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Abstract Based upon the climate feedback-responses

analysis method, a quantitative attribution analysis is con-

ducted for the annual-mean surface temperature biases in the

Community Earth System Model version 1 (CESM1). Sur-

face temperature biases are decomposed into partial tem-

perature biases associated with model biases in albedo, water

vapor, cloud, sensible/latent heat flux, surface dynamics, and

atmospheric dynamics. A globally-averaged cold bias of

-1.22 K in CESM1 is largely attributable to albedo bias that

accounts for approximately -0.80 K. Over land, albedo bias

contributes -1.20 K to the averaged cold bias of -1.45 K.

The cold bias over ocean, on the other hand, results from

multiple factors including albedo, cloud, oceanic dynamics,

and atmospheric dynamics. Bias in the model representation

of oceanic dynamics is the primary cause of cold (warm)

biases in the Northern (Southern) Hemisphere oceans while

surface latent heat flux over oceans always acts to compen-

sate for the overall temperature biases. Albedo bias resulted

from the model’s simulation of snow cover and sea ice is the

main contributor to temperature biases over high-latitude

lands and the Arctic and Antarctic region. Longwave effect

of water vapor is responsible for an overall warm (cold) bias

in the subtropics (tropics) due to an overestimate (underes-

timate) of specific humidity in the region. Cloud forcing of

temperature biases exhibits large regional variations and the

model bias in the simulated ocean mixed layer depth is a key

contributor to the partial sea surface temperature biases

associated with oceanic dynamics. On a global scale, biases

in the model representation of radiative processes account

more for surface temperature biases compared to non-radi-

ative, dynamical processes.

Keywords CESM1 surface temperature bias �
Temperature decomposition � Radiative and

nonradiativeprocesses � Climate feedback-responses

analysis method

1 Introduction

Surface temperature is one of the most important variables

used to characterize climate change (Trenberth et al. 2007).

Climate models must reproduce the observed features of

recent climate (surface temperatures in particular) in order

to lend considerable confidences in their quantitative pro-

jections of future climate change (Solomon et al. 2007). To

achieve this goal, tremendous efforts have made to improve

representations of various physical and dynamical pro-

cesses in climate models. Despite all the significant pro-

gresses made in recent decades, there still exist large

discrepancies between the observed and model simulated

surface temperature field (Randall et al. 2007). These sur-

face temperature biases in climate models are known to be

primarily associated with model biases in water vapor,
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cloud, sea-ice feedbacks, and atmospheric and surface

dynamics (Randall et al. 2007).

Cess et al. (1990) and Zhang et al. (2005) showed that

different representations of clouds and their feedback effect

are crucial factors leading to temperature biases in atmo-

spheric general circulation models (AGCMs). The connection

between cloud and temperature biases in the Community

Atmosphere Model version 4 (CAM4) and version 5 (CAM5)

was recently evaluated by Kay et al. (2012). Though CAM5

(i.e., the atmospheric component of the CESM1; Meehl et al.

2013) has more realistic representations of cloud properties

compared to CAM4, both versions of CAM exhibit large

biases in representing marine boundary layer cloud regimes in

the subtropics and these cloud biases directly translate into

surface temperature biases through both the longwave and

shortwave cloud forcing. In addition to clouds, albedo bias in

models also contributes significantly to surface temperature

biases. For example, Arctic sea-ice biases that lead to surface

albedo biases are documented for models participating in the

Coupled Model Intercomparison Project Phase 3 and 5

(CMIP3 and 5) (Stroeve et al. 2012). In the Community Cli-

mate System Model version 4 (CCSM4), the Arctic sea ice

shows a positive bias in Baffin Bay and a negative bias in the

central Arctic Ocean, both of which are caused by model

deficiencies in simulating the Arctic sea level pressure field

and deep-water formation on the Arctic shelves (Jahn et al.

2012). From a similar perspective, Landrum et al. (2012)

investigated sea-ice concentration biases in the Antarctic

Ocean in CCSM4 and found that the Antarctic Ocean sea-ice

cover in the model is too extensive, which creates an overall

cold temperature bias. Besides sea-ice biases, Danabasoglu

et al. (2012) showed that significant biases in the CCSM4-

simulated ocean mixed layer depth exist in the Southern

Ocean and in the northern North Atlantic. These mixed layer

depth biases contribute to the model sea surface temperature

biases through affecting the volume of heat stored in ocean

mixed layer. For CCSM4, Grodsky et al. (2012) and Munoz

et al. (2012) further reported that a colder North Atlantic and a

warmer South Atlantic compared to the observation is simu-

lated due to model problems in accurately representing the

wind stress over oceans in the simulated wind stress field.

Temperature biases associated with model representations of

surface sensible/latent heat flux were also discussed in

Grodsky et al. (2012).

Despite all the efforts taken by the community to eval-

uate model temperature biases a straightforward and

quantitative analysis that attributes local temperature bia-

ses to model biases in representing various radiative and

non-radiative (dynamical) processes is still missing in the

literature. The purpose of this study is to fill this gap by

conducting a systematic temperature bias attribution ana-

lysis utilizing the coupled atmosphere-surface climate

feedback-responses analysis method (CFRAM) (Cai and

Lu 2009; Lu and Cai 2009). Most recently, the CFRAM

has been adopted by the authors to understand the relative

importance of radiative and dynamical feedbacks (forcing)

in driving global surface and atmospheric temperature

anomalies associated with the El Niño–Southern Oscilla-

tion (ENSO) and the Northern Annular Mode (NAM)

(Deng et al. 2012, 2013; Park et al. 2012). The CFRAM has

also been used to quantify contributions of climate feed-

back processes to the structure of the zonal-mean temper-

ature changes driven by increased atmospheric CO2

concentration in CCSM4 (Taylor et al. 2013). Here, we use

the CFRAM to assess the quantitative contributions of

individual model biases (e.g., albedo, cloud, water vapor,

sensible/latent heat flux, surface dynamics (including oce-

anic dynamics and dynamical processes in the land) and

atmospheric dynamics) to the annual mean surface tem-

perature biases found in the CESM1. We have chosen the

surface temperature record in the European Center for

Medium-Range Weather Forecasts (ECMWF) ReAnalysis

Interim (ERA-Interim; Dee et al. 2011) as a proxy for the

observation to define the model temperature bias given that

(1) the ERA-Interim surface temperature matches well with

real observations and (2) ERA-Interim provides a com-

prehensive list of atmospheric variables that make CFRAM

calculations feasible.

