
water

Article

Interannual and Decadal Variability in Tropical
Pacific Sea Level

Cheryl E. Peyser * and Jianjun Yin

Department of Geosciences, University of Arizona, Tucson, AZ 85721, USA; yin@email.arizona.edu
* Correspondence: peyser@email.arizona.edu

Academic Editor: Aixue Hu
Received: 29 April 2017; Accepted: 2 June 2017; Published: 5 June 2017

Abstract: A notable feature in the first 20-year satellite altimetry records is an anomalously fast sea
level rise (SLR) in the western Pacific impacting island nations in this region. This observed trend is
due to a combination of internal variability and external forcing. The dominant mode of dynamic
sea level (DSL) variability in the tropical Pacific presents as an east-west see-saw pattern. To assess
model skill in simulating this variability mode, we compare 38 Coupled Model Intercomparison
Project Phase 5 (CMIP5) models with 23-year satellite data, 55-year reanalysis products, and 60–year
sea level reconstruction. We find that models underestimate variance in the Pacific sea level see-saw,
especially at decadal, and longer, time scales. The interannual underestimation is likely due to a
relatively low variability in the tropical zonal wind stress. Decadal sea level variability may be
influenced by additional factors, such as wind stress at higher latitudes, subtropical gyre position
and strength, and eddy heat transport. The interannual variability of the Niño 3.4 index is better
represented in CMIP5 models despite low tropical Pacific wind stress variability. However, as with
sea level, variability in the Niño 3.4 index is underestimated on decadal time scales. Our results
show that DSL should be considered, in addition to sea surface temperature (SST), when evaluating
model performance in capturing Pacific variability, as it is directly related to heat content in the
ocean column.
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1. Introduction

Gaining a better understanding of internal variability in the climate system is imperative for
making more accurate predictions using climate models. Models must be able to simulate realistic
internal variability before anthropogenically-induced long-term trends can be better detected [1].
On regional scales, sea-level variability can be caused by various factors such as winds, ocean currents,
seawater density, and ocean mass distribution [2]. The magnitude of interannual and decadal sea level
variability can be comparable to the long-term SLR signals [3–5]. Their combined effects are what
coastal communities experience.

Previous work has been done to evaluate the ability of CMIP5 climate models in simulating
both trends and internal variability in the Pacific, with focus on surface variables, such as SST and
wind stress. SST variability in model simulations is found to be generally weaker than observed,
especially at low latitudes and on decadal time scales [6]. The recent observed slowdown in the global
mean surface temperature during 1998–2012 has been linked to stronger trade winds in the tropical
Pacific that are not captured in climate model simulations [7]. This suggests that climate models may
also underestimate wind stress variability in the tropical Pacific especially on decadal/interdecadal
time scales [8]. Wind stress is directly related to DSL (i.e., sea surface height deviation from the
geoid) and climate variability modes in the Pacific [9]. Unlike SST, DSL should be considered as an
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integrated quantity largely reflecting the total ocean heat storage in the tropical Pacific through the
thermosteric effect.

It has also been shown that climate models tend to simulate interdecadal variability of SST
more realistically than DSL, especially in the northwest tropical Pacific east of the Philippines [10].
In this critical region of anomalously fast sea level-rise, the rise rate can be modulated by decadal to
multi-decadal variability related to the low frequency Southern Oscillation Index (SOI) and Pacific
Decadal Oscillation (PDO) [11]. In general, CMIP5 models show improved performance over CMIP3
in the western tropical Pacific, but continue to show significant biases in both mean state and
variability [12]. This currently presents a challenge in predicting future SLR especially for vulnerable
island nations of this region.

In this study, we explore Pacific climate variability focusing on its manifestation on the sea
level. To better understand the sources of model biases, we separate interannual and decadal DSL
variability. Our work is focused in the region from 30◦ S to 45◦ N where an anomalously-fast SLR in the
western Pacific has been observed during the satellite era [13]. In this region, interannual variability is
dominated by El Niño/Southern Oscillation (ENSO) events. On longer time scales a combination of
low-frequency ENSO and PDO are important [14]. We find that DSL variability is often underestimated
in CMIP5 pre-industrial control simulations, suggesting that climate models may not reproduce the
full range of potential regional SLR.

2. Materials and Methods

For our data-model comparison, we use satellite data, reanalysis, and a sea level reconstruction
(Table 1). The satellite data offers an ideal comparison as it provides a precise global record of
DSL, but is only available for 23 years. The additional historical products allow for a longer record
with which to analyze the internal variability on interannual and decadal time scales. Reanalysis
products combine observational data with a numerical model to produce a longer record of climate
variables. Sea-level reconstruction is another method for extending the record, by combining tide-gauge
observations altimetry data. As all datasets have strengths and weaknesses, we consider multiple
products to help identify the most robust results.

