
1.  Introduction
The predictability of rainfall is of great importance to the communities living in monsoon areas such as In-
donesia and northern Australia where seasons alternate between wet and dry. However, while the Indone-
sian Maritime Continent features the world's largest rainfall with rates of about 2,700 mm/year (Yamanaka 
et al., 2018), the Australian continent is one of the most arid zones in the world; during the catastrophic 
Millennium Drought, (1997–2005) precipitation rates were less than 200 mm/year (Freund et al., 2017). In 
a time of changing climate and growing population, extreme events like torrential rainfall and prolonged 
drought have increasing socio-economic impacts that demand improved forecasts of precipitation. A prime 
example is the unprecedented 2019–2020 bushfire season in Australia (Abram et al., 2021; van Oldenborgh 
et al., 2020) that occurred in the third year of anomalously dry conditions across much of the continent.

Rainfall over the Indonesian archipelago and Australian Continent (IAAC) is related to the sea surface tem-
perature (SST) variability in both the Pacific and Indian Ocean associated with the El-Niño Southern Oscilla-
tion (ENSO), the Indian Ocean Dipole (IOD), the Madden-Julian Oscillation (MJO), the Southern Annular 
Mode (SAM), and atmospheric blocking (Choudhury et al., 2017; Meyers et al., 2007; Nicholls, 1989; Risbey 
et al., 2009; Wheeler et al., 2009). Positive IOD and El Niño events are connected to increased drought con-
ditions over Australia and vice-versa for negative IOD and La Niña (Meyers et al., 2007; Risbey et al., 2009). 
A “basin wide warming” Indian Ocean SST mode extends the dry conditions over Australia after the decay 
of an El Niño (Taschetto et al., 2011). Possible mechanisms for such large-scale teleconnections are baro-
tropic atmospheric Rossby wave trains generated during the wind shifts of the monsoon transition as well as 
the poleward transport of IOD and ENSO associated equatorial heat anomalies (Cai et al., 2011).

Over the Indonesian Maritime Continent, monsoon dynamics is complicated by complex island coast-
lines and orography, land-sea contrasts, and air-sea interaction (Chang et al., 2016; Robertson et al., 2011; 
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Yamanaka et al., 2018). Yamanaka et al. (2018) suggested two major annual precipitation cycle regimes: the 
southern-hemisphere section (e.g., Java) has a distinct annual cycle with the rainfall maximum occurring 
in the austral summer and the minimum in austral winter, while the equatorial and northern-hemisphere 
sections (e.g., North Sumatra) have a semi-annual regime with no distinct dry season. The interannual var-
iability of the Indonesian Maritime Continent rainfall is dominated by ENSO over its central and eastern 
regions and by the IOD in its western regions (Aldrian & Susanto, 2003; Hamada et al., 2002; Hendon, 2003; 
Hidayat et al., 2016).

While SST variability has shown clear links to regional rainfall and wind patterns, the role that salinity 
stratification might play in driving regional climate variability is less clear since there is no obvious direct 
mechanism for salinity itself to induce climate patterns. A few recent studies have examined the relation-
ship of sea surface salinity (SSS) to terrestrial rainfall (e.g., Li et al., 2016a, 2016b; Rathore et al., 2020). 
Positive SSS anomalies are mostly associated with anomalous atmospheric moisture flux divergence over 
the ocean that carries the excessive moisture to the surrounding continents where it precipitates. Rathore 
et al. (2020) found robust correlation patterns between the Australian rainfall and high/low SSS anomalies 
in the equatorial Indo-Pacific associated with the divergence/convergence of the atmospheric moisture flux 
over Australia. While the SSS anomalies provide a fingerprint of anomalous moisture flux convergence, 
salinity stratification can also feedback to air-sea interaction in the boundary layer. For example, salini-
ty-stratified barrier layers trap heat in a warm surface layer that can impact SST variability (e.g., Drushka 
et al., 2014; Li et al., 2016; Krishnamohan et al., 2019; Mahadevan et al., 2016; Li et al., 2017) or intensify 
the surface turbulent heat fluxes due to enhanced wind forcing (Pujiana & McPhaden, 2018). These barrier 
layer impacts on the coupled air-sea exchange and links to atmospheric advection can occur over a range 
of time scales including subseasonal (Drushka et al., 2014; Pujiana & McPhaden, 2018) to seasonal (Felton 
et al., 2014; Masson et al., 2002). Barrier layers occur where large amounts of precipitation produce a strong 
freshwater influx at the ocean surface and consequently create strong salinity stratification (Sprintall & Ro-
emmich, 1999; Sprintall & Tomczak, 1992). The region west of Sumatra, located in the Indo-Pacific warm-
fresh pool (Vinayachandran & Shetye, 1991), is associated with persistent barrier layer formation (Felton 
et al., 2014; Masson et al., 2002; Qiu et al., 2012; Sprintall & Tomczak, 1992). The zonal advection of fresh 
water from the Bay of Bengal or within the equatorial Wyrtki Jets may also enhance barrier layer formation 
in this region (Drushka et al., 2014; Masson et al., 2002).

