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Abstract Inferring local land‐atmosphere coupling through correlation of colocated soil moisture and
future rainfall inherently assumes a one‐dimensional (1‐D) framing of the coupling mechanism. For the
ﬁrst time we demonstrate the importance of upholding this assumption by examining the statistical
relationship between daily soil moisture and rainfall depths over Australia, specifying spatial scales (0.05°,
0.5°, 1°, and 2.5°) to constrain the relationship to local‐only physical processes. At small scales, without
consideration of the 1‐D assumption, strong land‐atmosphere coupling is suggested across much of the
country. However, when adhering to a 1‐D framework, small sample sizes make correlation unsuitable for
assessing local coupling at these small scales. When adhering to a 1‐D framework, at scales of 0.5° and above,
we ﬁnd positive correlations in northern Australia in the wet and transition seasons and negative
correlations in southern Australia in austral winter. The correlation is scale dependent, suggesting that as
spatial resolutions increase in the future and land‐atmosphere coupling heterogeneity is resolved, spatial
distributions of local coupling may differ from larger‐scale estimates characteristic of current coarse
resolution climate models.

1. Introduction
Land surface ﬂuxes of moisture and heat affect the thermodynamic and hydrodynamic properties of the planetary boundary layer (PBL). Changes to albedo and the partitioning of available energy between sensible
and latent heat ﬂuxes (Betts et al., 1996; Pielke, 2001) affect the PBL, upper level entrainment, and cloud formation. These changes can then feedback to the land surface state (Santanello et al., 2018).
Previous studies have assessed land‐atmosphere coupling and associated feedbacks by examining the link
between soil moisture and subsequent rainfall, for example, by applying covariance‐based methods to global
climate models, other model output, or observations. Examples include correlation analysis (Findell &
Eltahir, 1997; Liu et al., 2016; Zhang et al., 2008), the coherence index (Koster et al., 2006; Yang et al.,
2018), the feedback parameter (Notaro, 2008), and the two‐legged coupling index (Dirmeyer, 2011).
Inferring the presence of local land‐atmosphere coupling through covariance of colocated soil moisture and
rainfall at a grid cell or point fundamentally assumes a one‐dimensional (1‐D) framing of the coupling
mechanism. That is, the assumption when correlating gridded soil moisture and rainfall is that the local land
surface state inﬂuences the overlying air mass within the same grid cell, within the diurnal or daily time
scale of PBL evolution (Betts, 2004; Santanello et al., 2018) to produce rainfall. This assumption clearly
requires that air masses do not travel through or beyond the grid cell within the daily time frame. If an air
mass is horizontally advected (i.e., transported) across the bounds of the grid cell within a day, the air mass
has been affected by the land surface state of neighboring grid cells, and the 1‐D assumption inherent in the
local correlation is broken.
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The validity of the 1‐D assumption is questionable given the important role advection can play in local
land‐atmosphere coupling (e.g., Dixon et al., 2013; Doran et al., 1995; Findell & Eltahir, 2003; Froidevaux
et al., 2013; Taylor, 2015). The assumption has not been explicitly tested in previous studies analyzing the
temporal correlation between soil moisture and subsequent rainfall. For example, Findell and Eltahir
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(1997) correlated two weekly soil moisture (interpolated to a daily time scale and spatially averaged over the
state of Illinois, USA) on 1 day with daily rainfall accumulated over the subsequent 21 days. Similarly,
Duerinck et al. (2016) and Liu et al. (2016) temporally correlated regional soil moisture and future 21‐
day rainfall totals over Illinois and Asia, respectively. The time the overlying air masses remained over
the land surface of given spatial scale was not explicitly connected to the impact of local versus remote processes on the computed relationship. On the other hand, while not directly discussing the 1‐D assumption,
Alﬁeri et al. (2008) sought to distinguish the impact of local versus remote processes on point‐scale daily
soil moisture‐rainfall relationships by separating the correlation into days with convective versus stratiform
rainfall, respectively. Our study differs from these previous efforts as we intentionally uphold the 1‐D correlation assumption.
Modeling studies have found different magnitudes and even different signs in temporal soil moisture‐rainfall
feedback (i.e., two‐way coupling) at varying spatial scales. For example, Hohenegger et al. (2009) found a
negative feedback with a 2.2‐km grid size model but a positive feedback with a 25‐km model. This change
is strongly inﬂuenced by the convective parameterization present in the 25‐km model (and absent in the
2.2‐km model). Taylor et al. (2013) also investigated the soil moisture‐rainfall feedback using a model run
at 4‐ and 12‐km resolution, and they showed that the feedback was highly dependent on the convective parameterization. When convection was explicitly resolved, the probability of rainfall was dependent on spatial
scale, but the overall sign of the feedback was consistent across the spatial scales tested (Taylor et al., 2013).
In another modeling study using 2‐km resolution Froidevaux et al. (2013) showed that the soil moisture‐
