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Key Points.
© A 36-year, multi-satellite soil moisture cli-
mate record is tested for temporal homo-
geneity for the first time using new homo-
genelty tests.

° Inhomo eneities due to changing observing

syste ify the observed trends but an
ave r is less than 0.003 m3m 3y L.

° ContgO eriods of data without inho-
moge ' at satellite changeover times
are g y longer than 10 years.

Climate Data Records (CDR) that blend mul-
tiple satelgoducts are invaluable for cli-
mate Studﬁend analysis and risk assess-
ments. Kr@ge of any inhomogeneities in
the CD efore critical for making cor-
rect infEThis work proposes a method-
ology to i&tify the spatiotemporal extent of
the inhom ities in a 36-year, global multi-
satellite soil moisture CDR as the result of chang-
ing obs stems. Inhomogeneities are de-
tected at 524% of the tested pixels with
spatial extent yarying with satellite changeover

times. cless, the contiguous periods with-

out inhomogeneities at changeover times are
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generally longer than 10 years. Although the

inhomogeneities have measurable impact on

the derived trends, these trends are similar to

those observed in ground data and land-surface

reanalyswsuusidl an average error less than 0.003 m*m=3y~!.

These res@ngthen the basis of using the

product-fcii fong-term studies and demonstrate

the necess;j

homogeneity testing of multi-

satellite C%in general.
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1. Introduction

Soil moisture (SM) plays many roles in the climate system by controlling feedback be-
tween temperature and precipitation, the return flow of water from land to the atmosphere
via evaporation, and heterotrophic soil respiration [Seneviratne et al., 2010]. Changes in
SM suppH-hﬁ‘e led to multi-year declines in continental evaporation [Miralles et al.,
2014], an(@ﬂnomalies can strengthen summer heat anomalies [Fischer et al., 2007].
A long—FerEomogeneous observational data set of soil moisture is therefore invaluable
for improv@nderstanding of climate variability by reducing uncertainties in modelling
of the SM-prggipitation coupling in climate models and the responses of vegetation and
the carbon j:cle to the changing climate. Such data can initialize, constrain and evaluate

climate m land surface schemes, and allow trend and anomaly detection for agro-

environmeE%nd hydrological changes and likelihood analysis of extremes [e.g. Albergel

d

et al., 2018a} Bowever, ground measurements are only available in few regions and mostly
only fo eriods [Dorigo et al., 2011]. The ESA’s Climate Change Initiative (CCI)
SM pro mms t0 close this gap by combining multiple satellite SM data sets to produce
a 36-year wmber 1978-December 2014) SM Climate Data Record (CDR) (referred to
as ESA C henceforth) [Liu et al., 2012; Wagner et al., 2012]. This is particularly
challengﬁSM because different satellite products show different cumulative distri-

bution funictions (cdfs), owing to the fact that SM is highly variable across spatial scales,

{

and differ nsors have distinctive error characteristics and/or represent different soil

U

volumes.

A
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X-6 SU ET AL.: HOMOGENEITY OF SOIL MOISTURE CDR

Several investigators have evaluated previous versions of the ESA CCI SM product.
Trend analyses by Dorigo et al. [2012] and Albergel et al. [2013a, b] show similarities be-
tween ESA CCI SM and model re-analyses from ERA-Land, ERA-Interim and GLDAS-
Noah, and/or precipitation records, while Albergel et al. [2013a] found significant corre-
lations b“ ESA CCI and in situ SM 30-day moving averages and anomalies. These
efforts arelarly important as satellite SM datasets, particularly ESA CCI SM, are
increasiﬁg@ng used for long-term studies, e.g., studying the impact of oceanic oscil-
lations on@ce water distributions [Bauer-Marschallinger et al., 2013] and trends in
changing global water fluxes [Miralles et al., 2014]. However, Dorigo et al. [2015] eval-
uated ESmI SM against in situ SM measurements to find temporal changes in its
quality ovge, and Loew et al. [2013] observed discontinuities in zonal mean SM. Such
abrupt chﬁ, i.e., inhomogeneities, in multi-satellite timeseries data can result from
non—clima@uses such as changes in instrumentation, retrieval algorithm, and instru-
mental EA failure, and lead to spurious climatic behaviour. They must therefore be
identifi ddressed during or after blending.

To infmf;he use of this data for climate studies, this paper proposes homogeneity
tests to c}@erise the possible inhomogeneities, and their extent, of the monthly ESA
CCI SM tiﬁies, as a result of changing observing systems. The spatiotemporal extent

of homogeneity in the data is quantified and the impacts of inhomogeneities on trend

analysis ajmined.

