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Abstract

ENSO variability has a seasonal phase-locking, with SST anomalies on average
decreasing during the beginning of the year and SST anomalies increasing during
the second half of the year. As a result of this, the ENSO SST variability is smallest
in April and the so call ‘spring barrier’ exists in the predictability of ENSO. In this
study we analysis how the seasonal phase-locking of surface short wave
radiation associated with cloud cover feedbacks contribute to this phenomenon.
We base our analysis on observations and simplified climate model simulations.
At the beginning of the year, the warmer mean SST in the eastern equatorial
Pacific leads to deeper clouds whose anomalous variability are positively
correlated with the underlying SST anomalies. These observations highlight a
strong negative surface short wave radiation feedback at the beginning of the
year in the eastern Pacific (NINO3 region). This supports the observed seasonal
phase-locking of ENSO SST variability. This relation also exists in model
simulations of the linear recharge oscillator and in the slab ocean model coupled
to a fully complex atmospheric GCM. The Slab ocean simulation has seasonal
phase-locking similar to observed mostly caused by similar seasonal changing
cloud feedbacks as observed. In the linear recharge oscillator simulations
seasonal phase-locking is also similar to observed, but is not just related to
seasonal changing cloud feedbacks, but is also related to changes in the
sensitivity of the zonal wind stress and to a lesser extent to seasonally change
sensitivities to the thermocline depth. In summary this study has shown that the
seasonal phase-locking, as observed and simulated, is linked to seasonally
changing cloud feedbacks.
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1. Introduction

The El Nino Southern Oscillation (ENSO) variability is the leading mode of
interannual climate variability. It is marked by a pattern of sea surface
temperature (SST) anomalies in the tropical Pacific with largest amplitudes in
the central to eastern equatorial Pacific. The SST variability tends to be strongest
in boreal winter and weakest in boreal spring. This seasonal phase-locking is an
important characteristic of ENSO, as it indicates that the underlying dynamics
controlling the evolution of this mode are state dependent. It is also important
for predicting the evolution of ENSO, as only models that can simulate the
seasonal phase-locking and the associated ‘spring barrier’ correctly are able to
simulate the growth and decay of SST anomalies adequately. The correct phase
locking is also important for the correct simulation of the ENSO teleconnections,
as many teleconnections display strong seasonal phase-locking too.

A realistic seasonal phase-locking of ENSO is still a significant challenge for most
state-of-the-art Coupled General Circulation Models (CGCMs) [e.g. Bellenger et
al, 2014 and Rashid and Hirst, 2015]. Models from the Coupled Model Inter-
comparison Project (CMIP) version 3 and 5 have significant problems in
simulating the right seasonality of ENSO in both, the seasonal phase and in its
amplitude. Rashid and Hirst [2015] found that the biases in the cloud simulations
are key in controlling the ENSO phase-locking biases in the ACCESS model
simulations.

The dynamics that cause the seasonal phase-locking are yet not fully understood,
although it has been studied in a number publications [e.g. Chang et al., 1995,
Tziperman et al,, 1995, Jin et al.,, 1996, Harrison and Vecchi, 1999, Neelin et al,,
2000, Stein et al. 2010, Stuecker et al., 2013, McGregor et al., 2013, Ham et al,,
2013, Levine and McPhaden, 2015 or Zhu et al, 2015]. Most of these studies
discuss the ENSO phase-locking in the context of stochastic chaos theory, but do
not address, which physical process of the seasonal cycle do cause the ENSO
phase locking. Harrison and Vecchi [1999], Stuecker et al. [2013] and McGregor
et al. [2012, 2013] argue that the southward wind shift or second mode of zonal
wind stresses is causing the termination of ENSO in the spring season. Thus they
argue that seasonally changing sensitivities in the zonal wind is leading to the
ENSO phase-locking. Zhu et al. [2015] found that the thermocline-SST feedbacks
may be one of the causes for ENSO spring persistence barrier. Stein et al. [2010]
and Levine and McPhaden [2015] both analysed the seasonality in the growth
rate of the recharge oscillator model and found that this is able to explain the
spring barrier.

