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ABSTRACT

The authors use observations and four GFDLAGCMs to analyze the relation between variations in spatial

patterns and area-averaged quantities in the top-of-the-atmosphere radiative fluxes, cloud amount, and

precipitation related to El Ni~no over the period 1979–2008. El Ni~no is associated with an increase in tropical

average sea surface temperature of order 10.1K (with a maxima of 10.5K), large local anomalies of 12K

(maxima16K), and tropical tropospheric warming of 10.5K (maxima 11K). The authors find that model-

to-observation biases in the base state translate into corresponding biases in anomalies in response to El Ni~no.

The pattern and amplitude of model biases in reflected shortwave (SW) and outgoing longwave radiation

(OLR) follows expectations based on their biases in cloud amount: models with a positive cloud amount bias,

compared to observations, have too strong local responses to El Ni~no in cloud amount, SW, OLR, and

precipitation.

Tropical averageOLR increases in response to El Ni~no in observations andmodels [correlation coefficients

(r) with Ni~no-3.4 index in the range 0.4–0.6]. Weaker correlations are found for SW (r: 20.6 to 0), cloud

amount (r:20.2 to10.1), and precipitation (r:20.2 to 0). Compositing El Ni~no events over the period 2001–

07 yields similar results. These results are consistent with El Ni~no periods being warmer due to a heat pulse

from the ocean, and a weak response in clouds and their radiative effect. These weak responses occur despite

a large rearrangement in the spatial structure of the tropical circulation, and despite substantial differences in

the mean state of observations and models.

1. Introduction

Cloud feedbacks are known to be one of the largest

sources of uncertainty in climate change predictions. A

comparison of GCMs indicates that the cloud feedback

amplifies the earth’s global mean temperature response

to forcing by 10%–50%, depending on the GCM (Bony

et al. 2006). This spread in cloud feedback is not a new

issue, it is a long-standing problem that is crucial to our

ability to make accurate climate change predictions

(Stephens 2005).

Reliable detection of climate change signals in the

observational record is problematic. Hence, in this work

we focus on natural variability, in particular the El

Ni~no–Southern Oscillation (ENSO) as the ENSO pat-

tern involves large changes in cloud distribution, pre-

cipitation, reflected shortwave (SW), and outgoing

longwave radiation (OLR). ENSO is the dominant form

of interannual variability in the tropics, occurring on

a time scale of 2–7 yr. The short time scale and large

amplitude of the signal makes it an ideal natural forcing

to focus on as we have observations of multiple events,

which can be used to study the observations and models

with greater certainty than given by trend analysis over

the observational period.

The warm phase of this phenomenon, El Ni~no, is as-

sociated with large sea surface temperature (SST) in-

creases of up to 28C in the eastern equatorial Pacific.

Tropically averaged SSTs rise by as much as 0.58C dur-

ing a large El Ni~no event, thus providing a significant

forcing on the atmosphere, which responds in a complex

number of ways. The primary atmospheric changes
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associated with an El Ni~no event include a weakening of

the Walker circulation and an eastward shift of the west-

ern Pacific deep convection zone (Collins et al. 2010). In

this paper we examine the relationship between radia-

tion, cloud distribution, precipitation, and ENSO by ex-

amining a variety of observational datasets and model

outputs. The models used are the Geophysical Fluid

Dynamics Laboratory (GFDL) atmosphere-only models,

AM2 [used in the Coupled Model Intercomparison Pro-

ject phase 3 (CMIP3)], the latest generation AM3, and

the High Resolution Atmospheric Model (HiRAM) in

two different horizontal resolutions, c180 and the higher

resolution c360. AM3 and HiRAM have both been sub-

mitted to CMIP5.

2. Data

The time period of themodel runs is 1979–2008 and all

models are forced with SSTs from the Hadley Centre

Sea Ice and SST (HadISST) dataset (Rayner et al. 2003).

AM2 has a resolution of 28 latitude 3 2.58 longitude,
with 24 vertical levels, and uses the relaxed Arakawa–

Schubert convection scheme (GFDL Global Atmo-

sphericModel Development Team 2004). AM3 (described

in depth by Donner et al. 2011) uses a cubed sphere

implementation of the finite-volume dynamical core. It

has the same horizontal resolution as AM2 but with 48

vertical levels, and uses Donner deep convection (Donner

1993; Donner et al. 2001) and Bretherton shallow con-

vection parameterizations (Bretherton et al. 2004). It in-

cludes mesoscale updrafts and downdrafts, which leads to

more detrainment in the midtroposphere than seen in

AM2. The AM3 cloud microphysics are also substantially

different as they include aerosol activation and cumulus-

scale vertical velocities.

HiRAM c180 and c360 have greater horizontal reso-

lutions, with 180 and 360 latitudinal grid points between

the equator and pole, respectively. This corresponds to

a resolution of about 0.58 and 0.258. HiRAM (described

in Zhao et al. 2009) also uses a cubed sphere, has 32

vertical levels, and convection based on Bretherton’s

shallow convection parameterization. The prognostic

cloud fraction scheme used in AM2/AM3 has been re-

placed by a simpler diagnostic scheme assuming a subgrid-

scale distribution of total water.