Following this introduction, Sect. 2 provides a brief

description of the mathematical formulation of the

CFRAM and its application to conduct surface temperature

bias attribution for CESM1. Main results are reported and

discussed in Sects. 3 and 4 gives some summary and

discussion.

2 Data and methods

Lu and Cai (2009) introduced the CFRAM by considering

the difference of the total energy balance in a multi-layer

atmosphere-surface column between two time-mean cli-

mate states written as

D
oE
!

ot
¼ D S
! � DR

! þ DQ
!non�radiative

; ð1Þ

where DR
!

and D S
!

are the differences in the divergence of

the longwave radiation flux and the convergence of

shortwave radiation flux, respectively. DQ
!non�radiative

represents differences in the convergence of total energy

flux due to non-radiative, dynamical processes. D o E
!
ot

is the

difference in energy storage, which is negligible if the two

climate states considered are statically steady. Assuming

also negligible impacts due to interactions among various

radiative feedbacks, we may linearize the radiative energy
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perturbations in Eq. (1) and express them as the sum of

partial energy differences due to changes in individual

radiative feedback processes as follows:

D S
! � D S

!ðaÞ þ D S
!ðwÞ þ D S

!ðcÞ
; ð2Þ

DR
! � DR

!ðwÞ þ DR
!ðcÞ þ oR

!

o T
!D T
!
; ð3Þ

where superscripts a, w, and c stand for surface albedo,

water vapor, and cloud, respectively. D T
!

is the total

temperature difference. o R
!

o T
!

� �
is the Planck feedback

matrix. The non-radiative energy difference term in (1) can

be further divided into energy differences related to

changes in surface sensible heat flux, latent heat flux,

surface dynamics (i.e., land and oceanic surface energy

transport), and atmospheric dynamics:

DQ
!non�radiative

¼ DQ
!ðSHÞ

þ DQ
!ðLHÞ

þ DQ
!ðsfc dynÞ

þ DQ
!ðatmos dynÞ

: ð4Þ

In Eq. (4), DQ
!ðSHÞ

; DQ
!ðLHÞ

; and DQ
!ðsfc dynÞ

are energy

differences due to surface sensible, latent heat flux change

and due to surface dynamics change, respectively. By

definition, these three terms have zero values in the

atmospheric layers and non-zero values in the surface

layer. DQ
!ðatmos dynÞ

represents energy differences driven

by turbulent, convective and large-scale atmospheric

motions and it has non-zero values in all the atmospheric

layers and zero values in the surface layer.

Substituting Eqs. (2)–(4) into Eq. (1), rearranging the

terms, and multiplying both sides of the resultant equation

by o R
!

o T
!

� ��1

; we obtain

D T
! � oR

!

o T
!

 !�1

D S
!ðaÞ þ Dð S

! � R
!ÞðwÞ

�

þDð S
! � R

!ÞðcÞ þ DQ
!ðSHÞ

þ DQ
!ðLHÞ

þDQ
!ðsfc dynÞ

þ DQ
!ðatmos dynÞ

�
ð5Þ

Equation (5) states that local temperature differences

between two climate states (D T
!

) can be decomposed into

seven partial temperature differences due to (left to right)

changes in surface albedo, water vapor, cloud, sensible and

latent heat fluxes, surface dynamics, and atmospheric

dynamics. In this study, the two climate states being con-

sidered are the climatological annual mean state of the

CESM1 simulation and the observed climatological annual

mean state based on ERA-Interim. More details of the

CFRAM formulation can be found in Deng et al. (2012)

and Park et al. (2012).

The CFRAM calculation requires input variables of

solar insolation at the top of the atmosphere, atmospheric/

surface temperature, specific humidity, cloud amount,

cloud liquid/ice water content, and surface albedo. Except

for the solar insolation where latitude-dependent, annual

mean values have been used, all of the input variables are

obtained directly from the ERA-Interim (Dee et al. 2011)

and a historical-climate run of CESM1.

ERA-Interim is the latest ECMWF global atmospheric

reanalysis covering the period 1979 to present and has a

horizontal resolution of 1.5� longitude 9 1.5� latitude with

37 pressure levels in the vertical ranging from 1,000 to 1 hPa.

It is used as a proxy for real observations in our analysis.

Since the ERA-Interim is ultimately a blending of real

observations with model physics/dynamics, it is anticipated

that discrepancies between the ERA-Interim and real

observations exist in many fields, particularly cloud-related

variables and surface heat flux estimates. On the other hand,

the quality of the ERA-Interim has been proven by many

recent studies. For example, Decker et al. (2012) evaluated

the fidelity of the ERA-Interim surface fluxes with global

flux tower observations. Standard variables in the Arctic

from multi-reanalysis products were examined by Jakobson

et al. (2012) and the ERA-Interim gave the best overall

performance. Zygmuntowska et al. (2012) validated the

Arctic clouds and surface radiations in the ERA-Interim

through a comparison to satellite retrievals. The reliability of

the ERA-Interim was also investigated for the Antarctic

Ocean (Tastula et al. 2013) and Antarctica (Bracegirdle and

Marshall 2012; Rodrigo et al. 2013). Biases of the ERA-

Interim over the Tibetan Plateau were also shown to be

smaller compared to other reanalysis datasets (Bao and

Zhang 2013; Wang and Zeng 2012). Mooney et al. (2011)

and Szczypta et al. (2011) further showed that the ERA-

Interim is highly correlated with ground-based observations

in Ireland and France, respectively. Here we adopt the ERA-

Interim as a starting point for model-observation comparison

given its reasonable quality and comprehensive list of

available variables. The future plan is to extend the analysis

to other reanalysis products eventually to real observations

over regions they are available.