In general ENSO dynamics are a result of different processes interacting [e.g.
BJERKNES, 1969, Jin, 1997, Neelin et al, 1998 or Dommenget, 2010]. These
include oceanic, atmospheric and coupled processes. The main interactions
between the zonal wind stress, SST and the thermocline depth which create
anomaly growth are often summarized as the Bjerknes feedbacks [BJERKNES,
1969]. The simple Recharge Oscillator (ReOsc) model of Jin (1997) combines
these growth mechanisms with mechanisms for the anomaly decay. This model
has been further simplified by Burgers et al. [2005], which describes ENSO as a
recharge and discharge of heat content along the whole equatorial Pacific forced
by zonal wind stress in the central equatorial Pacific and atmospheric heat fluxes
over the NINO3 region (5°S to 5°N / 150°W to 90°W).
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The ReOsc model coupled to a fully complex atmosphere model has been used to
study ENSO dynamics by Frauen and Dommenget [2010] and by Yu et al. [2015].
Both studies found that realistic seasonal ENSO phase-locking exists in the ReOsc
model simulations. In both model simulations the ocean dynamics are linearized
with constant (seasonally not changing) model parameters. Thus, indicating that
the seasonality of ENSO in these simulations results entirely from the
atmospheric zonal wind stress and heat fluxes. Yu et al. [2015] also found SST
variability with the same seasonal phase-locking as the observed ENSO in a
configuration of the model which included only a Slab Ocean with constant 50m
depth (i.e., no upper ocean dynamics). In this simulation seasonality of SST
variability results entirely from atmospheric heat fluxes only. Thus these
simplified models of tropical SST variability suggest that realistic ENSO seasonal
phase-locking can result from atmospheric processes only.

The ENSO dynamics have also been analysed in the context of cloud feedbacks
[e.g. Barnett et al, 1991, Waliser et al, 1994, Wang and McPhaden, 2000 or
Guilyardi et al., 2009]. It is in general argued that surface short wave cloud
feedbacks tend to dampen the ENSO variability. However, in some situations
they can be positive feedbacks too [e.g. Dommenget et al., 2014]. Dommenget et
al. [2014] argue that the cloud feedbacks are SST state dependent, with warmer
SSTs favouring negative cloud surface short wave feedbacks and colder SSTs
favour more positive cloud feedbacks. The role that cloud feedbacks play in the
context of the seasonal phase-locking have so far not been addressed.

The aim of this study here is to analyse the relationship between ENSO seasonal
phase-locking and the seasonally changing cloud cover feedbacks in observations
and in simplified model simulations. We will illustrate that cloud cover feedbacks
change seasonally in a way that supports the observed seasonal phase-locking of
ENSO. We will also illustrate that in some simplified coupled model simulations
the seasonally changing cloud cover feedbacks are the main cause of the ENSO
seasonal phase-locking.

The paper is organized as follows: The following section describes datasets and
the model simulations used in this study. In section 3 we analyse the observed
seasonal phase-locking and its relation to cloud cover feedbacks. In section 4 and
5 we illustrate the seasonal phase-locking in the slab ocean and the ReOsc model
simulations. The study is concluded with a summary and discussion.

2. Observations, Models and Methods

Observed SSTs are based on the HADISST dataset from 1870 to 2011 [Rayner et
al., 2003]. Cloud cover observations from 1984 to 2002 are taken from the ISCCP
dataset [Rossow and Schiffer, 1999]. The NCEP reanalysis [Kalnay et al., 1996]
cloud cover or short wave surface radiation are not used in this study. Cloud
cover observations are not assimilated into the NCEP reanalysis and the cloud
cover variability in the ISCCP and NCEP dataset appear to be significantly
different from each other. The ISCCP observations are therefore preferred.

In this study three different hybrid coupled GCM model simulations are studied
that all use the same atmospheric GCM model, but differ only in the formulation
of the simplified ocean models. These are the same model simulations studied in
Yu et al. [2015]. The main elements of the model simulations are presented
below, but for details on the model development see Yu et al. [2015]. The
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atmospheric GCM in all three simulations is a low-resolution version (3.75° x
2.5°) of the Australian Community Climate and Earth System Simulator (ACCESS)
model of the UK Meteorological Office Unified Model AGCM with HadGEM2
physics [Davies et al., 2005, Martin et al., 2010, Martin et al., 2011 and Bi et al,,
2013]. In all three simulations the ocean is simulated with simplified models and
SST climatologies are forced to be similar to the observed by either prescribing
the mean SST or by flux corrections.

The first ocean model is a Slab Ocean model with constant mixed layer depth of
50m:

dSST(#,t) . .
a atmos (%, t) + Fo (x' t]’) [1]

Where y is the heat capacity of the 50m mixed layer and Fasmos is the net heat flux
into the ocean. The flux correction, Fy, is a state-independent flux correction that
forces the model to have the same mean SST climatology as observed. Both SST
and Famos are functions of location, X, and time, t, and Fy is a function of location
and calendar day of the year, t.. Thus this SST tendency eq. [3] models the SST at
every grid point for each time step. We refer to this model as the Slab simulation.

