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• Land data assimilation (DA) in numerical weather prediction 
(NWP) is growing

• Emergence of new high-quality land observations
• SMOS and SMAP for soil moisture (SM)
• Ecostress, SBG and others for vegetation 

• Land DA techniques developed in Earth System Modeling 
community transition into NWP systems 

1. Merging of multi-sensor information

2. Increasing efficiency of data assimilation

3. Model parameter calibration vs. structural changes

4. Impact of land observations in NWP systems

Image Credit: NASA
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• Combining observations from multiple satellite sensors can be very advantageous
• For soil moisture combining active and passive microwave observations (e.g., ESA-CCI SM, SMAP)

Q: Is there an optimal method for combining observations from multiple sensors?

Image Credit: NASA
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Q: Is there an optimal method for combining observations from multiple sensors?

Conclusion: Data fusion is better able to exploit the complementary information from both instruments
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Fig 2: Soil moisture retrieval skill evaluated against in situ observations

Q: Is there an optimal method for combining observations from multiple sensors?

Conclusion: Data fusion is better able to exploit the complementary information from both instruments
Q: Is the same true in a data assimilation context?

Kolassa et al., 2013
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• Simultaneously assimilating active and passive microwave SM improves model estimate more than assimilating single 
sensor retrieval (e.g., Draper et al., 2012) 

Q: For multi-sensor data assimilation does it matter how the joint active/passive information is provided? 
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→ For DA, does it matter how the joint active/passive information is provided? 

Exp 3: Open loop (no DA)

Q: For multi-sensor data assimilation does it matter how the joint active/passive information is provided? 
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Fig. 2. Correlation and anomaly correlation for the assimilation and open loop experiments, averaged over all sites, for (a) surface and (b) root-zone soil moisture. Error bars
indicate 95% confidence intervals. The metrics are computed using the daily average soil moisture fields produced on the EASE 36km grid using the DA system.

A key driver of the assimilation performance is the skill of the
assimilated observations. Fig. 3 and Table 3 show the correlation and
anomaly correlation of the retrieved soil moisture with respect to
the in situ observations. The joint retrieval has a correlation of 0.46,
which is slightly higher than that of the passive (0.44) or active (0.41)
products. The anomaly correlations of the joint and active retrieval
(0.45 and 0.48, respectively) are higher than for the passive retrieval
product (0.37). For both metrics, the average skill across the active
and passive products is less than the skill of the joint retrieval prod-
uct. This is consistent with Kolassa et al. (2016), who showed that
the optimal average of the two single-sensor retrieval products had
a lower skill than a single joint retrieval.

Table 2 shows that the skill of the assimilation estimates from
both experiments is virtually the same, regardless of whether the
DA system ingested the joint retrieval product or assimilated the
two single-sensor products simultaneously. This result is different
from what Kolassa et al. (2016) found for the merging of active and
passive information at the retrieval level. There, the joint approach
performed better, because it used the complete and complementary
information in the active and passive microwave observations (that
is, backscatter and brightness temperature). The assimilation system,
by contrast, can better identify which of the two separate retrievals
is more correct when they disagree, by using additional and (mostly)
independent information from the model. Thus, even with an imper-
fect knowledge of the observation and model error estimates, the
assimilation of one joint active/passive retrieval and the simultane-
ous assimilations of two single-sensor retrievals yield equally skillful
soil moisture estimates.

While the average skill metrics for the two assimilation experi-
ments are very similar, there are some local skill differences. Fig. 4
shows maps of the correlation and anomaly correlation difference

Table 2
Spatially averaged temporal correlation (R) and anomaly correlation (Ranom) for sur-
face and root zone soil moisture estimates from the open loop and assimilation
experiments. Skill metrics are computed against SCAN in situ measurements and using
the daily average soil moisture fields produced on the EASE 36 km grid using the DA
system.

Experiment Surface Root zone

R Ranom R Ranom

Joint retrieval assimilation 0.69 0.58 0.67 0.54
Separate retrieval assimilation 0.69 0.58 0.67 0.52
Open loop 0.64 0.55 0.64 0.52
LPRM & TU Vienna assimilation 0.72 0.62 0.68 0.54

between the two assimilation runs and illustrates the spatial varia-
tions in the relative skill. Absolute difference values are mostly below
0.03, but occasionally reach up to 0.05. In general, the differences are
not consistent across all metrics and/or soil layers, with the excep-
tion of some regions in which one of the assimilation approaches is
consistently superior.

The first such region is a narrow strip in the western US, stretch-
ing from eastern Montana through Idaho, Utah and Arizona, labeled
region A in Fig. 4 (a). In this region, the separate retrieval assimila-
tion shows a better skill than the joint retrieval assimilation in the
surface layer. These local differences are related to a combination of
three factors: (i) the skill of the assimilated retrievals, (ii) the relative
weights given to the observations, and (iii) the number of assimilated
observations.

Fig. 5 addresses the first of the three factors by showing maps
of the correlation and anomaly correlation skill metrics of the joint
retrieval product versus SCAN soil moisture observations, together
with maps of the skill difference between each of the two single-
sensor retrieval products and the joint retrieval product skill. In
region A the joint and passive retrieval products have a similar skill
on average, with skill differences that rarely exceed the correlation
significance level (Fig. 3) and that are not consistent across the region
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Fig. 3. Correlation and anomaly correlation for the three surface soil moisture
retrieval products averaged over all sites. Error bars indicate 95% confidence intervals.
The metrics are computed using the satellite soil moisture products with a temporal
resolution of 2–3days and provided on a 25km equal area grid.

Fig 4: Soil moisture analysis skill against in situ observations

Q: For multi-sensor data assimilation does it matter how the joint active/passive information is provided? 

Kolassa et al., 2017
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Fig. 2. Correlation and anomaly correlation for the assimilation and open loop experiments, averaged over all sites, for (a) surface and (b) root-zone soil moisture. Error bars
indicate 95% confidence intervals. The metrics are computed using the daily average soil moisture fields produced on the EASE 36km grid using the DA system.
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which is slightly higher than that of the passive (0.44) or active (0.41)
products. The anomaly correlations of the joint and active retrieval
(0.45 and 0.48, respectively) are higher than for the passive retrieval
product (0.37). For both metrics, the average skill across the active
and passive products is less than the skill of the joint retrieval prod-
uct. This is consistent with Kolassa et al. (2016), who showed that
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a lower skill than a single joint retrieval.
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from what Kolassa et al. (2016) found for the merging of active and
passive information at the retrieval level. There, the joint approach
performed better, because it used the complete and complementary
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by contrast, can better identify which of the two separate retrievals
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fect knowledge of the observation and model error estimates, the
assimilation of one joint active/passive retrieval and the simultane-
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ments are very similar, there are some local skill differences. Fig. 4
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face and root zone soil moisture estimates from the open loop and assimilation
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0.03, but occasionally reach up to 0.05. In general, the differences are
not consistent across all metrics and/or soil layers, with the excep-
tion of some regions in which one of the assimilation approaches is
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The first such region is a narrow strip in the western US, stretch-
ing from eastern Montana through Idaho, Utah and Arizona, labeled
region A in Fig. 4 (a). In this region, the separate retrieval assimila-
tion shows a better skill than the joint retrieval assimilation in the
surface layer. These local differences are related to a combination of
three factors: (i) the skill of the assimilated retrievals, (ii) the relative
weights given to the observations, and (iii) the number of assimilated
observations.