2. Ho-@ity testing of ESA CCI SM
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The algorithm behind the ESA CCI SM production consists of two stages of bias correc-
tion and merging of eight passive and active microwave satellite sensor types [Liu et al.,
2012; Wagner et al., 2012]. In the first stage, passive SM retrievals from AMSR-E (Ad-
vanced Microwave Scanning Radiometer—Earth Observing System) serve as the reference
to whiclejedtimates from SMMR (Scanning Multi-channel Microwave Radiometer),
SSM/1 (Sensor Microwave Imager), TMI (Tropical Rainfall Measuring Mission
Microwa‘vﬁger) and WindSat were rescaled by matching their cdfs and merged on a
per pixel hasim This merged data set was then extended with retrievals from the AMSR2
(Advanced_Migrowave Scanning Radiometer—2). In parallel, active retrievals from ERS-
2 (Europe%emote Sensing) were rescaled to match ERS-1, which were subsequently
rescaled t merged with the SM from ASCAT (Advanced Scatterometer). In the
second Stghe merged passive and active data sets were rescaled against GLDAS-
Noah mo@ SM, and merged using selection rules based on their relative sensitivity
to VegeEensity. Here we use the latest v2.2, daily 0.25° gridded product that is
represerlintmmsme{ the upper (up to 2 cm) soil layer.

Relativ@ (RT), which involve using reference SM data, are applied to the monthly
aggregate@he ESA CCI data to detect possible inhomogeneities at the changes of
the instru and/or retrieval methods, where ‘inhomogeneity’ is defined as either an
artiﬁcia;ﬁnmty in overall SM level or a change in variability. A form of absolute
homogenei t that does not require a reference series has also been trialled, but it
is found not gkillful (see Supporting Information). As shown in Fig. 1, the data can

be decom into eight time periods 7; based on the observing sensors, such that
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homogeneities could occur at the transition time ?; ; between two successive periods T;
and 7). Six out of seven possible breakpoints t; ; are tested for inhomogeneities; those at
t12 are not tested because there are only 10% valid data per month, on average, available
to compute monthly averages during the operating period T of SMMR.

RT iswejsbaslned on a monthly difference (residual) series @ between the candidate
series Y (A CCI SM) and a reference series X [Alexandersson and Moberg, 1997;
Tuomen‘viEcmd Alezandersson, 1995]. In circumstances where there are multiple (K)

series X; (g ,2,...,K), e.g., from a network of in situ sensors, that are associated or

coincident % Y,,, we define,
SR VIBX )

- @=r v @

where theffsecond term refers to the representative reference series to which Y is com-

pared. T malization V; weights the relative contribution of the ith source (X;) to
the con i of the reference series. Each weighting coefficient is taken as the square
of positi ear) correlation between X; and Y. Distinguishing from the formalism of

Alezandersson and Moberg [1997] who corrected additive or multiplicative biases for me-
teorological aata, we use bivariate linear regression (with coefficients f; and ¢;) to correct
for both k of biases between the candidate and the reference series, because a linear

model i;Eonly used to describe the biases amongst in situ, modelled and satellite

SM [Grub!r et al., 2016].

Since e;nalysis period T; U T; may contain inhomogeneities at a priori known
transiti@ ti;, RT looks for significant statistical differences between samples of

{Qn;n € T} cf. {Qn;n € T;}. While any two periods T; and 7; can be chosen arbitrar-
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SU ET AL.: HOMOGENEITY OF SOIL MOISTURE CDR X-9

ily, our choice of j = i+ 1 identifies the location of the inhomogeneities. The discontinuity
is tested using the Wilcoxon rank-sum test for equality of median [Karl and Williams,
1987], which is a non-parametric test that is more robust against small sample sizes, out-
liers, and non-normal or tailed distributions, compared to a t-test for equality of means.

The ranmn in each sample are summed and compared, and the p-value of the test is

E)

determine ugh a permutation test for small samples. Similarly, an artificial change
in varianc 1ch leads to unequal dispersion between the two samples of {Q,}, is tested

using the @e -Killeen test, which is a non-parametric, rank-sum based counterpart to

the F-test @LO’UGT et al., 1981]. Formally, RT at ¢, ; is a hypothesis test with the null
hypothesis homogeneous) and an alternative hypothesis H] (inhomogeneous)
given by,

Hi: G(QuineT;) =G(QuneT;), (2)

Hy G(Qggﬂ ) # G(Quin € Tj), (3)

where (Eputes the sum of ranks of @, in the Wilcoxon test (7 = W) and the sum

of ranks of the absolute deviations |@,, —median(Q)| in the Fligner-Killeen test (7 = FK).

