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Key Points:
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all contribute to the positive trend
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« Marked decreases in clouds and sea-
ice and increases in trace gases and
water vapor combine to increase the
rate of planetary heat uptake
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Abstract Earth's Energy Imbalance (EEI) is a relatively small (presently ~0.3%) difference between
global mean solar radiation absorbed and thermal infrared radiation emitted to space. EEI is set by
natural and anthropogenic climate forcings and the climate system's response to those forcings. It is also
influenced by internal variations within the climate system. Most of EEI warms the ocean; the remainder
heats the land, melts ice, and warms the atmosphere. We show that independent satellite and in situ
observations each yield statistically indistinguishable decadal increases in EEI from mid-2005 to mid-2019
of 0.50 + 0.47 W m > decade ™" (5%-95% confidence interval). This trend is primarily due to an increase

in absorbed solar radiation associated with decreased reflection by clouds and sea-ice and a decrease

in outgoing longwave radiation (OLR) due to increases in trace gases and water vapor. These changes
combined exceed a positive trend in OLR due to increasing global mean temperatures.

Plain Language Summary Climate is determined by how much of the sun's energy the Earth
absorbs and how much energy Earth sheds through emission of thermal infrared radiation. Their sum
determines whether Earth heats up or cools down. Continued increases in concentrations of well-mixed
greenhouse gasses in the atmosphere and the long time-scales time required for the ocean, cryosphere,
and land to come to thermal equilibrium with those increases result in a net gain of energy, hence
warming, on Earth. Most of this excess energy (about 90%) warms the ocean, with the remainder heating
the land, melting snow and ice, and warming the atmosphere. Here we compare satellite observations

of the net radiant energy absorbed by Earth with a global array of measurements used to determine
heating within the ocean, land and atmosphere, and melting of snow and ice. We show that these two
independent approaches yield a decadal increase in the rate of energy uptake by Earth from mid-2005
through mid-2019, which we attribute to decreased reflection of energy back into space by clouds and sea-
ice and increases in well-mixed greenhouse gases and water vapor.

1. Introduction

Increasing well-mixed greenhouse gases (WMGG) have led to an imbalance between how much solar radi-
ant energy is absorbed by Earth and how much thermal infrared radiation is emitted to space. This net radi-
ation imbalance, also referred to as Earth's energy imbalance (EEI), has led to increased global mean tem-
perature, sea level rise, increased heating within the ocean, and melting of snow and sea ice (IPCC, 2013).
In addition to anthropogenic radiative forcing by WMGG, EEI is influenced by aerosol emissions and land
use change as well as by natural forcings associated with volcanic emissions and variations in solar irra-
diance. As the climate system responds to warming, changes in clouds, water vapor, surface albedo and
temperature further alter EEL. These properties also respond to internal variations in the climate system
occurring over a range of timescales, causing additional EEI variability. Examples of internal variations
include weather events, which vary from days to weeks, El-Nifio Southern Oscillation (ENSO) events (Phi-
lander, 1983), which vary on interannual timescales, and the Pacific Decadal Oscillation (PDO; Mantua
et al., 1997), which varies on decadal timescales.

Since ~90% of the excess energy associated with EEI is stored in the ocean (von Schuckmann et al., 2020),
fluctuations in Earth's top-of-atmosphere (TOA) net radiation and the ocean’s heating rate should be in
phase with one another (Palmer et al., 2011). Indeed, prior comparisons of EEI variations derived from in
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situ measurements after 2005 and satellite observations of Earth's net radiation track one another at inter-
annual timescales (Johnson et al., 2016). More recently, analyses of ocean temperature data have indicated
that the rate of ocean heating has been steadily increasing (von Schuckmann et al., 2020), but a direct
comparison with satellite observations is lacking. In addition, sea level rise from 1993 to 2017 has exhibited
a statistically significant acceleration (Nerem et al., 2018). However, acceleration of melting ice on land ac-
counts for the majority of sea level rise acceleration in recent decades, leaving less than 10% of the sea level
acceleration signal attributed to increasing rates of ocean warming (Nerem et al., 2018).

In this study, we perform a direct comparison between variations in EEI inferred from the Clouds and
the Earth's Radiant Energy System (CERES) and an in situ estimate of the observed ocean heat uptake
over 0-2,000 m combined with published estimates of energy uptake by the deeper ocean, lithosphere, cry-
osphere, and atmosphere. This comparison is made using annual estimates centered on mid-2005 (the year
the Argo array of profiling floats achieved sparse near-global coverage) through mid-2019. Of particular in-
terest are how consistently these two observing systems capture interannual variations and the trend in EEI.
This is followed by a partial radiative perturbation (PRP) analysis using additional data sources in order to
identify what properties of the climate system are contributing to the observed trend in EEI.