Our study will test the hypothesis that the thickness of salt-stratified barrier layers in the eastern Indian 
Ocean is significantly related to rainfall over the IAAC. We focus on the region to the west of Sumatra where 
a persistent local maximum in barrier layer thickness occurs in the eastern Indian Ocean (Figure 1, black 
box). The main premise is that barrier layers in the region west of Sumatra both prevent entrainment of 
cooler water from below as well as trap surface heat in shallow but stable near-surface layers and so act to 
increase SST. In turn, atmospheric convection and consequently rainfall are enhanced over the IAAC.

2.  Data and Methods
2.1.  Observations

We use the monthly high-resolution precipitation data set (2000–2021) from the National Aeronautics and 
Space Administration (NASA) Integrated Multi-satellitE Retrievals for GPM (Global Precipitation Meas-
urements) version 6 (IMERGv6). It is a final level three merged product from the Tropical Rainfall Meas-
uring Mission (TRMM) and the GPM international satellite constellation mission. This product combines 
high-quality microwave and infrared data, and rain gauge precipitation (Huffman et al., 2019). It is available 
on a 0.1° latitude × 0.1° longitude grid with global coverage from 90°S to 90°N from 2000 to 2021. We use 
the monthly global 1° × 1° optimally interpolated temperature and salinity profiles with 58 vertical levels 
(maximum depth 2000 db) derived from Argo floats (2004–2017; Roemmich & Gilson, 2009). The first verti-
cal level at 2.5 db is used for SST and SSS. In addition, we use the Advanced Microwave Scanning Radiom-
eter 2 (AMSR-2) SST monthly (2013–2020) product version 8.2 that is on a 0.25° global grid and represents 
a foundation SST at a depth of ∼1 m (Wentz et al., 2014). QuikSCAT scatterometer climatology of ocean 
winds (SCOW) on a 0.25° latitude × 0.25° longitude global grid are used from the period 1999–2007 (Risien 
& Chelton, 2008).
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2.2.  Model

To test our hypothesis, we use a high-resolution fully coupled 1850 pre-industrial (constant greenhouse 
gas concentrations, particularly 284.7 ppmv for CO2) climate model simulation carried out with the Energy 
Exascale Earth System Model (E3SMv0; McClean et al., 2018). This version of the model is largely based 
on the Community Earth System Model (CESM) version 1.3 (Meehl et al., 2019); its components include 
the Community Atmosphere Model version 5-Spectral Element (CAM5-SE), the Community Land Model 
version 4 (CLM4), the Los Alamos Parallel Ocean Program version 2 (POP2), and the Los Alamos sea ice 
model version 4 (CICE4). The nominal horizontal grid resolution is 0.25° in the atmosphere and land com-
ponents and 0.1° in the ocean and sea ice components. The atmospheric model has 30 vertical hybrid levels. 
The cloud physics in CAM5-SE (Park et al., 2014) reduced known biases in total, mid-level and optically 
thick clouds (Kay et al., 2012) occurring in earlier model versions. In the ocean model, the vertical grid has 
42 depth levels with variable thickness from 10 to 50 m in the upper 300 m. Sub-grid scale horizontal mix-
ing processes are parameterized via biharmonic operators (Maltrud et al., 2010) for both momentum and 
tracers, and the K-Profile Parameterization (KPP) is used to represent vertical mixing (Large et al., 1994). 
The ocean and sea-ice model components were initialized from a two-year spun up state of a global 0.1° 
POP2/CICE4 simulation forced with interannually varying corrected Coordinated Ocean-ice Reference Ex-
periments phase II (Large & Yeager, 2009) surface atmospheric fluxes (Li et al., 2014). The preindustrial 
simulation was integrated for 131 years; our study used only the last 47 years (years 85–131) to exclude the 
initial model adjustment period.