Fig. 5 addresses the first of the three factors by showing maps
of the correlation and anomaly correlation skill metrics of the joint
retrieval product versus SCAN soil moisture observations, together
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Fig. 3. Correlation and anomaly correlation for the three surface soil moisture
retrieval products averaged over all sites. Error bars indicate 95% confidence intervals.
The metrics are computed using the satellite soil moisture products with a temporal
resolution of 2–3days and provided on a 25km equal area grid.

Fig 4: Soil moisture analysis skill against in situ observations

Q: For multi-sensor data assimilation does it matter how the joint active/passive information is provided? 

Conclusion: DA system can extract the same information, irrespective of the form in which it is provided

Kolassa et al., 2017
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Q: For multi-sensor data assimilation does it matter how the joint active/passive information is provided? 

Conclusion: Where the observation error specification correctly reflects the retrieval skill, the separate 
retrieval DA can yield larger skill improvements and vice versa

Joint vs Separate DA skill
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• Land data assimilation requires bias-correction (rescaling) of 
observations prior to assimilation

1. Assumption of DA system
2. Different nature of observed and modeled variables (e.g., Koster

et al., 2009 for SM)
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• Localized bias correction removes 
independent satellite information

• Disadvantageous for high quality SMAP 
retrievals

Objective: investigate Neural Network 
(NN) as a global bias correction that 
retains more independent satellite 
information

Figure 1: Effect of localized bias correction (CDF-matching) on soil moisture retrieval.
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• From Nearing et al., 2018

Figure 4. Convergence of total information, I(Z; X, Y), and EnKF efficiency,EDA, as a function of sample size at different his-
togram bin widths used for estimating the empirical joint distribution p(X, Y, Z). The inserts show the same data as the
primary plots, but plotted on a linear x axis.

Table 3
Breakdown of the Information-Use Efficiency Metrics From an EnKF Assimilation of LPRM Retrievals Into the Noah-MP Land
Surface Model as Evaluated Against SCAN Data

Measurement Metric Value

Information in model simulationsa I Z;Xð Þ
H Zð Þ

0.13

Information in retrievalsa I Z;Yð Þ
H Zð Þ

0.08

Conditional information in retrievalsa I Z;YjXð Þ
H Zð Þ

0.05

Total information from model and retrievalsa I Z;X;Yð Þ
H Zð Þ

0.18

Fraction of retrieval information lost via CDF-matching
1# I Z;YCDFjXð Þ

I Z;YjXð Þ

0.11

Information from EnKF
I Z;Xþð Þ
H Zð Þ

0.13

Efficiency of EnKF EDAð Þ
I Z;Xþð Þ
I Z;X;Yð Þ

0.72

Efficiency of EnKF Ey
! "

I Z;Xþð Þ#I Z;Xð Þ
I Z;YjXð Þ

0.03

aInformation metrics are normalized by the total entropy of the evaluation data Z so that their values range between 0
and 1. They are interpreted as, for example, “the fraction of total uncertainty about measurements Z that can be resolved
given Y and X.”

10.1029/2017WR020991Water Resources Research

NEARING ET AL. 6387

Fig 5: Effect of CDF-matching
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al. 2012)

National Aeronautics and Space Administration

gmao.gsfc.nasa.gov

• Localized bias correction removes 
independent satellite information

• Disadvantageous for high quality SMAP 
retrievals

Objective: investigate Neural Network 
(NN) as a global bias correction that 
retains more independent satellite 
information

Figure 1: Effect of localized bias correction (CDF-matching) on soil moisture retrieval.

Mean Standard deviation

Before bias 
correction

After bias 
correction

1. Motivation

• From Nearing et al., 2018

Figure 4. Convergence of total information, I(Z; X, Y), and EnKF efficiency,EDA, as a function of sample size at different his-
togram bin widths used for estimating the empirical joint distribution p(X, Y, Z). The inserts show the same data as the
primary plots, but plotted on a linear x axis.

Table 3
Breakdown of the Information-Use Efficiency Metrics From an EnKF Assimilation of LPRM Retrievals Into the Noah-MP Land
Surface Model as Evaluated Against SCAN Data

Measurement Metric Value

Information in model simulationsa I Z;Xð Þ
H Zð Þ

0.13

Information in retrievalsa I Z;Yð Þ
H Zð Þ

0.08

Conditional information in retrievalsa I Z;YjXð Þ
H Zð Þ

0.05

Total information from model and retrievalsa I Z;X;Yð Þ
H Zð Þ

0.18

Fraction of retrieval information lost via CDF-matching
1# I Z;YCDFjXð Þ

I Z;YjXð Þ

0.11

Information from EnKF
I Z;Xþð Þ
H Zð Þ

0.13

Efficiency of EnKF EDAð Þ
I Z;Xþð Þ
I Z;X;Yð Þ

0.72

Efficiency of EnKF Ey
! "

I Z;Xþð Þ#I Z;Xð Þ
I Z;YjXð Þ

0.03

aInformation metrics are normalized by the total entropy of the evaluation data Z so that their values range between 0
and 1. They are interpreted as, for example, “the fraction of total uncertainty about measurements Z that can be resolved
given Y and X.”

10.1029/2017WR020991Water Resources Research

NEARING ET AL. 6387

Q: How can we use more of the independent information provided by satellite observations while respecting the need for 
(some) bias correction?

Fig 4: Effect of CDF-matching
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Q: How can we use more of the independent information provided by satellite observations while respecting the need for 
(some) bias correction?

Fig 5: Schematic of NN training process

• Neural Network (NN) trained with SMAP observation inputs and modeled 
SM outputs

Kolassa et al., 2018
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Q: How can we use more of the independent information provided by satellite observations while respecting the need for 
(some) bias correction?

