Pascale Lherminier, and Claire Gourcuff. North atlantic ocean circulation: the

ovide project. Houille blanche-revue internationale de l’eau, (2):30–32, 2008.

E Joseph Metzger, Ole Martin Smedstad, Prasad G Thoppil, Harley E Hurlburt, James A Cum-

mings, Alan J Wallcraft, Luis Zamudio, Deborah S Franklin, Pamela G Posey, Michael W

Phelps, et al. Us navy operational global ocean and arctic ice prediction systems. Oceanogra-

phy, 27(3):32–43, 2014.

Sebastian Milinski, Nicola Maher, and Dirk Olonscheck. How large does a large ensemble need

to be. Earth System Dynamics, 11:885–901, 2020.

Gifford H Miller, Richard B Alley, Julie Brigham-Grette, Joan J Fitzpatrick, Leonid Polyak,

Mark C Serreze, and James WC White. Arctic amplification: can the past constrain the

future? Quaternary Science Reviews, 29(15-16):1779–1790, 2010.

Ben Moat, Christophe Herbaut, Karin Margretha Larsen, Bogi Hansen, Bablu Sinha, Alejan-

dra Sanchez-Franks, Loic Houpert, Yang Liu, Wilco Hazeleger, Jisk Attema, Stephen Yea-

ger, Justin Small, Hedinn Valdimarsson, Barbara Berx, Stuart Cunningham, Loic Houpert,



REFERENCES 151

Samantha Hallam, Rebecca Woodgate, Craig Lee, Young Oh Kwon, Laura Flemming, Herle

Mercier, Kerstin Jochumsen, Jennifer Mecking, Penny Holliday Holliday, and Simon Josey.

Model-observation and reanalyses comparison at key locations for heat transport to the Arctic

(D2.1), January 2020. URL https://doi.org/10.5281/zenodo.3631100.

BI Moat, SA Josey, B Sinha, AT Blaker, DA Smeed, GD McCarthy, WE Johns, JJ-M Hirschi,

E Frajka-Williams, D Rayner, et al. Major variations in subtropical north atlantic heat

transport at short (5 day) timescales and their causes. Journal of Geophysical Research:

Oceans, 121(5):3237–3249, 2016.

Kristian Mogensen, Magdalena Alonso Balmaseda, and Anthony Weaver. The NEMOVAR

ocean data assimilation system as implemented in the ECMWF ocean analysis for System 4.

European Centre for Medium-Range Weather Forecasts, 2012.

Mahdi Mohammadi-Aragh, HF Goessling, Martin Losch, Nils Hutter, and Thomas Jung. Pre-

dictability of arctic sea ice on weather time scales. Scientific reports, 8(1):6514, 2018.

Andrea Molod, Lawrence Takacs, Max Suarez, and Julio Bacmeister. Development of the geos-5

atmospheric general circulation model: Evolution from merra to merra2. Geoscientific Model

Development, 8(5):1339–1356, 2015.

Ionel M Navon. Data assimilation for numerical weather prediction: a review. In Data assimi-

lation for atmospheric, oceanic and hydrologic applications, pages 21–65. Springer, 2009.

Radford M Neal and Geoffrey E Hinton. A view of the em algorithm that justifies incremental,

sparse, and other variants. In Learning in graphical models, pages 355–368. Springer, 1998.

Matthew Newman, Michael A Alexander, Toby R Ault, Kim M Cobb, Clara Deser, Emanuele

Di Lorenzo, Nathan J Mantua, Arthur J Miller, Shoshiro Minobe, Hisashi Nakamura, et al.

The pacific decadal oscillation, revisited. Journal of Climate, 29(12):4399–4427, 2016.

Aleksi Nummelin, Camille Li, and Paul J Hezel. Connecting ocean heat transport changes from

the midlatitudes to the arctic ocean. Geophysical Research Letters, 44(4):1899–1908, 2017.

Marilena Oltmanns, Johannes Karstensen, and Jürgen Fischer. Increased risk of a shutdown of

ocean convection posed by warm north atlantic summers. Nature Climate Change, 8(4):300,

2018.
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