rainfall feedback can be negative under conditions with no background wind and positive when a background wind is present. While the wind speed in this study was not explicitly linked to the grid size, the
mechanism invoked—convection initiates preferentially over drier grid cells and then propagates downwind
to rain over wet grid cells—naturally provides a link between the grid size and the time it takes for a precipitating system to pass from a dry grid cell to a wet grid cell. Coupling strength has also been shown to be
affected by background wind by Cioni and Hohenegger (2017), where simulations initialized with observed
wind speed proﬁles led to a weaker control of the land surface on rainfall compared to simulations where
wind velocities were initially set to zero and by Findell and Eltahir (2003) who showed that strong wind
shear can suppress convection. Furthermore, in a remote sensing‐based study using a base resolution of
0.25°, Guillod et al. (2015) showed that a negative spatial feedback (rains where conditions are drier) coincided with positive temporal soil moisture‐rainfall feedback in some geographic regions. Following the
methodology of Guillod et al. (2015) and Taylor et al. (2012), Petrova et al. (2018) showed that a negative
spatial feedback in North Africa was robust across varying spatial scales (1°, 2.5°, and 5°). Overall, these
studies highlight the importance of spatial scale and surrounding land surface conditions, as well as wind
speeds and temporal scales, in determining the coupling sign and strength.
To confront the challenges of the 1‐D assumption and spatial scale in applying correlation as a coupling
metric, we examine the correlation between daily soil moisture and colocated next‐day rainfall depth. For
the statistical relationship to be indicative of local coupling between the land and the atmosphere (where
“local” is deﬁned as the area contained within a single grid cell), we uphold the 1‐D assumption by restricting the correlation to a temporal scale short enough for soil moisture to alter overlying PBL properties before
the affected air mass passes through and out of the grid cell. The near‐surface wind speed is used to represent
transport of the air mass, noting that it is likely an underestimate of wind speeds higher in the PBL. Wind
speed deﬁnes the time it takes for an air mass to cross a grid cell; hence, a maximum wind speed can be
deﬁned so that air masses cannot entirely cross a grid cell within a given time frame. Our analysis therefore
differs from previous soil moisture‐rainfall correlation studies in that we explicitly integrate the spatial and
temporal scales and relate the statistical relationship to local‐only (1‐D) physical coupling processes at
spatial scales of 0.05°, 0.5°, 1°, and 2.5°.
Our analysis also differs in the treatment of persistent exogenous weather conditions. Some studies have
attempted to deal with the effect of rainfall autocorrelation on the computed soil moisture‐rainfall relationship by considering the difference between the correlation of subsequent 21‐day rainfall totals and the
correlation of soil moisture with subsequent 21‐day rainfall totals (e.g., Findell & Eltahir, 1997; Liu et al.,
2016; Mei & Wang, 2011). A window length of 21 days was reasoned to be representative of a short climatic
period rather than a single weather event (Findell & Eltahir, 1997). Working at such a time scale makes it
difﬁcult for the effect of local soil moisture conditions and related overlying PBL properties to be
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separated from the effect of larger‐scale processes (e.g., remotely generated synoptic systems) on colocated
rainfall. Here instead, we ﬁlter the time series at each cell to retain only those days without prior rainfall
to account for the effect of multiday storm events on the soil moisture‐rainfall relationship.
While the methodology used in this study can be applied to any geographic region, we focus on Australia
since the soil moisture‐rainfall relationship is currently poorly deﬁned in this region and has not yet been
statistically assessed using available multiyear observational data. Soil moisture‐rainfall correlation over
Australia has been considered in a modeled environment by Wei et al. (2008); other studies examined the
potential coupling between the land and the atmosphere in the region through different covariance‐based
methods but with a focus on temperature (Hirsch, Pitman, & Kala, 2014; Hirsch, Pitman, Seneviratne,
et al., 2014; Holmes et al., 2017; H. Zhang, 2004).
Identifying a signiﬁcant statistical relationship between soil moisture and next‐day rainfall across Australia
does not necessarily imply a direct coupling, but it is a valuable ﬁrst step toward understanding the physical
mechanisms driving land‐atmosphere coupling over the continent. Understanding of the local coupling
mechanism, and its spatial scale dependence, is needed to grasp what role it may play in near‐term hydroclimatic prediction (including prediction of extremes such as droughts and heatwaves) and longer‐term
climate projections.
The primary objective of this paper is therefore to examine the importance of upholding the 1‐D assumption
in the application of soil moisture‐rainfall correlation as a coupling metric at varying spatial scales. Adhering
to a 1‐D framework, this paper will also determine, for the ﬁrst time, whether a signiﬁcant correlation exists
between soil moisture and colocated next‐day rainfall over Australia. We pursue these objectives using interpolated ground observations, model outputs, remote sensing retrievals, and reanalysis data.