Observations of the top-of-the-atmosphere (TOA)

radiation budget were provided by the Earth Radiation

Budget Experiment (ERBE; Harrison et al. 1990) and

the Clouds and the Earth’s Radiant Energy System

(CERES; Wielicki and Barkstrom 1996). Global ERBE

S-4G data are available from February 1985 to May

1989, while tropical (i.e., 308S–308N) ERBE S-4G data

are available for the longer period of November 1984 to

February 1990. We have used the Energy Balanced and

Filled (EBAF) version Ed2.6 of CERES, which ac-

counts for uncertainties in absolute calibration of the

measurements and the slight imbalance in net TOA flux

of the current climate, using independent observations

of changes in ocean heat content. These data cover the

period March 2000 to December 2010.

Data from the International Satellite Cloud Clima-

tology Project (ISCCP) were used for the cloud amounts

(Rossow and Schiffer 1991). ISCCP D2 data are avail-

able from July 1983–June 2008. Following ISCCP, the

cloud types are broken into three different layers based

on their height. Low refers to clouds below 680 hPa, mid

to clouds in the range 680–440 hPa, and high clouds are

above 440hPa. The anomaly is calculated as the absolute

increase or decrease (i.e., an increase from 40% to 60% in

cloud amount would be shown as an anomaly of 20%).

In addition to the model outputs of cloud amount,

AM3 was also run with an ISCCP simulator (Webb et al.

2001), and the output from this is more directly com-

parable to the ISCCP data provided. The main advan-

tage of the simulator is the exclusion of optically thin

clouds, which ISCCP cannot detect, as well as low—

midlevel clouds that are obstructed by overlying cloud

decks. For the remainder of this paper the AM3 output

with the ISCCP simulator applied will be notated as

AM3(sim) and the pure model output simply as AM3.

The other models, unfortunately, do not include an

ISCCP simulator product.

Rainfall data were provided by the Global Precip-

itation Climatology Project [GPCP from the National

Oceanic and Atmospheric Administration/Office of

Oceanic and Atmospheric Research/Earth System Re-

search Laboratory/Physical Sciences Division (NOAA/

OAR/ESRL PSD), Boulder, Colorado]. [These data are

available online at their website http://www.esrl.noaa.

gov/psd/ and are described inAdler andHuffman (2003).]

3. Results

a. Tropically averaged time series

Figure 1 shows the tropical mean seasonal cycle for

OLR, SW, and total cloud amount for both observations

and models. The absolute values of the model radiation

and cloud amounts are offset from observations by

various degrees. In the OLR and SW case, the models

are in closer agreement with ERBE observations

(dashed red line) than CERES (solid red line), as ERBE

observations were used in the development of these

models. There are also notable differences in the total

cloud amount in Fig. 1c, with AM3 having more, and the

remaining models having less than ISCCP.
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Figure 2 shows the tropically averaged OLR, SW, and

total cloud amount anomalies plotted as a function of

time. The anomalies are calculated with respect to the

climatological averages, and a 5-month running mean is

applied. Overall, there is reasonable agreement between

the models and observations for OLR and SW (i.e.,

ERBE and CERES for their respective periods), with

the largest differences for OLR over the ERBE period.

Wielicki et al. (2002) report a systematic underestimation

of model variability on multiyear time scales, a result

primarily based on comparison against ERBE nonscanner

data in the 1990s. Comparison against the post-2000 period

of CERES data does not show such a disagreement. Of

particular relevance here is the large discrepancy reported

byWielicki et al. (2002) for the 1997/98 El Ni~no. For that

particular El Ni~no period, Wielicki et al. (2002) show

ERBE nonscanner data to have a maximum OLR

anomaly of roughly 8Wm22 (i.e., about 4–8 times larger

than the responses to the weaker El Ni~nos observed by

CERES). The models shown in their paper have a

maximumOLR anomaly around 2Wm22 for this event,

similar to the those of themodel calculations shown here

in Fig. 2.Wong et al. (2006) have published updated

ERBE nonscanner OLR anomalies for the 1997/98 El

Ni~no of about 5Wm22, the reduction being a result of

calibration adjustments. Hence, at this point it is not

clear to what extent this mismatch is due to model errors

and observational uncertainty.

In the post-2000 period examined in this paper, how-

ever, there is good agreement between models and

CERES observations.

The two areas shaded in gray indicate a 2-yr period

after El Chich�on and Mt. Pinatubo erupted. As seen in

Fig. 2b, the eruptions significantly affect the SW and are

therefore left out of the linear regression in section 3b.

AM2 is the only model that does not have a strong SW

response, as volcanoes were not included in this partic-

ular run. Given that we remove these time periods from

our results and focus primarily on the ERBEandCERES

periods, which are free from eruptions, we believeAM2’s

lack of eruptive volcanoes will not be problematic.