• Neural Network (NN) trained with SMAP observation inputs and modeled 
SM outputs

Fig 5: Schematic of NN training process
Kolassa et al., 2018

• NN output is expressed in target data climatology → globally unbiased, 
same dynamic range

• Spatial and temporal patterns of output are driven by satellite observations 

10
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Increasing data assimilation efficiency 

SMAP NN DA:  NN retrieval assimilation without further bias correction

SMAP NN DA + CDF:  NN retrieval assimilation with localized CDF-matching

OL: Open loop; model run without assimilation

Q: How can we use more of the independent information provided by satellite observations while respecting the need for 
(some) bias correction?

• Neural Network (NN) trained with SMAP observation inputs and modeled 
SM outputs

Fig 5: Schematic of NN training process
Kolassa et al., 2018 Kolassa et al., 2017b

• NN output is expressed in target data climatology → globally unbiased, 
same dynamic range

• Spatial and temporal patterns of output are driven by satellite observations 

10
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3. SMAP NN Soil Moisture Assimilation
Global vs. local bias correction

Figure 5: Surface soil moisture analysis skill at SMAP Cal/Val core sites.

• Global bias correction yields higher analysis 
skill than local bias correction

• Independent satellite information better 
retained

Take home messages:

(Kolassa et al., 2017b in preparation)

National Aeronautics and Space Administration

gmao.gsfc.nasa.gov

3. SMAP NN Soil Moisture Assimilation
Global vs. local bias correction

Figure 5: Surface soil moisture analysis skill at SMAP Cal/Val core sites.

• Global bias correction yields higher analysis 
skill than local bias correction

• Independent satellite information better 
retained

Take home messages:

(Kolassa et al., 2017b in preparation)

Conclusion: On average, global bias 
correction yields slightly higher analysis skill 
than local bias correction

Q: How can we use more of the independent information provided by satellite observations while respecting the need for 
(some) bias correction?

Fig 6: Skill improvements at SMAP core validation sites Kolassa et al., 2017b
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St. Joseph’s △R = 0.1 ; △abs(bias) = -0.03
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Q: How can we use more of the independent information provided by satellite observations while respecting the need for 
(some) bias correction?

Fig 7: Experiment time series at St. Joseph and Little River stations Kolassa et al., 2017b
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Q: How can we use more of the independent information provided by satellite observations while respecting the need for 
(some) bias correction?

Fig 7: Experiment time series at St. Joseph and Little River stations

Conclusions: 
• NN DA is better able to capitalize on independent information provided by SMAP
• NN DA is also more susceptible to retrieval errors
→ Accurate observation error characterization is critical

Kolassa et al., 2017b
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• Rodriguez-Fernandez et al., 2019: NN SM assimilation with 
spatially varying errors
• Neutral to positive improvements in SM
• Improvements of atmospheric forecasts in Southern 

Hemisphere

Q: How can we use more of the independent information provided by satellite observations while respecting the need for 
(some) bias correction?

Fig 8: SMOS NN assimilation procedure
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Q: How can we use more of the independent information provided by satellite observations while respecting the need for 
(some) bias correction?

• Kwon, Kumar et al., in review: assimilate 
SMAP anomalies directly

• The anomaly DA provides comparable 
performance to CDF-matching and is 
more effective in incorporating 
unmodeled features such as irrigation Fig 9: Average skill of two DA approaches at in situ stations

Fig 10: Comparison of two DA approaches at location with irrigation
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Catchment-CN FPAR – MODIS FPAR (2003-2009)

FPA
R

 [-]

Fig 11: Catchment-CN FPAR bias
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Model calibration

2

Catchment-CN FPAR – MODIS FPAR (2003-2009)

FPA
R

 [-]

• Calibration parameters: 

• Timing of phenological cycle (seasonal variability)

• Photosynthetic efficiency (bias)

• Carbon storage/allocation (interannual variability)

• Calibration approach: 

• Calibration period: 2003 – 2010

• Cost function: FPAR RMSE. 

• Particle swarm (ensemble-based) optimization at select calibration locations

• Separate parameters for each Plant Functional Type (PFT)

Fig 11: Catchment-CN FPAR bias
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• Global model simulation with new vegetation parameters evaluated against MODIS FPAR

∆R
M

SE
 [-]

Conclusion :  Parameter estimation consistently reduces model RMSE with respect to MODIS FPAR

Kolassa et al., 2020

Model calibration: Impact on modeled FPAR

Fig 12: FPAR RMSE change resulting from calibration
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∆R
M

SE
 [-]

∆ abs(bias) [-]
∆R

 [-]

• Reduction in RMSE is driven by bias reduction

• Dominance of bias in model error skews 
calibration towards efficiency parameters

Kolassa et al., 2020

Model calibration: Impact of  error distribution Fig 13:  RMSE change breakdown
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∆R
M

SE
 [-]

∆ abs(bias) [-]
∆R

 [-]

• Reduction in RMSE is driven by bias reduction

• Dominance of bias in model error skews 
calibration towards efficiency parameters

Conclusion :  Two-stage calibration to address first the bias and then the timing would be more effective

Kolassa et al., 2020

Model calibration: Impact of  error distribution Fig 13:  RMSE change breakdown
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Model Calibration: Impact of  structural errors

∆R
M

SE
 [-]

R
M

SE
 [-]

Fig 15:  RMSE change relative to total RMSE
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Model Calibration: Impact of  structural errors

∆R
M

SE
 [-]

R
M

SE
 [-]

Fig 15:  RMSE change relative to total RMSE

In regions with same PFT, calibrated parameters have very different impact.

Fig 16: Initial ∆RMSE (calibrated – uncalibrated)
avg. error reduction ~5%
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Model Calibration: Impact of  structural errors
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Fig 15:  RMSE change relative to total RMSE

In regions with same PFT, calibrated parameters have very different impact.

Fig 16: Initial ∆RMSE (calibrated – uncalibrated)
avg. error reduction ~5%

∆
R

M
SE [%

]

Fig 17: original bias vs. impact of updated 
parameters
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Model Calibration: Impact of  structural errors
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SE
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R
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SE
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Fig 15:  RMSE change relative to total RMSE

In regions with same PFT, calibrated parameters have very different impact.

Fig 16: Initial ∆RMSE (calibrated – uncalibrated)
avg. error reduction ~5%

∆
R

M
SE [%

]

Fig 17: original bias vs. impact of updated 
parameters

Conclusion : 

• Model structural errors are ‘aliased’ onto parameters during calibration

• Remaining errors are due to errors in model structure

18
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are optimized (see Table 1: phenology parameters P3 minus LAIinit and LAIMAX). The assimilations are con-
ducted for Fontainebleau only as the evergreen site of Puechabon exhibits a too low seasonality.