The second ocean model utilises the slab ocean component outside of the
tropical Pacific (20°S-20°N, 130°E-70°W), while within the tropical Pacific
region SSTAs are calculated with the low order 2-dimensional recharge oscillator
toy model similar to Frauen and Dommenget [2010] (the model is referred to as
ReOsc). The ReOsc toy model from Burgers et al. [2005] is given by two coupled
differential equations of SST anomalies in the NINO3 region, 7, and the
thermocline depth anomalies over the whole equatorial Pacific, h:

ar(t)

P a;;T(t) +ah(t) + ¢ (2]
dz(tt) = ayT(t) + axh(t) +{; [3]

The two equations are forced by stochastic noise terms {; and {,. The model
parameters az; and az; represent the damping (or growth rate) of T and h, and
the parameters a;z and az; the coupling between T and h. In the ReOsc simulation
eqs. [1] and [2] are coupled to the atmosphere model leading to the equations:

ar( (

o2 = anoT(6) + arh(®) + apAr(e) + L2 [4]
dh A

"8 = a510T(8) + azh(t) + S az,7(t) [5]

where fis the averaged Fumos anomaly in NINO3 region and 7 is averaged zonal
wind stress anomaly in the central Pacific (6°S-6°N, 160°E-140°W). A is a free
coupling parameter that is tuned in sever iterations as done in Frauen and
Dommenget [2010]. a;10 and a,;, are the residuals of the original parameters
a,; and a,, that exclude the linear relation to 7 and f with T from atmospheric
feedbacks with regression coefficients C;r and Csr, respectively. Thus a,;, and
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a,1o represent the oceanic feedbacks to the tendencies to T as function of T and
h. The atmospheric feedbacks are included in f and 7, which also include the
atmospheric stochastic forcings.

As the ReOsc model only represents temperatures in the NINO3 region,
anomalies of tropical Pacific temperature were generated by multiplying the
modelled NINO3 anomalies with the pattern of the recharge oscillator
component, Pgos.(X) (see Yu et al. [2015]) . The SST climatology of the Slab
model, SST,;im (55, tj), was added before coupling with the atmosphere:

SST(;C)' t) = SSTClim(f' tj) + T(t) ’ PReOsc(-’_C)) [6]

The third ocean model (referred to as ReOsc-Slab) considers both Slab Ocean eq.
[3] and the ReOsc model eqs. [4-6] in the tropical Pacific (20°S-20°N, 130°E-
70°W) leading to the SST equations:

dSST (%,t) N >
=2 = Fammos (%, 1) + Fo(%,1;) [7]

+Preosc(X) * [a110T (£) + a2 h(t) + agAt(0)] - v~

Each of the three model simulations is 500yrs long. The model parameters
(v, A @110, Q2105 A12, A22, Cor and Crr) of all three simulations are constants
without any seasonal cycle, see Table 1. Thus all seasonal changing
characteristics in these three simulations must result from seasonal changes in
the characteristics of Famos (in the Slab Ocean and ReOsc-Slab simulation) or
from fand 7 (in the ReOsc and ReOsc-Slab simulation).

The ReOsc model eqgs. [2] and [3] can also be used to estimate the model
parameters from observed or simulated T and h statistics [Burgers et al., 2005:
Jansen et al, 2009]. The effective ReOsc parameters a,;, a,,,a,; and a,, are
estimated for the model simulations statistics by multivariate linear regression.
The model parameters of eqs. [4-7] and the statistical sets of the parameter do
not need to be the same and in general will not be the same due the interaction of
different processes and due to the atmospheric forcings not simply being a linear
function of the NINO3 SST. The parameters of eqs. [4-7] are by construction
constants without any seasonal cycle. The effective estimates of the ReOsc toy
model parameters (eqs. [2] and [3]) based on the regression on the T and h
statistics from the ReOsc simulation can be seasonally changing. The effective
statistical ReOsc parameters a44, a;,, a,; and a,, are estimated for each calendar
month.