The light red shaded periods in Fig. 2 indicate the El

Ni~no periods (based on the Ni~no-3.4 index criterion;

Trenberth 1997), with the darker shading indicating the

three events during the CERES period that will be used

for much of the analyses to follow.

The cloud anomaly time series (Fig. 2c), shows a

long-term trend in ISCCP that is absent in the models.

This trend is an artifact of the satellite viewing geom-

etry (Evan et al. 2007), and will be discussed further in

section 3c.

b. Tropically/globally averaged linear regression

In this section we analyze the relationship of tropical

(defined as 308S–308N) and global mean quantities with

the Ni~no-3.4 index by means of a linear regression. We

FIG. 1. The seasonal cycle for tropically averaged (a)OLR (Wm22), (b) SW (Wm22), and (c) total cloud amount (%)

for observations and models. Values are calculated over the full length of each dataset.
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linearly regress the averaged TOA radiation budget

against the Ni~no-3.4 index, which is defined as the SST

anomaly calculated over the region 58N–58S, 1208–1708W.

The OLR and SW are first de-seasonalized by removing

the corresponding monthly-mean value. They are then

regressed against the Ni~no-3.4 index for all months over

the various time periods, and the correlation coefficients

are calculated. The 2 years of data after the volcanic

eruptions, El Chich�on and Mt. Pinatubo, have been re-

moved because of their strong effect on the radiation

budget. Three time periods are considered. The first is

February 1985–May 1989, which corresponds to the

ERBE global observation period. The second is January

1979–December 2008, which is the length of the model

runs, and the third is March 2000–June 2008, which

corresponds to the CERES time period overlap with

ISCCP.

The three time periods considered are shown on the x

axis in Fig. 3, with the correlation coefficient on the y

axis. Correlations that are significant at the 95% level

are plotted with larger markers. We find that for data

analyzed here, the slope of the linear regression (not

shown) is generally linearly related to the correlation

coefficient. This result is explained when considering the

ratio of the slope (b) to the correlation coefficient (r),

which is given by

b5
snino3:4

sradiation

r , (1)

where snino3.4 is the standard deviation of the Ni~no-3.4

index, and sradiation is the standard deviation of the ra-

diation. As the monthly Ni~no-3.4 index is model in-

dependent, its variance is constant and the slope is

proportional to the correlation coefficient divided by the

variance in radiation. For the studies here, sradiation is

similar for different models and observations, which

explains the linear relationship between the b and r.

Quantitatively, b ’ 1r 8C (Wm22)21 in the tropics and

b’ 0.5r 8C (Wm22)21 for globally averaged quantities.

Figure 3a shows the correlation of the tropical OLR

with theNi~no-3.4 index to be positive for all datasets and

time periods considered. This indicates that during an

El Ni~no event there is an increase in the OLR. The

FIG. 2. The time series of tropically averaged anomalies for (a) OLR (Wm22), (b) SW (Wm22), and (c) total cloud amount (%). (d) The

Ni~no-3.4 index (8C). Periods affected by volcanic eruptions are shaded gray and El Ni~no periods are shaded red.
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magnitude of the correlation is smallest for ERBE and

AM2. For the CERES period, the correlations for the

other models and the CERES EBAF data are similar,

with a value of about 0.6.

In the SW, the models have a larger spread than in the

OLR, especially when we consider the 2000–08 time

period results. As we are only considering the tropics

here, the spread is attributable to differences in clouds.

For the 2000–08 period, CERES SW observations show

a small correlation of only20.3 with the Ni~no-3.4 index,

which means that there is only slightly less reflected SW

(i.e., an increase in SW absorption) during an El Ni~no

event.

For the case of global OLR regressed against Ni~no-3.4

(Fig. 3b), there is a weaker relationship across the board.

The correlation coefficient is approximately half that of

the tropically averaged values, which implies that the

extratropical response does not contribute significantly

to the global mean. There may also be out-of-phase

contributions from the extratropics that reduce the

global correlation coefficients.

The SW also has a smaller correlation in the global

mean and the spread is centered closer to zero, with very

few correlations significant at the 95% level. This in-

dicates that the SW response to an El Ni~no event is not

as robust as that of theOLR.We therefore conclude that

from a tropical or global average point of view, ENSO

events have a higher correlation and stronger response

in the OLR than the SW. As discussed later however,

this statement does not hold for local effects, which can

be very large in both the OLR and SW due to changes in

the locations of deep convection.

Our calculations show the linear regression of global

average surface temperature against the Ni~no-3.4 index

reaches maximum correlation at a lag of 3 months, in

rough agreement with the 4-month lag found by Trenberth

(2002). Similarly, the tropical average surface tempera-

tures reachmaximum correlation at a 1-month lag. These

lags in maximum correlations are not sharply peaked,

however, and make only small differences in either the

linear regression slope or the correlation coefficient for

TOA radiation.