Figure 4 illustrates how the normalization of FAPAR impacts the assimilation, compared to the previous
results with unnormalized (original) data. It shows the ratio of the RMSE between model and data after
and prior to the assimilation. Values less than (greater than) 1.0 show an improvement (degradation) in the
model with respect to the data. As expected, the improvement of the model-data agreement with respect
to original FAPAR is lower with the normalization, as the correction of the magnitude of the modeled
FAPAR is not sought. Nevertheless, the normalization still improves the modeled FAPAR (with the exception
of MERIS products), while it mostly reduces the degradation of the model-data fit for NEE. However, the
results still tend to indicate that it may not be possible to improve the modeled NEE as compared to the prior
simulations when assimilating FAPAR alone (either using original or normalized data). For LE data, the results
are more variable between the various FAPAR products as different errors may compensate each other (with
in situ FAPAR, the normalization improves the fit to LE, while it slightly degrades it for the satellite FAPAR).

3.3. Joint Assimilation of In Situ Flux Measurements and FAPAR Products

Figure 5 synthesizes the improvement/degradation in model-data fit (posterior to prior RMSE ratio) for
several observations (NEE, LE, and FAPAR) when considering successively the assimilation of in situ flux data
alone (scenario A1), FAPAR products alone (scenarios A3 and A4), or combining both flux and FAPAR data
(scenario A5). In order to make the best possible use of the FAPAR products, we have chosen to normalize
the time series for Fontainebleau (scenario A4, see section 4.2) and assimilate the original data for
Puechabon (scenario A3) given the small seasonal variations. Note that we also use the GPP as a diagnostic
(see section 2.1.1).

The joint assimilation of NEE and LE in situ flux measurements and FAPAR products (scenario A5) seen in
Figure 5 reconciles the two sources of information and the model, thus dealing with the inconsistencies
described above when only one data stream is assimilated. The optimized simulations improve the fit to both
the flux and FAPAR data compared to the a priori model simulation at both sites. It results in a similar model-
data agreement as that obtained when each data stream is assimilated independently. The assimilation of
both data streams together prevents the degradation seen for the variable not included in the individual data
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Figure 5. Ratio between the posterior and prior RMSE of fit, between the model simulations and different observed variables, considering assimilations performed
with (first column) only flux data (scenario A1), (left bars in the second to fourth columns) FAPAR data only (normalized data for Fontainebleau scenario A4-P4,
original data for Puechabon scenario A3-P3) and (right bars in the second to fourth columns) the combination of the two data streams (scenario A5).
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are optimized (see Table 1: phenology parameters P3 minus LAIinit and LAIMAX). The assimilations are con-
ducted for Fontainebleau only as the evergreen site of Puechabon exhibits a too low seasonality.

Figure 4 illustrates how the normalization of FAPAR impacts the assimilation, compared to the previous
results with unnormalized (original) data. It shows the ratio of the RMSE between model and data after
and prior to the assimilation. Values less than (greater than) 1.0 show an improvement (degradation) in the
model with respect to the data. As expected, the improvement of the model-data agreement with respect
to original FAPAR is lower with the normalization, as the correction of the magnitude of the modeled
FAPAR is not sought. Nevertheless, the normalization still improves the modeled FAPAR (with the exception
of MERIS products), while it mostly reduces the degradation of the model-data fit for NEE. However, the
results still tend to indicate that it may not be possible to improve the modeled NEE as compared to the prior
simulations when assimilating FAPAR alone (either using original or normalized data). For LE data, the results
are more variable between the various FAPAR products as different errors may compensate each other (with
in situ FAPAR, the normalization improves the fit to LE, while it slightly degrades it for the satellite FAPAR).

3.3. Joint Assimilation of In Situ Flux Measurements and FAPAR Products

Figure 5 synthesizes the improvement/degradation in model-data fit (posterior to prior RMSE ratio) for
several observations (NEE, LE, and FAPAR) when considering successively the assimilation of in situ flux data
alone (scenario A1), FAPAR products alone (scenarios A3 and A4), or combining both flux and FAPAR data
(scenario A5). In order to make the best possible use of the FAPAR products, we have chosen to normalize
the time series for Fontainebleau (scenario A4, see section 4.2) and assimilate the original data for
Puechabon (scenario A3) given the small seasonal variations. Note that we also use the GPP as a diagnostic
(see section 2.1.1).

The joint assimilation of NEE and LE in situ flux measurements and FAPAR products (scenario A5) seen in
Figure 5 reconciles the two sources of information and the model, thus dealing with the inconsistencies
described above when only one data stream is assimilated. The optimized simulations improve the fit to both
the flux and FAPAR data compared to the a priori model simulation at both sites. It results in a similar model-
data agreement as that obtained when each data stream is assimilated independently. The assimilation of
both data streams together prevents the degradation seen for the variable not included in the individual data
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Figure 5. Ratio between the posterior and prior RMSE of fit, between the model simulations and different observed variables, considering assimilations performed
with (first column) only flux data (scenario A1), (left bars in the second to fourth columns) FAPAR data only (normalized data for Fontainebleau scenario A4-P4,
original data for Puechabon scenario A3-P3) and (right bars in the second to fourth columns) the combination of the two data streams (scenario A5).
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Bacour et al., 2015: parameter estimation with FPAR alone improved 
FPAR skill, degraded skill of other vegetation variables

are optimized (see Table 1: phenology parameters P3 minus LAIinit and LAIMAX). The assimilations are con-
ducted for Fontainebleau only as the evergreen site of Puechabon exhibits a too low seasonality.

Figure 4 illustrates how the normalization of FAPAR impacts the assimilation, compared to the previous
results with unnormalized (original) data. It shows the ratio of the RMSE between model and data after
and prior to the assimilation. Values less than (greater than) 1.0 show an improvement (degradation) in the
model with respect to the data. As expected, the improvement of the model-data agreement with respect
to original FAPAR is lower with the normalization, as the correction of the magnitude of the modeled
FAPAR is not sought. Nevertheless, the normalization still improves the modeled FAPAR (with the exception
of MERIS products), while it mostly reduces the degradation of the model-data fit for NEE. However, the
results still tend to indicate that it may not be possible to improve the modeled NEE as compared to the prior
simulations when assimilating FAPAR alone (either using original or normalized data). For LE data, the results
are more variable between the various FAPAR products as different errors may compensate each other (with
in situ FAPAR, the normalization improves the fit to LE, while it slightly degrades it for the satellite FAPAR).