2. Methods
2.1. Data
To test the correlation between soil moisture and next‐day rainfall in a 1‐D framework, we used a gridded
data set. Gridded rainfall estimates from the Australian Gridded Climate Data data set (D. Jones et al.,
2009) are based on interpolation of station observations to a 0.05° resolution grid, are available from
1901 to 2016, and represent daily rainfall totals (mm) in the 24 hr to 0900 local time. Accuracy of the rainfall estimates was assessed by Jones et al. (2009) for the period 2001–2007 using a cross‐validation procedure whereby 5% of stations were deleted at a time and the error in the remaining stations calculated.
Daily rainfall values in the data set have a root‐mean‐square error of 3.1 mm and a mean absolute error
of 0.9 mm. Figure 1a shows the location of station gauges used in the interpolated product. Gauge density
varies across the country, with a greater number of stations located in the more populous coastal regions.
Fewer gauges are present in the arid interior where rainfall is low (<50 mm) for at least half the year
(Figures 1d and 1e). Areas without rainfall data were removed from our analyses; only grid cells with at
least 15 days of rainfall (>1 mm) in each season were utilized. Rainfall estimates from the Multi‐Source
Weighted Ensemble Precipitation (MSWEP, version 2.2) were also utilized for comparison. MSWEP
merges data from station, satellite, and reanalysis products into a global, 3‐hourly data set at 0.1° for
1979–2016 (Beck et al., 2017).
Daily average soil moisture is available at 0.05° resolution for 1911–2016 from the WaterDyn continental‐
scale water balance model. WaterDyn estimates soil moisture for two spatially varying soil layers depending
on soil type (Raupach et al., 2009). Gridded estimates of daily average relative soil moisture content (%) from
the uppermost layer were utilized, corresponding to a topsoil thickness of ~8–70 cm (typically 20 cm;
Raupach et al., 2009) depending on soil type. Based on evaluation against shallow in situ measurements
from 13 sites in different climatic regions of Australia, the temporal dynamics of WaterDyn soil moisture
estimates appeared more accurate than several alternative model and remote sensing estimates, with correlation coefﬁcients for daily patterns ranging from 0.76 to 0.88 (Holgate et al., 2016). Remotely sensed soil
moisture estimates produced by the European Space Agency's Climate Change Initiative (CCI) program
(version 3.2) (Y. Y. Liu et al., 2011, 2012; Wagner et al., 2012) were also used for comparison. The daily
average CCI surface soil moisture estimates (in volumetric units, m3/m3) combine active and passive
satellite retrievals over 1979–2015 and are available at 0.25°.
HOLGATE ET AL.
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Figure 1. (a) Station locations used in the Australian Gridded Climate Data rainfall data set (sample from 1900–2008 shown) and (b–e) seasonal rainfall climatology
(1979–2015). White areas in panels (b) to (e) indicate regions of no data. DJF = December, January, February; JJA = June, July, August; MAM = March, April, May;
SON = September, October, November.

