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1 Introduction
1.1 Purpose of the document
Within the current phase of the Climate Change Initiative (CCI) project (CCI+), three evolutions
of the European Space Agency (ESA) CCI Soil Moisture (SM) product are envisaged as follows:
1. ESA CCI SM version 5 to be released in Spring 2020
2. ESA CCI SM version 6 to be released in Spring 2021
3. ESA CCI SM version 7 to be released in Spring 2022
This document describes the scientific evolution envisaged for each product version (Sections
3 to 5). Details of proposed algorithm changes, as well as information on the expected impacts
of the changes are provided where such information is available.
This document also provides details of the algorithm development strategy to be employed in
the development of the product (Section 2).
This document will updated on a regular basis throughout the project. At each update, the
plans for each product version will be revised based on the most up to date knowledge at that
time. Results of the elements already implemented will also be included where appropriate.
1.2 Targeted audience
This document targets the following audience:
 Developers of the ESA CCI SM product
1.3 Documents
A complete bibliographic list, detailing scientific text or publications that support arguments
or statements made within the current document is provided in Section 6.

1

Algorithm Development Plan

Version 0.1
Date 24 September 2019

2 Algorithm Development Strategy
The algorithm development process will be an incremental development of the algorithm,
each time followed by a regimented quality assurance process. The lessons learnt from the
quality assurance process will then be implemented and tested incrementally in the next
algorithm development iteration. This will continue until all planned developments of the
algorithm have been implemented. The aim is that this piece-wise implementation strategy
will result in a robust and thoroughly tested product being made available to the public.
The proposed algorithm development cycle is shown in Figure 1. The cycle shows the initial
development and implementation of the algorithm (i.e. the step wise implementation
described above) followed by the validation and verification of the product by an independent
assessment team (this role is fulfilled by ETH Zurich). This will be followed by bug fixes and
other changes as required with additional validation and verification activities being
undertaken as required. The final stage is the release of the product to the public.

Figure 1: Algorithm development strategy showing the initial development followed by quality control
and subsequent changes. The final release to the public will be a result of all of the developments
undertaken and proven within the release cycle.
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3 ESA CCI SM Version 5
3.1 Introduction
ESA CCI SM version 5 is expected to be released to the public in the Spring of 2020. The dataset
will provide data coverage to the end of the previous year (i.e. to 2019-12-31).
The following algorithmic updates are expected to be implemented at version 5.








Soil Moisture Active Passive (SMAP) data will be included
Land Parameter Retrieval model (LPRM) version 6 will be used for all passive sensors
Improved Vegetation Optical Depth (VOD) flagging for passive products (from LPRM
version 6)
Improved (Cumulative Distribution Function) CDF matching techniques
Decomposition into seasonality and anomalies prior to scaling and error
characterisation
Investigation of the strong negative trends seen in the PASSIVE product
Investigation of the wetting trends in the Advanced Scatterometer (ASCAT) data

3.2 SMAP
SMAP soil moisture retrievals will be integrated in the CCI data chain for use in both the
PASSIVE and COMBINED datasets. The retrievals make use of Level 1 brightness temperatures
as derived from the National Aeronautics and Space Administration (NASA) and are converted
to soil moisture using LPRM v6 (van der Schalie et al. 2017) with the Soil Moisture and Ocean
Salinity (SMOS) L-band parameter configuration as described in {Chung, 2018 #31}. SMAP will
cover the period from April 2015 until the end of the product time period. At version 5 of the
product, the descending (morning) overpasses will be integrated into the CCI datasets.

Figure 2: Average annual SMAP soil moisture for 2016 based on LPRMv6 (van der Schalie et al. 2018).
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An initial assessment of the impact of including SMAP into the product has been undertaken
by incorporating the SMAP descending overpass.

Figure 3: Hovmöeller diagram of fractional data coverage of the ESA CCI version 4.4 product with SMAP
included for the period 2015-04-01 to 2018-06-30. The SMAP period is shown in the red outlined box.

3.3 LPRM version 6
Within phase 2 of the ESA CCI SM project, advances were made in the LPRM algorithm to
provide LPRM v6, detailed in van der Schalie et al. (2017); van der Schalie et al. (2016). In the
latest released version of the ESA CCI SM product, version 4.4, LPRM v6 is used only for those
sensors which continue to provide data, i.e. SMOS and the Advanced Microwave Scanning
Radiometer 2 (AMSR2) as well as the Advanced Microwave Scanning Radiometer-Earth
Observing System (AMSR-E) as, in the PASSIVE product, all other sensors are scaled to this
sensor, so using the most up-to-date product is considered to provide a higher quality product
overall.
At version 5 of the product, all passive sensors will be updated to use LPRM v6 data, i.e.:
Scanning Multichannel Microwave Radiometer (SMMR), SSM/I, TRMM Microwave Imager
(TMI) and WindSat Spaceborne Polarimetric Microwave Radiometer (WindSat) will be
updated to LPRM v6. The VOD flagging changes described in Section 3.4 will be implemented
for all passive datasets.
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3.4 Improved VOD flagging for passive products
Microwave emission from the land surface is affected by the vegetation, and with increasing
vegetation, a larger fraction of the signal originates from the vegetation. In some cases, see
Figure 4, the contribution of the vegetation becomes so high that no soil moisture retrieval of
acceptable quality is currently possible (e.g. Parinussa et al. (2011); van der Schalie et al.
(2018)).