We constructed seasonal climatologies from the model monthly time series of ocean temperature and salin-
ity profiles. The first vertical level at 5 m was used for SST and SSS. Atmospheric variables included the total 
precipitation, heat fluxes (net, latent and sensible heat fluxes at the surface), outgoing longwave radiation 
at the top of the atmosphere, wind stress, winds, the vertically integrated total moisture, and meridional 
moisture transport. The simulated large-scale indices Niño3.4 and the IOD were derived from the month-
ly SST time series. The Niño3.4 is the area averaged SST anomalies over the equatorial Pacific 5°S–5°N, 
120°W–170°W (Trenberth, 1997). The IOD index is the difference of the area averaged SST anomalies be-
tween the two Indian ocean regions 10°S–10°N, 50–70°E and 0°–10°S, 90–110°E (Saji et al., 1999).

The fidelity of the model solution is examined below via comparison with observations and reasonable 
agreement is found in regional properties. In part, the differences are because the model results are from the 
pre-industrial period while the observed climatologies are from the industrial era. For example, long term 
observed trends show warming SST (Hurrell et al., 2008) and freshening SSS (Durack & Wijffels, 2010) of 
the eastern Indian Ocean; comparison of these with our pre-industrial model simulation would result in 
cooler and saltier differences. The simulation capabilities of standard climate models are challenged by the 
complex topography and air-sea-land interaction in the Indonesian Maritime Continent (Chang et al., 2016; 

Figure 1.  Barrier layer thickness (m) distribution in Nov-Dec-Jan from (a) Argo profiles (1998–2016) and the (b) Pre-Industrial (PI) E3SM v0 model (years 
85–131). The box outlines the West Sumatra (WS) study region.
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Neale & Slingo, 2003; Sperber et al., 2013). By using higher-resolution model components, the model topog-
raphy is more realistic, and a broader range of interactions and feedbacks are simulated.

2.3.  ILD, MLD, and BLT Definition

The barrier layer thickness (BLT) is the difference between the isothermal layer depth (ILD) and the mixed 
layer depth (MLD; i.e., BLT = ILD − MLD; Sprintall & Tomczak, 1992). The ILD is the depth at which the 
temperature is 0.5°C lower than the temperature at 10 m depth. The MLD is the depth at which the potential 
density increment from 10 m is equivalent to a temperature decrease of 0.5°C (Sprintall & Roemmich, 1999; 
Sprintall & Tomczak, 1992). These quantities were calculated using the model and the observational (Argo) 
temperature and salinity monthly time series.

2.4.  Partial Least Square (PLS) Regression

We used the model output to investigate the relationship of the continental total precipitation in the IAAC 
to a set of ocean variables used as predictors in a lagged partial least square (PLS) regression (Rosipal & 
Kramer,  2006). Such a complex relationship is difficult to explore with existing observational data sets, 
which are sparse and inconsistent in space and time. In the PLS regression method, both predictors and the 
response variable are projected onto a plane of maximal correlation such that they explain the maximum 
variance possible for each variable. The PLS regression coefficients isolate the relationship between two 
variables after removing the combined effect from the rest of the variables. Previous studies have used par-
tial correlations to study the rainfall relationships with Indian Ocean SST, ENSO and IOD (Nicholls, 1989; 
Risbey et al., 2009).