Wind speed data from 6‐hourly ERA‐Interim reanalysis at 0.75° resolution were used. Surface wind speed
(m/s) estimates were taken at 0000 UTC (0800–1000 local time across Australia) to approximately coincide
with the start of the rainfall measurement period. Wind speed data from McVicar et al. (2008) were also used
for comparison. The data set spatially interpolates 24‐hr wind run observations from surface anemometers
from 1975 to 2017 and is available at 0.1°.
2.2. Correlation
We assessed the degree of association between daily average soil moisture and next‐day rainfall totals across
Australia using the nonparametric Spearman rank correlation coefﬁcient. Since rainfall is measured as a
daily total commencing at 0900 local time, the previous day's average soil moisture value was used as an estimate of early morning soil moisture for correlation with rainfall accumulated in the subsequent 24 hr from
0900. Since we performed the correlation on a 1‐day temporal scale utilizing daily gridded soil moisture and
rainfall data, to uphold the 1‐D assumption inherent in the correlation the spatial grid scale was constrained
to the distance an air parcel may be transported across the landscape within a single day. For an air mass to
remain within a grid cell of given size from the start of the rainfall measurement period at 0900 local time
until the afternoon (say 7 hr), a maximum wind speed must be deﬁned. For example, for an air mass to
remain within a 1° grid cell (~100 km) between morning and afternoon, the wind speed must be ~4 m/s
or less. Surface wind speeds of ~4 m/s are most common across Australia according to the distribution constructed from ERA‐Interim reanalysis (Figure 2).
Soil moisture and rainfall data were remapped from their native grids to the target grid using conservative
ﬁrst‐order remapping, which maintains energy and water mass balance between the original and target grids
(P. W. Jones, 1999). Wind speed data were remapped to the target grid using bilinear interpolation. The soil
moisture and rainfall time series were ﬁltered to retain days when the wind speed was below the threshold to
match the 1‐D correlation framework assumption.
We controlled for the persistence of exogenous weather conditions and the potentially resulting spurious
correlations. This can occur both at the seasonal scale and the scale of days, where the persistence of rainfall
seasonality or transient synoptic systems, respectively, can lead to correlation between soil moisture and
future rainfall without any suggestion of causation. At a seasonal scale, we avoided this by analyzing individual seasons separately. Within those seasons, we controlled for persistence by only considering the ﬁrst day
of rain if consecutive rainfall days were recorded. That is, the time series were ﬁltered to retain only those
days without rainfall (>1 mm) on the previous day. In this way, the effect of single‐system rainfall events
persisting over consecutive days was accounted for.
The analyses were carried out for all seasons over the period 1979–2015, corresponding to the longest overlapping period of soil moisture, rainfall, and wind speed data available.
2.3. Varying the Spatial Scale
To test the robustness of the analysis results to different spatial scales, we calculated the correlation at different spatial resolutions. The analysis was initially carried out at 1°, corresponding to the most common
wind speed across Australia (Figure 2). The analysis was repeated at 0.05° (native resolution of the primary
HOLGATE ET AL.
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Figure 2. Probability density function (bars, left axis) and cumulative density function (line, right axis) for 0000 UTC wind
speeds across Australia, 1979–2015.

soil moisture and rainfall data sets) and 0.5° to test the analysis results at smaller spatial scales. The data
were also coarsened to 2.5° to test robustness at a lower resolution. To maintain the correlation analysis
1‐D assumption, wind speed thresholds corresponding to each spatial resolution were applied separately;
0.25, 2, 4, and 10 m/s were applied to the 0.05°, 0.5°, 1°, and 2.5° resolution analyses, respectively.