CESM1 is the latest community climate model devel-

oped at the National Center for Atmospheric Research

(NCAR) and it has the same land, ocean, and sea ice

components as in CCSM4 (Gent et al. 2011), with the

biggest change (e.g., improved representations of radiation,

boundary layer processes and aerosols) occurring in the

atmosphere component (Meehl et al. 2013). The historical-
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climate run of CESM1 covers the period 1850–2005 and is

conducted for model validation purpose. The simulation is

carried out at a horizontal resolution of 2.5� longi-

tude 9 1.9� latitude with 30 hybrid sigma-pressure levels.

Our analysis focuses on the overlapping period between

ERA-Interim and the CESM1 simulation which is the

27 year period of 1979–2005. The first ensemble member

(r1i1p1) of the CESM1’s historical-climate simulation

obtained from the Earth System Grid Gateway (www.

earthsystemgrid.org) is used in the calculation. Since only

the climatological annual mean state is considered here, we

do not expect the results based on other ensemble members

to qualitatively change the conclusions reached by our

study.

To quantify the relative contributions of the seven

processes listed on the right hand side (RHS) of Eq. (5)

to the annual mean surface temperature (skin temperature

over land and sea surface temperature over ocean) biases

in CESM1, we consider the difference between the

CESM1 and ERA-Interim annual mean state and carry

out a process-resolving decomposition of the surface

temperature bias (i.e., CESM1 minus ERA-Interim) fol-

lowing Eq. (5). The radiative energy differences (i.e., the

first three terms in the bracket on RHS of Eq. (5)) and

the Planck feedback matrix are derived by conducting

off-line radiative transfer calculations with the Fu-Liou

radiative transfer model (Fu and Liou 1992, 1993). The

radiative transfer code is applied to the climatological

annual mean values of all the input variables based upon

the ERA-Interim data and the CESM1 output. When

computing cloud-induced radiative energy differences,

using time and domain mean clouds can produce sig-

nificant errors in radiative fluxes due to the unresolved

sub-grid variability of cloudy atmosphere (Pincus and

Klein 2000). To reduce such errors, Taylor et al. (2011a,

b) and Taylor et al. (2013) suggested the Monte Carlo

Independent Column Approximation (MCICA) technique

utilizing a maximum-random overlap cloud generator

(Pincus et al. 2003; Raisanen et al. 2004). In the MCICA

method, each grid-box is subdivided into 100 sub-grid-

boxes and cloud profiles for each sub-grid-box are sto-

chastically generated following the maximum-random

overlap rule. In our study, we essentially followed the

same approach to deal with cloud-related uncertainties in

radiative flux calculations. The total energy differences

due to changes in surface sensible and latent heat flux

are estimated directly from the surface heat flux data of

the ERA-Interim and the CESM1 output. The last two

terms in the bracket on the RHS of Eq. (5), i.e., the

energy differences due to surface dynamics and atmo-

spheric dynamics are estimated as residuals following

Eq. (1) with changes in heat storage neglected.

3 Results

3.1 Decomposition of the CESM1 annual mean surface

temperature biases

The difference of the climatological annual-mean surface

temperature between CESM1 and ERA-Interim (CESM1

minus ERA-Interim), defining the model surface tempera-

ture bias to be discussed, is shown in Fig. 1a. The biases

are statistically significant at the 95 % level over most

regions around the globe. The overall distribution of the

bias is similar to the distribution of the sea surface tem-

perature bias and land surface temperature bias in CCSM4

as documented by Gent et al. (2011). Cold biases dominate

most continental interiors and ocean surfaces with strong

warm biases appearing over coastal regions. Over the land,

Eurasia and Africa show significant cold biases and warm

biases are found in regions surrounding the Mediterranean.

Temperature biases over the North and South Americas

appear to be weak. Large cold biases are found over the

Arctic and the Antarctica. Modest cold biases can be seen

over the North Pacific and the subtropical North Atlantic.

On the contrary, substantial warm biases exist over the

Southern Ocean and relatively weak warm biases are found

over the South Pacific. To facilitate the discussion, we

identify and indicate in Fig. 1b a total of seven regions of

large-magnitude, same sign biases: the Arctic, the Ant-

arctica, North and South Pacific, North and South Atlantic,

and Southern Indian Ocean.

The sum of the partial temperature biases obtained

through Eq. (5) in CFRAM approximately equals the ori-

ginal total temperature bias (Lu and Cai 2009) and the

minor discrepancy between the two arises from the step of

linearizing radiative energy differences. This is verified by

comparing the surface temperature bias directly obtained

from the difference between the CESM1 and the ERA-

Interim (Fig. 1a) with the sum of the partial temperature

biases (Fig. 1b). The spatial structure and magnitude of the

two fields indeed bear a high degree of similarity.

Figure 2 shows the total temperature bias and the seven

partial temperature biases associated with various radiative

and non-radiative processes obtained through CFRAM.

The albedo difference contributes significantly to temper-

ature biases over land and in the polar regions and does not

have obvious impact over oceans (Fig. 2b). Specifically,

albedo effects are dominant over deserts (e.g., the Sahara

Desert and the Great Victoria Desert over Australia), high-

elevation areas (e.g., the Tibetan Plateau, the Rocky

Mountains, and the Andes Mountains), high-latitude Eur-

asia, Alaska, Arctic and the Antarctic Ocean. Cold biases

due to albedo difference exceed 4 K over high-latitude

Eurasia, Alaska, Greenland, and the Antarctic where snow

T.-W. Park et al.
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and sea-ice play important roles in determining surface

temperatures.