The ocean variables are from the region west of Sumatra where barrier layers are found on an annual basis. 
The West Sumatra (WS) box's western boundary runs from 2.5°S to 4.5°N and its southern and northern 
boundaries extend from 89.5 E to 98.5°E and 94.5°E, respectively (Figure 1, black box). Simulated monthly 
time series of WS box area-averaged standardized anomalies (divided by the standard deviation) of BLT, 
MLD, SST, and the large-scale climate indices of Niño 3.4 (ENSO3.4) and IOD, were used to construct the 
PLS regression fit of the monthly IAAC rainfall:

                 1 2 3 4 5Rain · SST · MLD · BLT · ENSO34 · IODot l b b t b t b t b t b t (1)

where t is time in months, l is time lag in months, and b0–b5 are the regression coefficients to be determined. 
The WS SSS showed no significant correlation with IAAC rainfall and so was omitted from the PLS. The 
average decorrelation time scale for the five predictors is 2.36 months (see Text S1 in Supporting Informa-
tion S1), so the PLS regressions were performed with lags of l = 0, 1 and 2 months prior to the rainfall time 
series. The largest BLT regression values were found after a lag of 1 month. Error bars for the predictor 
regression coefficients (bi, where i = 1, 5) in Equation 1 at each point in the rainfall regression maps were 
estimated using a bootstrapping technique (Chernick, 2011) rather than by standard hypothesis testing due 
to the non-normal distributions of the rainfall and predictors (See Text S2 in Supporting Information S1).

3.  Variability of the Upper Ocean in Eastern Equatorial Indian Ocean
Our focus is on the WS box (Figure 1) where the thickest barrier layers in the eastern Indian Ocean are 
found in both the Argo data and the simulation in November-January (NDJ) centered at ∼95°E, 2°N. The 
BLT maxima stretches from ∼85° to 90°E in the equatorial region to the coast of Sumatra and southward 
along the coast. The model simulates the observed climatological BLT spatial distribution well but underes-
timates the thickness. Possible explanations for this model bias may be that biased-weak equatorial winds 
lead to shallower mixed layers (Figure S1 in Supporting Information S1).

The Argo SSS annual cycle (Figure 2a) in the WS box shows salinities of 34–34.3 for most of the year de-
creasing to reach a minimum of 33.6 in October. The model does a reasonable job simulating this annual 
SSS evolution. Despite the pre-industrial period of the model, which should suggest a saltier state compared 
to the long-term observed freshening of the equatorial eastern Indian Ocean (Durack & Wijffels, 2010), 
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Figure 2.  Mean (line) annual cycles and standard deviations (whiskers) of the WS area-averaged quantities from 
Argo (black lines) and PI E3SMv0 (red lines): (a) Sea surface salinity (SSS); (b) Sea surface temperature (SST, °C), the 
black dashed line is AMSR-2 SST observations; (c) Mixed layer depth (MLD, m); (d) Barrier layer thickness (BLT, m). 
PI E3SMv0 (e) Surface freshwater flux (kg/m2s); (f) Net surface heat flux (W/m2); (g) Latent heat flux (W/m2); (h) 
Outgoing longwave radiation (OLR, W/m2) at the top of the atmosphere.
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in the WS box, the model exhibits a systematic fresh bias of ∼0.5 with a lower salinity range of 33.2–33.6 
compared to the Argo SSS observations. These lower salinity anomalies can be caused either by excessive 
precipitation or by low salinity advection. The simulated precipitation climatology is somewhat drier com-
pared to the IMERG climatology (Figure S1 in Supporting  Information  S1) and a comparison of model 
and observations find the model's lower salinity anomalies that are advected into the area from the Bay of 
Bengal (not shown).

Observed SSTs in this equatorial region have only a small range of 28.8°–30°C (Figure 2b) as seen in the 
ARGO data, with slightly higher temperatures in the AMSR-2 product of 29°–30.3°C. The difference may 
be explained by the different periods of the two climatologies and the different SST representations at 2.5 m 
for the Argo product while the satellite measurements represent a foundation SST at a depth of 1 m. This 
temperature range is always favorable (>27.5°C) for the development of atmospheric convection (Graham 
& Barnett, 1987). SST warms up by ∼1°C from January to reach a maximum in May (30°C) and cools back 
down from September through January to 29°C. A similar SST annual cycle is seen in the model (Figure 2b) 
and agrees within one standard deviation, although the model tends to be cooler at the beginning and very 
end of the year.