Given El Ni~no’s seasonal phase locking, where the

strongest events occur at the end of the calendar year, we

also performed the linear regression for just December–

January–February (DJF)months. The tropical correlation

coefficient for OLR (for DJF only) increases compared

to the full annual calculation, with values of 0.8 in the

2000–08 time period. The same is true for the global cor-

relation coefficient, with values as large as 0.6. This in-

crease can be explained by the variance of the Ni~no-3.4

index, which is larger inDJF than in the annual mean, and

therefore accounts for a larger fraction of the OLR vari-

ance in DJF (assuming background noise is roughly con-

stant). This then results in a slightly larger correlation

coefficient during DJF than when the regression is per-

formed across all months. There is no consistent change in

the correlation coefficients for the SW across the three

time periods.

c. Differences between ERBE and CERES
observations

Given the differences between the ERBE and CERES

results in sections 3a and 3b, we investigate these two

datasets more thoroughly. Tables 1 and 2 show the

tropical averages of the ERBE and CERES periods, for

full-year periods in order to eliminate seasonal biases.

CERES has a mean tropical OLR 4.5Wm22 larger

than that of ERBE, and a mean tropical SW 1.5Wm22

smaller than ERBE. Given the fundamental differences

in the ERBE and CERES orbits and postprocessing al-

gorithms, we do not attempt to explain the differences

in the absolute values of tropical mean OLR–SW (see

Raschke et al. 2012 for a detailed discussion). Given our

FIG. 3. Correlation coefficient for (a) tropically and (b) globally

averaged OLR and SW when linearly regressed against the Ni~no-

3.4 index. The largermarkers indicate significance at the 95% level.
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interest in spatial patterns related to ENSO, however,

the spatial patterns of the differences between ERBE and

CERES deserve some attention. Figure 4a shows the

CERES minus ERBE field for OLR after removal of

the area average offset of 14.5Wm22, Fig. 4b shows the

corresponding difference for SWafter removal of the area

average offset of 21.5Wm22.

For large parts of the tropics (e.g., Africa south of the

equator, the Amazon region, and the South Pacific

convergence zone and ITCZ over the Pacific), there is

actually a remarkable anticorrelation between the

changes in OLR and SW. Such an anticorrelation is

expected for changes in the locations of deep convective

clouds (which reduce OLR and increase reflected SW).

The OLR–SW changes mentioned are of order 10Wm22.

This is considerably larger than the CERES OLR–SW

standard deviation of the annual mean, which has maxi-

mum values of 1Wm22 in the tropics.

For compactness, the equivalent of Fig. 4 for the four

models is not shown. The spatial pattern is remarkably

similar to the observations, but there are differences in

magnitude. The variance in Fig. 4a for the observed

OLR is 8.5 (Wm22)2, whereas the variance for AM3, for

example, is 18.9 (Wm22)2.

Since ISCCP spans both periods, one may wonder to

what extent that data can provide additional insights,

specifically also whether the changes in OLR and SW

pattern are consistent with ISCCP cloud changes.

Figure 4c shows the differences in ISCCP total cloud

amount between the two periods, and Fig. 4d shows the

differences in ISCCP high cloud amount. Comparison

between Figs. 4a,b,d shows that indeed the differences in

OLR–SW in the eastern equatorial Pacific sector have

the expected counterpart of an increase in high clouds

north of the equator. Much of the differences in ISCCP

cloud occurrence, however, is quite obviously an artifact

TABLE 1. Climatological mean of tropical OLR, LWCRF,

SW, and SWCRF (Wm22) for the January 1985–December 1989

period.

OLR LWCRF SW SWCRF

ERBE 255.46 32.38 96.03 243.90

AM3 253.41 29.88 98.25 247.75

AM2 257.74 24.36 98.19 248.84

c180 254.89 27.36 100.07 249.49

c360 256.37 25.51 99.23 248.73

TABLE 2. As in Table 1, but for the January 2001–December 2007

period.

OLR LWCRF SW SWCRF

CERES 259.93 27.42 94.55 245.33

AM3 253.72 23.29 98.04 247.51

AM2 258.24 22.72 98.83 249.48

c180 255.01 22.06 99.40 248.82

c360 256.76 21.72 98.34 247.84

FIG. 4. CERES minus ERBE mean (a) OLR (with 4.5Wm22 offset removed) and (b) SW

(with 21.5Wm22 offset removed). Also shown is the difference in ISCCP mean (c) total and

(d) high cloud amount (%) for the CERES minus ERBE. Only full-year periods are used.
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arising from the major satellite changes, as described by

Evan et al. (2007) and Knapp (2008), and prevents any

clear conclusions.

d. Base-state regional results

The tropical average base-state OLR and SW are shown

in Table 1 and 2 for CERES and the four models. The

largest differences between CERES and the models are

6Wm22, with smaller differences between the models

and ERBE, which is not surprising given that the model

development was influenced by the ERBE data. A com-

parison between unbiased rms differences and correlations

against CERES and ERBE show that AM3 agrees better

with observations for SW than AM2 does (Donner et al.

2011), while for OLR the two models perform similarly.