Figure 4: Analytical error of soil moisture retrievals from C-, X- and Ku-band as related to the VOD based
on a prior version of LPRM (Parinussa et al. 2011).

During the retrieval, simultaneously the VOD is derived, which can be used as a boundary for
filtering dense vegetation conditions. The lower the frequency, the less the microwave signal
is affected by the vegetation cover, therefore these boundaries need to be defined for
different frequencies, and due to small calibration errors between sensors, also for different
sensors. An analysis of LPRM v6 (van der Schalie et al. 2017) data has resulted in the
boundaries being defined as stated in Table 1. These thresholds will be implemented at ESA
CCI SM v05 with the inclusion of the new LPRM v6 data. An indication of the expected increase
in data coverage due to the use of these new thresholds is shown in Figure 5.
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Table 1: VOD thresholds used for each sensor / band combination to flag data where the entire
contribution of the signal is expected to be due to vegetation only effects.

Sensor
AMSR-E
AMSR2
SMAP
SMMR
SMOS
SSM/I
TRMM
Windsat

Band (GHz)
6.9
10.7
6.9
7.3
10.7
1.4
6.6
10.7
1.4
19.4
10.7
6.8
10.7

VOD threshold
0.60
0.65
0.60
0.60
0.60
0.45
0.40
0.45
0.45
0.85
0.55
0.60
0.52

Figure 5: Impact of changing the high VOD threshold for AMSR2 6.9 GHz band from 0.50 to 0.60 in
terms of spatial coverage. Map shown here is an average of the entire timeseries; thresholds are
applied to monthly averages so coverage will change over the time period of the product.
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3.5 Improved CDF matching
Scaling using CDF matching is employed in several steps of the processing to calibrate the
datasets to one another and reduce systematic biases. Currently, the CDF matching is
undertaken for most sensors using their overlapping period with the Global Land Data
Assimilation System (GLDAS) v2.1, however, for older sensors, data from the entire timespan
of the sensor data is matched to the entire timespan of GLDAS 2.1. Whilst this provides a
robust scaling method not affected by offsets between GLDAS 2.0 (available for earlier
periods) and GLDAS 2.1, it does have the potential to remove real temporal trends in the
sensor dataset.
An assessment of CDF matching for VOD products has already been undertaken
demonstrating that the matching techniques may not be sufficient in some geographical
areas. Figure 6 shows the results of the Kolmogorov-Smirnov (KS) test for Windsat scaled to
AMSR-E for VOD. In this example, the scaling parameters were determined from training
observations for each location and then used to scale test observations. The CDF of the scaled
test observations are then compared to the CDF of the AMSR-E observations at the
overlapping dates. Figure 6 shows that we can reject the null hypothesis (that both samples
are drawn from a common distribution) only for 2.5% of all grid points (at a significance level
of 0.05). But, the failure to reject the null hypothesis does not mean that it is true, and
especially in high VOD areas the p-values are very low.
Since the KS test can only be used to show that the matching fails, equivalence tests are
needed to show where it works. Equivalence tests have the inverse null hypothesis of the KS
test, namely that there exists a difference. Rejecting this will therefore mean that the
matching performed well. But, equivalence tests pose a greater challenge than difference
tests. Common tests such as TOST require a priori information to specify meaningful
boundaries and usually assume the data has a Gaussian distribution, which is often not the
case. Monte Carlo (or bootstrapping) methods look promising but might be slow to compute
due to the many iterations required to compute meaningful results. Determining a set of good
equivalence tests is not trivial, but they would allow us to better understand where and why
the matching is performing sub-optimally and aide in finding a robust improvement to this key
process.
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Figure 6: Significance (p-values) of the KS test for the comparison of the CDF-scaled VOD from WindSat
against the original AMSRE.

3.6 Decomposition into seasonalities and anomalies
Different sensors and algorithms may have diverging skills in representing low frequency (LF)
and high frequency (HF) variations in soil moisture (Brocca et al. 2011). Therefore, in version
5 of the ESA CCI SM product, we will decompose the Level 2 soil moisture time series into LF
and HF components and error-characterise and merge these components separately into the
final products. The data processing schema is shown in Figure 7.
The decomposition is realised using a 5-week moving-average window. Specifically, the
moving-average of each time series is taken as its LF component (i.e. seasonality) and residuals
thereof are taken as its HF component (i.e. anomalies). Consequently, uncertainties (and
weights derived thereof) that are estimated for one component will depend on the
uncertainties of the respective other component, depending on the degree to which their
errors are correlated. After decomposition, we will apply the same merging algorithm as used
in previous product versions, but separately to the seasonality and climatology components.
The merged seasonalities and anomalies will then be combined to reconstruct the optimised
bulk signal.
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Figure 7: Proposed processing scheme for ESA CCI SM v05. The bulk signal is first decomposed into
climatologies and anomalies prior to scaling and uncertainty characterisation. The signal is then
reconstructed to provide the final product.

