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Background and motivation
●

●

The European Space Agency climate change initiative for soil moisture (ESA CCI
SM) was initiated in 2012.
The goal of the ESA CCI SM project was to create the most complete and consistent
global soil moisture data record (Dorigo et al., 2017).

●

As of today the dataset spans from 1979 to 2017 (38 years) of surface soil moisture.

●

NILU is a part of the ESA CCI SM Climate Research Group.

●

●

Responsible for the validation of the product and in particular assessing the
possibility for creating a ESA CCI root-zone soil moisture product using land surface
data assimilation.
Could land surface data assimilation close spatio-temporal gaps in the ESA CCI
surface SM dataset? Goal: Create a surface and root-zone product with high
temporal resolution using land surface data assimilation (LDAS).

Method
●

Land surface model: ISBA-DF (Boone et al., 2000) within the SURFEX LSM framework (Masson et al.,
2013).

●

Atmospheric forcing: NLDAS upscaled from 12.5 km to 25 km (ESA CCI grid).

●

Observations: Active and Passive v4.1 (v4.2 public release). Not rescaled.

●

Assimilation algorithm: ensemble transform Kalman Filter, 12 ensemble members.

●

Bias correction: Lumped cumulative distribution function (CDF) matching.

Figure 1: Schematic figure of the land surface
data assimilation system used in this study.

Test study over the United States
●

●

●

●

●

High number of in situ stations, SCAN and USCRN.
High skill atmospheric forcing from NLDAS, upscaled to the 25 km
ESA CCI SM grid.
ESA CCI SM product is temporally mapped to 00 UTC, 03 UTC, 06
UTC etc. If it falls withing +- 1.5 hour of the central time.
The Active product is converted from surface degree of saturation
(SDS) to volumetric soil moisture using the model wilting and
saturation point.
Quality control: Follows the retrieval flags, realistic range of SM, soil
temperature and more than 150 observations for the whole timeperiod.

Data assimilation diagnostics
●

●

Example output from the LDAS: Surface (0-5 cm) and root-zone (0-100 cm) soil moisture 3
hour output (layer 1 to layer 9).
Time-period 2015.4.11 – 2016.12.31 (overlapping period between SMAP L4 and ESA CCI
SM v4.2).

Figure 2: Surface (sfsm left) and root-zone (rzsm right) soil moisture 2016.05.01, 06 UTC.

Data assimilation diagnostics
●

Spatio-temporal gaps in observations due to averaging between two sensors
(and their timestamp).

Figure 3: Upper left: total number of assimilated
observations from Active overpasses, upper right:
same but for Passive, lower right: Active + Passive.

Data assimilation diagnostics
●

●

Seasonal variation, fewer observations in the winter this will affect
the DA statistics.
Active sensor error ~June/July 2015?

Figure 4: Spatial sum of assimilated observations.

Data assimilation diagnostics
●

OmF increases in winter-time (fewer observations).

●

In general OmF > OmA, model -> towards observations.

Figure 5: Spatial mean of Std(Observation-minus-forecast) and Std(Observation-minus-analysis).

Data assimilation diagnostics
●

The system is by construction bias free (close to) so the mean of O-F
~ 0.

●

Higher O-F variation in regions mostly covered by Passive data.

●

Higher O-F variation in irrigated regions.

Figure 6: Temporal standard deviation of O-F. Typical range of O-F differences.

Data assimilation diagnostics
●

●

The O-F sequence should according to DA assumptions be white
noise, i.e., the auto-correlation function should decay to and oscillate
around zero.
If not the system probably has a remaining bias, and tries to correct
for this bias instead of the random errors (as it is supposed to do).

Figure 7: auto-correlation function, constructed by taking 1 day lags, for each assimilation window and averaging
these 8 values. Requiring more than 80 data pairs.

Data assimilation diagnostics
●

Instantaneous innovations and increments for the Active overpass.

●

O < F leads to decrease of water in the observation layer.

●

O > F leads to increase of water in the observations layer.

Figure 8: Surface (sfsm left) innovations and surface increments (right) soil moisture 2016.05.01, 03 UTC.

Data assimilation diagnostics
●

●

The information from the surface (observation layer) is transferred down to the root zone (0-100
cm) in the analysis.
Smaller increments than in the observation layer.

Figure 9: Surface (sfsm left) innovations and root zone increments (right) soil moisture 2016.05.01, 03 UTC.

Data assimilation diagnostics
●

Largest typical surface increments are seen in the central U.S Lower increments in the eastern and western
(coastal region) of the U.S.

●

Large increments in the mid-west are not transferred down to the root zone.

●

Largest increments for the root zone are seen in the central U.S with mostly Passive observations.

Figure 10: (Left) standard deviation of surface increments (typical size) (right) same for the root zone.

Data assimilation diagnostics
●

●

norm(O-F) = [y – xf]/sqrt([R + Cov(xf, xf)]), Std. of normalized
innovations ~1.
Blue regions indicate where the observation error R is too larger or
the model spread is too large (or both).

Figure 11: Blue regions overestimated errors, red regions underestimated errors. Masked regions (white) are
areas where the ESA CCI product is an average of two different overpass times.

Lessons learned from DA statistics
●

●

●

●

●

Spatio-temporal gaps in the ESA CCI SM product due to sensor
averaging.
The analysis moves the model closer to the observations according
to O-F and O-A statistics.
The auto-correlation suggest that the system is not using the
observations efficiently, remaining bias?
The increment statistics suggest that information from the surface
zone is transferred to the root zone in the analysis. Size of
increments somewhat reasonable when compared to other studies.
Std(norm(O-F)) suggest reasonable error settings.

Anomaly correlation coefficient
●

SCAN and USCRN surface (0-5 cm) soil moisture.

●

Already high correlation, analysis degrades the correlation with the in situ stations.

Figure 12: (Left) anomaly R for the open loop over SCAN and USCRN stations, (right) same for the analysis.

Anomaly correlation coefficient
●

SCAN and USCRN root zone (0-100 cm) soil moisture.

●

Again, OL has a high skill hard to improve.

●

Again, the analysis degrades the correlation with the in situ stations.

Figure 13: (Left) anomaly R for the open loop (rz) over SCAN and USCRN stations, (right) same for the analysis.

Conclusion and outlook
●

●

●

●

Problem: Number of assimilated observations are limited because of
the temporal averaging of different sensors, creating spatial and
temporal gaps in the dataset.
Solution: ESA CCI retrieval team will create test-product with
original timestamp for all sensors. Will benefit others using the ESA
CCI SM product for land surface DA.
Problem: OK error settings in the LDAS, however, left over bias from
the CDF-matching, this leads to sub-optimal performance of the filter
(when looking at the O-F statistics).
Solution: Seasonally correction of bias.
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