Figure 5 shows the regional OLR difference, with the

area-averaged bias removed, between the models and

the CERES observations over the 2001–07 time period.

The bias for eachmodel is calculated from the base-state

values in Table 2. Despite the identical SSTs there are

strong regional differences in the models. The western

warm pool and Amazon region are persistent problem

areas, particularly for AM2 and AM3. For example, the

bias in the western Pacific in AM3 relative to CERES is

as large as236Wm22. The biases are smaller in HiRAM,

with little influence of the models’ spatial resolution as

HiRAM c180 and c360 are very similar.

The same analysis is performed for the SW in Fig. 6.

Similar toOLR, large differences are seen in thewestern

warm pool, but the maxima are found off the western

coasts of North America, South America, and Africa.

The bias is greatest off the coast of South America in

AM2 and AM3, with a magnitude of 270Wm22, and

the HiRAM models are only slightly better with biases

of order 260Wm22. These regions are dominated by

low-level stratus decks. The models’ negative bias, rel-

ative to CERES, indicates that there are either too few

clouds in this region or that they are not sufficiently

bright so as to reproduce the observed albedo (see Fig.

6). This strong local SW bias is also the dominant signal

when we examine the net TOA radiation budget. This is

because the western Pacific has large local biases in both

the SW and OLR, which cancel in the net to give rea-

sonable agreement with observations. There is no such

local cancellation effect when considering low-level

stratus clouds, as they only have a very small influence

on the OLR, but a large influence on the SW. The small

net SW bias of the tropical average (e.g., 3.5Wm22 for

AM3), implies that the large local biases are compen-

sated by biases of opposite sign in other parts of the

domain.

Analysis of high cloud amount shows that this explains

the large radiation anomalies in the western Pacific, as

AM3(sim) has roughly 1.7 times the high cloud amount

FIG. 5. Climatological mean OLR (Wm22) in models minus CERES observations for

(a) AM3, (b) AM2, (c) HiRAM-c180, and (d) HiRAM-c360. The biases are shown at the top of

each panel.
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reported by ISCCP. The other models also appear to

have significantly larger high cloud amounts than

ISCCP, as shown in Table 3, although it is difficult to say

exactly how much without the use of an ISCCP simu-

lator. Comparison between AM3(sim) and AM3 shows

that the ISCCP method fails to detect about 7% of the

model clouds. The equivalent number for observations

is not known.

It is more difficult to make comparisons between the

observations and models for mid- and low-level cloud

amounts. Although we have the ISCCP simulator for

AM3, the lower level clouds will be partially obscured

byAM3’s excessive high cloud amount. This can be seen

in the differences between AM3(sim) and AM3 for the

mid- and low-level cloud amounts (Table 3), where the

cloud fraction is significantly reduced when the ISCCP

simulator is applied. However, given that all model

outputs have smaller values than ISCCP we can state

that there are too few midlevel clouds in the models.

Exactly what this difference is though is difficult to say.

A similar scenario is likely true for the low-level clouds,

but of course there is now masking from both mid- and

high-level clouds (with the exception of coastal regions

where low-level clouds prevail), so no definitive con-

clusions can be made.

The high cloud base states for ISCCP and the four

models are shown in Fig. 7. ISCCP has a maximum high

cloud amount in the western Pacific of ;30%, whereas

AM3(sim) shows amounts of ;50%. We have broken

down the high cloud fraction into three optical depth (t)

categories—thin (t , 3.6), medium (3.6 , t , 23), and

thick (t . 23)—as defined by ISCCP, and averaged the

cloud amounts over the latitudinal band 308S–308N.

While AM3(sim) overestimates the high cloud fraction

across all optical depths, the difference is largest for the

thin clouds with an overestimation of 10%–15% cloud

amount. The difference for the high clouds of medium

optical thickness is 5%–10% and ,5% for the optically

thick clouds. Also shown on this figure are the total high

cloud amounts for all models, without being run through

an ISCCP simulator. The overestimation of high clouds

is not isolated to the western Pacific, and we see high

cloud amount larger than ISCCP in all four models

across the entire tropical Pacific. In the eastern Pacific

the effect on the radiation budget, however, is not as

large because the absolute values of cloud amount are

FIG. 6. As in Fig. 5, but for the SW.

TABLE 3. Tropical average cloud base-state amount and anomalies

(%) during El Ni~no events for the January 2001–December 2007

period.

High

High

anom Mid

Mid

anom Low

Low

anom

ISCCP 24.25 0.12 12.24 20.09 20.87 20.13

AM3(sim) 40.41 0.05 6.37 20.08 13.29 20.07

AM3 47.26 0.06 9.04 20.11 24.62 20.07

AM2 31.83 20.06 10.80 0.01 25.34 20.00

c180 39.85 20.05 6.07 20.06 26.55 20.07

c360 38.15 20.12 5.24 20.01 26.76 20.06
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lower in both observations and models. As mentioned

above, applying the simulator to AM3 decreases the

high cloud amount by roughly 7%, and while AM2 and

HiRAM still have more high cloud than ISCCP they are

in closer agreement with observations than AM3.