The Argo MLD annual cycle varies from 30 to 60 m (Figure 2c), with the maximum occurring in July and 
two distinct minimums occurring during the monsoon transitions in March and November.

The model annual cycle is somewhat smoother than the observations (Figure 2c) being shallower in May 
and July and deeper in December–February (DJF). The MLD minima in the model appear 1 month later in 
the spring (April) and 1 month earlier in the fall (October) compared to the observations.

The Argo climatology shows the continuous presence of the barrier layer in the WS during the entire year 
with thicknesses of 10–40 m (Figure 2d). The simulated BLT is overall thinner (5–20 m) than the observed 
(Figures 1b and 2d), but the timing of the maximum thickness occurring in NDJ (Figure 2d) is well cap-
tured. This BLT maximum coincides with the period of increased net surface freshwater flux (Figure 2e) 
and reduced SSS (Figure 2a).

Thickening of the barrier layer during the year intensifies the surface turbulent heat fluxes resulting in 
increased evaporation and atmospheric convection (Figures 2f–2h). The season of thickest barrier layers 
(NDJ) in the WS coincides with a period of intensified East-Asian-Australian monsoon winds (with a south-
ward meridional component, Figure S2d in Supporting Information S1) and surface cooling by both re-
duced incoming short-wave radiation (dominating the net surface energy balance, Figure 2f and Figure S2a 
in Supporting Information S1) and intensified heat loss by the turbulent heat fluxes (Figure 2g and Figure 
S2c in Supporting Information S1). The latent heat flux (Figure 2g) is the second major contributor (after 
shortwave radiation) to the net surface heat balance (∼113–140 W/m2), and its increase indicates inten-
sified evaporation. At the same time, the OLR (often used as a proxy for atmospheric convection Webster 
et al., 1998) is at its annual minimum, evidence for intensified convection (Figure 2h). In contrast, during 
the monsoon transition seasons (e.g., March–May, MAM), when the barrier layer is thin, weakened wind 
forcing is accompanied by increased solar radiation warming and reduced turbulent fluxes and evaporation. 
In MAM, OLR is at its maximum indicating reduced convective activity. Collectively, these results concur 
with previous studies that reported that the barrier layer plays an important role intensifying the surface 
latent and sensible heat fluxes in the surface mixed layer during active phases of MJO (Drushka et al., 2014; 
Chi et al., 2014) and during the passage of atmospheric Kelvin waves (Pujiana & McPhaden, 2018). Our 
analysis suggests similar mechanisms occur during seasonal transitions of the winds.

4.  The Impact of the Barrier Layer on Remote Rainfall Patterns
We investigate the connection between the barrier layer west of Sumatra and the remote rainfall over the 
IAAC during the wet season of DJF. First, we examine the fidelity of the E3SMv0 model precipitation dis-
tribution and compare the 21-year (2000–2021) IMERG seasonal rainfall in DJF (Figure 3a) with the model 
for years 85–131 (Figure 3b). The observed rainfall distribution features an almost zonal pattern with the 
driest areas in southern and western Australia and increasing rainfall to the north and east (Figure 3a). 
The local precipitation reaches a maximum rate of about 6–8 mm/day in the northern coastal area where 
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the north Australian monsoon dominates. The largest DJF rainfall rates in the IAAC are observed over the 
Indonesian archipelago, ranging from 8 to 18 mm/day. A local maximum occurs in the foothills of the New 
Guinea Highlands where the largest model biases (Figures 3b and 3c) are found to be more than 8 mm/day: 
the largest amounts of model precipitation occur on top of the mountain ridge while in the observed cli-
matological distribution, it is south or north of the ridge. The model overestimates the northern Australian 
rainfall compared to the observed IMERG climatology by up to 4–5 mm/day and underestimates the rainfall 
over Sumatra (2–3 mm/day) and south-western Borneo (4–5 mm/day; Figure 3c).