[

Note that r forms of inhomogeneities such as inhomogeneous trends and non-climatic

changes tha®™®o not coincide with instrumental changes [Alezandersson and Moberg, 1997

h

are not ed here, but such inhomogeneities could in principle lead to rejection of

the null h othesis.

Ut

RT is i ented with co-located ground SM measurements (referred to as RTG here-

after) a m soil depths from 44 operational and experimental monitoring networks

A

worldwide with a variety of climatic regions, land cover types and soil textures, drawn
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from ISMN (International Soil Moisture Network) [Dorigo et al., 2011, 2013]. Support-
ing Information provides details on the processing of the data for testing. The ground
data are broadly accepted to provide the best available reference series, although they
are highly heterogeneous in spatial and temporal coverage. The discrepancies in spatial
scale nee“e resolved, which is implicitly achieved via Eq. 1. It is of note that in
situ data @e large representativeness errors [Gruber et al., 2013], but representivity
diﬁerenc‘eﬁveen station and satellite data are likely to diminish with temporal scales,
since monjgalymyariations in various SM data generally show better agreement than their
sub-daily ¢ onents [Su and Ryu, 2015]. Nevertheless it remains a working assumption
that the m;@ly variations and trends at local scales are similar to those at the coarse
scales.

We therEﬂSO consider a second implementation of RT with modelled SM as reference
(referred @TM). Specifically, we use the top 2 cm SM from the MERRA (Modern
Era Re ve-analysis for Research and Applications) Land, a land-only reanalysis
data pr eichle et al., 2011]. Similar to ESA CCI SM, reanalyses such as MERRA-
Land suffeg from discontinuities in the observing systems [Robertson et al., 2014], but the

impact of Gvolving satellite system is somewhat mitigated by the fact that MERRA-

Land useSﬁe—based precipitation forcing. Even so, the global precipitation gauge

network ws with time, and gauges are scarce in remote regions, which can also lead

to disconbjs. Thus, the use of MERRA-Land data in RTM needs to be evaluated

against RTG, grhere two tests are conducted independently with the satellite data being
<C

sampled ely for each test.
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3. Results and discussion

3.1. Testing for inhomogeneities with RTG

Tab. 1 shows percentages of test instances (% H7) where RT'G detected inhomogeneities
with different significance levels «. Across the periods, 6.8% of the tested instances at
a signiﬁerl a = 0.01 show discontinuities and 1.8% show changes in variance.
Supportm@nation shows timeseries plots of detected inhomogeneities and rainfall
data [A®]*™=er=/., 2003|. Limited ground monitoring before 2000 and less frequent spatio-
temporal gpverage of the satellites undermine the ability of RTG to test for inhomo-
geneities aggjand t3.4. The occurrence of inhomogeneity in variance is consistently lower
than that@scontinuities. This suggests that the cdf-matching approach of the CCI
product rr: more effective in reducing multiplicative biases between different satellite

products gan removing additive biases, or that the variances of monthly aggregates of

SM are s1®amongst the products.

es of inhomogeneities vary between the analysis periods, with considerably
higher ﬁcorded for t56 (at the advent of ASCAT) than for ¢t and t75. This is
partly duet&the fact that RTG’s statistical power varies with different test periods; the
hypothesis ing has less statistical power during these latter two periods due to small
data samples in period T7. However the remarkable differences in % HT is likely to suggest
that E SM is relatively homogeneous over Tg — Ty, owing to the instrumental
similaritie retrieval algorithm consistency, amongst AMSR-E, WindSat and AMSR2.
Their SM Qa‘ces are retrieved similarly from their C- and X-band observations via the

Land PQr Retrieval Model (LPRM) [Owe et al., 2008|, and these products have

shown to have similar error structures in terms of biases (additive and multiplicative) and
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X-12 SU ET AL.: HOMOGENEITY OF SOIL MOISTURE CDR

signal-to-noise ratio [Su et al., 2016]. By contrast, the higher occurrence of discontinuities
at t5 ¢ could arise from different relative contributions of the active retrievals to the merged
active-passive product before and after January 2007. While the ERS and ASCAT SM
show similar error structures after inter-calibration [Reimer et al., 2013; Su et al., 2016],
the ERSMge became limited after 2003 and the error structures of active retrievals
differ con from those of passive counterparts [e.g. Dorigo et al., 2015; Su et al.,

2016]. T hf CCls blending algorithm explicitly selects the active retrievals over passive

Counterpatj densely vegetated areas.