Figure 8 indicates this large high cloud bias of models

against ISCCP is partially compensated for by a bias in

the midlevel clouds. The ISCCP base state has ;15%

midlevel cloud amount in the western Pacific; however,

AM3 with the ISCCP simulator shows 10%. Again, this

difference is primarily due to thin clouds, followed by

clouds of medium optical depth and negligible contri-

bution by the very thick clouds, and extends across the

tropical Pacific. When the ISCCP simulator is applied to

FIG. 7. Climatological mean high cloud amount (%) for ISCCP and AM3 with ISCCP sim-

ulator. The values are meridionally averaged from 308S to 308N and plotted as a function of

longitude for three different optical depth categories: thin, medium, and thick. Dashed lines are

total high cloud amounts from AM3, AM2, HiRAM-c180, and HiRAM-c360.

FIG. 8. As in Fig. 7, but for midlevel clouds.
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AM3 for midlevel clouds there is a decrease in cloud

amount. This difference between the AM3 and AM3

(sim) case is larger than for the high cloud case, and is

presumably caused by the masking effect of higher-level

clouds.

While these results may suggest AM2 cloud amounts

are in better agreement with ISCCP observations, Klein

et al. (2013) used an ISCCP simulator to show that AM3

is in fact an improvement over AM2 for both cloud

properties and SW-relevant cloud properties.

The large SW bias of models against CERES off the

coast of South America is consistent with the bias in the

low cloud amounts of models relative to ISCCP. ISCCP

observations have roughly 10%more low cloud amount

than is shown by AM3 with the ISCCP simulator (figure

not shown). ISCCP also has significantly more low cloud

amount across the entire tropics than is shown by AM3

with the simulator. The bias is smaller for AM2 and

HiRAM, since these models have slightly larger low

cloud amount than AM3, but lack of ISCCP simulator

data products disallows quantification.

e. Local TOA radiation anomalies

In contrast to the tropical average values, local

anomalies frequently have a nonmonotonic relationship

with the Ni~no-3.4 index, rendering the linear regression

approach inadequate. Instead, periods of El Ni~no events

are examined, which are defined to be when the 5-month

running mean of the Ni~no-3.4 index exceeds a magni-

tude of 0.58C for at least 6 months (Trenberth 1997).

Because of the incompletely understood differences

between ERBE and CERES, discussed in section 3c, we

restrict this analysis to CERES data. Figure 9 shows

a composite of theOLR/SW anomalies over the three El

Ni~no events of the CERES time period. These events

occur during April 2002–March 2003, June 2004–June

2005, and July 2006–February 2007 (see Fig. 2). For

these periods, we calculate the PDFs of the anomalies

for the quantities of interest. The anomalies are defined

as the difference between the monthly-mean outgoing

TOA radiation and the climatological mean over the

CERES period. There will be some element of a sea-

sonal bias as we are combining odd numbers of winter

and summer months. However, since we focus on com-

parisons of observations tomodels over identical periods,

the preference for certain seasons is not problematic.

Figure 10a shows the probability distributions of local

OLR anomalies over the tropics for CERES and the

models for all three El Ni~no events. We note a tendency

for the models to have a longer negative tail than the

CERES data, at the expense of small anomalies between

210 and110Wm22, and a longer positive tail for AM3.

Inspection of the maps of the anomalies shows that the

large tail of the negative anomalies in AM3, for exam-

ple, arises from the central Pacific where AM3 has

local anomalies in OLR of up to 299 compared to

256Wm22 for CERES. The PDF of the clear-sky OLR

anomalies (not shown) shows very good agreement be-

tween observations and all models, such that the dif-

ferences in the PDFs of all-sky OLR is a consequence of

the models’ clouds, in particular, upper-tropospheric

convective clouds.

The corresponding SW PDF is shown in Fig. 10b.

Even more pronounced than with OLR, the models

have larger tails than CERES, especially when we com-

pare the probability of large negative anomalies, which

are predominately found in the western Pacific. The large

negative anomalies are due to an eastward shift in con-

vection, which decreases the high cloud amount and

consequently the reflected SW in the western Pacific.

These negative SW anomalies are larger in the models

than in observations because the models overestimate

the optically thick cloud amount in this region, relative

to ISCCP (see Fig. 7). Overall, the variance of the

anomalies during El Ni~no events is larger in models than

observations. As discussed in section 3c, a similar result

FIG. 9. Composite of CERES (a) OLR and (b) SW anomalies (Wm22) during three El Ni~no

events during 2001–07. Anomalies are defined as the difference from the CERES EBAF 2001–

07 climatological mean.
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was also found for the variance in the difference be-

tween the average ERBE and average CERES period,

which was also larger in models than observations.