3. Results
3.1. Testing the Correlation Assumption
Figure 3 and Table 1 demonstrate the importance of upholding the 1‐D assumption when correlating soil
moisture and next‐day rainfall. When advection and the 1‐D assumption were ignored and the correlation
performed without stratiﬁcation of the time series by wind speed (Figures 3a–3d), the relationship between
soil moisture and next‐day rainfall appeared signiﬁcant across Australia at all scales of analysis (18–30% of
land grid cells signiﬁcant across scales in March, April, May; see Table 1). However, when the physical transport of air masses was accounted for and the 1‐D assumption upheld using only days below the wind speed
threshold, the spatial pattern of correlation (Figures 3e–3h) and the proportion of cells that are statistically
signiﬁcant (Table 1) changed. At the smallest scale tested, 0.05°, low sample sizes were evident everywhere,
highlighting the reduction in sample sizes when the time series are partitioned based on the low wind speed
threshold of 0.25 m/s (refer to Figure 2). When the assumption was ignored, 18% of land grid cells were statistically signiﬁcant (Table 1); when the assumption was upheld, 0% of cells were signiﬁcant (with N > 15).
At 0.5° much of the inland regions showed a statistically insigniﬁcant relationship between soil moisture and
next‐day rainfall (Figure 3f; 7% of cells overall were signiﬁcant, compared to 20% when the assumption was
ignored; Table 1). A more modest change in the proportion of signiﬁcant grid cells occurred at 1° (23%
reduced to 15% when assumption upheld; Table 1). At the largest scale tested, 2.5°, only minor differences
in the spatial pattern occurred between the nonstratiﬁed case (Figure 3d) and the stratiﬁed case (i.e., after
the 1‐D assumption was upheld; Figure 3h). This is because most days in the time series were below the relatively high wind speed threshold of 10 m/s (see Figure 2). Clearly, the importance of upholding the 1‐D
assumption becomes increasingly apparent as the scale gets smaller. If soil moisture‐rainfall correlation
were to be used as a direct indicator of land‐atmosphere coupling without upholding the 1‐D assumption,
the metric would indicate a strong, widespread coupling present over Australia at the scale of 0.05°, when
in fact no such coupling is indicated.
3.2. Spatial Scale Dependence
To test the robustness of the statistical relationships at different spatial scales, we computed the correlation
at varying spatial scales, including 0.05° (Figures 4a–4d), 0.5° (Figures 4e–4h), 1° (Figures 4i–4l), and 2.5°
(Figures 4m–4p). In all seasons low sample sizes (N < 15) are evident everywhere at 0.05°. At 0.5°
(Figures 4e–4h) low sample sizes affect substantial areas; outside these areas, the spatial pattern resembles
HOLGATE ET AL.
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Figure 3. Comparing correlation between soil moisture and next‐day rainfall when the 1‐D assumption was upheld and when it was not, at varying spatial scales
(1979–2015; March, April, May shown). Only grid cells with p < 0.05 (two tailed) are colored. Maximum sample size N is 607; N < 15 are hatched. Only the ﬁrst day
of consecutive rainfall days was considered. Correlations shown for (a–d) all wind speeds and (e–h) local conditions, that is, 1‐D assumption upheld.

that found at 1° (Figures 4i–4l). At 1°, a clear spatial structure of correlation is evident, with positive
coefﬁcients (~0.1 to 0.4) found across the northern tropical and central arid regions in the northern
Australia wet (December, January, February; Figure 4i) and transition seasons (March, April, May and
September, October, November; Figures 4j and 4l). The relationship becomes insigniﬁcant in northern
Australia in the dry season (June, July, August; Figure 4k). Some areas of negative correlation are evident
in the semiarid and temperate eastern and southeastern parts of the
country in austral winter (~−0.1 to −0.4; Figure 4k). At 2.5°, soil
Table 1
moisture‐rainfall correlation broadly resembles the spatial pattern at 1°,
Proportion of Grid Cells Statistically Signiﬁcant (p < 0.05) in Soil Moisture‐
although the negative statistical relationship in eastern and southwestern
Next‐Day Rainfall Correlation
Australia becomes more spatially coherent at 2.5° (Figure 4 k).
Correlation
spatial scale

One‐dimensional
assumption not
upheld (%)

March, April, May
0.05°
0.5°
1°
2.5°
June, July, August
0.05°
0.5°
1°
2.5°
September, October, November
0.05°
0.5°
1°
2.5°
December, January, February
0.05°
0.5°
1°
2.5°

HOLGATE ET AL.