Temperature bias associated with water vapor difference

(Fig. 2c) is the major contributor to the total temperature

bias over tropical and subtropical oceans (Fig. 2a). This

indicates that excessive water vapor simulated by the

CESM1 leads to warmer surface temperature over the low-

latitudes, while less water vapor over the tropics induces

cold temperature biases (Gent et al. 2011). Cloud biases in

CESM1 are substantial for low-latitude regions (Kay et al.

2012), which is demonstrated by the large amplitude of the

cloud-induced partial temperature biases (Fig. 2d). Signif-

icant cloud-related cold temperature biases are also found

over the Arctic and the Antarctic Ocean. This is likely

related to the overestimate of cloud and the resulted neg-

ative cloud shortwave forcing over these two regions

(Vavrus and Waliser 2008).

The sensible heat flux difference has non-negligible

contributions to sea surface temperature biases only over

the mid/high-latitude oceans (Fig. 2e). In contrast, the

effect of latent heat flux is seen over most of the oceans,

leading to distinct warm biases over the main oceanic

warm current regions and over the equatorial oceans

(Fig. 2f). Over land, the warm biases due to sensible heat

flux difference are dominant in the mid-latitudes while the

high-latitudes are mainly occupied by cold biases related to

sensible heat flux difference. Over land the partial tem-

perature biases due to latent and sensible heat flux tend to

have opposite signs while the two have the same sign over

oceans.

Surface dynamics includes land surface dynamics and

oceanic dynamics. Land surface dynamics includes energy

biases due to mostly horizontal heat diffusion in the soil

and transport of energy by river run-offs. As an part of the

surface dynamics, oceanic dynamics (Fig. 2g), mainly

reflecting oceanic energy transport, leads to strong positive

partial temperature biases over the Arctic and Antarctic

Ocean, where the total surface temperature biases appear

negative (Fig. 2a). Over the Southern Ocean, surface

dynamics is directly responsible for the formation of the

cold-warm bias bands. And the dipole structure of the bias

(cold bias surrounded by warm bias) over the mid-latitude

Western Pacific and northern North Atlantic is also induced

by surface dynamics. As seen in Fig. 2e–g, the partial

temperature biases due to surface heat fluxes over oceans

tend to counteract the partial biases due to surface (oce-

anic) dynamics. Over land, the warming effects of atmo-

spheric dynamics seem to compensate for the cooling

effect of surface dynamics (Fig. 2h), which means that in

the model, biased energy transport/diffusion in the land

cools the land while biased atmospheric energy transport

works to warm up the land. Biases in atmospheric

dynamics also induce cold temperature biases over the

Arctic, Antarctic Ocean, and tropical-subtropical oceans,

and produce warm biases over mid-latitude oceans.

To quantitatively assess the relative contributions of

individual processes to the mean amplitude of surface

temperature biases over a given region, we calculate a

pattern-amplitude projection (PAP) coefficient following

Park et al. (2012) and Deng et al. (2013). The PAP coef-

ficient is defined as

PAPi ¼ A�1

Z
A

a2DT cos / dk d/

�
A�1

R
A

a2DTiDT cos / dk d/

A�1
R

A
a2ðDTÞ2 cos / dk d/

ð6Þ

where / and k are latitude and longitude, respectively; a is

the mean radius of the earth, and A is the area of the region

under consideration. DT and DTi are respectively the total

temperature biases and partial temperature biases associ-

ated with the ith radiative/dynamical process at an indi-

vidual grid-point. The primary reason why we use PAP

instead of spatial averages is due to the possibility of the

(a) (b)

Fig. 1 a The annual-mean surface temperature bias (K) in CESM1,

expressed in terms of the difference between CEAM1 and ERA-

Interim (CESM1 minus ERA-Interim). b The sum of partial

temperature anomalies (K) derived through CFRAM according in

Eq. (5). The contour in a indicates the 95 % level of statistical

significance. The black solid boxes in b indicate the regions selected

for PAP calculations (see the text for more details)
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existence of temperature biases of opposite signs over the

region under consideration. For example, if the partial

temperature biases due to water vapor difference are lar-

gely positive over the region being considered, using

weighted spatial average to quantify the overall effect of

water vapor bias would be fine. However, if water vapor

bias leads to both negative and positive partial temperature

biases over the region being considered, area averages will

lead to significant cancellation of the signal. PAP, on the

other hand, is essentially defined as the weighted area

average of the observed temperature bias multiplied by a

‘‘pattern projection coefficient’’. The sum of the pattern

projection coefficients calculated for all radiative/dynami-

cal processes gives exactly 1. This leads to a fact that the

sum of all the PAPs due to various processes for a given

region equals exactly the area average of the total

(a) (b)

(c) (d)

(e) (f)

(g) (h)

Fig. 2 The annual-mean CFRAM-derived partial temperature anomalies (K) due to a total bias, b albedo bias, c water vapor bias, d cloud bias,

e sensible heat flux bias, f latent heat flux bias, g surface dynamics, and h atmospheric dynamics

T.-W. Park et al.
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temperature bias over this region. PAP thus provides a

balanced measure of both the structural and amplitude

impact of individual radiative and dynamical process.