3.7 Strong negative trends in the PASSIVE product
Quality control on ESA CCI SM v04.4 revealed that in some locations, the PASSIVE product
shows strong negative trends which are not apparent in the COMBINED or ACTIVE products
(see Figure 8). The timeseries show that after approximately 2010, there is a strong dip in
values in the PASSIVE product.
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Figure 8: Monthly aggregated timeseries (time period 2000-01-01 to 2018-12-31) for selected locations
in the ESA CCI SM v04.5 product for the PASSIVE and COMBINED products. Strong negative trends can
be seen in the PASSIVE product after 2010 which are not seen in the COMBINED product.

To identify the extent to which this seemingly unrealistic negative trend occurs within the
product, a comparison of the trends in the COMBINED and PASSIVE products has been
undertaken (see Figure 9) for the period 2007-01-01 to 2018-12-31. Note that some
differences in the trends are expected, particularly in this period due to the potential issues
identified with the ASCAT data stream (see Section 3.8). It is shown in the PASSIVE dataset
(bottom panel of Figure 9) that there are several areas where the negative trend is particularly
strong, for example in Brazil, Europe and China. It is expected that these areas are suffering
from the same issue shown in Figure 8. This will be further investigated during the
development of version 5.
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Figure 9: Comparison of the Theil-Sen trends (median slope) in the ESA CCI SM v04.5 (same algorithm
as C3S v201812) COMBINED (top) and PASSIVE (bottom) products for the period 2007-01-01 to 201812-31.
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3.8 Wetting trends in the ASCAT data
A recent assessment of the soil moisture anomalies (with respect to a climatological period of
1991 – 2010) have shown that the COMBINED, ACTIVE and PASSIVE products show different
spatial patterns as well as the direction of the anomalies in recent years over Europe (see
Figure 10).
The most striking difference is between the ACTIVE and PASSIVE products in most areas of
Europe (with the exception of Scandinavia. Figure 10 shows Europe in May 2018; it is known
that, at this time, the UK and France in particular were experiencing drier than normal
conditions, therefore, it is expected that the PASSIVE dataset showing accurate anomalies.

COMBINED

ACTIVE

PASSIVE

Figure 10: Anomalies for the ESA CCI SM v04.5 COMBINED (left), ACTIVE (middle) and PASSIVE (right)
products for May 2018 over Europe (climatological reference period of 1991-2010). The anomalies vary
both spatially and in direction between the products. Note: different scales are shown on these maps
such that the colours shown in each case are similar to one another; this is a result of the different
absolute values provided in each data product.

This issue was first noticed over Europe; further investigation of global differences (see Figure
11) show that the differences do not persist as strongly in other geographical regions.
Therefore, region-specific factors will be investigated as the source of these differences
between the products. This will include considering the impact of Radio Frequency
Interference (RFI) on the ACTIVE data as it is known that there has been a slight positive trend
in RFI, particularly over Eastern Europe during the time period in which ASCAT data is used
(Ticconi et al. 2017). However, it is also noted that the issue seems most prominent in Spring
months and therefore, may be related to the vegetation correction used in the ASCAT product.
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Figure 11: Anomalies for the ESA CCI SM v04.5 PASSIVE (top) and ACTIVE (bottom) products globally
for May 2018 (climatological reference period of 1991-2010). Note: different scales are shown on
these maps such that the colours shown in each case are similar to one another; this is a result of the
different absolute values provided in each data product.
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4 ESA CCI SM Version 6
4.1 Introduction
ESA CCI SM version 6 is expected to be released to the public in the Spring of 2021. The dataset
will provide data coverage to the end of the previous year (i.e. to 2020-12-31). The following
algorithmic updates are expected to be implemented at version 6.






ASCAT-C data will be included
Structural breaks from sensor changes detected and corrected
Independency from land surface models
Improved uncertainty budget
Improved flagging of snow, frozen soils, precipitation, dense vegetation and surface
inundation, exploiting the other CCI projects

4.2 ASCAT-C
Data from the ASCAT scatterometer on-board the Meteorological Operational Satellite
(Metop) C will be included for the first time in to the ESA CCI SM product at version 7. MetopC was successfully launched on 7th November 2018 from French Guiana. The first soil moisture
products are from ASCAT-C are currently under development (see example of preliminary
results given in Figure 12). Soil moisture data from ASCAT-C will be operationally produced by
the EUMETSAT Satellite Application Facility on Support to Operational Hydrology and Water
Management (H-SAF) for the period May 2019 onwards (end of planned commissioning
phase) and first become available in January 2020. With the new (-C) sensor in orbit, MetopA will be transferred to a different orbit which will eventually degrade eventually leading to
loss of useable data from the sensor. However, for an as yet undefined period, there will be
three ASCAT instruments on-board Metop satellites providing soil moisture data
operationally.