3.3. Joint Assimilation of In Situ Flux Measurements and FAPAR Products

Figure 5 synthesizes the improvement/degradation in model-data fit (posterior to prior RMSE ratio) for
several observations (NEE, LE, and FAPAR) when considering successively the assimilation of in situ flux data
alone (scenario A1), FAPAR products alone (scenarios A3 and A4), or combining both flux and FAPAR data
(scenario A5). In order to make the best possible use of the FAPAR products, we have chosen to normalize
the time series for Fontainebleau (scenario A4, see section 4.2) and assimilate the original data for
Puechabon (scenario A3) given the small seasonal variations. Note that we also use the GPP as a diagnostic
(see section 2.1.1).

The joint assimilation of NEE and LE in situ flux measurements and FAPAR products (scenario A5) seen in
Figure 5 reconciles the two sources of information and the model, thus dealing with the inconsistencies
described above when only one data stream is assimilated. The optimized simulations improve the fit to both
the flux and FAPAR data compared to the a priori model simulation at both sites. It results in a similar model-
data agreement as that obtained when each data stream is assimilated independently. The assimilation of
both data streams together prevents the degradation seen for the variable not included in the individual data
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Figure 5. Ratio between the posterior and prior RMSE of fit, between the model simulations and different observed variables, considering assimilations performed
with (first column) only flux data (scenario A1), (left bars in the second to fourth columns) FAPAR data only (normalized data for Fontainebleau scenario A4-P4,
original data for Puechabon scenario A3-P3) and (right bars in the second to fourth columns) the combination of the two data streams (scenario A5).

Journal of Geophysical Research: Biogeosciences 10.1002/2015JG002966

BACOUR ET AL. JOINT ASSIMILATION OF NEE, LE, AND FAPAR 1849

Model Calibration: Impact of  structural errors

Fig 18:  FPAR 
Calibration Impact on 

vegetation fluxes

19



Global Modeling and Assimilation Office
gmao.gsfc.nasa.gov

National Aeronautics and Space Administration

are optimized (see Table 1: phenology parameters P3 minus LAIinit and LAIMAX). The assimilations are con-
ducted for Fontainebleau only as the evergreen site of Puechabon exhibits a too low seasonality.

Figure 4 illustrates how the normalization of FAPAR impacts the assimilation, compared to the previous
results with unnormalized (original) data. It shows the ratio of the RMSE between model and data after
and prior to the assimilation. Values less than (greater than) 1.0 show an improvement (degradation) in the
model with respect to the data. As expected, the improvement of the model-data agreement with respect
to original FAPAR is lower with the normalization, as the correction of the magnitude of the modeled
FAPAR is not sought. Nevertheless, the normalization still improves the modeled FAPAR (with the exception
of MERIS products), while it mostly reduces the degradation of the model-data fit for NEE. However, the
results still tend to indicate that it may not be possible to improve the modeled NEE as compared to the prior
simulations when assimilating FAPAR alone (either using original or normalized data). For LE data, the results
are more variable between the various FAPAR products as different errors may compensate each other (with
in situ FAPAR, the normalization improves the fit to LE, while it slightly degrades it for the satellite FAPAR).

3.3. Joint Assimilation of In Situ Flux Measurements and FAPAR Products

Figure 5 synthesizes the improvement/degradation in model-data fit (posterior to prior RMSE ratio) for
several observations (NEE, LE, and FAPAR) when considering successively the assimilation of in situ flux data
alone (scenario A1), FAPAR products alone (scenarios A3 and A4), or combining both flux and FAPAR data
(scenario A5). In order to make the best possible use of the FAPAR products, we have chosen to normalize
the time series for Fontainebleau (scenario A4, see section 4.2) and assimilate the original data for
Puechabon (scenario A3) given the small seasonal variations. Note that we also use the GPP as a diagnostic
(see section 2.1.1).

The joint assimilation of NEE and LE in situ flux measurements and FAPAR products (scenario A5) seen in
Figure 5 reconciles the two sources of information and the model, thus dealing with the inconsistencies
described above when only one data stream is assimilated. The optimized simulations improve the fit to both
the flux and FAPAR data compared to the a priori model simulation at both sites. It results in a similar model-
data agreement as that obtained when each data stream is assimilated independently. The assimilation of
both data streams together prevents the degradation seen for the variable not included in the individual data
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Figure 5. Ratio between the posterior and prior RMSE of fit, between the model simulations and different observed variables, considering assimilations performed
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original data for Puechabon scenario A3-P3) and (right bars in the second to fourth columns) the combination of the two data streams (scenario A5).
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are optimized (see Table 1: phenology parameters P3 minus LAIinit and LAIMAX). The assimilations are con-
ducted for Fontainebleau only as the evergreen site of Puechabon exhibits a too low seasonality.

Figure 4 illustrates how the normalization of FAPAR impacts the assimilation, compared to the previous
results with unnormalized (original) data. It shows the ratio of the RMSE between model and data after
and prior to the assimilation. Values less than (greater than) 1.0 show an improvement (degradation) in the
model with respect to the data. As expected, the improvement of the model-data agreement with respect
to original FAPAR is lower with the normalization, as the correction of the magnitude of the modeled
FAPAR is not sought. Nevertheless, the normalization still improves the modeled FAPAR (with the exception
of MERIS products), while it mostly reduces the degradation of the model-data fit for NEE. However, the
results still tend to indicate that it may not be possible to improve the modeled NEE as compared to the prior
simulations when assimilating FAPAR alone (either using original or normalized data). For LE data, the results
are more variable between the various FAPAR products as different errors may compensate each other (with
in situ FAPAR, the normalization improves the fit to LE, while it slightly degrades it for the satellite FAPAR).

3.3. Joint Assimilation of In Situ Flux Measurements and FAPAR Products

Figure 5 synthesizes the improvement/degradation in model-data fit (posterior to prior RMSE ratio) for
several observations (NEE, LE, and FAPAR) when considering successively the assimilation of in situ flux data
alone (scenario A1), FAPAR products alone (scenarios A3 and A4), or combining both flux and FAPAR data
(scenario A5). In order to make the best possible use of the FAPAR products, we have chosen to normalize
the time series for Fontainebleau (scenario A4, see section 4.2) and assimilate the original data for
Puechabon (scenario A3) given the small seasonal variations. Note that we also use the GPP as a diagnostic
(see section 2.1.1).