One‐dimensional
assumption
upheld (%)

18
20
23
30

0
7
15
30

10
11
13
16

0
2
7
16

29
21
23
28

0
4
13
27

25
25
26
20

0
6
16
20

The overall spatial pattern—a positive correlation in northern Australia
during the wet and transition seasons and slight negative correlation in
southeastern Australia during austral winter—remains when replacing
the WaterDyn soil moisture values with remotely sensed CCI estimates
(Figures S1a–S1d in the supporting information), when replacing the rainfall values with MSWEP estimates (Figures S1e–S1h), and when replacing
the wind speed data with estimates from McVicar et al. (2008;
Figures S1i–S1l). When ﬁltering the rainfall and soil moisture time series
to retain only those days without rainfall (<1 mm) on the previous 2 days
or previous 5 days (Figure S2), the overall seasonal spatial pattern remained
but with fewer cells showing a statistically signiﬁcant relationship, as
expected due to the reduced sample sizes.
The scale dependence of the soil moisture‐rainfall correlation was further
assessed by computing the difference in magnitude of correlation coefﬁcients when moving between spatial resolutions. The larger‐scale correlation results were ﬁrst remapped to the smaller scale using nearest
neighbor interpolation and the difference taken at each cell. The statistical
signiﬁcance of correlation differences was assessed using Zou's conﬁdence
interval test (Zou, 2007). This method constructs approximate conﬁdence
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Figure 4. Correlation between soil moisture and next‐day rainfall, 1979–2015. Only grid cells with p < 0.05 (two tailed) are colored. Maximum sample size N is 590;
N < 15 are hatched. Only the ﬁrst day of consecutive rainfall days was considered. Correlations are shown for local conditions (1‐D assumption upheld) at
(a–d) 0.05° (wind speeds ≤0.25 m/s), (e–h) 0.5° (wind speeds ≤2 m/s), (i–l) 1° (wind speeds ≤4 m/s), and (m–p) 2.5° (wind speeds ≤10 m/s). DJF = December,
January, February; JJA = June, July, August; MAM = March, April, May; SON = September, October, November.

intervals for the differences between correlations at each spatial scale, by taking into account the
dependency between correlations.
When ﬁrst considering cells with a positive soil moisture‐rainfall correlation in both the larger and smaller
scales of analysis, decreasing the scale of the correlation from 1° to 0.5° (Figures 5a–5d), and from 2.5° to 0.5°
(Figures 5e–5h), yielded a coherent pattern of higher correlation (~0 to +0.4; 95% conﬁdence) across northern Australia. When decreasing the scale from 1° to 0.5°, 65–73% of the signiﬁcant correlation differences
increased in magnitude across seasons; when decreasing the scale from 2.5° to 0.5°, 71–92% increased.
When moving from 2.5° to 1° (Figures 5i–5l), essentially no statistically signiﬁcant difference in the correlation was evident across seasons. When considering cells with a negative soil moisture‐rainfall correlation in
both the larger and smaller scales of analysis, fewer cells showed a signiﬁcant difference in the magnitude of
correlation coefﬁcients across Australia (Figure S3), but where a change was present, particularly in the
southeast of the country, the correlation became more strongly negative.
HOLGATE ET AL.
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Figure 5. Difference in correlation between spatial scales, 1979–2015, considering grid cell correlation coefﬁcients that were initially positive in both scales of
analysis. Only grid cells with statistically signiﬁcant (95% conﬁdence) correlation differences are colored. N < 15 (of smaller scale) are hatched. Only the ﬁrst
day of consecutive rainfall days was considered. (a–d) 0.5–1°, (e–h) 0.5–2.5°, and (i–l) 1–2.5°. DJF = December, January, February; JJA = June, July, August; MAM
= March, April, May; SON = September, October, November.