All analyses presented here are based on monthly mean data, with the anomalies
defined for each data set or model simulation individually relative to the data or
models mean seasonal climatology. Seasonal lag-lead correlations are based on
monthly data, with comparing a particular calendar month of the first variable
(presented on the y-axis in the figures) with the lag/lead month of the second
variable. The calendar month of the other variable is relative to the first variable
(e.g. for calendar month 7 in the first variable a lag of +3 refers to calendar
month 4 in the second variable).
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3. Observed seasonal phase-locking

The observed SST standard deviation in the NINO3 region (150°W to 90°W/5°S
to 5°N) is strongest in boreal winter (November to Jan) and weakest in boreal
spring (March to April), see Fig. 1. Thus SST anomalies tend to decrease in
amplitude, in average, from December to April and in turn SST anomalies tend to
grow in amplitude, in average, from April to December. These different average
tendencies at different parts of the calendar year can be illustrated by the lag-
lead correlation between the SST and its tendencies (derivative) as a function of
calendar month, see Fig. 2. The average, over all months, lag-lead correlation
between the SST and SST tendencies (black line in Fig. 2a) is asymmetric around
zero lag, with positive SST tendencies leading the SST evolution, zero cross
correlation at zero lag and negative SST tendencies lagging the SST. This is
illustrating that in average the SST tendencies build up the SST anomalies as
much as they decrease them after the SST peak. However, focusing on individual
calendar months, this lag-lead relation is not equally balanced around zero lag. In
October (red line in Fig. 2a), for instance, the SST tendencies have a positive
correlation at lag zero and for SST leading the SST tendencies. This illustrates
that SST anomalies are in average still increasing in October. In turn, in February
the SST tendencies are negative at lag zero and even when the SST tendencies
are leading, indicating that SST anomalies are in average decreasing in February.
The complete picture is shown in Fig. 2b. We can see that at the beginning of the
year the SST tendencies are more negative and in the later half of the year the
SST tendencies are mostly positive.

The different tendencies at different seasons of the year indicate state dependent
feedbacks and forcings. As discussed in the introduction, ENSO has a number of
processes influencing the feedbacks and forcings and thus the SST tendencies. It
is beyond the scope of this study to analyse all elements of the ENSO dynamics,
but we shall focus here on the role of the cloud feedback. A starting point to
understand the seasonal changes in the cloud feedbacks is the mean SST
climatology along the equatorial Pacific (Fig. 3a). The beginning of the year
marks the warmest season in the central to eastern equatorial Pacific SSTs. It is
during this season that the SSTs are warm enough to allow deep convection and
the associated deeper and higher clouds. This is reflected in the mean cloud
cover, which increases during the warm season (Fig. 3b). Most importantly the
cloud feedback is increasing substantially, which is illustrated in Fig. 3c by the
linear regression of the total cloud cover with the underlying SST. In particular
over the NINO3 region we see a very clear change in the linear regression
between cloud cover and SST, see Fig. 4a. At the beginning of the year we have
strong regression with more than 10% total cloud cover change per degree SST
anomaly along the equator. In the later half of the year, however, total cloud
cover is almost independent of the SST anomalies for most of the eastern
equatorial Pacific. This is consistent with the state dependent cloud feedbacks
discussed in Dommenget et al. [2014].

This seasonality suggests a stronger negative surface short wave cloud feedback
in the beginning of the year: positive SST anomalies are counteracted by stronger
negative surface short wave flux anomalies. We can roughly estimate the
strength of a linear cloud feedback in the NINO3 region SSTAs with the strength
of the linear regression coefficient between cloud cover and SST in the NINO3
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region, rss;, (Fig. 4a) and by assuming a short wave cloud albedo of about a ;y,q =
0.5. The linear damping by SST can then be written as:

Feioua = —Tsst (tj) " Qcloud " Sor (tj) T [8]

with Sor(tj)as the incoming solar radiation (constant 420W/m?). F,;,,4 is shown
in Fig. 4b. The strength of the surface short wave cloud feedback in the NINO3

MZ/ in March to about —2 Mz/

m<K m<K
(Fig. 4b). The values are on average similar to the short wave surface radiation
feedbacks values found in Bellenger et al. [2014]. We can illustrate that such a
seasonally changing cloud surface short wave feedback can lead to seasonally
phase-locking of SST with similar timing to that observed. For this we consider

the simple toy model:

region is changing from about —30 in November

dT
)/E: —C T + Fooua + Fnoise [9]

Here the heat capacity, y, is assumed be that of a 20m mixed layer, which is about
the average mixed layer depth in the NINO3 region Lorbacher et al. [2006]. The
linear damping independent of the cloud cover, ¢ = -7.4W/m?, which results into
a net average linear damping of about -17W/m?2. This value is similar to that
estimate for observations in Bellenger et al. [2014]. The SST standard deviation
of the model in eq. [9] integrated with a time step on one day over 104 years and
noise forcing of 100W/m? is shown in Fig. 4c. Qualitatively the seasonal phase-
locking of the SST in the simple toy model is similar to that observed, with
minimum SST variability in April and increasing SST variability to later half of
the year by about 50%.