Figure 3 shows PAP coefficients of the seven individual

processes for globe, land, and ocean. Figure 3a indicates that

the global mean surface temperature bias (-1.22 K) is

mostly contributed by cold biases due to albedo (-0.80 K),

cloud (-0.48 K), surface dynamics (-0.68 K) and com-

pensated by warm biases due to sensible (0.30 K) and latent

(0.67 K) heat fluxes. The global mean impacts of water vapor

and atmospheric dynamics are relatively small. Over land

(Fig. 3b), albedo is the main driver, contributing -1.20 K to

the total cold bias of -1.45 K. Biases in clouds and surface

dynamics add additional cold biases of -0.43 and -0.67 K,

respectively (Fig. 3b). The surface temperature bias aver-

aged over the global oceans is -1.12 K, to which albedo,

cloud, oceanic dynamics, and atmospheric dynamics con-

tribute -0.59, -0.51, -0.67, and -0.57 K, respectively

(Fig. 3c). Sensible and latent heat flux counteract the mean

cold bias over global oceans and induce partial warm biases

of 0.38 and 0.86 K, respectively (Fig. 3c). The PAP values

associated with water vapor are negative but very weak for

all three domains considered in Fig. 3.

PAP coefficients are also computed for the Arctic and the

Antarctica where cold biases prevail as shown in Fig. 1. Over

the Arctic (Fig. 4a), albedo, cloud, and atmospheric dynamics

contribute respectively -3.13, -3.11 and -3.77 K to the

mean cold bias of -5.84 K in this region. Over the Antarctica,

albedo, sensible heat flux, and surface dynamics generate

partial cold biases of -2.40, -2.58 and -2.46 K, respec-

tively. And these partial cold biases are partly counteracted by

a warm bias of 1.86 K related to atmospheric dynamics,

yielding a mean cold bias of -6.28 K over the Antarctica.

Figure 5 shows the PAP coefficients for the five ocean

basins marked in Fig. 1b. Oceanic dynamics is overall the

most important factor in determining regional sea surface

temperature bias. Sensible and latent heat flux reduce the

mean bias by counteracting biases associated with oceanic

dynamics. Specifically, the CESM1 model has mean cold

biases of respectively -0.69 and -0.55 K over the North

Pacific and the North Atlantic out of which respectively

-1.19 and -3.64 K are contributed by oceanic dynamics

(Fig. 5a, b). The mean biases for the South Pacific, the South

Atlantic, and the Southern Indian Ocean, on the other hand,

are positive (0.12, 0.31 and 0.62 K, respectively), with

oceanic dynamics clearly driving these warm biases

(Fig. 5c–e). Over the South Pacific, water vapor contributes

0.13 K to the overall warm bias while cloud produces a

partial cold bias of -0.12 K. The influences of water vapor

and clouds over rest of the ocean basins do not appear sig-

nificant. The finding here of positive contributions oceanic

dynamics to the overall temperature biases in the North

Atlantic and South Atlantic are consistent with the results of

Munoz et al. (2012) where Atlantic sea surface temperature

biases are largely attributed to surface wind stress and the

associated oceanic energy transport. The overall contribu-

tions of albedo and atmospheric dynamics to the ocean

temperature biases are small compared to other processes.

3.2 Understanding the causes of the obtained partial

temperature biases

We next examine the causes of the CFRAM-derived partial

temperature biases reported above. Note that within the

(a)

(b)

(c)

Fig. 3 Pattern-amplitude projection (PAP) coefficients of the seven

partial temperature anomalies (K) for a globe, b land, and c ocean
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(a) (b)

Fig. 4 Pattern-amplitude projection (PAP) coefficients of the seven partial temperature anomalies (K) for a Arctic and b Antarctic. The regions

are defined in Fig. 1b

(a) (b)

(c)

(e)

(d)

Fig. 5 Pattern-amplitude projection (PAP) coefficients of the seven partial temperature anomalies (K) for a North Pacific, b North Atlantic,

c South Pacific, d South Atlantic, and e Southern Indian Ocean. The regions are defined in Fig. 1b

T.-W. Park et al.
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scope of the current analysis, an explicit assessment of the

details of the biased model surface and atmospheric

dynamics is impossible due to the ‘‘off-line’’ approach

adopted and the fact that energy perturbations related to

dynamics are estimated as residuals. However, the assess-

ment for bias of oceanic dynamics is possible in the

(a) (b)

(c) (d)

(e) (f)

Fig. 6 Annual-mean biases of a, b sea-ice cover (Unit is fraction.), c, d snow cover (Unit is fraction.), and e, f albedo-related partial temperature

anomaly (K) of CESM1 from ERA-Interim for (left) the Northern Hemisphere (45�–90�N) and (right) the Southern Hemisphere (90�–45�S)
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‘‘off-line’’ approach through oceanic mixed layer depth

(OMLD) bias implicitly showing the stored heat and the

relevant temperature biases.

As seen in Fig. 2b, major impacts of albedo are found

over high-latitude lands, the Arctic/Antarctic Ocean, and

the Antarctica where snow and sea-ice play crucial roles in

surface energy budget. Figure 6a indicates that CESM1

significantly overestimates sea-ice over the Greenland Sea,

the Barents/Kara Sea, the East Siberian Sea, and sea of

Okhotsk, and underestimates sea-ice over the Beaufort Sea

and the Hudson Bay. More sea-ice leads to higher surface

albedo and cools the surface. The partial surface temper-

ature bias related to albedo presented in Fig. 6e is therefore

largely consistent with the distribution of the CESM1

Arctic sea-ice bias with the exception for the central Arctic

and north of Alaska (Fig. 6a). The central Arctic and north

of Alaska have weak cold biases despite negative sea-ice

biases. Weak positive biases of snow cover are indeed

found over the central Arctic (figure not shown). Blazey

et al. (2013) has shown the positive biases of Arctic Ocean

sea-ice snow depth in CCSM4, compared with in situ

observation. These biases contribute to the cold biases by

slightly changing albedo. Over the Antarctic Ocean,

CESM1 overestimates sea-ice over the Australian Antarc-

tic Basin and the Weddell Sea, and underestimates sea-ice

over the Enderby Abyssal Plain, the Amundsen Sea, and

around the Antarctic Peninsula (Fig. 6b). The geographical

distribution of positive (negative) sea-ice biases again

agrees well with the partial cold (warm) temperature biases

due to albedo effect (Fig. 6f).