3.3. Statistical Sample Sizes
In this study, we screened the data using wind speed thresholds to isolate days where local surface conditions
are the primary inﬂuence on the overlying atmosphere and focus on the soil moisture coupling to rainfall by
only using the ﬁrst rain days of storm systems. Despite using 37 years of data, this subselection resulted in
data sets containing ~590 or fewer data points.
Findell et al. (2015) suggest that to determine land‐atmosphere coupling, strength sample sizes of at least
6–12 summers (at least 552 days) are required to converge on sample means found using 25 summers of data
(2,300 days). This would imply that most of our grids points are not adequately sampled. However Findell
et al. (2015) assume stationarity in the underlying statistical properties—in our case, the correlation between
grid cell soil moisture and rainfall. Findell et al. (2015) do this on a grid cell basis using data from the North
American Regional Reanalysis, which has grid cell sizes of ~30 km × 30 km. That is, they are using an implicit 1‐D framing of the coupling mechanism. In many locations ~90% of days will have wind speeds high
enough that the surface conditions of neighboring grid cells will impact, or even dominate, the relationship
between the surface and the atmosphere. That is, on low wind speed days the local surface conditions and
atmospheric conditions can be related physically and will present one set of statistical properties. On
moderate or high wind speed days the local surface conditions will have little or no inﬂuence on the
HOLGATE ET AL.
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atmosphere. The implied statistical properties may seem random as they depend on the unknown surface
properties of surrounding grid cells. Hence, the statistical properties assessed by Findell et al. (2015) are
dependent on wind speed and are not stationary.
While the sample sizes suggested by Findell et al. (2015) are not directly applicable to our study, we caution
that some of the results presented in this study may be affected by small sample sizes. We attempt to
overcome this by only considering those correlations that are signiﬁcant with 95% conﬁdence, and we
explicitly indicate areas where sample sizes are very small even if the correlation is signiﬁcant.

4. Discussion
This study applied a 1‐D framework to the correlation between soil moisture and next‐day rainfall depths. In
doing this we have examined the importance of upholding the 1‐D assumption when using correlation as a
coupling metric at varying spatial scales. By applying the correlation in a 1‐D framework, we have shown
that a signiﬁcant correlation between colocated soil moisture and next‐day rainfall exists over Australia in
all seasons.
The impact of applying correlation with and without upholding the 1‐D assumption increased as the
spatial scale decreased. The proportion of grid cells showing a statistically signiﬁcant relationship
between soil moisture and rainfall changed considerably when the assumption was upheld. At 0.05°, if
correlation was applied without consideration of the 1‐D assumption and relative spatial and temporal
scales, the metric would lead to the interpretation that the land and atmosphere are signiﬁcantly coupled
across Australia at small scales. In contrast, when the physical transport of air masses was accounted for
and the 1‐D assumption upheld, the correlation metric did not suggest any meaningful coupling at
this scale.
Few rain days in the 1979–2015 time series had estimated wind speeds below the threshold required at 0.05°,
resulting in small sample sizes for our high‐resolution correlation analysis. While a longer time series may
help circumvent this problem, our 37‐year time series is already considerably longer than previous correlation studies (e.g., 11, 14, and 20 years in Duerinck et al., 2016; Findell & Eltahir, 1997; D. Liu et al., 2016,
respectively). The small sample size highlights the limitation of the local correlation method when applied
to small scales. Even if a local relationship exists between soil moisture and rainfall at small scales, the
correlation method was not able to identify it, making this statistical method unsuited to the study of local
land‐atmosphere coupling in this case. This result serves as a caution to the application of the correlation
method to the assessment of local land‐atmosphere coupling at small spatial scales. Furthermore, it should
be noted that application of 1‐D soil moisture‐rainfall correlation cannot necessarily distinguish the inﬂuence of soil moisture on rainfall occurrence from rainfall amount. For instance, Findell et al. (2011) found
the land surface, represented by the evaporative fraction, to have a signiﬁcant inﬂuence on rainfall occurrence but not rainfall amount. When using a 1‐D correlation approach as in the current study, the time series
of soil moisture and rainfall are subselected to uphold the 1‐D assumption. This means that days when
rainfall did not occur will be ﬁltered out, preventing the method from determining the soil moisture‐rainfall
relationship on days with rainfall compared to days without rainfall. Rather, the correlation reﬂects how
rainfall amount varies with changes in soil moisture.
This study has shown that when appropriately applying the correlation metric in a 1‐D framework, a clear
relationship between soil moisture and next‐day rainfall is present across Australia in all seasons at scales at
and above 0.5°. Signiﬁcant positive soil moisture‐rainfall correlations were found in tropical northern and
arid central Australia during the wet and transition seasons. At 1°, a sparse but negative correlation was
found in the semiarid and temperate eastern and southeastern regions in austral winter. This negative
winter relationship in the eastern and southeastern regions became more spatially coherent as the scale
was coarsened to 2.5°.
The negative soil moisture‐rainfall relationship contrasts with the results of previous studies at comparable scales showing generally positive or no temporal soil moisture‐rainfall coupling over Australia (e.g.,
Hirsch, Pitman, Seneviratne, et al., 2014; Koster et al., 2004; Notaro, 2008; Wei et al., 2008). While a
negative spatial coupling (rains preferentially over areas drier than surrounding) was shown for parts
of Australia by Taylor et al. (2012), positive temporal coupling was shown in a complementary study
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by Guillod et al. (2015). The opposite sign of the temporal soil moisture‐rainfall relationship found in our
study compared to previous work suggests that there is uncertainty in the coupling between the land and
the atmosphere over eastern and southeastern Australia in particular and warrants detailed examination
of the coupling mechanisms over this region to reconcile the contrasting results between studies with
differing methodologies.
Comparing soil moisture‐rainfall correlation across different spatial scales showed that the statistical
relationship is scale dependent, particularly in northern and eastern Australia. A tendency toward a greater
correlation magnitude was found in the ﬁner‐scale (0.5°) analysis, compared to the coarser scales (either
the 1° or 2.5° analyses). In as much as the observationally constrained statistical relationship reﬂects
real‐world coupling, this result indicates that coupling appears stronger as the scale is decreased from
2.5° to 0.5°.
The scale dependence suggests that an increase in coupling strength may be expected in a climate model as
model resolution increases toward 0.5°. As climate models increase in resolution and move from a variety of
tiled approaches to explicit representation of land surface heterogeneity, the related heterogeneity in the
coupling between soil moisture and rainfall at smaller scales should become apparent. This might be
expected to result in different feedback patterns in comparison to more homogeneous signals simulated with
current coarser resolution climate models. Further increases toward extremely high resolutions will limit the
usefulness of grid cell correlation‐based coupling measures as the implicit 1‐D assumption will be routinely
broken. If gridded correlation metrics are to be applied to study local land‐atmosphere coupling, spatial and
temporal scales must be integrated to uphold the 1‐D assumption and ensure that local‐only physical processes are considered. If such coupling estimates are then to be used for comparison with climate models,
comparable spatial scales should be maintained.