4. Slab Ocean seasonal phase locking

We now take a look at the seasonal phase-looking in the Slab Ocean coupled
simulation. In Fig. 1 we can see that the seasonal phase-looking of SST variability
is qualitatively similar to that observed, but the overall variability is weaker than
observed. The cross-correlation between SST and the SST tendencies over the
different calendar months is also very similar to the observed, with negative
tendencies dominating at the beginning of the year and positive tendencies
dominating in the middle and the later half of the year (Fig. 5a). In the Slab Ocean
model the SST tendencies are directly proportional to the net atmospheric heat
fluxes, Fatmos. Thus the same cross-correlation is found between Famos and SST,
see Fig. 5d. This is different in the other two simulations (ReOsc and ReOsc-Slab),
in which SST tendencies are not solely forced by Famos and subsequently the
cross-correlation between Famos and SST is not the same as the cross-correlation
between SST tendencies and SST.

In the coupled Slab Ocean simulation the SST tendencies are the sum of the four
components of Fumoes: short wave (Fsw), long wave (FLw), sensible (Fsense) and latent
(Flatent)- The cross-correlation of these four components with the SST is shown in
Fig. 6. This illustrates that the Fsw is the primary cause of the simulated seasonal
phase-locking, as it closely matches the cross-correlation between SST-
tendencies and SST (Fig. 5a). Frw, is mostly counter acting Fsw, as expected since
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both are related to cloud cover changes, but with mostly opposite heating effects.
Flatent is dominated by negative cross-correlation with SST, indicating that it is
mostly damping the SST variability through out the whole year with an exception
around March to June, where positive Fjaen: anomalies lead the SST anomalies
indicating it causes growth of SST variability in this part of the year. Fsense is also
similar Fsw and to the observed seasonal phase-locking, indicating it also
supports the observed seasonal phase-locking of SST anomalies. However, the
amplitudes of Fsense anomalies are fairly small (not shown) and it is thus not
important for the SST tendencies overall. In summary, we find that the seasonal
phase-locking in the Slab Ocean is essentially caused by the seasonal changing
Fsw forcings and thus it is caused by seasonal changes in the cloud cover
feedbacks.

The seasonally changing short wave feedback along the equatorial Pacific in the
Slab Ocean simulation is illustrated in Fig. 7a. In the first half of the year negative
correlation of total cloud covers with SST dominates in the eastern Pacific, which
represents a negative cloud surface short wave radiation feedback for the SST
and is consistent with the picture discussed above (Fig. 6a). In the later half of
the year the sign of the cross-correlation changes towards positive correlation,
which indicates a more positive cloud short wave radiation feedback for the SST.
This picture is roughly consistent with the observed seasonal changes in the
cloud cover feedbacks (Fig. 3c). However, in the model simulation the positive
correlation between short wave and SST in the eastern equatorial Pacific would
correspond to a negative cloud cover vs. SST regression, which in observations is
not as strong (in the far east; Fig. 3) or is actually still weakly positive (in parts of
the eastern Pacific; Fig. 3). It is also consistent with the picture that during
warmer SSTs (see Fig. 3a) the cloud cover is in a deep convection regime and in
that it leads to negative cloud surface short wave radiation feedbacks, thus
representing a state-dependent cloud feedback [Dommenget et al., 2014].

5. Recharge Oscillator seasonal phase locking

The seasonal phase-locking of the SST in the ReOsc model is also similar to
observed and similar to that in the Slab Ocean model (Fig. 1 and 5b). However,
the dynamics causing this similarity to the observed phase-locking are different
from that in the Slab Ocean simulation, despite both utilising the same
atmospheric model. The difference results from the different underlying SST
equations of the ReOsc simulation compared to the Slab Ocean model (see model
section 2). In the ReOsc model the SST tendencies (eq. [4]) are forced by four
different terms related to temperature, wind stress, thermocline depth and net
heat flux. The relative seasonal damping (or growth rate) effect of the different
terms in eq. [4] can be illustrated by the linear regression of the net heat flux,
wind stress and thermocline depth onto the NINO3 SST anomalies, see Fig. 8.
Here each regression is scaled by its contribution to eq. [4] for better relative
comparison.

The net heat flux is damping through out the whole year, but the damping is
strongest in boreal spring and weakest in the later half of the year. This is similar
to the Slab model simulation and is consistent with the lag zero cross-correlation
between net heat and SST shown in Fig. 5e. Again we find that the short wave is
damping at the beginning of the year and amplifying in the later half of the year
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(Fig. 6e). The correlation between short wave radiation and SST along the
equator is also similar to that in the Slab Ocean simulation (Fig. 7b).