14

Algorithm Development Plan

Version 0.1
Date 24 September 2019

Figure 12: Preliminary soil moisture product generated from the Metop-C ASCAT instrument for 201901-31.

Currently, the merging of ASCAT-A and B in the CCI soil moisture product is achieved through
an unweighted average of the two timeseries in their overlapping periods. With the planned
availability of three ASCAT sensors at one time, we will take this opportunity to assess how
the combination of these sensors is undertaken. Due to the separation of measurements by
approximately 50 minutes (currently), reducing to 25 minutes (when three sensors are
available), the measurements taken at different times may represent different soil moisture
conditions, for example, before and after a rainfall event. Simple averaging of these would
result in a soil moisture value that is not accurate for either situation. The frequency with
which such discrepancies between the datasets occur will be analysed and alternative
methods for the combination of the data will be investigated.
Note that radiometric differences between the sensors will also impact the average
measurement, however, this is already accounted for in the processing of raw data to soil
moisture when generating the H-SAF product. It is foreseen that this will continue to be the
case with the ASCAT-C sensor, however, this will be assessed prior to ingestion of the data
into the CCI processing chain.
4.3 Structural breaks detection and removal
A procedure has been developed at TU Wien to relatively (comparison with the Modern-Era
Retrospective analysis for Research and Applications (MERRA) 2 Land Surface Model (LSM) as
the reference data set) test for potential inhomogeneities in the ESA CCI SM Climate Data
Record (CDR) (Preimesberger et al.). Breaks may occur as a result of merging different sensor
combinations over time, as shown in Figure 13. Such breakpoints may therefore appear
between periods with different input sensors. Structural inhomogeneities may affect statistics
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such as trends and changes in extreme values (percentiles) and therefore should not only be
detected but also corrected.

Figure 13: Potential break times in the ESA CCI SM v04.4 (COMBINED) product- corresponding to
changeovers in the blended sensors, building the homogeneous (sensor) sub-periods (HSP).

Work to optimise the break-point detection has been ongoing; the use of non-parametric
statistical tests (Fligner-Killeen test for homogeneity of variances and Wilcoxon rank-sums test
for shifts in population mean ranks) against reference datasets has proved successful. The
methods have been demonstrated using both in-situ measurements from the International
Soil Moisture Network (ISMN) as well as from LSM simulations (MERRA-Land SM) (Su et al.
2016) as a reference.
To adjust detected breaks in the data set, three relative adjustment methods have been
investigated:
1. LMP – Linear Regression Model Pair Matching: Differences in parameters of two linear
regression models of data (before resp. after break) used to derive corrections for SM
observations before the break.
2. HOM – Higher Order Moments: A higher order polynomial regression model from
observations after a break is used to create homogeneous predictions before the
break. Corrections are derived from Locally Weighted Scatterplot Smoothing (LOWESS)
fitted differences in quantiles of the observed and predicted ESA CCI SM values before
the break. Quantiles are derived using L-moments statistics and KS testing.
3. QCM – Quantile Category Matching: Splite-fitted differences in empirical CDFs of the
ESA CCI SM and reference SM (between quantile categories, i.e. average SM within a
number of quantile ranges) values before, resp. after a break are used to find
corrections for quantiles of ESA CCI SM before the break.
Adjustment is performed iteratively, with the goal that across each detected break, changes
in ESA CCI SM means and variances are matched to follow changes within the reference data
set (relative bias correction) and homogenised observation series (with respect to the
reference data set) are derived. The results of the correction performed on v04.4 of the CCI
dataset are shown in Figure 14 for each of the three methods. Figure 15 shows the longest
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homogenous period of available data both before (top) and after (bottom) correction using
the QCM method (which leads to the lowest number of re-detected breaks after correction
from the three described methods).
For ESA CCI SM v06, the detection and correction of structural breaks in the soil moisture
timeseries due to sensor changes will be implemented. The exact details are yet to be decided,
but it is likely that the QCM method will be implemented on the final data product.

Figure 14: Results of the inhomogeneity testing (between HSP3 and HSP4) before any correction
methods have been applied (top) with the results of the testing after the correction methods are applied
(for each method as indicated) (bottom). Adapted from Preimesberger et al. (In prep.)
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Figure 15: Longest homogenous period in ESA CCI SM v04.4 (COMBINED) before adjustment (top) and
after adjustment (bottom) using the QCM method. Taken from Preimesberger et al. (In prep.).