We next evaluate the influence of snow cover bias over

high-latitude lands on albedo-induced partial temperature

biases. Since the ERA-Interim does not provide fractional

snow cover, snow cover here is estimated from snow depth

through an empirical relationship (Jeong et al. 2013; Niu

and Yang 2007):

fsno ¼ hsno=ð10� z0;g þ hsnoÞ ð7Þ

where fsno is snow cover (in fraction), hsno is snow depth (in

meter), and z0,g (= 0.01 m) is the ground roughness length.

In Fig. 6c, overestimations of snow cover in the CESM1

model are found over the northern Eurasia, Alaska, and the

northern Canada. This leads to positive surface albedo

biases and thus partial cold biases related to albedo

(Fig. 6e). Snow cover is generally underestimated over

West Europe, where partial warm biases related to albedo

are present. In a similar way, a partial cold bias over the

Antarctica is clearly tied to a weak positive bias of snow

cover in this region (Fig. 6d, f).

The model bias of tropospheric specific humidity is

shown Fig. 7a and its spatial distribution matches with that

of the partial temperature bias due to water vapor (Fig. 2c).

There is also general agreement between the humidity bias

and the surface radiative heating rate bias (Fig. 7b) in the

sense that a positive (negative) humidity bias leads to

positive (negative) surface heating bias. This confirms that

surface temperature bias related to water vapor is largely

dominated by the longwave (‘‘greenhouse’’) effect of water

vapor (Fig. 7d) while the shortwave effect of water vapor

(Fig. 7c) tends to counteract the longwave effect. As a

result, positive biases of water vapor in the subtropics are

responsible for partial warm biases shown in Fig. 2c and

the equatorial partial cold bias is related to an underesti-

mate of the water vapor.

Clouds always remain a major source of uncertainty in

climate models. Figure 8a shows the CESM1 annual mean

bias of cloud fraction, and its distribution is in agreement

with those in CAM4 and CAM5 documented by Kay et al.

(2012). The CESM1 in general overestimates cloudiness

over the tropics and the Northern Hemisphere except the

Arctic where an underestimate occurs. The CESM1 also

tends to underestimate subtropical marine stratocumulus

clouds, resulting in negative biases of total cloud fraction

(Kay et al. 2012). Figure 8b shows the surface radiative

heating bias resulted from cloud bias (i.e., cloud forcing

bias) and its distribution closely resembles that of the

cloud-induced partial temperature biases shown in Fig. 2d.

Comparing Fig. 8a and b, the cloud forcing bias in low-

and mid-latitudes except Europe and East Asia has signs

opposite to the corresponding cloud fraction bias. This

indicates that these regions are dominated by shortwave

cloud forcing (SWCF), as plotted in Fig. 8c. Over high-

latitude regions (Europe and East Asia), negative (positive)

cloud fraction biases lead to negative (positive) cloud

forcing at the surface, consistent with the presence of

strong cloud longwave forcing (LWCF) which is shown in

Fig. 8d. Due to the major role of LWCF, over both the

Arctic and Antarctic, negative biases in cloud fraction are

responsible for significant cloud-induced partial cold biases

(de Boer et al. 2012).

Figure 9a shows the annual mean bias of surface sen-

sible heat flux in the CESM1. The sign of the bias is almost

always opposite to the partial temperature bias due to

sensible heat flux shown in Fig. 2e since positive sensible

heat flux bias means more conductive heat release from the

surface to the atmosphere resulting in cooling of the sur-

face. The CESM1 simulates excessive sensible heat flux

over mid/high-latitudes and less sensible heat flux over

low-latitudes. These biases are responsible for partial cold

biases over mid/high-latitudes and partial warm biases over

low-latitudes. Figure 9b plots the annual mean bias of

latent heat flux. Following a similar argument, it has

opposite signs compared to the corresponding partial

temperature biases shown in Fig. 2f. Latent heat flux is the

flux of heat from the surface to the atmosphere that is

associated with evaporation or transpiration of water at the
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surface, thus positive (negative) bias of latent heat flux

causes a decrease (increase) in temperature at the surface

through more (less) evaporation or transpiration. The

impact of latent heat flux bias is more substantial over the

globe compared to that of sensible heat flux bias. Inter-

estingly, while biases of sensible and latent heat flux show

opposite signs over land, they tend to have the same sign

over ocean.

(a) (b)

(c) (d)

Fig. 7 Annual-mean biases of a tropospheric specific humidity from surface to 250 hPa (Unit is kg/kg.), b surface heating rate (Unit is W m-2.),

c surface shortwave heating rate (Unit is W m-2.), and d surface longwave heating rate (Unit is W m-2.) of CESM1 from ERA-Interim

(a) (b)

(c) (d)

Fig. 8 Annual-mean biases of a total cloud fraction (Unit is fraction.), b surface cloud forcing (Unit is W m-2.), c surface shortwave cloud

forcing (Unit is W m-2.), and d surface longwave cloud forcing (Unit is W m-2.) of CESM1 from ERA-Interim
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Heat stored within the oceanic mixed layer is one of the

important factors regulating sea surface temperature and

the thickness of the mixed layer determines the heat con-

tent that can directly interact with the atmosphere

(Montegut et al. 2004). We calculate the OMLD in the

CESM1 as a starting point to examine the cause of the

biases in oceanic dynamics. Following Danabasoglu et al.