The wind stress has a net growing tendency for the SST throughout the year, but
it is weakest at the beginning of the year and strongest in the middle of the year.
This also supports the seasonal phase-locking of the SST evolution. The
thermocline depth has damping tendencies for the SST at the beginning and end
of the year and growing tendencies in the middle of the year. This also supports
the right seasonal phase-locking of the SST evolution, although shift to slightly
earlier in the year and even starting at the end of the calendar year. In the
classical picture of ENSO it is the thermocline depth that drives the SST evolution
and the atmospheric heat flux is damping. This picture is also valid in the ReOsc
simulation, where the net heat flux is mostly damping the SST evolution. The
thermocline depth has the out of phase seasonal cross-correlation with SST that
is consistent with a driving force (Fig. 9). Thus in the ReOsc simulation the
thermocline depth is mostly the driving force of the SST evolution and the net
heat flux is mostly a damping.

The relative importance of the three different forcing terms in causing the
seasonal phase-locking can be evaluated by the amplitude of the seasonal
changes in Fig. 8 as each of the terms shown in Fig. 8 was scaled by the
parameters in the equivalent terms of eq. [4]. The wind stress and the net heat
flux have similarly large contributions to the seasonality, whereas the
thermocline depth contributes slightly less. Thus the seasonality in the ReOsc
model is a combination of the seasonally changing sensitivities to wind stress,
net heat flux (mostly due to the short wave) and the thermocline depth.

The seasonality in the dynamics of the ReOsc simulation can also be well
captured in the seasonality of the effective ReOsc model parameters (Fig. 10a;
see methods section for details) following the approach of Burgers et al. [2005]
and Frauen and Dommenget [2010]. The seasonality of all four effective ReOsc
parameters and of the two forcing terms estimated over the 500yrs of the ReOsc
simulations are shown in Fig. 10a. We can note that the only significant
seasonality exist in the damping of the SST. All other parameters, including the
noise forcing terms, have very little seasonality. The effective seasonality in a;; is
consistent with the combined effect of the three forcing terms shown in Fig. 8
and the remaining SST damping term with a;;o in eq. [4].

We can integrate the ReOsc toy model egs. [2] and [3] with the effective seasonal
parameters as shown in Fig 10a and with random white noise forcing terms to
illustrate how the seasonality of the SST would be according to the effective
seasonal parameters. The seasonal phase locking of the seasonal ReOsc toy
model is essentially the same as the ReOsc simulation (Fig 10b). If we integrate
the toy model again with all effective seasonal parameters, but with the annual
mean value of the effective a;; parameter (blue line in Fig. 10b), then the SST
seasonal phase locking is essentially not present. In turn if we integrate the toy
model again with the annual mean values of all the effective parameters and only
the effective seasonal a;; parameter (red line in Fig. 10b), then the SST seasonal
phase locking is essentially the same as in the complete seasonal toy model. Thus
the damping or growth rate of the ReOsc model (a;i:) is the main parameter
causing the seasonality in the ReOsc simulation. Similar results were also found
by Stein et al. [2010] and Levine and McPhaden [2015] by analysing the recharge
oscillator fitted to observed data.
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The ReOsc-Slab simulation combines the ReOsc and Slab model equations, and
the resulting SST variability is a non-linear interaction between the two model
equations as discussed in Yu et al. [2015]. The SST variability is larger than in the
Slab and ReOsc simulation indicating that the interaction between the two is
enhancing the SST variability (Fig. 1). It is also large than would be expected
from a linear superposition of two independent sources of SST variability as
discussed in Yu et al. [2015].

It is very similar to the ReOsc simulation in all seasonal phase-locking
characteristics discussed above. A noticeable difference is that the seasonal
phase-locking is shifted by about a month or two. This is related to the shift in
the seasonal growth rate and damping in the wind stress and thermocline
forcing (Fig. 8b and c). The surface short wave cloud feedbacks are qualitatively
the same as in the ReOsc and Slab ocean only simulations. In summary, the
ReOsc-Slab simulations suggest that the combine SST variability of ReOsc and
Slab ocean dynamics are essentially similar to the ReOsc simulation, but the non-
linear interactions complicate the dynamics slightly.