4.4 Independency from land surface models
The Climate user community (Dorigo et al. 2017) has expressed the need for satellite Essential
Climate Variables (ECVs) that are entirely independent of any models. Currently (at ESA CCI
SM v04.4), the Soil Moisture ECV processor uses modelled GLDAS 2.1 Noah surface soil
moisture as a scaling reference to bring active and passive microwave data into the same
dynamic range. This obviously imposes some of the characteristics of the LSM (e.g. the
absolute values and range) onto the CCI Soil Moisture COMBINED product.
In the framework of the ESA Support to Science Element SMOS and AMSR-E fusion project
(van der Schalie et al. 2016), it was proposed to use L-band instruments such as SMOS to
produce the soil moisture reference dataset for scaling purposes. This was further studied
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during the framework of the ESA CCI Phase 2 visiting scientist activity of Maria Piles from the
University of Valencia. We made first explorative assessments to see whether it is possible to
replace the LSM scaling reference by a satellite-based soil moisture product. An appropriate
satellite-based scaling reference has to fulfil at least the following requirements:
1. It needs to have a global coverage
2. It should have a skill better than or comparable to the candidate satellite products to
be scaled
The most obvious candidates to serve as a scaling references are L-band radiometer missions,
e.g. SMAP and SMOS. Even though SMOS soil moisture does not provide full global coverage
(due to RFI), first analyses show that its dynamics are similar to those observed by ASCAT and
AMSR2 (the candidates for scaling) and those observed for in situ station measurements
(Figure 16). In this project, we will further exploit the potential of using SMOS L-band soil
moisture scaling reference by complementing it with SMAP, which has a better spatial
coverage, potentially through the use of an inter-calibrated L-band climatology. After
thoroughly verifying whether L-band soil moisture reveals similar spatial and temporal
dynamics as the candidate datasets (e.g. ASCAT, AMSR2), it will used as a scaling reference to
construct ESA CCI SM COMBINED. The impact of replacing the GLDAS-Noah scaling reference
with L-band soil moisture will be thoroughly validated.