The joint assimilation of NEE and LE in situ flux measurements and FAPAR products (scenario A5) seen in
Figure 5 reconciles the two sources of information and the model, thus dealing with the inconsistencies
described above when only one data stream is assimilated. The optimized simulations improve the fit to both
the flux and FAPAR data compared to the a priori model simulation at both sites. It results in a similar model-
data agreement as that obtained when each data stream is assimilated independently. The assimilation of
both data streams together prevents the degradation seen for the variable not included in the individual data
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are optimized (see Table 1: phenology parameters P3 minus LAIinit and LAIMAX). The assimilations are con-
ducted for Fontainebleau only as the evergreen site of Puechabon exhibits a too low seasonality.

Figure 4 illustrates how the normalization of FAPAR impacts the assimilation, compared to the previous
results with unnormalized (original) data. It shows the ratio of the RMSE between model and data after
and prior to the assimilation. Values less than (greater than) 1.0 show an improvement (degradation) in the
model with respect to the data. As expected, the improvement of the model-data agreement with respect
to original FAPAR is lower with the normalization, as the correction of the magnitude of the modeled
FAPAR is not sought. Nevertheless, the normalization still improves the modeled FAPAR (with the exception
of MERIS products), while it mostly reduces the degradation of the model-data fit for NEE. However, the
results still tend to indicate that it may not be possible to improve the modeled NEE as compared to the prior
simulations when assimilating FAPAR alone (either using original or normalized data). For LE data, the results
are more variable between the various FAPAR products as different errors may compensate each other (with
in situ FAPAR, the normalization improves the fit to LE, while it slightly degrades it for the satellite FAPAR).

3.3. Joint Assimilation of In Situ Flux Measurements and FAPAR Products

Figure 5 synthesizes the improvement/degradation in model-data fit (posterior to prior RMSE ratio) for
several observations (NEE, LE, and FAPAR) when considering successively the assimilation of in situ flux data
alone (scenario A1), FAPAR products alone (scenarios A3 and A4), or combining both flux and FAPAR data
(scenario A5). In order to make the best possible use of the FAPAR products, we have chosen to normalize
the time series for Fontainebleau (scenario A4, see section 4.2) and assimilate the original data for
Puechabon (scenario A3) given the small seasonal variations. Note that we also use the GPP as a diagnostic
(see section 2.1.1).

The joint assimilation of NEE and LE in situ flux measurements and FAPAR products (scenario A5) seen in
Figure 5 reconciles the two sources of information and the model, thus dealing with the inconsistencies
described above when only one data stream is assimilated. The optimized simulations improve the fit to both
the flux and FAPAR data compared to the a priori model simulation at both sites. It results in a similar model-
data agreement as that obtained when each data stream is assimilated independently. The assimilation of
both data streams together prevents the degradation seen for the variable not included in the individual data
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original data for Puechabon scenario A3-P3) and (right bars in the second to fourth columns) the combination of the two data streams (scenario A5).

Journal of Geophysical Research: Biogeosciences 10.1002/2015JG002966

BACOUR ET AL. JOINT ASSIMILATION OF NEE, LE, AND FAPAR 1849

increased by 19%. Applying global-scale satellite observations of soil
moisture, such as the SMOS product, is an effective approach to
improve the ability of this land surfacemodel to simulate soil moisture.

In addition to the SMOS data, the GOSAT and GOME-2 SIF provide a
new method to check whether the model’s representation of photo-
synthesis processes is improved. The analysis of the Test Veg+Soil
results, however, showed that although soil moisture was better simu-
lated following the calibration of the soil parameters, the simulated
SIF results, compared against the GOSAT and GOME-2 SIF product,
were substantially worse (Figure 6). Nevertheless, the change in SIF
in Test Veg+Soil confirmed that the changes in soil moisture had
substantial impacts on photosynthesis processes. We have since
conducted a number of sensitivity studies and identified that the wilt-
ing point, which is the minimum soil moisture at which a plant loses
turgidity and can no longer recover, is a crucial parameter for better
SIF simulation under adequate soil moisture. After calibration of the

wilting point, the simulated global SIF in Test Veg+Soil+WILT improved substantially compared against the
GOSAT and GOME-2 SIF product and retained reasonable simulations for soil moisture (Figure 6). The annual
mean SIF for Test Veg+Soil+WILT from 2009 to 2012 is shown in Figure 3c. The global differences between
the simulations and the satellite (GOSAT and GOME-2) data are shown in Figures 4e and 4f, respectively.

Studies have shown that satellite-retrieved SIF provides useful information on terrestrial photosynthesis and
GPP (Frankenberg, O’Dell, et al., 2011; Lee et al., 2015). We also investigated whether the land surface model
could better simulate GPP after the improvements in the SIF simulation, which would further confirm the
close relationship between SIF and GPP. We applied the Max Planck Institute for Biogeochemistry (MPI-BGC)
GPP product from the FLUXNET-basedModel Tree Ensemble (MTE) (Beer et al., 2010) as the benchmark in this
study. Figure 7 shows the global differences in annual mean GPP from all of the experiments compared to the
MPI-BGC products. The global GPP in CTL (Figure 7a) shows a negative bias in magnitude, especially in South
America and most of Africa. In the high latitudes of the Northern Hemisphere, the modeled GPP was slightly
higher compared to the MPI-BGC product, consistent with the SIF results shown in Figure 4. In Test Veg
(Figure 7b), the simulated GPP improved after the MERRA LAI and green leaf fraction were used. However,

Figure 6. Global root-mean-square error (RMSE) of different experiments relative
to Soil Moisture and Ocean Salinity (SMOS) soil moisture and Greenhouse gases
Observing SATellite (GOSAT) and Global OzoneMonitoring Experiment-2 (GOME-2)
solar-induced chlorophyll fluorescence (SIF).

Figure 7. Global difference of gross primary production betweenMPI-BGC and the experiments, units: g C/m2/yr. (a) Control run (CTL), (b) Test Veg, (c) Test Veg+Soil,
(d) Test Veg+Soil+WILT.
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Qiu et al., 2017: hydraulic parameter calibration 
alone improved soil moisture skill, but degrades 
modeled SIF

Model Calibration: Impact of  structural errors

Fig 18:  FPAR 
Calibration Impact on 

vegetation fluxes
Fig 19:  Parameter calibration impact on 

hydrology and vegetation
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• Impact of assimilating land observations on forecast skill in NWP systems is often positive, but very small (e.g., 
Draper et al., 2012, Rodriguez-Fernandez et al. 2019, Carrera et al., Reichle et al. in review)

1. Land influence on atmosphere is not universal
2. Impact of single new data type in system that assimilates ~10^6 observations
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• In certain conditions land influence on atmosphere is significantly more important than usual : extreme conditions
1. Droughts and heatwaves (e.g., Seneviratne et al., 2015)
2. Tropical Cyclones

• Very wet land surface → help to sustain or re-intensify TC (”Brown Ocean Effect”)
• Dry land surface → faster TC dissipation
• Soil moisture gradients → different TC over-land track 

• SMAP data assimilation → better land surface initial conditions → better TC forecasts → societal benefit

Q: Can the assimilation of SMAP observations into a global numerical weather prediction (NWP) model improve the 
prediction of tropical cyclone (TC) evolution prior to and after landfall?
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Observing System Experiment to determine the potential of SMAP data assimilation to improve forecasts of 
tropical cyclone structure and precipitation surrounding landfall.