For satellite altimetry data, we use the Archiving, Validation, and Interpretation of Satellite
Oceanographic data (AVISO) with 1/4◦ × 1/4◦ resolution from January 1993 to December 2015 [15].

In addition to the relatively short observation data from AVISO, we also use three longer ocean
and atmosphere climate reanalysis products:

(1) Ocean reanalysis products from the coupled data assimilation system developed at the
Geophysical Fluid Dynamics Laboratory (GFDL) [16]. The data span is from 1961 to 2015 [17];

(2) European Centre for Medium-Range Weather Forecasts (ECMWF)'s current ocean reanalysis,
Ocean Reanalysis System 4 (ORAS4), forced by atmospheric daily surface fluxes, relaxed to
observed SSTs and bias corrected [18]. The data spans from 1958 to 2014 [19];

(3) National Centers for Environmental Prediction (NCEP)/National Center for Atmospheric
Research (NCAR) global atmospheric reanalysis [20]. The data span from 1948 to 2015 [21].

Long-term sea level variability and change have been reconstructed for the 20th century, derived
from satellite altimetry combined with historical sea level measurements from tide gauges [22].
The reconstruction data span from 1950 to 2009 [23].

The SST data is from the Extended Reconstructed Sea Surface Temperature (ERSST) dataset [24].
It provides global monthly SSTs derived from the International Comprehensive Ocean-Atmosphere
Dataset (ICOADS). The data span from 1854 to 2014 [25].

The 38 CMIP5 models used in this study are listed in Table 2. We use 200 years of pre-industrial
control simulations for all models. Annual averages are calculated from the monthly means for all
analysis. Detailed model description, experimental design, and data are available [26].
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Table 1. Historical products.

Data Set Analysis Period SSI Wind Stress SST

AVISO 1993–2015 x
GFDL Reanalysis 1961–2015 x x x

ORAS4 Reanalysis 1958–2014 x
Reconstruction 1950–2009 x

NCEP Reanalysis 1948–2015 x
ERSST 1854–2014 x

Table 2. CMIP5 models used. Two-hundred-year pre-industrial control simulations used. Models are
chosen based on the availability in the CMIP5 archive at the time of download.

Model SSI Zonal Wind SST Model SSI Zonal Wind SST

1 ACCESS1.0 x x 20 GFDL-CM3 x x x
2 ACCESS1.3 x x 21 GFDL-ESM2G x x X
3 BBC-CSM1.1 x 22 GFDL-ESM2M x x x
4 BBC-CSM1.1-m x 23 GISS-E2R-CC x
5 CanESM2 x x 24 GISS-E2R x
6 CCSM4.0 x x x 25 HadGEM2-CC x
7 CESM1-BGC x x x 26 HadGEM2-ES x
8 CESM1-CAM5 x x x 27 INM-CM4 x x x
9 CESM1-FASTCHEM x x x 28 IPSL-CM5A-LR x x

10 CESM1-WACCM x x x 29 IPSL-CM5A-MR x x
11 CMCC-CESM x x x 28 IPSL-CM5B-LR x x
12 CMCC-CMS x x x 31 MIROC-ESM-CHEM x
13 CMCC-CM x x x 32 MIROC-ESM x
14 CNRM-CM5 x 33 MPI-ESM-LR x x x
15 CNRM-CM5-2 x 34 MPI-ESM-MR x x x
16 CSIRO-Mk3.6.0 x x 35 MPI-ESM-P x x x
17 EC-EARTH x x x 36 MRI-CGM3 x x x
18 FGOALS_g2 x 37 NorESM-M x x
19 FIO-ESM x x 38 NorESM-ME x x

3. Results

We quantify DSL variability in the tropical Pacific using a see-saw index (SSI) [13]. The SSI is
calculated as the difference of the mean DSL between the eastern (20◦ S–20◦ N, 160◦ W–100◦ W)
and western (20◦ S–20◦ N, 120◦ E–180◦ E) tropical Pacific. The regions are chosen based on the DSL
variability centers of the 1st empirical orthogonal function (EOF) in the AVISO and GFDL reanalysis
products [13]. In the long-term mean, tropical Pacific sea level is tilted with the west higher than the
east due to trade winds and water density differential (i.e., SSI is overall negative). Higher sea level
anomalies in the western (eastern) Pacific correspond to more (less) negative SSI. The degree of tilt
varies on interannual, decadal, and longer time scales related to ENSO, PDO, and other climate modes
in the Pacific Ocean.