2. Data and Methods
2.1. Satellite Data

We use observational data from the CERES Energy Balanced and Filled (EBAF) Ed4.1 product (Kato
et al., 2018; Loeb, Doelling, et al., 2018). EBAF provides monthly mean TOA and surface shortwave (SW),
longwave (LW) and net radiative fluxes on a 1° X 1° grid along with imager-derived cloud properties. Here
we only consider the TOA fluxes derived from CERES SW and LW radiance measurements and solar irradi-
ance measurements. Absorbed solar radiation is determined from the difference between spatially and tem-
porally averaged monthly solar irradiances and reflected SW fluxes. The solar irradiances are determined
from time-varying instantaneous total solar irradiance measurements from various sources (Loeb, Doelling,
et al., 2018). In our comparisons with in situ EEI, we consider the period 01/2005-12/2019.

As noted in detail in Loeb, Doelling, et al. (2018), EEI is a small (~0.15%) residual of much larger radiative
fluxes that are on the order of 340 W m™2 Satellite incoming and outgoing radiative fluxes are presently not
at the level of accuracy required to resolve such a small difference in an absolute sense. However, satellite
EEI are highly precise as the instruments are very stable. We thus adjust the satellite EEI to the in situ value
by applying an offset to the satellite EEI such that its mean value over the 15-year period considered in this
study is consistent with the mean in situ value. Use of this offset to anchor the satellite EEI to the in situ EEI
does not affect the trends of either time series nor the correlation between them. Year-to-year variations and
long-term trends in EEI from the satellite data are completely independent of those from the in situ data.

2.2. In Situ Data

An in situ estimate of planetary heat uptake for mid-2005 to mid-2019 is derived by an inventory of the
rates of changes of energy stored in all components of the climate system. The primary contribution is from
differences of overlapping annual 0-2,000 m ocean heat content anomalies estimated at 6-monthly intervals
from Argo float profiles. For example, the ocean heating rate estimate centered at mid-2005 is the estimate
of ocean heat content anomaly for July 2005 to June 2006 minus that for July 2004 to June 2005.

The net heat uptake rate is estimated to be 0.77 + 0.06 W m™ from mid-2005 to mid-2019. This rate is
the sum of energy uptake rates of 0.62 + 0.05 W m™ from the estimates in the ocean from 0-2,000 m at
6-monthly intervals centered from mid-2005 through mid-2019, 0.062 + 0.038 W m > from May 1992 to June
2011 in the deeper ocean (Johnson et al., 2019), 0.037 & 0.004 W m™*from mid-2005 to mid-2018 in the land,
0.031 % 0.006 W m ™ from mid-2005 to mid-2016 by melting ice, and 0.014 + 0.009 W m > from mid-2005 to
mid-2018 by a warmer and moister atmosphere (von Schuckmann et al., 2020).

To determine year-to-year changes in planetary uptake, the 0-2,000 m ocean heat uptake is from an estimate
that uses local correlations between sea-surface height and ocean heat content anomalies to employ satellite
altimetry data as a first guess at ocean heat content where (or when) in situ temperature data are sparse
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(Willis et al., 2003). For the period of study here, the fraction of the 0-2,000 m ocean volume for which the
first-guess estimate from the sea level and its correlation to ocean heat content is used in the absence of in
situ ocean heat content data decreases from 23% for 2005 to about 8% after 2017 (following the methodology
of Lyman & Johnson, 2014).

2.3. Partial Radiative Perturbation Analysis

The PRP method (Wetherald & Manabe, 1988) provides a means of determining anomalies in TOA radiation
associated with individual variables. Here we use the PRP method as implemented in Thorsen et al. (2018)
to identify the variables that drive any observed trends in global and regional TOA fluxes.