The tropical average OLR anomalies for El Ni~no

events are shown in Table 4. There is very good agree-

ment between CERES and themodels, perhaps with the

exception of AM2, which has a weak response. Long-

wave cloud radiative forcing (LWCRF), defined as the

clear-sky minus all-sky values, shows the increase in

OLR is no more than 50% due to a reduction in

LWCRF. The remaining increase in OLR is therefore

due to an increase in the clear-sky OLR. The tropical

average SW anomalies are also shown in Table 4. The

SW anomalies in models vary in both sign and magni-

tude as we might expect from the weak correlations

shown in Fig. 3, but are within 0.3Wm22 of the CERES

SW anomaly.

The generally good agreement of tropical average El

Ni~no response in OLR and SW may seem surprising

given the differences in the PDFs of local anomalies.

The implication is that apparently the positive and

negative differences in the PDFs largely cancel, which is

remarkable in particular for the SW where the CERES

and models PDFs differ quite substantially. In the fol-

lowing, we analyze this result in more detail.

f. Scaling of anomalies with the base state

We hypothesize that the differences in the PDFs of

the anomalies are related to differences in the base state

of models and observations. For example, if OLR and

SW are linearly related to cloud amount and total cloud

amount was conserved, the same local fractional change

in cloud amount would result in a stronger OLR and SW

response for the case with a larger base-state cloud

amount. It also follows that for this scenario, differences

in the redistribution of cloud amount in space give dif-

ferences in the shape of the PDF of the anomalies, but

that the sum over all PDFs necessarily evaluates to zero.

In reality, there is not a simple linear relationship

between cloud amount and the cloud radiative effect,

and explaining the behavior of the SW and OLR

anomaly PDFs is not straightforward. However, we find

that this reasoning explains the response in high cloud

amount remarkably well. Figure 11a shows the proba-

bility distribution of high cloud amount during the three

El Ni~no periods for ISCCP, AM3(sim), and the four

model outputs. As in the case of SW and OLR, the

models’ high cloud anomaly PDFs have longer tails. The

models also have larger high cloud amounts in the base

state (section 3d) and, everything else being equal, one

would expect the high cloud anomalies to scale like the

ratio of the base-state cloud amount. From Table 3, we

calculate the high cloud amount ratio for each model

relative to ISCCP and divide the models high cloud

anomalies with this factor. For example, for AM3(sim)

we get a ratio of 40.41/24.25; 1.7 that we divide with the

AM3(sim) high cloud anomalies. The resulting PDFs

are shown in Fig. 11b.While not perfect, it is evident that

the scaled high cloud PDFs of the models are in much

better agreement with the ISCCP anomalies. Quantita-

tively, the root-mean-square (rms) difference between

AM3(sim) and ISCCP decreases from 0.049 (for the

PDFs of raw anomalies) to 0.015 (for the PDFs of the

scaled anomalies). The rms difference also decreases for

FIG. 10. Probability distribution for (a) OLR and (b) SW

anomalies (Wm22) for CERES, AM2, AM3, HiRAM-c180, and

HiRAM-c360 during 2001–07 El Ni~no events.

TABLE 4. Tropical average OLR, LWCRF, SW, and SWCRF

(Wm22) anomalies during El Ni~no events for the January 2001–

December 2007 period.

OLR LWCRF SW SWCRF

CERES 0.35 20.20 20.04 0.10

AM3 0.29 0.05 20.06 0.05

AM2 0.10 20.03 20.01 20.00

c180 0.18 20.11 20.25 0.24

c360 0.23 20.08 20.11 0.10
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each of the 33 months considered, with the exception of

4 months that have small increases in the rms difference

(figure not shown). This result implies that, at least for

high cloud amount, the problem is reasonably linear,

and that (i) biases in the models’ base states are the

primary cause of the local biases in the anomalies during

El Ni~no (as opposed to errors in the redistribution of

convection during El Ni~no); and (ii) that the local biases

in the anomalies during El Ni~no necessarily largely

cancel in the area average.

This scaling of anomalies cannot be used for the mid-

and low-level cloud PDFs because of problems caused

by high cloud masking, which make it difficult to com-

pare ISCCP with models.

We may expect the scaling to work for precipitation,

however, as convective rainfall and high cloud amount

are closely related. The base-state mean precipitation

values are shown in Table 5. All of the models have

largermean precipitation thanGPCP data, by a factor of

approximately 1.2. [It has been suggested that GPCP

may underestimate global mean precipitation. Kato

et al. (2011) argue that the net surface irradiances imply

global mean precipitation about 10%–20% higher than

GPCP, and Stephens et al. (2012) argue based on sat-

ellite observations that global mean rainfall is likely

between the GPCP estimate and 25% higher.]

Despite the models base-state bias in precipitation,

the PDFs of the models anomalies agree surprisingly

well with GPCP observations (figure not shown). There-

fore, scaling of the anomalies has only a small effect on the

PDFs and does not significantly improve the results.

Given the close relationship between high cloud

amount and precipitation, it is perhaps surprising the

model precipitation base states agree better with GPCP

than the model high cloud amount with ISCCP data.

Consequently, the ratio of high cloud amount to pre-

cipitation will be different in models than in observa-

tions. AM3(sim) has a base-state ratio of optically thick

high-level cloud to precipitation of 1.3% (mmday21)21.