5. Conclusion
We sought to determine the correlation between colocated soil moisture and next‐day rainfall depth across
Australia, where the 1‐D assumption inherent in the correlation method was upheld, at different
spatial scales.
We have shown that when the 1‐D assumption was upheld, the proportion of land area where the soil
moisture‐rainfall relationship was statistically signiﬁcant depended on the spatial scale, whereas no such
dependence was found when the spatial and temporal scales were not integrated. Consequently, the interpretation of the soil moisture‐rainfall statistical relationship as an indicator of land‐atmosphere coupling
is signiﬁcantly affected, particularly as scales get smaller.
Analyzing the soil moisture‐rainfall relationship in a 1‐D framework, we found positive correlation in
northern Australia during the wet and transition seasons and limited negative correlation in southeastern
Australia during austral winter. The statistical relationship was scale dependent, with stronger correlations
in northern and eastern Australia in the 0.5° analysis compared to the 2.5° or 1° analyses.
Remembering that observational analyses such as those used in the present study are inherently limited by
the spatiotemporal coverage and quality of the measurements and that statistical methods cannot establish a
causative link (Salvucci et al., 2002), the correlation result provides a qualitative indication of the presence of
a coupling in this region. This offers the opportunity to next undertake a comprehensive examination of the
physical mechanisms driving this relationship.
In summary, we have demonstrated for the ﬁrst time the importance of upholding the 1‐D assumption in the
correlation between soil moisture and rainfall, as a metric for land‐atmosphere coupling, at varying spatial
scales. At small scales correlation is not a viable method for assessing local coupling as adhering to a 1‐D
framework results in very small sample sizes. At scales of 0.5° and above we have shown that, when the
assumption was appropriately handled, a signiﬁcant correlation between soil moisture and next‐day rainfall
exists over Australia across all seasons. The dependence of the correlation on spatial scale suggests that as
future climate models increase in spatial resolution and heterogeneity in the coupling is resolved, coupling
behavior may deviate from current large‐scale estimates. The mechanisms driving coupling in different
regions and at different spatial scales will therefore need to be reevaluated in order to understand their role
in near‐term hydroclimatic prediction and longer‐term climate projections.
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