6. Summary and Discussion

In this study we examined the role of surface short wave cloud feedbacks in the
seasonal phase-locking of ENSO. We analysed observed total cloud cover and
three different hybrid coupled GCM model simulations with simplified ocean
models. The simplified ocean models included a slab ocean model, a recharge
oscillator model and a model that combines the slab and recharge oscillator
equations. The simplified models have the advantage that the interactions
causing the ENSO SST variability are strongly simplified and in the case of the
slab ocean model simulation are just a result of surface heat flux forcings.

The observed relationship between total cloud cover and SST along the
equatorial Pacific has a pronounce seasonal cycle, with a strong positive
correlation between SST and total cloud cover in the eastern part of the
equatorial Pacific at the first half of the year and nearly no or a negative
correlation in the later half of the year. The strong positive correlation between
SST and total cloud cover falls into the warm season of the eastern equatorial
Pacific, which is also marked by more total cloud cover and by a deep cloud cover
regime in contrast to the cold seasons in which shallower clouds are dominant.
This is consistent with the SST state-dependent cloud feedbacks described in
Dommenget et al. [2014].

A simple estimate of the surface short wave effect of the seasonal correlation
between total cloud cover and SST suggests that the damping by surface short
wave will be strongest in March and weakest in the second half of the year. An
integration of a simple mixed layer heat budget equation suggests that such a
seasonal changing short wave feedback could lead to seasonal phase-locking that
is qualitatively similar to that observed. However, it should be noted that here
we only considered the effect of cloud surface short wave feedbacks, neglecting
the effect of total cloud cover on surface long wave feedbacks and how clouds
may affect the radiation budget within the higher levels of the atmosphere. The
surface long wave radiation will in general have compensating effects. It is
beyond the scope of this study to discuss all elements of seasonal feedbacks or
other cloud related feedbacks. This needs to be addressed in future studies.
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The Slab ocean simulations showed a seasonal phase-locking in NINO3 SST
variability that is qualitatively similar to observed, albeit with a reduced
amplitude. This as such is interesting as this model is entirely driven by
atmospheric heat fluxes only. The analysis of the heat flux components in the
Slab simulation revealed that the surface short wave heat fluxes are the
dominant contributor of this modelled seasonal phase-locking. This in turn
indicates that the total cloud cover short wave feedbacks in the Slab simulation
are the main driver of the seasonal phase-locking. The Slab, ReOsc and ReOsc-
Slab simulations all have seasonally changing correlation between SST and
surface short wave along the equatorial eastern Pacific that are supporting the
observed seasonal phase-locking of ENSO.

In the ReOsc and the ReOsc-Slab simulations the seasonal phase-locking is more
complicated than in the Slab simulations and is not only caused by seasonally
changing surface short wave cloud feedbacks. In the ReOsc simulation the
essential seasonality is in the damping or growth rate (ai1 parameter) of the
recharge oscillator model (eq. [2]), as it was also found by Stein et al. [2010] and
Levine and McPhaden [2015]. This seasonally changing damping or growth rate
results from three factors, i) the seasonally changing net heat flux damping
(mostly the short wave), ii) the zonal wind stress sensitivity, and iii) slightly less
from the thermocline depth forcing.

In the real observed ENSO the interactions leading to the seasonal phase-locking
are likely to be more complicated than found in the simplified models used here,
as more processes are involved in the ENSO dynamics that are not considered
here. A good example for this is the mechanism described by Harrison and
Vecchi [1999] and McGregor et al. [2013]. They found that the discharging of
equatorial warm water volume (changes in zonal mean thermocline depth)
related to meridional shift of zonal wind is causing the spring termination of
ENSO events. This mechanism is not explicitly simulated in the simplified
simulations discussed here. Thus it seems that a number of processes in the
ocean and atmosphere are contributing to the seasonal phase-locking of ENSO,
but this study emphasizes the potentially prominent role of cloud feedbacks
which had not been considered previously.

The importance of seasonally changing cloud feedbacks in controlling the ENSO
seasonal phase-locking may have some important implication for CGCM
simulations. Current state of the art CGCM in the CMIP5 database have
substantial problems in simulating the observed cloud feedbacks [e.g. Bellenger
et al, 2014 or Dommenget et al., 2014]. They also have still significant problems
in simulating the right seasonal phase-locking of ENSO, which at least in the
ACCESS model appear to be related to the simulations of the clouds [Rashid and
Hirst, 2015]. Much of these cloud and seasonal phase-locking problems are likely
be related to biases in the SST cold tongue. Improving the representation of
cloud feedbacks in the tropical Pacific will most likely lead to a substantial
improvement in the seasonal phase-locking of ENSO.
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Figures

Figure 1.: NINO3 SST standard deviation versus calendar month for
observations and different model simulations.