ISCCP and GPCP observations put this ratio at ap-

proximately 0.9% (mmday21)21, a lower cloud fraction

per rain rate. During El Ni~no events the tropical average

has perturbations about the base state of order 61% of

the optically thick high cloud and perturbations of order

60.1% in precipitation. Given the unknown signs of

these perturbations, which are dependent on the exact

definition of the base-state period, the change in high

cloud to precipitation ratio during El Ni~no events can-

not be determined reliably.

The large local cloud anomalies average out to small

anomalies in both the tropical and global average. For

the high cloud amounts the largest tropical anomaly in

models and observations is ,0.15% and the largest

global anomaly is,0.25% (as shown in Table 3). ISCCP

has the smallest mean high cloud amount, but has the

largest tropical and global high cloud anomaly. Thus, our

scaling argument only works for the shape of the PDFs but

does not explain the ratio of the tropical mean anomalies.

It is also of interest to note the tropically and globally

averaged values of both LWCRF and SWCRF (Table 4).

The tropically averaged LWCRF anomalies for El Ni~no

events are no greater than 1%of the base-state value and

are even less for the SWCRF. In the global average, these

numbers have decreased further to ,0.2%. This is a

FIG. 11. PDF of (a) raw and (b) scaled high-cloud anomaly (%)

during 2001–07 El Ni~no events for ISCCP, AM3 with and without

simulator, AM2, HiRAM-c180, and HiRAM-c360. Scaling factors

are taken from the biases in base-state high-cloud amounts in

Table 3.

TABLE 5. Climatological mean precipitation (mmday21) for the

January 2001–December 2007 period.

Tropical Global

GPCP 3.01 2.65

AM3 3.68 3.04

AM2 3.64 2.93

c180 3.58 2.97

c360 3.59 2.98
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surprising result given the large biases in the base-state

cloud and radiation fields, as well as the differences in the

high cloud anomaly PDF. It appears that, in both models

and observations, the cloud radiative effect is rather in-

sensitive to perturbations.

4. Summary

Regressing the observed tropical OLR against the

Ni~no-3.4 index results in a strong positive correlation of

0.6. The corresponding correlation coefficient for the

tropical SW case is20.2. The fourmodels analyzed were

found to be in good agreement for the OLR but showed

a large spread for the SW.

There are large differences between the ERBE and

CERES OLR–SW observations. This is evident in not

only the tropically averaged climatological values, but

also in the regional differences between the two time

periods. The cause of the regional differences between

the two time periods is unknown. The four models,

however, all exhibit similar regional differences, which

suggests they are not an artifact of the satellite calibra-

tion and postprocessing, but due to a climatological

difference. Given the general uncertainty surrounding

cloud and water vapor feedbacks, the regional agree-

ment between the satellite observations and the models,

which, among themselves, have substantial differences

in their formulation of clouds and convection, is perhaps

surprising and encouraging.

Comparison of the four models with CERES and

ISCCP data shows large biases in the base states. In the

OLR–SW fields, the biases are large on the regional

scale but agree well with observations in the tropical

mean. The high cloud amount in AM3, for example, is

roughly double that of ISCCP observations in the base

state, thus causing local OLR biases of up to236Wm22,

particularly in the western Pacific warm pool. There are

also SW biases of up to 270Wm22 in the stratus deck

regions, where all four models appear to have too little

low cloud amount. Exact mid–low cloud biases are diffi-

cult to determine because of the masking effect of high

clouds.

The model high cloud amount bias, relative to ISCCP,

is also evident in the anomalies during El Ni~no events.

This is shown by the PDFs of anomalies having much

longer tails for the models than for observations. A

linear scaling approach is introduced, whereby each

gridpoint anomaly is scaled by themodel-to-observation

tropically averaged base-state ratio. This results in the

model PDFs being in much closer agreement with ob-

servations. This works for high cloud amount but not for

OLR–SW, as the tropical average is in close agreement

with observations.

While this scaling argument reasonably explains the

differences in the shape of the PDFs, it provides little

quantitative insight into the behavior of the tropical

average during El Ni~no. For example, in the base state,

AM3 has 1.7 times the high cloud amount observed by

ISCCP. AM3’s high cloud tropically averaged anomaly

during El Ni~no events, however, is only 0.4 times the

corresponding ISCCP high cloud anomaly.

Regardless of the base state, there is a considerable

amount of symmetry and, therefore, cancellation be-

tween the large positive and negative anomalies. This

results in the tropically averaged cloud amount and

cloud radiative forcing anomalies being less than 0.5%

and 0.2% of the base state, respectively.

As seen in sections 3c, 3d, and 3f, the models consis-

tently have larger regional anomalies than seen in ob-

servations, even though they might have a smaller

tropically averaged anomaly. This can have important

implications for calculated values of ‘‘feedback’’ or

‘‘sensitivity,’’ as the models have greater sensitivity than

observations locally, but smaller sensitivity in the trop-

ical mean.
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