Atmospheric 
Observations
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AGCM

SMAP Tb 
Observations

Set of
5-day TC
forecasts

Control:

• Forecasts of TC from analysis constrained by 
standard suite of atmospheric observations

Experiment:

• Additional constraint through SMAP Tb 
observations

Evaluation:

• Combination of global skill metrics, regional 
tailored metrics and phenomenological 
approaches to evaluate impact on TC forecast 
skill

Control

Experiment

Fig 21:  Experiment design schematic
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Fig 22:  TC Idai evolution of vorticity, circulation and soil moisture conditions
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Fig 23:  SMAP L4 difference with respect to open loop for Idai period
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• For soil moisture, evaluation is frequently against in situ observations
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We underline that this paper reflects the opinion and the experience of the authors on this research
topic and we mainly focus on the applications and the research questions that we investigated in
the past. This paper should not be considered as a review paper. Indeed, several recent reviews
already investigated different hydrological aspects related to soil moisture, e.g., the estimation of
soil moisture through remote sensing [3,21,22], the different techniques for in situ soil moisture
monitoring at different scales [23,24], the use of satellite soil moisture data in hydrological and
climatic applications [25,26], and the assessment and modelling of soil moisture spatial-temporal
variability [2,27,28]. Therefore, we believe there is no need of an additional review on soil moisture.
Differently, the manuscript is conceived to be a comprehensive summary of our research activity on
soil moisture and our view for future opportunities to be analysed. We wanted to identify the main
knowledge gaps that need to be filled in future investigations for improving the monitoring, and the
use, of soil moisture observations in hydrological (and others) applications.

2. How Do We Estimate Soil Moisture?

Notwithstanding soil moisture is largely recognized as a fundamental physical variable,
e.g., soil moisture is included at the 2nd place among the Essential Climate Variable by the
Global Climate Observing System (GCOS), its monitoring over large areas is still an open research
activity [23,29]. Indeed, differently from precipitation, in situ monitoring networks for soil moisture
are much less developed and only in few countries (e.g., United States) a good coverage of in situ
stations is present (see Figure 1). This should be attributed to the very recent availability, with respect
to precipitation, of ground sensors measuring soil moisture, and partly to the lower knowledge
of the large benefits that we can obtain from soil moisture observations. Currently, three different
approaches are used for providing soil moisture estimates: (1) in situ observations; (2) remote sensing;
and (3) modelled data. In the following, we describe the main features of each approach in order to
underline their pros and cons. Overall, it is widely accepted that the integration of in situ, satellite
and modelled data is the best approach to exploit the potential of soil moisture in hydrological
applications [25,30].
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Figure 1. (a) Global distribution of soil moisture stations available at the International Soil Moisture
Network from January 2000 ([7]); different colours refer to different networks; (b) Density of rain gauges
underlying the Climate Prediction Center Unified Gauge-Based Analysis of Global Daily Precipitation
(number of gauges/0.5�). Even though the two maps are not directly comparable, it is evident that
the number of soil moisture stations is much lower than precipitation gauges, and, except in USA and
Europe, soil moisture data are nearly absent.

2.1. In Situ Measurements

The first approaches for monitoring soil moisture through in situ observations are based on
gravimetric, tensiometric and nuclear techniques [24]. Although invasive and time consuming,
the gravimetric technique is still the reference method to which the other techniques and new methods
are calibrated and tested. In the 1980s, Topp et al. [31] proposed the Time Domain Reflectometry
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We underline that this paper reflects the opinion and the experience of the authors on this research
topic and we mainly focus on the applications and the research questions that we investigated in
the past. This paper should not be considered as a review paper. Indeed, several recent reviews
already investigated different hydrological aspects related to soil moisture, e.g., the estimation of
soil moisture through remote sensing [3,21,22], the different techniques for in situ soil moisture
monitoring at different scales [23,24], the use of satellite soil moisture data in hydrological and
climatic applications [25,26], and the assessment and modelling of soil moisture spatial-temporal
variability [2,27,28]. Therefore, we believe there is no need of an additional review on soil moisture.
Differently, the manuscript is conceived to be a comprehensive summary of our research activity on
soil moisture and our view for future opportunities to be analysed. We wanted to identify the main
knowledge gaps that need to be filled in future investigations for improving the monitoring, and the
use, of soil moisture observations in hydrological (and others) applications.

2. How Do We Estimate Soil Moisture?

Notwithstanding soil moisture is largely recognized as a fundamental physical variable,
e.g., soil moisture is included at the 2nd place among the Essential Climate Variable by the
Global Climate Observing System (GCOS), its monitoring over large areas is still an open research
activity [23,29]. Indeed, differently from precipitation, in situ monitoring networks for soil moisture
are much less developed and only in few countries (e.g., United States) a good coverage of in situ
stations is present (see Figure 1). This should be attributed to the very recent availability, with respect
to precipitation, of ground sensors measuring soil moisture, and partly to the lower knowledge
of the large benefits that we can obtain from soil moisture observations. Currently, three different
approaches are used for providing soil moisture estimates: (1) in situ observations; (2) remote sensing;
and (3) modelled data. In the following, we describe the main features of each approach in order to
underline their pros and cons. Overall, it is widely accepted that the integration of in situ, satellite
and modelled data is the best approach to exploit the potential of soil moisture in hydrological
applications [25,30].
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except in USA and Europe, soil moisture data are nearly absent. 
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The  first approaches  for monitoring  soil moisture  through  in  situ observations are based on 
gravimetric, tensiometric and nuclear techniques [24]. Although invasive and time consuming, the 
gravimetric technique is still the reference method to which the other techniques and new methods 
are calibrated and  tested.  In  the 1980s, Topp et al.  [31] proposed  the Time Domain Reflectometry 
(TDR) technique. TDR was found to provide accurate measurements for a wide range of soils and 
settings thus becoming the new standard approach for measuring soil moisture and replacing the 

Figure 1. (a) Global distribution of soil moisture stations available at the International Soil Moisture
Network from January 2000 ([7]); different colours refer to different networks; (b) Density of rain gauges
underlying the Climate Prediction Center Unified Gauge-Based Analysis of Global Daily Precipitation
(number of gauges/0.5�). Even though the two maps are not directly comparable, it is evident that
the number of soil moisture stations is much lower than precipitation gauges, and, except in USA and
Europe, soil moisture data are nearly absent.