3.2. Glom-apping of inhomogeneities in ESA CCI SM

We evalEthe skills of RTM by assessing its ability to match the test outcomes of
RTG impl ed with a = 0.01, based on the odds ratio (OR) and the Hanssen-Kuipers
discriminant (HK) (Supporting Information). OR measures the odds of an inhomogeneity
being corr detected relative to the odds of the detection being incorrect (with larger
values being Mgéter, and 1 being not skillful), whereas HK indicates how well the candidate
test separates the inhomogeneous events from homogeneous ones (HK = 0 indicates no
skill, and Mrfect score is 1). Based on 685-714 test instances across analysis periods
and locati@we Wilcoxon (and Fligner-Killeen) RTM test with o = 0.01 are found to be
skillful, wifli ligh OR = 21 (93) and HK = 0.46 (0.57). These results suggest that RTM
using MEMLand is skillful at detecting inhomogeneities, although our assessment
is princip@ased on areas that tend to have raingauge measurements available for

perform%e accurate land surface analyses. RTM could yield false positives in other
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areas with limited raingauges. Despite this limitation, the current results give cause to
apply RTM globally.

Fig. 2 maps the locations of inhomogeneities detected by RTM (o = 0.01) when applied
to 27-57% of the land points. The occurrence of discontinuities is considerably higher for
tse (~ Mtes‘c locations) than for t57 and t7g (~ 7%), mirroring the results from
RTG. For *@ arlier ¢o 3, t34 and ¢4 5, there are also relatively high instances of inhomo-
geneitieg (E%), corresponding to successive introductions of ERS, TMI, and AMSR-E
(in additiog teyend of SSM /I and TMI), respectively. Su et al. [2016] find the seasonal-to-
inter-annugl gariations in the three passive products (SSM/I, TMI, and AMSR-E) show
different error structures, despite being derived using the same LPRM retrieval algorithm.
TMI prov exclusively X-band retrievals compared to the preferred C-band retrievals
from AME(WhiCh are used in all regions without C-band radio frequency interfer-
ence), Wh@ SSM/I retrievals are based on higher frequency (K,-band) observations

that arEenSitive to vegetation masking. The SSM/I SM is known to show erro-

neous s aty, such that the SSM/T SM seasonality during 1987-2002 was replaced
with AMSR-E seasonality, which was derived from the 2002-2007 data [Liu et al., 2012],
before me This approach does not fully account for inter-annual variability in sea-
sonal cycle d the inability of LPRM-derived SSM /I SM to reproduce seasonality and
possibly;;mual variations in SM reflects deeper problems in K,-band retrievals. The
findings ajilar to those from the RTM test for inequality in variances, although their

occurrence is _ggill lower than that of discontinuities, e.g., 8.8% for t56 and 1.1% for tg7

and t7 g.
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Using the bivariate categorical x2-test and HK analyses to examine the predictability
of the locations with detected inhomogeneities (details in Supporting Information), three
measures, which characterise the per-pixel changes in sensors, sensing types (active c.f.
passive), and sensing frequencies, are shown to be significantly and positively correlated
(p-valucwipemisnd¥l ) with these locations. We find that the spatial extents of changes in
sensing chl @ bristics are considerably larger than those of the inhomogeneities (Fig. S7—
S9 in Sﬁp@g Information). Changes in sensors are found to be associated with the
inhomogengitms detected primarily at ¢34 and 7 5. Changes in sensing types are associated
with detectjogs at 5 ¢ and #5 7, and changes in sensing frequencies with those at ¢34 and #45.
The latter two observations support the above assessments of the impacts of introducing
ASCAT a e changes in the passive sensors.

Finally,E?) maps the length of the longest homogeneous periods over which inho-
mogeneiﬁ@the transition times are tested and not detected by RTM. It shows that

about Ehe pixels tested can provide monthly data that is homogeneous across
0

some ransition times over a period > 15 years, and about 35% of the pixels
with > ZOﬂperiods of homogeneous data. There is considerable spatial variability in
the homo s data lengths globally, with concentrations of shorter homogeneous data
(< 15 year oss transition times) observed in the Europe-Mediterranean region, north-
ern Afri;the Middle East, and north-eastern Australia. These are mainly because

there are jcient data in the CCI product to apply RTM at t93, 34 and 45 in the

Europe-Meditggranean region and north-eastern Australia, and at ¢5 7 and ¢7 g in northern
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Africa and the Middle East (see Fig. S2 in Supporting Information), given that not all

the satellite SM data had been used in creating the product.