Figures 3d–3i show the predicted rainfall patterns from the PLS regression for the case when the rainfall 
lags the predictors by l month. The maximum explained rainfall variance (Figure  3i) is ∼60% over the 
northern part of Australia reducing to 20%–30% in the middle part of the Australian continent. Over the 
Indonesian Maritime Continent, there are regions in the northwest and southwest coasts of New Guinea, 
central New Guinea, west Sulawesi, southwestern Borneo and parts of central Java where the regression fit 

Figure 3.  December–February (DJF) seasonal maps of total precipitation over land from: (a) IMERGv6 (2000–2021), (b) PI E3SMv0 model (years 85–131) and 
(c) Their difference (model–IMERGGv6). PLS regression coefficients (Equation 1) of the continental rainfall where rainfall lags by 1 month the monthly time 
series of (d) WS box SST (coefficient b2); (e) WS box MLD (b3); (f) WS box BLT (b4); (g) ENSO3.4 (b5); (h) IOD (b6); and (i) the rainfall variance explained by 
the PLS regression fit. The hatching indicates where regression coefficients are not significant at the 95% confidence level; significance levels were evaluated 
using a bootstrap technique described in Text S2 in Supporting Information S1.
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explains about 35%–45% of the rainfall variance, but in the rest of the area, the prediction skill is relatively 
low, at about 15%–20%.

The PLS regression coefficients of the WS SST index with the Australian rainfall (Figure 3d) are most sig-
nificant in the southern part of Western Australia, varying from 0.2 to 0.5 increasing southwestward from 
inland to the coast between 20° and 35°S. The sense of the positive correlation is that warmer SST in the WS 
is related to more rainfall in southwest Australia. To the north, negative regression coefficients of −0.3 are 
found at the tip of the Cape York Peninsula (see Figure 3a for location). Intensified rainfall here is related 
to cooling of the surface temperature in the WS box. The strongest relationship of the WS SST index with 
the Indonesian archipelago rainfall is found in Sumatra (maximum of −0.4 at the west coast), where an in-
crease in rainfall is connected to a reduction of SST in the WS. The regression coefficients over New Guinea 
feature a dipole pattern, with increasing rainfall in the southern lowlands related to warmer SST west of 
Sumatra while the northern Papua New Guinea coastal regions show the opposite relationship.

The highest regression coefficients with the IAAC rainfall among all five of the predictors are with the WS 
BLT lagged by one month (Figure 3f). More than half of the Australian continental rainfall is significantly 
and positively correlated with the WS BLT indicating that thicker barrier layers in the WS region are related 
to increased rainfall. The largest regression values of 0.4–0.6 are seen in the northwest and northern parts 
of Australia. Although model bias is relatively high in far northern Australia (Figure 3c), the significant 
regression relationship between BLT and regional rainfall covers a far more extensive area (Figure 3f). Fur-
thermore a “reverse” correlation of the monthly time series of area-averaged Australian rainfall north of 
20°S with the Indo-Pacific two-dimensional distribution of the BLT highlights the WS region as having one 
of the highest correlations (∼0.8) in the domain (not shown), which also supports our results. The correla-
tions with WS BLT and rainfall in the Indonesian archipelago are lower ranging between −0.3 and 0.3. The 
rainfall south of ∼4°S, for example, Java, southern, and central New Guinea, is positively correlated with 
the BLT, while to the north, it is mostly negatively correlated. This pattern is likely related to the different 
annual cycle regimes in these two areas with the southern area being more dominated by the Australian 
monsoon (Yamanaka et al., 2018).

The PLS regression patterns of the IAAC rainfall with the WS MLD (Figure 3e) have opposite signs in In-
donesia and Australia. Deepening of the MLD in the WS region is related to a decrease in the Indonesian 
archipelago rainfall and an increase in the western and northern Australia rainfall. This relationship seems 
to be most significant in the areas in closest vicinity to the WS e.g., the entire Sumatra island, but overall it 
is not as strong as with the BLT regression coefficients.