For non-cloud contributions, the effect on the flux (6F) due to some perturbation Ax of variable x is comput-
ed using a centered finite difference by averaging the backward finite difference:

SFhom = F xyicoyy —F x = Axyiyy )

with the forward finite difference:

5FAfx’M =F x+Ax,y,...yy —F X, 5,0y 2)

where X, y1,....,yn are gridded monthly mean input variables to radiative transfer model calculations, and Ax,

s s are gridded deseasonalized monthly mean anomalies of the input variables, and F is the flux
calculated using the NASA Langley Fu-Liou radiative transfer model (Rose et al., 2013). Deseasonalized
monthly mean anomalies are obtained from the difference between the monthly mean of a variable and its
corresponding monthly climatology, determined by averaging all years of the same month. Input variables
include skin temperature, profiles of temperature and water vapor, surface albedo, aerosols, trace gases
(ozone, carbon dioxide, methane, nitrous oxide, CFC-11, CFC-12, and HCFC-22), and incoming solar irra-
diance. The input variables are those used in the surface flux calculations in the CERES EBAF Ed4.1 (Kato
et al., 2018) consisting of adjusted input values provided in the CERES SYN1deg Ed4.1 product that are
“tuned” to force a match between computed and observed EBAF monthly mean all-sky and clear-sky TOA
fluxes through an objective containment algorithm (Kato et al., 2018; Rose et al., 2013). To determine cloud
contributions, the approach of Soden et al. (2008) is used:

6Fy = ACRE — ;[5&” - 5ng[} 3)

where is the anomaly in cloud radiative effect (CRE) from EBAF Ed4.1 observations, is the all-
sky flux perturbation due to an anomaly in variable ,and  is the clear-sky flux perturbation due to an
anomaly in variable . Based upon direct comparisons between trends determined from CERES Terra and
CERES Aqua monthly CRE anomalies for 09/2002-03/2020, we estimate the trend uncertainty in CRE due
to instrument drift to be <0.085 W m™ decade™, which is a factor of 5 smaller than the trend uncertainty
associated with CRE internal variability.

As described in more detail in Thorsen et al. (2018), skin temperature, surface pressure, and profiles of
temperature, water vapor, and ozone are from the Goddard Earth Observing System (GEOS), version 5.4.1,
reanalysis (Rienecker et al., 2008) or the Atmospheric Infrared Sounder (AIRS), version 6 level 3, standard
product (Chahine et al., 2006; Tian et al., 2013). Carbon dioxide concentrations are obtained from the AIRS,
version 5 level 3, carbon dioxide product (Chahine et al., 2005). Other trace gases are obtained from NOAA
Earth System Research Laboratory (ESRL) Global Monitoring Division (Conway et al., 1994; Dlugokencky
et al., 2009). Aerosol optical depths (at 0.55 um) and vertical distributions of seven aerosol types are from
the Model of Atmospheric Transport and Chemistry (MATCH) Moderate Resolution Imaging Spectroradi-
ometer (MODIS) aerosol assimilation product (Collins et al., 2001). Spectral surface albedos are determined
using surface-type-based lookup tables (Jin et al., 2004; Rutan et al., 2009) for the spectral shapes that are
scaled by the broadband surface albedo determined from the CERES surface albedo history (SAH) map
(Rutan et al., 2009).
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Figure 1. Comparison of overlapping one-year estimates at 6-month
intervals of net top-of-the-atmosphere annual energy flux from the Clouds
and the Earth's Radiant Energy System Energy Balanced and Filled Ed4.1
product (solid red line) and an in situ observational estimate of uptake of
energy by Earth climate system (solid blue line). Dashed lines correspond
to least squares linear regression fits to the data.

3. Results
3.1. Changes in Net TOA Flux and Energy Uptake

We previously estimated, from in situ annual estimates of energy uptake
by Earth's climate system, the EEI at 0.70 + 0.10 W m™2 (expressed here in
terms of average heat uptake applied over Earth's surface area with 5-95%
confidence intervals) from mid-2005 to mid-2015 (Johnson et al., 2016).
We noted a 0.78 correlation between 0 and 1,800 m year-to-year variations
in ocean heating rate and satellite-based EEI from CERES. As detailed in
Section 2.2, here we update our calculations, extend them to 2,000 m,
and find a net heat uptake rate of 0.77 + 0.06 W m* from mid-2005 to
mid-2019 (Figure 1). With the longer time-series, the rate has increased,
and the uncertainty has reduced slightly. The correlation between year-
to-year rates of a global 0-2,000 m ocean heat uptake and CERES EEI
is 0.70 for the mid-2005 to mid-2019 estimates. An F test for equality of
two variances indicates that we cannot reject the null hypothesis that the
sample variances of the in situ and satellite EEI datasets are equal at the
0.05 significance level.