We evaluate model skill in capturing SSI variability by comparing CMIP5 pre-industrial
control simulations with the AVISO data, the GFDL and ORAS4 reanalysis, and the sea level
reconstruction—referred to collectively as historical products. Similar to the previous findings
(i.e., Figure 2d in Peyser et al., 2016), the variability of the SSI as represented by its standard deviation
is underestimated in the CMIP5 models. While most models also underestimate the mean, we do not
find any correlation between the long-term mean SSI and its temporal variability (Figure 1).
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Figure 1. SSI mean and standard deviation for CMIP5 models compared against the historical products.

To test the effect of external forcing on the SSI variability, we use historical and RCP8.5 simulations
for a subset of the models, considering a sliding window of possible SSI standard deviations based
on the length of the GFDL reanalysis. The results show that SSI variability in CMIP5 models is not
significantly affected by external forcing. When record length is considered, there is a range of SSI
variance over the shorter time windows, sometimes higher and sometimes lower than the variance
of the entire record. In general, this range of variability cannot fully explain model underestimation.
We believe that using the standard deviation over the entire record is a good metric for comparing
the CMIP5 models to historical products containing 50+ years of data. However, with an even shorter
record, the AVISO data may show greater variance if the past 23 years happened to be a period of
particularly high variability.

The SSI standard deviation amongst the historical products ranges from 44mm (reconstruction)
to 61 mm (AVISO) (Figure 1). Both reanalysis products show similar SSI variability with standard
deviations of 50 mm (ORAS4) and 52 mm (GFDL). All CMIP5 models underestimate SSI standard
deviation (values range from 14 mm to 48 mm) when compared to AVISO, ORAS4 reanalysis and
GFDL reanalysis, with three models showing greater variability than the reconstruction.

To understand the source of the underestimation, we further separate the SSI variability into
interannual and decadal/multi-decadal components using a low-pass filter. We choose a double-pass
running mean filter with nine years as the cut-off for interannual variability. All lower-frequency
variability will be referred to as decadal for this study. Using the filtered time series, we calculate
interannual and decadal variance for SSI from the CMIP5 models and historical products. Due to the
short record length of the AVISO data it is passed through the filter only once.

On interannual time scales, the model standard deviation spans from 13 mm to 46 mm (Figure 2).
The historical products have SSI standard deviations ranging from 39 mm (reconstruction) to 55 mm
(AVISO). Seven models show greater interannual SSI variability than the sea level reconstruction.
All the models, including those that reproduce the observed magnitude of interannual variability well,
underestimate the SSI variability on decadal time scales. The decadal model standard deviation ranges
from 4 mm to 10 mm and the historical products from 11 mm to 23 mm. The correlation between
interannual and decadal SSI standard deviation is low (0.41) with some models having better skills on
decadal time scales and others most closely matching the historical products due to strong interannual
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variability. Most of the model-to-model difference in the total SSI variance stems from the interannual
time scale.

Another way to assess model skills is to consider the percentage of SSI variance due to variability
on interannual and decadal time scales. We are interested to see if the models underestimate SSI
across time scales or if models that reproduce total variance well have a breakdown that is different
from what we see in the historical products. The GFDL reanalysis shows 20% of total SSI variance
explained by decadal-scale variability. This is significantly higher than that in ORAS4 reanalysis (11%)
and the sea level reconstruction (6%). The CMIP5 models show a range of 2% to 14% for the decadal
component of variability (Figure 3). There are six models that show 10% or more of SSI variance due to
decadal variability. These models are not necessarily the ones that best represent the total magnitude
of variability. Some models, like Model #7 (Figures 2 and 3) have skills in replicating interannual
variability, but underestimate the percentage of total variance attributable to decadal time scales. Other
models, like Model #2 (Figures 2 and 3) show a percentage variance breakdown that is similar to the
historical products, but underestimate the magnitude of both interannual and decadal variability.
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We use the decomposed SSI index to determine the spatial patterns of DSL variability that occur on
interannual and decadal time scales. To do that, we regress the interannual and decadal SSI time series
to the DSL map for each of the CMIP5 models and historical products. We compare the multi-model
ensemble mean with the GFDL reanalysis (Figure 4) and show the results for each individual model
(Figures 5 and 6).
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each individual model, then averaging the results.
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Figure 6. Decadal sea level fingerprint: Spatial DSL is regressed to SSI time series (meters of
DSL/meters of SSI). Red (blue) indicates DSL is high when decadal SSI index is high (low). Numbered
plots (1–38) represent individual CMIP5 models.