Figure 2.: Left: auto-correlation of NINO3 SST (dotted) and cross-correlations of
NINO3 SST with the SST tendencies for all calendar month (black solid),
February (blue) and October (red). Right: cross-correlations of NINO3 SST
with the SST tendencies vs calendar month of SST. Positive lags indicate the
SST is leading the SST tendencies and the calendar month is relative to the
SST.

Figure 3.: (a) mean SST along the equator. (b) mean cloud cover. (c) regression
of cloud cover on SST. Averaging is done from 5°S to 5°N.

Figure 4.: Simple cloud feedback model: (a) linear regression of total cloud
cover to SST in the NNINO3 region (mean of the values shown in Fig. 3). (b)
Linear atmospheric damping parameter. (c) SST standard deviation in the
simple cloud feedback toy model. See text for details.

Figure 5.: Seasonal cross-correlations: upper row: between SST and SST
tendencies. Lower row: between SST and net heat flux. First column for the
Slab, second ReOsc and third for the ReOsc-Slab simulation. Positive lags
indicate the SST is leading and the calendar month is relative to the SST.

Figure 6.: Seasonal cross-correlation between SST and the heat flux
components, SW (first column), LW (second column), sensible heat (third
column) and latent heat (last column) for the Slab Ocean (first row), ReOsc
(second row) and the ReOsc-Slab simulation (last row). Positive lags indicate
the SST leading the heat flux evolution.

Figure 7.: Seasonal cross-correlation between SST and short wave along the
equator (5°S - 5°N) for the Slab Ocean (a), ReOsc (b) and the ReOsc-Slab
simulation (c).

Figure 8.: Seasonal regressions in the ReOsc (blue lines) and ReOsc-Slab (green
lines) simulations: NINO3 SST vs. net heat (a), zonal wind stress in the central
Pacific vs. NINO3 SST (b) and thermocline depth vs. NINO3 SST (c). All
regression values are scaled by the corresponding parameters in eq. [4] to
have the same scale in terms of monthly SST tendencies per SST.

Figure 9.: Seasonal cross-correlation between thermocline depth and SST in the
ReOsc (a) and ReOsc-Slab simulation (b). Positive lags indicate the SST
leading the thermocline depth evolution and the calendar month is relative to
the SST.

Figure 10.: (a) The effective seasonal recharge oscillator parameters (eqs.[1]
and [2]) estimate from the ReOsc simulation. (b) Seasonally resolved NINO3
SST standard deviation of a Monte Carlo integration of the recharge oscillator
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model (eqs.[1] and [2]) with different combinations of the effective seasonal
parameters in (a). See text for details.
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Figure 1: NINO3 SST standard deviation versus calendar month for observations and dif-
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Figure 2: Left: auto-correlation of NINO3 SST (dotted) and cross-correlations of NINO3
SST with the SST tendencies for all calendar month (black solid), February (blue) and
October (red). Right: cross-correlations of NINO3 SST with the SST tendencies vs calendar
month of SST. Positive lags indicate the SST is leading the SST tendencies and the calendar
month is relative to the SST.
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Figure 3: (a) mean SST along the equator. (b) mean cloud cover. (c) regression of cloud
cover on SST. Averaging is done from 5°S to 5°N.
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Figure 4: Simple cloud feedback model: (a) linear regression of total cloud cover to SST in
the NNINO3 region (mean of the values shown in Fig. 3). (b) Linear atmospheric damping
parameter. (c) SST standard deviation in the simple cloud feedback toy model. See text for
details.
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Figure 8: Seasonal regressions in the ReOsc (blue lines) and ReOsc-Slab (green lines) sim-
ulations: NINO3 SST vs. net heat (a), zonal wind stress in the central Pacific vs. NINO3
SST (b) and thermocline depth vs. NINO3 SST (c). All regression values are scaled by
the corresponding parameters in eq. [4] to have the same scale in terms of monthly SST
tendencies per SST.
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Figure 9: Seasonal cross-correlation between thermocline depth and SST in the ReOsc (a)
and ReOsc-Slab simulation (b). Positive lags indicate the SST leading the thermocline depth
evolution and the calendar month is relative to the SST.
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Figure 10: (a) The effective seasonal recharge oscillator parameters (egs.[1] and [2]) estimate
from the ReOsc simulation. (b) Seasonally resolved NINO3 SST standard deviation of
a monte carlo integration of the recharge oscillator model (egs.[1] and [2]) with different
combinations of the effective seasonal parameters in (a). See text for details.