3.3. Impact of inhomogeneities on trend analysis

Fig. 4 examines the possible influence of inhomogeneities on trend analyses by com-
paring tF(!_les of ESA CCI SM timeseries against those of the reference data. We
follow Doﬁ'

over perioM—Q years) with inhomogeneities as detected by RTG or RTM. The biases

al. [2012] to compute Sen median estimates of slopes in seasonal SM

between @?CI SM and the reference data are corrected via linear regression before
slope estim\. Fig. 4(a) shows moderate agreement between the trends observed in
the raw Cﬂ[ data and that in the ground data at 35 sites, with linear correlation R of
0.64£0.21 oximated 95% confidence interval based on the Fisher’s z transformation)
and root-mean-square-error (rmse) of 0.006 m*m—2y~!. The directions of the trends can
differ andc}gargest difference in magnitude is 0.02 m®m~—3y~!. Although the sample
size is too s to provide a representative measure of the impact of inhomogeneities on
the actual trends, Fig. 4(c) indicates that there may be better agreement between ESA
CCI SM Me ground data when the former is regarded homogeneous, with R = 0.84
and rmse 5 m3m~3y~!. The similar contrasts, between inhomogeneous and homo-
geneousﬂta (R = 0.40 and rmse = 0.004 m*m 3y ~! c.f. 0.61 and 0.002 m*m 3y~ 1),
can alsoxamakdbrved in Fig. 4(b) and (d) when compared with trends in MERRA-Land.
In other wordsy while trend differences between CCI and reference data could be partly
attributwe presence of inhomogeneities in ESA CCI SM, the trends observed in the

inhomogeneous' data can still be similar to the reference data; based on the differences
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in rmse between the inhomogeneous and homogeneous samples, the errors in trends are
within rmse = 0.003 m®*m—3y—1 on average. This result shows that the stability of ESA

CCI SM meets the current stability requirement target specified in GCOS [2011].

4. Conclusion

This Wﬁcted non-climatic changes in mean and variance in the ESA CCI SM
product affiges when the satellite instrumental configuration changes. By using these
tests WithLHUE!el data as the reference (RTM), we presented the first global maps of
inhomogex(ﬁﬁ} (Fig. 2). The RTM setup allows global-scale testing and is shown to
be skillfulw validated against RTG (where the ground data provides the reference);
however, t@tenﬁal of RTM for false detections due to inhomogeneities in the reanalysis
data suggEqat further refinements are needed, e.g., further quality assurance of the
reference nd using independent observations of rainfall as a reference.

Inhomogeneities are detected at up to 24% of the tested pixels with this spatial extent
varying wj ecific crossover times between the satellite sensors. In spite of this, the
contiguous periods without inhomogeneities at some of six tested changeover times are
generally &g& than 10 years. (Fig. 3). The inhomogeneities are shown to have measur-
able impa@ modify the perceived trends in the data, but there is still broad agreement
between tg trends in ESA CCI SM and the reference data (Fig. 4). Both of these find-
ings are 'ﬁmgant to give confidence in the quality of the product for long-term climate
studies arand detection. As new SM climate data produced with improved blending
algorith@derived from new remote sensing sensors are expected soon, homogeneity

testing can be combined with standard validation practices to provide stringent quality
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control of the data, and contribute to reproducing a more consistent SM climatology in
observational data. More generally, the work demonstrates the necessity of homogeneity
testing of multi-satellite CDRs, and the assessment of other CDRs is expected to benefit

from the methods proposed in this study.
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Figure 2. Spatial locations of inhomogeneities for each analysis period, identified by RTM with
a significance level o = 0.01. The colour coding indicates whether an inhomogeneity is detected
(i.e., prefer HY) or not (prefer Hj) for each test type 7 = W (Wilcoxon) or 'K (Fligner-Killeen).

%cov denotes the coverage of the tests, and %H{" (%H{*™) the percentages of locations tested

that show@itinuities (change in variance).

Figure 3L_Length of (longest) homogeneous periods, over which RTM is applied and no

inhomogeRjeity }s detected, in ESA CCI SM.

Figure 4 Evaluation of trends in ESA CCI SM against ground measurements at locations

USC

where inhomogeneities are detected or not detected by RTG. (b) Same as (a), but for MERRA-

Land Witgfl. (c,d) Same as (a,b), respectively, but for locations where inhomogeneities are

a

not detec he range of values differs between the inhomogeneous and homogeneous samples

(a,b c.f. ecause the latter is generally being estimated from longer timeseries.

M

Table 1. Percentages of Wilcoxon (Fligner-Killeen) RTG where the null hypotheses are

rejected in favour of the alternative hypotheses H}V (HIX), i.e., a discontinuity (a change in

DTI'

variability ts, at different significance level . N is the number of the tests conducted for a

time ¢; j; no test can be conducted for ¢, 3.
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