In the GFDL reanalysis the Pacific sea level shows an ENSO-like pattern on interannual time
scales (Figure 4a). When SSI is high (less negative) during an El Niño event, DSL is relatively high
at the eastern equatorial Pacific and along the west coast of the Americas. In the tropics, this eastern
high extends westward to 180◦ longitude and meridionally to 20◦ S and 20◦ N. During El Niño, DSL
drops east of the Philippines and Indonesia. The CMIP5 ensemble mean shows a generally similar
pattern with distinct differences in the interannual fingerprint (Figure 4b). The pattern also varies
significantly between individual models (Figure 5). In many of the models, the eastern Pacific high
seen during El Niño extends further into the western Pacific than is seen in the historical products.
Another prevalent feature is an eastern high that covers a larger extent north to south. Some models
also show distinct branches in the eastern high, north and south of the equator, that are not present in
the historical products.

For the GFDL reanalysis the decadal sea level pattern is a clearly different from the fingerprint
seen on interannual time scales. While there is still an east-west see-saw pattern, the eastern high does
not extend as far west with the western low beginning at about 160◦ W. Some models, like Model #14,
show a decadal pattern that is distinct from its interannual fingerprint, similar to the GFDL reanalysis
However, in many of the CMIP5 models, the decadal SLR pattern is similar to the interannual pattern,
like in Model #28.

We examine the zonal wind stress in the climate models as a potential cause for the
underestimation in sea level variability. We use the average zonal wind stress over the critical region
6◦ N–6◦ S and 180◦–150◦ W based on the regression of the Interdecadal Pacific Oscillation (IPO) on
wind stress [7]. We separate the zonal wind stress variability into interannual and decadal components
using the same method as we did for the SSI. We use two Reanalysis products (GFDL and NCEP) for
historical comparison with the CMIP5 models. On interannual time scales, the standard deviation
is 8.2 × 10−3 N/m2 in GFDL and 6.7 × 10−3 N/m2 in NCEP/NCAR. The CMIP5 model standard
deviation ranges from 3.5 × 10−3 N/m2 to 0.01 N/m2 with seven of the models showing greater zonal
wind stress variability than the NCEP/NCAR reanalysis. There is a strong correlation (0.89) between
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the interannual standard deviation of tropical zonal wind stress and the standard deviation of the SSI
across models (Figure 7a).Water 2017, 9, x FOR PEER REVIEW 8 of 11 
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Figure 7. (a,b) Average zonal wind stress (6◦ N–6◦ S and 180◦–150◦ W) compared to SSI standard
deviation in CMIP5 models and historical products for interannual (a) and decadal (b) time scales.
(c,d) Standard deviation of average SST in Niño 3.4 region (120◦ W–170◦ W and 5◦ S–5◦ N) compared
to SSI standard deviation in the CMIP5 models and historical products for interannual (c) and decadal
(d) time scales. On decadal time scales the standard deviation is 3.5 × 10−3 N/m2 in GFDL and
4.1 × 10−3 N/m2 in NCEP. The CMIP5 models all underestimate decadal variability of the zonal
winds compared to both reanalysis products with values ranging from 1–2 × 10−3 N/m2 (Figure 7b).
The individual model time series show a relationship between zonal wind stress in this region and
SSI on decadal scales. However, unlike interannual time scales, the standard deviation across models
shows low correlation (0.32). Standard deviation of SSI on interannual time scales is also highly
correlated (0.88) to SST in the Niño 3.4 region (Figure 7c). However, the interannual Niño3.4 index is
not systematically underestimated in CMIP5 models the way DSL variability is. On decadal time scales
the Niño 3.4 variability is underestimated in all models. However, Niño 3.4 decadal standard deviation
is not well correlated (0.37) with SSI decadal standard deviation across models (Figure 7d).
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4. Discussion and Conclusions

When evaluating model skill in replicating SSI variability, we must consider the range of values
found amongst the historical products. The two reanalysis datasets show greater SSI variability than the
reconstruction on both interannual and decadal time scales. We chose to use this reconstruction because
the cyclostationary empirical orthogonal function (CSEOF) method employed has been shown to better
capture the historical ENSO signal than previous methods [22]. However, reconstructions are limited
in their ability to show smaller-scale regional variability due to the limited spatial coverage provided
by tide gauges, especially in the tropical Pacific. Temporally, they may not capture low-frequency
variability due to the length of training data record [27]. We can expect the SSI interannual/decadal
breakdown in AVISO to differ from the reanalysis due to the short length of the record and only
being passed through the filter once. For these reasons, the reanalysis may provide a more accurate
representation of regional variability in the Pacific, especially on decadal time scales. Lyu et al. [10]
also show that reanalysis products have higher pattern correlations with CMIP5 models than sea level
reconstruction on interdecadal time scales. Most differences between SSI in the two reanalyses occur
in the early part of the record, where uncertainty is greatest.