Figure 16: Autocorrelation graphs of SMOS, AMSR2, ASCAT, GLDAS-1-Noah, MERRA2 and in-situ
(average of available stations) soil moisture anomalies over REMEDHUS (top) and HOBE (bottom). The
black dashed horizontal line indicates where the autocorrelation equals 1=e, corresponding to the
characteristic lag-time at the x-axis (From Piles et al. (2018b)).
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4.5 Improved uncertainty budget
For ESA CCI SM v06, the focus will be on characterising algorithmic uncertainties, i.e. those
introduced by the processing. This will be complemented with analyses investigating
uncertainties due to the spatial resolution of the input data and a Monte Carlo analysis to
determine the sensitivity of the algorithm to changes in input data (using the guidelines set
out in the Guide to Uncertainties in Measurements (GUM) (BIPM 2008)). Whilst the aim of the
analysis is to provide uncertainty estimates associated with the algorithm, the detailed
assessment of specific processing steps will also allow us the opportunity to understand how
such uncertainties may be reduced and hence lead to improvements in the algorithm.
All uncertainty analyses shall be clearly documented in the product documentation (i.e. the
End to End ECV Uncertainty Budget to be first generated in month 4 of the project (July 2019))
to allow clear communication to the users of the robustness and coverage of the uncertainty
estimates such that they can take this into account in their own interpretation of the data.
The recommendations discussed in (Merchant et al. 2017) will be taken into account.
4.5.1 Algorithmic Uncertainty
Merging of ASCAT data
Currently, the ASCAT sensor data from the Metop-A and -B satellites is merged using an
arithmetic mean for the period in which observations are available for both sensors. The
uncertainty of this process can be simply taken as the standard deviation of the observations
and the propagated through the processor to the final product.
Decomposition into seasonalities and anomalies
Decomposition into seasonality and anomalies is used both to replace the seasonality of the
Special Sensor Microwave Imager (SSM/I) with that from AMSR-E prior to further processing
and, as of ESA CCI SM v05, it will be used to improve scaling and uncertainty characterisation.
The uncertainty associated with the decomposition could be estimated from the standard
deviation of the observations used in the generation of the seasonality.
Scaling using CDF matching
As part of the uncertainty estimation, the current CDF matching techniques will be assessed
both to determine uncertainties associated with the techniques and potentially determine an
improved method for CDF matching.
Triple Collocation
In the current merging scheme, relative merging weights, and hence uncertainties, are
assumed to be (locally) stationary. That is, they are held constant during the entire period for
which Triple Collocation Analysis (TCA) is applied. While the TCA process provides a robust
estimate of the random errors associated with the soil moisture observations for the TCA
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period, given their strong link with vegetation density, actual uncertainties are expected to
vary significantly between seasons and will include a systematic component not yet accounted
for. The estimation of non-stationary uncertainties, which take into account systematic errors,
could provide more accurate relative weightings on an intra-annual basis and thus a more
efficient uncertainty reduction upon merging. Such time variant uncertainty estimation will
explored.
Gap-filling using Signal-to-Noise Ratio
The Signal-to-Noise Ratio (SNR) gap-filling process is used to allow the estimation of weights
in geographical areas where triple collocation was not successful. Currently this is based on a
static VOD map generated from AMSR2 LPRM v6 data (averaged for 2002 to 2011). It is
expected that this would introduce biases to the process, particularly in the earlier periods. In
combination with the exploration of time variant uncertainty estimates, the use of a
temporally evolving VOD map will be investigated. In addition, the uncertainties associated
with the assumption that the random error can be assumed to be the same in areas with the
same VOD will be analysed.
Merging
The output of the triple collocation and the gap-filling process are used to generate weights
for merging the sensors. These weights are based solely on the random uncertainty
component and do not take into account the systematic biases. The information generated
from the algorithm assessments detailed above will be investigated with respect to their
potential impact on the merging weights to allow the provision of a more robust merged
product.
4.5.2 Sub-pixel heterogeneity
The spatial resolution of all input products used in the generation of the ESA CCI soil moisture
product is 0.25 degrees due to physical constraints associated with microwave remote
sensing. As a result of this coarse resolution, it is expected that there are uncertainties in the
input, and resultant data, due to sub-pixel heterogeneity of soil moisture.
To assess this heterogeneity, comparison of both the input and final product to higher
resolution soil moisture products - for example the downscaled Sentinel-1 product currently
being generated by TU Wien GEO, (Bauer-Marschallinger et al. 2018) - will be undertaken. A
likely method for this assessment would include comparing the statistical moments of the
higher resolution data to the values associated with the coarser resolution data. There is also
potential to assess the results of this investigation against land cover (e.g. ESA CCI LC) or soil
type information from the Harmonized World Soil Database (HWSD) to determine if the spatial
patterns in uncertainty could be predicted using this ancillary information.
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The output of this assessment could be utilised on its own, fed into the algorithm uncertainty
propagation or used as the input uncertainty for the assessment of the sensitivity of the
processing scheme to the input parameters.
4.5.3 Sensitivity to input parameters
Monte Carlo analysis (or bootstrapping) will be used to do a full uncertainty propagation
through the processing scheme in order to characterise the sensitivity of the processing
scheme to input parameters. This will include first associating an uncertainty estimate with
the input datasets (through literature review or expert knowledge or using sub-pixel
heterogeneity information), generating a set of data cases using the expected distributions of
the datasets and then running the processor which each of these data cases and analysing the
output.
The number of data cases chosen will be determined based on the preliminary output of the
processing runs; however, it is expected that between 300 to 1000 data cases should be
sufficient to estimate the uncertainty to within 2 decimal places. Note that the number of data
cases will influence the geographical extent to which the process can be applied due to
processing requirements.
The output of this process can also be used to verify the uncertainties estimated from other
techniques and be extrapolated to different biomes, soil conditions etc. Hence, this process
can act as a verification of the algorithmic uncertainty analysis described above.
4.6 Improved flagging
To improve the quality of the product, the flagging of different aspects affecting the accuracy
of soil moisture retrievals will be improved. The aim is to use data from other ESA CCI projects
for the flagging of low quality retrievals to enhance consistency between ESA CCI products.
The integration of spurious Level 2 soil moisture retrievals into ESA CCI Soil Moisture may
adversely affect its quality in different ways. While RFI may lead to increased random error,
frozen soils, snow cover, and open water will have a more systematic impact on the soil
moisture levels, e.g. leading to a bias. Improved flagging of such observations will improve the
overall quality of the ECV.
As part of these improvements, the land mask used to determine which pixels should be
processed as part of the CCI product will be used to generate a flag within the data specifying
the percentage of each pixel which is an open water body, for example, sea or lake.
4.6.1 Frozen soils and snow conditions
Because of the large differences in dielectric properties between water and ice/snow,
microwave remote sensing retrievals of soil moisture are strongly affected by the freeze/thaw
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state. This is shown in Figure 17, where areas that are not correctly masked for frozen/snowcovered conditions appear as a strong negative bias (e.g. in western Siberia and northern
Canada), which may eventually lead to false conclusions regarding drought.

Figure 17: Impact of insufficient flagging of frozen soil conditions on soil moisture anomaly in
November 2017 of ESA CCI SM COMBINED v04.2.

At ESA CCI SM v06, we propose to use land surface temperature and snow cover products
developed within CCI Land Surface Temperature and CCI Snow to additionally flag the Level 2
soil moisture and optimise the merging of these products into ESA CCI Soil Moisture. The flag
will be combined with existing snow/frozen soil flags and propagated and listed as ancillary
variable in merged products.
This task responds to the GCOS Implementation Plan Action T16 (GCOS-200 2016), which cites
“freeze/thaw state” as one of the ancillary variables to be provided along with soil moisture.
Besides, it contributes to the improved consistency with the CCI ECVs Snow and Land Surface
Temperature, and contribute to improved characterisation of the ECV Permafrost.
In addition to this flagging using external products, for data from the passive microwave
sensors, the 18, 22 and 37 GHz channels will be used to flag for snow, frozen soil and
precipitation in a consistent manner using the scheme shown in Figure 18.
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Figure 18: A flagging strategy based on 18,22 and 37 GHz to flag for snow, frozen soil and active rain
events (from {Van der Vliet, In Prep. #13@@author-year}).