The regression coefficients of the IAAC rainfall with the large-scale variability indices ENSO3.4 (Figure 3g) 
and IOD (Figure 3h) reveal much weaker correlations compared to the other regression predictors. Positive 
phases of ENSO3.4 relate to drier conditions in most of Australia and the southern part of New Guinea. 
The IOD pattern of significant regression coefficients resembles that found for the BLT (Figures 3f and 3h) 
but with much smaller values (0.2–0.3). The IOD is positively correlated with the rainfall in most of west-
ern and northern Australia and in the Indonesian archipelago, unexpectedly suggesting a relationship of 
positive IOD to the seasonal enhancement of the rainfall (Figure 3h). Indeed, a negative IOD corresponds 
to warm SST anomalies off Sumatra and an enhanced chance of rainfall across southern Australia, where-
as a positive IOD corresponds to cooler SST anomalies off Sumatra and reduced rainfall across southern 
Australia (e.g., Cai et al., 2011; Risbey et al., 2009; Ummenhofer et al., 2009). The WS SST anomalies and 
the rainfall over Australia pattern (Figure 3d) support this finding so the positive correlation of regional 
rainfall (Figure 3h) with the IOD is puzzling. In fact, the isolated correlation of the Australian rainfall with 
IOD (at lag = 0 and leading by 1 month) as well as partial correlations with a reduced set of predictors (SST, 
ENSO34, and IOD) results in a negative correlation of the IOD with Australian rainfall as expected. The 
correlations become weakly positive when we include BLT in the PLS regression (Figure 3h), suggesting 
that there might be more complex mechanisms connecting the IOD with the WS box BLT variability that 
require a full-scale modeling study and so are beyond the scope of the current study. Another factor that 
distinguishes our study from these previous studies on IOD impact with Australian rainfall is that they were 
built on smoothed seasonal and annual time series, which reflects the longer term variability of IOD (Cai 
et al., 2011; Risbey et al., 2009; Ummenhofer et al., 2009) whereas we used an unsmoothed monthly time 
series on shorter time scales (i.e., on the order of months).
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4.1.  Mechanisms of BLT Impact on the IAAC Rainfall

The proximity of the Asian continent to the northern Indian Ocean makes the regional dynamics remark-
ably different from other tropical oceans. In the northern Indian Ocean, the contrast in the land-ocean 
seasonal heating causes the reversal of the wind regime from easterly winds in the winter to westerly in the 
summer rather than having steady easterly trades along the equator (Schott et al., 2009; Webster et al., 1998). 
During the boreal winter of DJF northeasterly winds from the Asian continent blow dry cold air toward 
the warm Indian Ocean that converge at the equator west of Sumatra with the southeasterly winds from 
the southern hemisphere producing significant amounts of precipitation over the maritime continent and 
northern Australia (corresponding to the Australian wet monsoon season; Figures 3a and 3b, Figure S1 in 
Supporting Information S1).

This is consistent with the model DJF near-surface mean moisture transport pattern (Figure 4a, vectors) 
and the distribution of the vertically integrated total precipitable water (TMQ) (color) having the highest 
values over the Indonesian archipelago and northern Australia. The near surface level (958  hPa) mean 
moisture transport produces the largest regression coefficients of all the different vertical pressure levels, 
and closely follows the surface level (993 hPa) wind pattern. Linear regression of the standardized TMQ 
monthly time series and the multi-variate regression of the monthly standardized moisture transport com-
ponents at 958 hPa with the WS BLT monthly time series at a time lag of 1 month reveals a strong positive 
correlation over the Australian continent with highest TMQ regression coefficient values of ∼0.6–0.7 in the 
northern sector (Figure 4b).

The thickening of the barrier layer west of Sumatra in NDJ increases the local ocean evaporation and 
intensifies the local atmospheric convection (Figure  2). Subsequently, during the DJF season when the 
north-westerly winds are passing over the region (Figure 4), this local air–sea interaction provides an ad-
ditional source of moisture for the Australasian monsoon system and intensifies the rainfall over northern 
Australia.

5.  Conclusions
This study aims to understand the role of the local barrier layer in the eastern Indian Ocean on air-sea inter-
action and its subsequent impact on the continental rainfall over the Indonesian archipelago and Australia. 
We focus on a region west of Sumatra, where the BLT has a local maximum in NDJ. Our findings support 
our hypothesis that there is a strong correlation between the barrier layer thickness in this region and the 