(2012), the OMLD is defined as the depth at which

potential density changes by 0.125 kg m-3 with respect to

its surface value. The observed OMLD is derived from the

Polar Science Center Hydrographic Climatology (PHC2)

potential temperature and salinity data. For the model,

potential temperature and salinity simulated by the ocean

component of the CESM1 (i.e., Parallel Ocean Program

Version 2 (POP2)) are used. Figure 9c shows the difference

of the annual mean OMLD between the CESM1 and

PHC2. The gross features of this difference are in agree-

ment with the OMLD biases identified in CCSM3 and

CCSM4 (Danabasoglu et al. 2012). The fact that the spatial

distribution of the OMLD bias in the CESM1 resembles

that of the partial temperature bias due to oceanic dynamics

(Fig. 2g) indicates that the former is a major contributor to

the biases of oceanic dynamical processes in the model.

Comparing Fig. 9c with Fig. 2g, positive (negative)

OMLD biases are associated with partial warm (cold)

biases, consistent with the regulating role of the heat stored

in the oceanic mixed layer. Specifically, the large OMLD

biases over Southern Ocean and midlatitude Western

Pacific, and northern North Atlantic match very well with

the strong temperature biases resulted from oceanic

dynamics in these regions. Over the Atlantic Ocean south

of about 40�S, there is notable mismatch between the

OMLD bias and the partial temperature bias resulted from

oceanic dynamics, indicating other oceanic dynamical

processes (e.g., large-scale energy transport) might be

playing a more important role.

3.3 Radiative versus non-radiative bias

In Eq. (5), seven partial temperature biases can be classi-

fied into two groups: those resulted from radiative energy

biases and those related to non-radiative (dynamically-

induced) energy biases (Lu and Cai 2009). The former

includes albedo, water vapor, and clouds which are tied to

model physics. The latter includes terms more closely

driven by the model dynamics i.e., sensible/latent heat flux,

surface dynamics, and atmospheric dynamics.

Figure 10a shows partial temperature biases due to

biases of all the radiative processes, derived as a sum of

Fig. 2b–d. In Fig. 10a, the most notable features are cold

biases over the Arctic, high-latitude lands, the circumpolar

Antarctic, and the Antarctica where albedo and cloud

biases make major contributions (Fig. 2b, d). Warm biases

over ocean between 10�S and 60�S largely originate from

water vapor and cloud biases, which also contribute to the

North Pacific and the North Atlantic warm biases. Except

for Australia and North America where warm bias (due to

albedo) prevail, majority of lands are dominated by cold

biases resulted from model biases in radiative processes.

As a sum of Fig. 2e–h, the contribution of the non-radiative

bias is shown in Fig. 10b. Comparing Fig. 10a and b, we

found that surface temperature biases due to biases in

radiative and non-radiative processes have the tendency to

roughly compensate for each other with except over the

polar regions.

In Fig. 10c we plot the sum of partial temperature biases

over only regions where the contribution of radiative bias

exceeds the contribution of non-radiative bias. Figure 10d

(a)

(b)

(c)

Fig. 9 Annual-mean biases of a surface sensible heat flux (Unit is

W m-2.), b surface latent heat flux (Unit is W m-2.), and c ocean

mixed layer depth (Unit is m.) of CESM1 from ERA-Interim
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shows the same except for regions where the contribution

of non-radiative bias exceeds radiative bias. Regions

dominated by radiative biases include the Arctic, the

Antarctic Ocean, Antarctica, northern Siberia, Africa, the

equatorial Pacific, and some portions of the Southern

Ocean. Non-radiative biases, on the other hand, turn out to

be more important over the North Pacific, the North

Atlantic, and the Indian Ocean. Note that the dipole

structure bias over northern North Atlantic is separated

here into a radiative-origin cold center and a non-radiative-

origin warm band surrounding the cold center. To quanti-

tatively assess the relative importance of radiative and non-

radiative biases in generating the total bias, we next count

the number of total, radiative-origin, and non-radiative-

origin grid-points for globe, land, ocean, the Arctic, and the

Antarctica (Table 1). The radiative and non-radiative bia-

ses have a dominant impact on respectively 6,306 (64.0 %)

and 3,546 (36.0 %) grid-points among a total of 9,852

significant grid-points over the entire globe. The ratio of

the radiative-origin regions is greater over land (70.4 %)

compared to that over the globe. Over ocean, however, the

number of grid-points of radiative-origin decreases and that

of non-radiative-origin increases: 4,216 (61.2 %) for the

former and 2,667 (38.8 %) for the latter. For the Arctic and

the Antarctica, over 90 and 70 % of regions, respectively,

are controlled by the radiative biases.

4 Summary and discussion

This study applies a new feedback analysis method

(CFRAM) to quantify the relative contributions of seven

radiative (physical; albedo, water vapor, and cloud) and

non-radiative (dynamical; sensible/latent heat flux, surface

dynamics, and atmospheric dynamics) processes to the

annual mean surface temperature biases in CESM1’s sim-

ulation of the present-day climate. The cold surface tem-

perature bias of CESM1, on a global scale, is mainly

contributed by cold biases associated with model biases in

albedo, cloud, and surface (land and oceanic) dynamics

while the warm biases are largely due to biases in sensible/

latent heat flux. Over land, albedo-related temperature bias

is the most important contributor to the total surface

(a) (b)

(c) (d)

Fig. 10 The annual-mean CFRAM-derived partial temperature

anomalies (K) due to a radiative (water vapor ? cloud ? albedo)

process (physics), b non-radiative (sensible/latent heat flux ? surface

dynamics ? atmospheric dynamics) process (dynamics). The sum of

partial temperature anomalies (K) where c radiative processes are

more dominant than non-radiative processes and d non-radiative

processes are more dominant. The grid-points where exceed the 95 %

level of statistical significance in Fig. 1a are expressed as shadings

Table 1 The number of total, radiative-origin, and non-radiative-

origin grid-points for globe, land, ocean, Arctic, and Antarctica

Total Radiative [ non-

radiative

Radiative \ non-

radiative

Globe 9,852 6,306 (64.0 %) 3,546 (36.0 %)

Land 2,969 2,090 (70.4 %) 879 (29.6 %)