4.6.2 Surface inundation
Soil moisture observations from radiometers and scatterometers have a high temporal repeat
rate but a relatively poor spatial resolution (~25-50 km). At this resolution, sub-pixel variations
in surface water may have a strong contaminating impact on the retrieved soil moisture values,
in particular in permafrost regions, where surface water is abundant (Hogstrom and Bartsch
2017). Since the surface water fraction cannot be directly obtained from the scatterometer
data itself, we propose to use novel high-resolution dynamic surface water products, produced
by the CCI Land Cover, CCI Lakes, and CCI Permafrost projects, to better mask pixels of the
Level 2 soil moisture products and optimise the merging of these products into the ESA CCI SM
product. The flag will be propagated and listed as an ancillary variable in the final product. This
task responds to the GCOS Implementation Plan Action T16, which cites “surface inundation”
as one of the ancillary variables to be provided along with soil moisture. In addition, it
contributes to the improved consistency with the ECVs Lakes, Land Cover, and Permafrost.
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4.6.3 Radio Frequency Interference
Improved flagging and mitigation of RFI for radiometers is envisaged in ESA CCI SM v06. An
adapted version of the RFI detector of De Nijs et al. (2015) will be developed (see example in
Figure 19). This method is based on the standard error of the brightness temperatures and
was originally designed for AMSR2 where the second c-band frequency was used to determine
RFI. Here we propose to use the standard errors of 10 and 18 GHz as well. This way it can also
be applied for the other satellite sensors including TRMM, SMMR, SSM/I, AMSR and the Global
Precipitation Measurement Microwave Imager (GMI).

Figure 19: An example of the adapted version of the RFI detector algorithm of De Nijs et al. (2015)
where the standard error method is applied on historical SMMR data to detect RFI in C-band and X
band (from Van der Vliet et al. (In Prep.)).

4.6.4 Impact of land cover change
If the project is successful in obtaining a robust Level 1 inter-calibration of ERS AMI and ASCAT,
a combined level 2 product can be directly computed from the inter-calibrated backscatter
values based on the TU Wien method. This method would use the entire (1991 – present)
record to compute the historically lowest and highest backscatter values to serve as the dry
and wet reference, respectively. Even though this may lead to a more robust baseline in most
cases, it is not unlikely that within a pixel average land cover and land use conditions have
changed during this period. This may affect both the determination of the dry reference and
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the soil moisture dynamics in general. Therefore, we will try to quantify the effect of such
changes on the retrieved soil moisture time series using the multi-date harmonised land cover
data sets from ESA CCI land Cover. If land cover for a pixel appears to have substantially
changed over the observation period, we will test the potential of using a moving window
approach for computing a temporally dynamic dry reference.
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5 ESA CCI SM Version 7
5.1 Introduction
ESA CCI SM version 7 is expected to be released to the public in the Spring of 2022. The dataset
will provide data coverage to the end of the previous year (i.e. to 2021-12-31). The following
algorithmic updates are expected to be implemented at version 7:





Inclusion of data from Global Precipitation Measurement (GPM, passive)
Improved inter-calibration techniques for passive and active sensors
Exploitation of day-time observations from passive microwave observations
Spatial and temporal gap-filling

5.2 GPM passive data
The X-band brightness temperature observations from the GPM Microwave Imager (GMI) will
be integrated into the PASSIVE and COMBINED. GMI brightness temperatures are available
since June 2014. Soil moisture retrievals are obtained from this sensor using LPRM v6 with the
TRMM parameter configuration. GPM brightness temperatures will be inter-calibrated using
AMSR2 as the basis. Within the inclusion of GMI we expect to fill more gaps, especially for
regions where RFI plays a dominant role in the C and L-band frequency.
Past assessments have shown that Aquarius, which has a very low spatial resolution, has only
limited benefit compared to the L-band missions already considered for CCI SM (i.e. SMOS and
SMAP). Therefore, an assessment will be carried out to determine the benefit of incorporating
the sensor, prior to operational ingestion into the final product.
5.3 Improved inter-calibration techniques
5.3.1 Passive sensors
Here we propose to inter-calibrate the multi-frequency (C-band and beyond) and the L-band
differently. For the multi-frequency sensor we propose to use AMSR2 as the benchmark
reference for the inter-calibration of the other satellites. Both a traditional and percentile
approach will be used to inter-calibrate the different satellites. For the traditional method, we
make use of a selection of homogeneous regions around the globe and compare the different
observations from the different (overlapping) satellites. For the non-overlapping satellites
(e.g. AMSR-E and AMSR2) we make use of average global percentile maps where an
overlapping satellite (e.g. TRMM) is introduced to connect the two satellites. This new
technique is still in development gives some very promising results (see Figure 20).
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Figure 20: Inter-calibration of TRMM and AMSR2 using a selection of homogeneous locations (Nechita
et al. In Prep.).