Figure 4.  (a) Climatological DJF distribution from the PI E3SMv0 model (years 85–131) of total vertically integrated precipitable water (TMQ, color, kg/m2) 
and mean moisture transport vectors (m/s kg/kg) at 958 hPa, (b) Linear regression coefficients of monthly standardized anomalies of TMQ (color) and the 
multi-variate moisture transport components (vectors) at 958 hPa with the WS Box BLT after a 1-month time lag for model years 85–131.
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rainfall over the IAAC. In particular, enhanced BLT in the WS relates to increased rainfall over northern 
Australia. The regression patterns are more complex over the Indonesian archipelago, where the rainfall in 
regions south of 4°S is mostly positively correlated while north of 4°S, the correlations are mostly negative. 
This is likely due to the different types of seasonal cycles in rainfall over these areas: the southern areas are 
under the influence of the Australian monsoon, while the northern areas are more impacted by the East-
Asian monsoon.

Initially, we hypothesized that the feedback mechanism by which the barrier layer amplifies atmospheric 
convection is by trapping the heat and warming up the SST, consequently intensifying evaporation. Howev-
er, we found that the thickest barrier layers occur during NDJ, the seasonal period of relatively low SST and 
reduced surface heat fluxes. Rather than by increased heating, intensified evaporation occurs due to strong-
er wind forcing. The barrier layer limits the penetration depth of the wind mixing and thus additionally 
intensifies the turbulent mixing heat flux, causing surface ocean heat loss via evaporation (increased latent 
heat flux) and conduction (increased sensible heat flux). Furthermore, during the maximum BLT season 
during NDJ the intensified production of surface moisture is delivered to the upper atmospheric levels via 
increased atmospheric convection (as evident in the OLR decrease during this time). Therefore, the BLT in 
the WS region serves as a mechanism for amplification of the monsoon moisture that is transported to the 
Australian continent. Further evidence for this teleconnection was found in the high positive correlations of 
BLT with TMQ along a pathway originating from the WS carried by the southeast moisture transport toward 
northern Australia. Nonetheless, further investigation is needed to quantify the impact of the barrier layer 
on the local surface turbulent heat fluxes and the moisture fluxes in the upper atmosphere to more fully 
assess their contribution to the rainfall anomaly over the IAAC.

Nicholls (1989) found SST variability in central Indian Ocean (∼20°S, 80°E; his Figure 6) to be highly cor-
related to a west-east winter rainfall mode in Australia, whereas we have identified regional West Sumatra 
BLT variability to be highly correlated with a north-south Australian rainfall pattern. Interestingly in our 
linear regression of the moisture transport with the WS box BLT (Figure 4b), albeit for all months, this cen-
tral Indian Ocean region is located in a zonal convergence of north-westerly with south-easterly moisture 
flows, resulting in a pathway of eastward zonal moisture transport toward Western Australia which would 
affect the rainfall there.

Our analysis shows a heretofore unrealized potential predictive power of salinity stratification on regional 
rainfall. Specifically, the predictability skills of the WS BLT for the IAAC rainfall were investigated using 
a PLS regression fit of monthly time series of WS box BLT, SST, MLD, as well as the large-scale variability 
indices Niño3.4 and IOD to the IAAC continental rainfall. The highest correlation with the continental 
rainfall is with the WS box-averaged BLT at a lag of one month. Thickening of the barrier layer in the West 
Sumatra region is related to intensify rainfall over the northern Australia one month later. This result sug-
gests that the BLT in the WS region possesses rainfall predictability skills and may be used as an indicator 
(predictor) of intensified rainfall over northern Australia.

Data Availability Statement
GPM IMERGv6 monthly data are available at https://disc.gsfc.nasa.gov/datasets/GPM_3IMERGM_06/
summary?keywords=%22IMERG%20final%22. Argo data were collected and made freely available by the 
International Argo Program and the national programs that contribute to it (http://www.argo.ucsd.edu). 
The Argo Program is part of the Global Ocean Observing System. The AMSR-2 data (www.remss.com) 
are produced by Remote Sensing Systems and were sponsored by the NASA AMSR-E Science Team and 
the NASA Earth Science MEaSUREs Program. The Scatterometer Climatology of Ocean Winds (SCOW) is 
available at https://chapman.ceoas.oregonstate.edu/scow/. The data and model output used in this study 
(Ivanova et al., 2021) are freely available at the DOI https://doi.org/10.6075/J0MC8ZW3.
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