2.1. In Situ Measurements

The first approaches for monitoring soil moisture through in situ observations are based on
gravimetric, tensiometric and nuclear techniques [24]. Although invasive and time consuming,
the gravimetric technique is still the reference method to which the other techniques and new methods
are calibrated and tested. In the 1980s, Topp et al. [31] proposed the Time Domain Reflectometry

1. At locations with in situ stations, models are already very skillful

2. Satellite observations (and models) contain very little information about point scale soil moisture variability

Figure 4. Convergence of total information, I(Z; X, Y), and EnKF efficiency,EDA, as a function of sample size at different his-
togram bin widths used for estimating the empirical joint distribution p(X, Y, Z). The inserts show the same data as the
primary plots, but plotted on a linear x axis.

Table 3
Breakdown of the Information-Use Efficiency Metrics From an EnKF Assimilation of LPRM Retrievals Into the Noah-MP Land
Surface Model as Evaluated Against SCAN Data

Measurement Metric Value

Information in model simulationsa I Z;Xð Þ
H Zð Þ

0.13

Information in retrievalsa I Z;Yð Þ
H Zð Þ

0.08

Conditional information in retrievalsa I Z;YjXð Þ
H Zð Þ

0.05

Total information from model and retrievalsa I Z;X;Yð Þ
H Zð Þ

0.18

Fraction of retrieval information lost via CDF-matching
1# I Z;YCDFjXð Þ

I Z;YjXð Þ

0.11

Information from EnKF
I Z;Xþð Þ
H Zð Þ

0.13

Efficiency of EnKF EDAð Þ
I Z;Xþð Þ
I Z;X;Yð Þ

0.72

Efficiency of EnKF Ey
! "

I Z;Xþð Þ#I Z;Xð Þ
I Z;YjXð Þ

0.03

aInformation metrics are normalized by the total entropy of the evaluation data Z so that their values range between 0
and 1. They are interpreted as, for example, “the fraction of total uncertainty about measurements Z that can be resolved
given Y and X.”
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• Dong et al., 2019: Relative skill evaluation using a third (independent) product

• “ground validation conducted in data-rich areas does not adequately sample the added value of SMAP data 
assimilation … and substantially underestimates the added skill provided by the SMAP level 4 system.” 

Fig 24 : Relative skill of SMAP Level 4 product and Open Loop

Geophysical Research Letters 10.1029/2019GL083398

Figure 2. (a) Mean, (b) 5th percentile, and (c) 95th percentile maps of Soil Moisture Active Passive level 4 and open-loop relative performance (RRASC). Red
(blue) shading indicates areas where the level 4 product has improved (degraded) surface soil moisture skill relative to the open-loop baseline. Dark gray
shading indicates Advanced Scatterometer has less than 100 [-] available retrievals for RR estimation, and light gray shading indicates grids where ROL,ASC is
not significantly (at p = 0.05 [-] confidence) greater than 0.1 [-]. (d) Distance to nearest Climate Prediction Center Unified rain gauge (km) for each 36-km
EASE2 land grid cell.

and CVS observations are available. Figure 1b illustrates the general linear consistency between RRCVS
and RRASC. However, relative to RRCVS, RRASC is consistently biased low (Figure 1b)—which suggests that
RRASC underestimates the true added value (RR). This apparent bias could also be associated with the vio-
lation of specific assumptions underlying our interpretation of RRCVS and RRASC, for example, systematic
differences in the representative depth of the surface soil moisture values derived from different sources
(Shellito et al., 2018).

Figures 2b and 2c demonstrate that RR estimates are can be strongly impacted by sampling errors. As shown
in (9) and (10), RR values are estimated as the ratio of L4 and OL skills. Therefore, both RRCVS and RRASC are
more sensitive to sampling errors when the OL skill is low (Figure 2c, taking RRCVS for illustration). Hence,
sampling uncertainties should be considered when interpolating the points falling far off the one-to-one line
in Figure 2b, for example, RRCVS and RRASC comparisons at St. Joseph and South Fork.

3.2. Global L4 Versus OL Performance Analysis
Figure 2a shows the relative performance of the SMAP L4 and OL surface soil moisture products, estimated
as the ratio of 36-km scale SMAP L4 and OL anomaly-truth correlation (RRASC) using (9) with ASCAT
soil moisture retrievals serving as the independent data source. RRASC estimates are unstable when the
ASCAT-OL correlation (ROL,ASC) is extremely low; therefore, grid cells with values of ROL,ASC that are not
significantly larger than 0.1 [-] (at p = 0.05 confidence) are masked and shaded in light gray. Such areas
include most of the Amazon Basin and the Sahara Desert (Figure 2a). In these regions, the ASCAT soil
moisture retrievals are relatively uncertain owing to either very dense vegetation (Amazon basin) or volume
scattering effects in very arid environments (Sahara Desert; Dorigo et al., 2010). Additionally, to guarantee
sufficient samples for ROL,ASC estimation, grid cells with less than 100 available ASCAT retrievals are not
considered. Therefore, RRASC estimates are typically based on between 100 and ∼500 samples (Figure S1).
Using these data counts, we conducted a 1,500-member boot-strapping analysis to estimate the 5th and the
95th percentiles of sampled RRASC to quantify the robustness of sampled RRASC on a grid-cell by grid-cell
basis (Figures 2b and 2c).

DONG ET AL. 6609

SMAP L4 product is 
better

OL is better
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Conclusions:
• Accurate observation error characterization is critical

• Need to improve efficiency of DA systems → better DA approaches, better observations, better correspondence 

between model and observations

• Parameter calibration should be performed in conjunction with improvements to model structure

• Alternative ways to assess the impact of land observations in NWP systems

• Reconsider how we evaluate land analyses

Outlook:
• Coupling in NWP systems and ESMs

• Increasing correspondence between modeled and observed variables

• Use of machine learning or hybrid techniques when process knowledge is uncertain

• Land DA community to improve internal collaboration as well as coordination with other communities 

→ AIMES Land Data Assimilation Working Group https://aimesproject.org/ldawg/

https://aimesproject.org/ldawg/
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