Ocean 6,883 4,216 (61.2 %) 2,667 (38.8 %)

Arctic 1,194 1,109 (92.9 %) 85 (7.1 %)

Antarctica 1,203 897 (74.5 %) 306 (25.5 %)
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temperature bias. Over ocean, cold biases tend to come

from albedo, cloud, oceanic dynamics, and atmospheric

dynamics while sensible and latent heat flux tend to com-

pensate for the cold biases by generating partial warm

biases. The large cold bias over the Arctic results mainly

from model biases in albedo, cloud, and atmospheric

dynamics. The cold bias over the Antarctica, on the other

hand, is contributed by model biases in albedo, surface

sensible heat flux and surface dynamics. Oceanic dynamics

drives the overall cold (warm) surface temperature biases

over the Northern Hemisphere (Southern Hemisphere)

ocean basins while surface sensible and latent heat flux

tend to compensate for the temperature biases generated by

oceanic dynamics.

The overestimate of sea-ice and snow cover in CESM1

lead to an overall positive albedo bias, thus cold temper-

ature biases over the Arctic, Antarctic and northern high-

latitude lands. The positive (negative) specific humidity

bias near surface contributes significantly to the warm

(cold) surface temperature biases in the subtropics (tropics)

due to the longwave (i.e., greenhouse) effect of water

vapor. Compared to low-latitudes, the relatively small

concentration of moisture in the extratropics shows much

weaker impacts on surface temperature biases. The cloud

fraction bias in CESM1 contributes to the surface tem-

perature bias through the dominant SWCF over low/mid-

latitude and the dominant LWCF over high-latitude, Eur-

ope, and East Asia. In particular, it is evident that the

(a) (b)

(c) (d)

Fig. 11 (Left) DJF-mean and (right) JJA-mean CFRAM-derived partial temperature anomalies (K) due to a, b albedo bias and c, d cloud bias

(a) (b)

Fig. 12 Differences of the annual-mean surface temperatures (K) between a CESM1 and HadCRU4 (CESM1 minus HadCRU4) and b ERA-

Interim and HadCRU4 (ERA-Interim minus HadCRU4)
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negative cloud fraction bias over the Arctic and circum-

polar Antarctic contributes to the negative surface tem-

perature biases through reduced LWCF. Positive

(Negative) biases of the sensible and latent heat flux in

CESM1 lead to partial cold (warm) bias through increased

(reduced) heat release from the surface by conduction and

evaporation/transpiration, respectively. Over ocean,

increased (decreased) heat storage induced by the positive

(negative) bias of OMLD is associated with the warm

(cold) sea surface temperature biases driven by oceanic

dynamics.

In terms of the overall contributions to the surface

temperature biases from radiative/physical and non-radia-

tive/dynamical processes, biases of direct radiative origins

(albedo, water vapor, and cloud) are found over more

regions compared to biases of direct non-radiative origins.

More specifically, on a global scale, radiative-origin biases

dominate over approximately 64 % of the area while non-

radiative-origin biases dominate over 36.0 % of the area.

Over land, the percentage of region dominated by radia-

tive-origin biases reaches about 70 %, whereas over ocean

the significance of radiative-origin biases is less than that

on a global scale. For the Arctic and the Antarctic, tem-

perature biases of radiative-origin again dominate.

Note that all results presented here are based on annual

mean states. It is well-known that feedback processes in the

climate system are season-dependent (Taylor et al. 2011b).

To see how the seasonality might affect the partial tem-

perature biases we discussed here, we conduct the same

analysis for DJF-mean and JJA-mean conditions. Com-

paring the two seasons, albedo and cloud biases stand out

as two terms that are most different. Figure 11 shows the

partial temperature biases due to albedo and cloud biases in

DJF and JJA. As reported in Taylor et al. (2011b), the

largest contribution of surface albedo bias to surface tem-

perature bias occur at high-latitudes in summer time

(Fig. 11a, b). According to Fig. 11, cold biases shown in

Fig. 2b actually include the Antarctic cold bias in DJF and

the Arctic cold bias in JJA, again demonstrating the

importance of surface albedo feedback during summer time

in polar regions. Over high-latitudes, cloud bias tends to

cause significant partial warm biases in summer and sig-

nificant cold biases in winter (Fig. 11c, d).

We want to emphasize here that further interpretations

of the results of this analysis must be done cautiously given

that the model-observation discrepancies diagnosed here

depends on the overall quality of the ERA-Interim data.

For example, a comparison between the model surface

temperature bias based on the Hadley Climate Research

Unit version 4 (HadCRU4) temperature data (Morice et al.

2012) (Fig. 12a) with that based on the ERA-Interim

(Fig. 1a) shows that although the two share very similar

overall features, the ERA-Interim tends to have more

positive biases over ocean compared to HadCRU4. Com-

paring the ERA-Interim with HadCRU4 data directly

(Fig. 12b), we see that large differences between reanalysis

and observation indeed occur over oceans. Given these

differences and the fact that CFRAM calculations are done

on a local basis (e.g., column by column), the results we

obtained over land are closer to a true dissection of the

CESM1 surface temperature biases while the results

obtained over ocean are closer to an analysis of the dif-

ference between two models (i.e., the CESM1 and the

model that produces the ERA-Interim).

It is demonstrated in this study that CFRAM is an effi-

cient ‘‘off-line’’ diagnostic method for quantifying the

relative contributions of individual physical and dynamical

processes to model temperature biases. The results of

quantitative attribution obtained through CFRAM provide

critical information for model developers to effectively

trace origins of model biases and initiate targeted effort for

model improvement. Future work includes further exam-

inations of the seasonality of the decomposition and a

further partitioning of the atmospheric dynamical effect

into various components related to advective and convec-

tive processes through ‘‘online calculation’’ to partition the

sub-components during model integrations.
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