Figure 21: Inter-calibration analysis between AMSR-E and AMSR2 using percentile difference maps
between AMSR-E and AMSR2 for preselected years. This information can be used to set up intercalibration equations for satellite frequencies without overlap (Nechita et al. In Prep.)

Inter-calibration of different L-band sensors is done on regular basis by the SMAP and SMOS
calibration teams. For instance, Figure 22 (left) shows and inter-comparison of SMAP, SMOS,
Aquarius and a in situ radiometer in Antarctica (Dome C). The differences in radiometry are
small (~ 3 K). In addition, Bindlish et al. (2017) have shown this result is true in general over
land footprints (Figure 22, right) and that it is possible to perform a pre-processing on SMAP
and SMOS brightness temperatures by a simple linear regression to correct those small
differences. After applying this correction, when the same algorithm is used to retrieve soil
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moisture both from SMAP and SMOS, the retrievals are in perfect agreement. We will evaluate
this approach in the context of the CCI soil moisture to construct an optimal Level 1 L-band
dataset before inversion of the soil moisture. Possible inter-calibration uncertainties will be
evaluated in relative terms with respect to uncertainties in the Level 2 retrieval algorithm
itself.

Figure 22: Left: Inter-calibration analysis between SMOS, SMAP and Aquarius over Dome C in Antarctica
(Cabot, personal communication). Right: SMOS and SMAP brightness temperatures over land
comparison (Bindlish et al. 2017).

5.3.2 Active sensors
To directly compare Level 2 surface soil moisture values retrieved from the ERS-1/2 SCAT and
Metop-A/B/C ASCAT these instruments must have the same Level 1 calibration, which to date
is not the case. Reimer (2014) introduced a model-based inter-calibration methodology that
accounts for temporal calibration biases within a specific scatterometer mission and
subsequently considers temporal invariant inter-calibration biases between various
scatterometer missions. This approach employs a number of natural calibration targets
(rainforests) supposed to result in a more robust estimation of inter-calibration biases. Intercalibration biases are determined by a calibration information selection scheme taking into
account the standard deviations of each individual calibration target and the calibration
model. Results of this inter-calibration methodology are provided in Figure 23 for ERS-2 SCAT
and Metop-A ASCAT. We propose to use this approach for the inter-calibration of ERS-1/2 and
ASCAT at version 7 of the ESA CCI SM product.
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c)

Figure 23: Level 1 inter-calibration biases between ERS-2 SCAT and Metop-A ASCAT. Data density
plot (greyscales) and estimated bias (blue line) a) Fore-beam b) Mid-beam c) Aft-beam [from
Reimer (2014)]

5.4 Day time observations from passive sensors
The ESA CCI Soil Moisture is currently based on night-time and morning overpasses. For ESA
CCI SM v07 we want to introduce the daytime overpasses as well, which will result in a
significant improvement in data coverage over the entire observation period. The biggest
challenge here is to derive reliable estimations of the effective (soil) and canopy temperature
for the daytime overpasses (see example timeseries in Figure 24). This will be done using high
frequency passive microwave observations (e.g. the 37 GHz channel). High frequency
brightness observations will be combined to determine the diurnal temperature signal, which
is needed to estimate the effective temperature.

Figure 24: Example of a diurnal effective temperature approximation based on GMI and AMSR2
observations in the Netherlands. With this model it will be feasible to estimate the temperatures which
are needed for the day-time retrievals (Nechita et al. In Prep.).
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5.5 Spatial and temporal gap-filling
The number of sensors used to generate the soil moisture product varies temporally and
spatially; this directly translates to the number of valid observations available in the end
product (see Figure 25). Whist on some days this is because data is not available for a given
sensor, on other days the data is available but not included due to thresholds applied in the
merging scheme relating to the number of observations required to ensure the quality of the
product remains acceptable (i.e. where only one or two observations are available for a certain
day, it may be the case that no observation is provided in the final product).

Figure 25: Data availability (fractional temporal coverage) of CCI v04.4, summarised per latitude (left)
and geographically for the period 2007-2010 (right)

To allow use of data from such days, gap-filling methods using probabilistic models will be
investigated. For those days where only one or two sensors are available, probabilistic models
may be used to estimate the soil moisture values associated with other sensors in the same
merging period. Probabilistic models do not only allow for estimation of missing values, but
also their variance. Gaussian processes have been successfully used to fill gaps (Piles et al.
2018a) using the high degree of temporal autocorrelation present in soil moisture data and
their ability to incorporate prior error knowledge.
Note that this method will allow for an increase in the quality of observations available as well
as the addition of data in some geographical and temporal regions. However, it must be
emphasised that in some regions, for example in areas of high VOD, it is not possible to
retrieve soil moisture reliably using microwave remote sensing and as such, these gaps cannot
be filled in an observation-based product.
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