A striking new result is that from the mid-2005 to mid-2019 estimates
the trend of the energy flux for 0-2,000 m ocean heat content anomaly
(OHCA) is 0.43 + 0.40 W m ™ decade ™, and the trend for the net CERES
TOA energy flux is 0.50 + 0.47 W m™> decade ™" over that same time period
(Figure 1, dashed lines). The trend in the difference between the CERES

and in situ data is 0.068 + 0.29 W m™* decade . Trends are determined using least squares linear regression
and uncertainties in the trends correspond to 5-95% confidence intervals, accounting for autocorrelation
in the data following the methodology of Santer et al. (2000). This remarkable increase in EEI is consistent

Figure 2. Global mean top-of-atmosphere flux anomalies and trends. Anomalies in (a) absorbed solar radiation (ASR), (b) emitted thermal radiation (ETR) and
(c) Net for 2002/09-2020/03. Thin lines correspond to monthly anomalies, thick lines are 12-month running averages. Trends in (d) ASR, (e) ETR and (f) Net
associated with contributions from changes in clouds, water vapor (WV), combined contributions from trace gases and solar irradiance (labeled as “Other”),
surface albedo (SFC), aerosols (AER) and combined contributions from skin temperature and profiles of temperature (“Temp”). “Total” corresponds to the

sum of the individual contributions. Error bars correspond to 5-95% confidence intervals determined using the methodology in Santer et al. (2000). Positive
anomalies and trends correspond to heat gain, and negative to loss. ETR is defined positive downwards and is thus equal to —outgoing longwave radiation.

LOEB ET AL.
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between these two completely independent observational estimates. The linear trend of CERES implies a
net EEI of 0.42 + 0.48 W m~?in mid-2005 and 1.12 + 0.48 W m ™~ in mid-2019. The in situ estimates yield a
statistically indistinguishable result.

3.2. Attribution of EEI Trends

We consider CERES TOA EEI trends for 09/2002-03/2020 and examine the underlying contributions from
different atmospheric and surface variables available over that time period. Trends are determined from a
least squares regression fit to deseasonalized monthly anomalies with uncertainties given as 5%-95% con-
fidence intervals.

For this period, the observations show a trend in net downward radiation of 0.41 + 0.22 W m™? decade™

that is the result of the sum of a 0.65 + 0.17 W m 2 decade™* trend in absorbed solar radiation (ASR) and
a —0.24 + 0.13 W m > decade ™" trend in downward radiation due to an increase in OLR (Figures 2a-2c).
TOA fluxes are defined positive downwards so that a positive anomaly/trend corresponds to a heat gain
and a negative anomaly corresponds to a heat loss. As such, emitted thermal radiation (ETR) is defined
positive downward and is therefore equal to —OLR. The TOA anomalies are also consistent across CERES
instruments on different satellite platforms (Loeb, Thorsen, et al., 2018). The ASR trend cannot be ex-
plained by changes in incoming solar radiation, as the trend in incoming solar flux is negligible (—0.053 W
m~* decade™).

Our PRP results (Figures 2d-2f) consider contributions from changes in
clouds, water vapor, combined contributions from trace gases and solar
irradiance (labeled as “Other”), surface albedo, aerosols, and combined
contributions from skin temperature and profiles of temperature (labeled
as “Temp”). We note that the aerosol contributions to TOA flux variations
only include aerosol-radiation interactions. Any change in TOA radiation
due to aerosol-cloud interactions is implicitly included here as part of the
cloud contribution. Most of the ASR trend is associated with cloud and
surface albedo changes (Figure 2d), which account for 62% and 27% of
the ASR trend, respectively. Increasing global mean surface temperatures
and cloud changes during the past two decades have contributed to an in-
crease in thermal infrared emission to space, which is partly compensat-
ed for by increases in water vapor and trace gases (Figure 2e). The overall
trend in net radiation is a result of the sum of positive trends in contribu-
tions from clouds, water vapor, trace gases, surface albedo, and aerosols,
which exceeds the negative contribution from temperature (Figure 2f).

Regional trends in net radiation attributable to changes in clouds are
strongly positive along the east Pacific Ocean, while more modest pos-
itive trends occur off of the U.S. east coast and over the Indian, South-
ern, and central equatorial Pacific Oceans (Figure 3a). Net TOA flux
trends due to surface albedo are greatest in areas of snow and sea-ice
(Figure 3b), where significant declines in coverage have been observed
in recent decades (Alexander et al., 2013). Trends in net TOA flux due to
temperature changes are negative almost everywhere (Figure 3c), while
water vapor trends are predominantly positive, particularly over land
(Figure 3e). Contributions from trace gases are uniform everywhere (Fig-
ure 3d), whereas trends associated with aerosol changes are positive over

Figure 3. Attribution of Clouds and the Earth's Radiant Energy System
net top-of-atmosphere flux trends for 2002/09-2020/03. Shown are trends
due to changes in (a) clouds, (b) surface, (c) temperature, (d) combined
contributions from trace gases and solar irradiance (labeled as “Other”),
(e) water vapor, and (f) aerosols. Positive trends correspond to heat gain
and negative to loss. Stippled areas fall outside the 5%-95% confidence
interval. Numbers in parentheses correspond to global trends and 5%-95%

confidence intervals in Wm™ decade™.