We show that while CMIP5 models can capture many aspects in the climate system realistically,
they systematically underestimate SSI variability, especially on decadal time scales. This result agrees
with previous work on interdecadal Pacific variability [10]. The lack of correlation between the
long-term mean SSI and its temporal variability suggests that a realistic pattern of the mean DSL in the
models does not guarantee a proper simulation of DSL variability. There are distinct differences in the
interannual sea level fingerprint between models, likely related to model differences in simulating
ENSO. Known biases in CMIP5 representations of ENSO include a too-far-westward extent of the cold
tongue and a double Intertropical Convergence Zone [28,29]. Therefore, to thoroughly evaluate model
skill, both the pattern and magnitude of variability must be considered.

On interannual time scales, there is a direct relationship between tropical zonal wind standard
deviation and SSI standard deviation across models. The high correlation suggests zonal wind stress
could be the primary cause for the underestimation of interannual SSI variability. On decadal time
scales, all CMIP5 models underestimate both SSI and tropical zonal wind variability. However, low
correlation between these variables across models suggests that tropical wind stress (in the chosen
region) cannot explain the decadal underestimation of SSI variability. Previous work has linked western
Pacific sea level changes on decadal time scales to the North Pacific Gyre and the bifurcation latitude
of the North equatorial current [30,31]. Wind forcing in the 12◦–14◦ N band has a more significant
influence on this bifurcation latitude than the Niño 3.4 index [32]. Therefore, our choice of region for
tropical zonal wind stress would not capture this relationship. In addition to winds, mesoscale eddy
forcing is important for explaining sea level changes in parts of the western Pacific, specifically in the
Kuroshio Extension and Subtropical Countercurrent (STCC) regions [33,34]. Our western Pacific region
used for calculating SSI includes these latitude bands (32◦–38◦ N and 18◦–28◦ N). As SSI considers sea
level changes in both the western and eastern tropical Pacific, we expect it to be influenced by not only
wind forcing, but also gyre and mesoscale eddy variability. Therefore, the choice of region, along with
the inability of models to explicitly simulate small-scale features, explains why the decadal variability
in tropical zonal wind stress has low correlation with SSI variability in our study.

The fact that all models underestimate interannual SSI variability, while still capturing the
observed variability in interannual Niño 3.4, reinforces the importance of using sea level to truly
represent Pacific climate variability. The CMIP5 models have shown significant improvement in
simulating ENSO compared with the previous model generation (CMIP3), with some models slightly
overestimating Niño 3.4 magnitude while the others slightly underestimate this variability [35].
The Niño 3.4 index considers only the surface ocean in the central to eastern Pacific, while SSI accounts
for the subsurface in both the eastern and western Pacific. Therefore, underestimation of SSI variability
suggests ocean heat content changes and western Pacific dynamics as potential areas of improvement
in climate modelling. It is also interesting to note that Niño 3.4 variability is underestimated in all
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models at decadal time scales. As decadal ENSO variability has been shown to be affected higher
latitudes, and these connections are a potential area for model improvement [36,37].

During the satellite era, island nations in the western Pacific have experienced SLR up to four
times faster than the global mean rate of ~3 mm/year, while the sea level off the coast of North America
has remained steady or even dropped slightly [5,38–40]. These observed trends are a combination of
global SLR due to anthropogenic warming and internal variability, meaning they can change, with
an increased rate in SLR off the coast of North America, when the Pacific sea level see-saw flips
direction. Underestimation of Pacific sea level variability, especially on decadal time scales, is currently
a bias in climate models. Our results suggest that, on interannual time scales, this is likely due to
tropical zonal wind strength. Despite this, interannual Niño 3.4 variability is simulated well in CMIP5
models confirming the importance of SSI as an additional evaluation metric for model performance.
On decadal time scales, the standard deviation of SSI, tropical zonal wind stress, and SST are all
underestimated. This low frequency variability provides an important contribution to the observed
trend in coastal SLR. For a more effective use of models to simulate future Pacific SLR, a realistic
representation of interannual and decadal time scale variability is imperative for both surface and
subsurface variables. Important areas of focus for model developers include: (1) western tropical
Pacific dynamics (i.e., zonal wind stress and subtropical gyre strength and position); (2) mesoscale
eddy heat transport (potentially improved by higher resolution models); and (3) interactions between
the tropics and higher latitudes which can modulate decadal tropical variability. Advancements in this
field will allow us to estimate the full range of potential SLR, which affects all those living in Pacific
coastal regions.
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