LOEB ET AL.

China, USA, and Europe, and negative over India (Figure 3f).

An additional factor that explains the trend in net TOA flux is the shift
from a negative to a positive PDO index in 2014 (Figure 4a). The PDO is
a large-scale climate pattern associated with substantial shifts in sea-sur-
face temperatures (SSTs) and clouds and has been previously linked to
variability in the EEI as estimated at the TOA by satellite data (Loeb,
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Thorsen, et al., 2018). Following the shift in the sign of the PDO index in 2014, the Nifio3.4 index peaked
during the winter of 2015/2016, reflecting a major El Nifio event (Figure 4b). SSTs started to rise in 2012
and have remained above average through 2020 (Figure 4c). Variations in SST closely track both the PDO
and Nifio3.4 indices, with correlation coefficients 0.80 and 0.72, respectively. In the positive phase of the
PDO, SST increases are pronounced over the eastern Pacific Ocean, which causes a decrease in low cloud
amount and an increase in ASR along the eastern Pacific Ocean (Loeb, Thorsen, et al., 2018). After 2014,
the ASR trend shows a factor of 4 increase over that prior to 2014. An increase in thermal infrared emission
to space slightly offsets the increase in ASR, so that the trend in net flux after 2014 is reduced to 2.5 times
that prior to 2014.

4. Conclusions

The excellent agreement between satellite and in situ trends in EEI obtained in this study demonstrates the
benefits of having independent satellite TOA radiation observations and ocean heat content measurements
for tracking changes in EEI That both produce nearly identical results provides confidence that the trend
toward an increased EEI reported here is robust, since it is unlikely to be due to artifacts in both observing
systems. The positive trend in EEI is a result of combined changes in clouds, water vapor, trace gases, sur-
face albedo, and aerosols, which exceed a negative contribution from increasing global mean temperatures.
At global scale, the aerosol contribution is small compared to other contributions. This may be because only
aerosol direct radiative effects are explicitly calculated as part of the aerosol contribution. Aerosol indirect

Figure 4. Time series of Pacific Decadal Oscillation (PDO), Nifio3.4 and sea-surface temperature (SST). (a) PDO
Index, (b) Nifio3.4 Index and (c) anomalies in SST. Vertical dashed line corresponds to shift in sign of PDO index from
negative to positive in 2014.

6 of 8

SoJ01MIR 5390V UadQ 40} 1daoxa ‘papiwiad Jou AJoLIS S1uoINQLISIP pue asn-ay *[1202/0T/ST] U0 -Sjeuinor N9V Ag “wodAsjimArelqijauljuo-sgndnBey/:sdny wouy papeojumod ‘gy ‘TZ0Z ‘200876T



Acknowledgments

‘We thank the CERES science, algo-
rithm, and data management teams and
the NASA Science Mission Directorate
for supporting this research. G. C. John-
son and J. M. Lyman are supported by
the National Oceanic and Atmospheric
Administration (NOAA) Global Ocean
Monitoring and Observations Program
and NOAA Research. This is PMEL
Contribution 5196 and JIMAR contri-
bution number 20-400.

LOEB ET AL.

Geophysical Research Letters 10.1029/2021GL093047

effects are implicitly included as part of the cloud contribution to EEI—quantifying the aerosol indirect
effect would require model simulations that can be run with and without aerosol-cloud interactions.

Because EEI is such a fundamental property of the climate system, the implications of an increasing EEI
trend are far reaching. A positive EEI is manifested as “symptoms” such as global temperature rise, increased
ocean warming, sea level rise, and intensification of the hydrological cycle (von Schuckmann et al., 2016).
We can therefore expect even greater changes in climate in the coming decades if internal variability asso-
ciated with the PDO remains the same. If the PDO were to reverse in the future, that reversal would likely
act to decrease the rate of heat uptake. Further modeling studies are needed to fully understand the impact
of the increasing trend in EEI on global and regional surface temperature, sea level rise, and changes to the
hydrological cycle.
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