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At the end of  this lecture, you should…

• Recognize national-scale networks of cosmic-ray neutron 
sensors for soil moisture networks
• Understand the current challenges related to the 

establishment of a global-scale network of cosmic-ray neutron 
sensors
• Be aware of current efforts to harmonize global datasets of 

cosmic-ray sensors and their important quality control and 
processing steps
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A quick recap
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Over the years, the community has learned 
more about the cosmic-ray neutron sensors
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qVOL = volumetric water content (m3 m-3)
Npihv = fully-corrected measured neutron counting 

rate (counts per hour)
Nraw = raw measured neutron counting rate (counts per 

hour)
N0 = site-specific calibration parameter
LW    = lattice water content (g g-1)
SOC  = soil organic carbon (g g-1)
rbd = dry soil bulk density (g cm-3)
fp = atmospheric pressure correction factor (-)
fi = solar intensity correction factor (-)
fh = atmospheric water vapor correction factor (-)
fv = aboveground biomass correction factor (-)
a0, a1, a2 = fixed coefficients (-)
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Based on Franz et al. (2012), Rosolem et al. (2013); 
and Baatz et al. (2015?)



Hydrogen Sources in Support Volume 
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Image kindly provided by Trenton Franz (Nebraska-Lincoln)

The cosmic-ray neutron sensor signal is affected bby
all sources of  hydrogen within its support volume
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wet soil 
uncertainty

dry soil 
uncertainty
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Propagation of  uncertainty: dry versus humid 
regions

In a humid region:

Uncertainty of neutron 
counts on the order of 5%

Do you know why?

Propagated uncertainty 
of soil moisture on the 
order of 17% vol.

Can you understand why?



How does each factor influence the neutron 
signal?

Iwema et al. 21

F IGURE 6 Results of the sensitivity analysis for the Coe�cient of Variation (CV; neutron count precision) with
the extended COSMIC (The results for neutron count accuracy are the same). The upper panel shows the results for
the �rst experiment, in which all factors varied. The lower plot shows the results for the three experiments at the
grass/crop site as an example (similar results were found for the other two sites). In these experiments the soil
moisture content (SM) was �xed at three di�erent levels. Soil factors: sm = soil moisture, bd = dry soil bulk density,
lw = lattice water, som = soil organic matter, root = plant roots, drop = animal droppings. Soil cover factors: pond =
ponding water, agb = above ground biomass, inw = intercepted water, ani = animals. Atmosphere and high energy
neutrons: atmw = atmospheric water, pres = atmospheric pressure, � = high-energy neutron intensity.
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grass/crop site as an example (similar results were found for the other two sites). In these experiments the soil
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Rafael Rosolem ©Iwema et al. (2021 - In review)



22 Iwema et al.

F IGURE 7 Results of the sensitivity analysis for the soil moisture precision with the extended COSMIC
(accounting for all hydrogen pools) (the results for the neutron count accuracy were the same). The upper panel
shows the results for the �rst experiment, in which all factors varied. The lower plot shows the results for the three
experiments at the grass/crop site. In these experiments the soil moisture content (SM) was �xed at three di�erent
levels. Soil factors: sm = soil moisture, bd = dry soil bulk density, lw = lattice water, som = soil organic matter, root =
plant roots, drop = animal droppings. Soil cover factors: pond = ponding water, agb = above ground biomass, inw =
intercepted water, ani = animals. Atmosphere and high energy neutrons: atmw = atmospheric water, pres =
atmospheric pressure, � = high-energy neutron intensity.
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How is that propagated to the derived soil 
moisture estimation?
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Expansion of  cosmic-ray neutron sensor 
stations for soil moisture monitoring
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CosmOz

Since the US COSMOS, we have seen an 
increase in national-scale networks
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Web of  science search: “cosmic” and “ray” and “soil moisture” (as of  September 2020)
h-index = 25

Increase adoption of  the technology from scientific 
publications
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This new technology is relevant to environmental 
modeling and remote sensing communities  

Rafael Rosolem © 12

http://www.theguardian.com/environment/2015/apr/12/californian-drought-water-restrictions

Rancho Mirage in southern California



Soil moisture from cosmic-ray sensors have 
unique information at sub-kilometer scales

13Iwema et al. 2017 (HESS)
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Figure 3. RMSD between observed PS and CRNS soil moisture
(SM; m3 m�3). MSD decomposition (Gupta et al., 2009) was cal-
culated and the fractions were then applied to the RMSD values.
Sites ranked from most similar to most different.

SMobs of 0.05 m3m�3. These four sites were however also
relatively dry. Soil type and soil bulk density were also in-
vestigated for correlations with RMSD-SMobs, but no trends
were discovered. Larger differences between PS and CRNS
soil moisture could be expected at sites with more heteroge-
neous soil or vegetation. Static satellite photos of the sites
from the COSMOS website did not indicate systematically
more heterogeneous conditions at the sites where PS and
CRNS soil moisture differed more. Site info (e.g. topogra-
phy, presence of rocks) from COSMOS and AmeriFlux also
did not clearly show more horizontally heterogeneous soil
properties for those sites. The fact that the soil moisture time
series of PS and CRNS differed from each other in various
ways could be related to a number of issues. First, PS sen-
sor types and numbers of sensors differed between the sites
(Table A1 of Appendix A). Secondly, the exact installation
locations of the PS sensors may in certain cases have been
for instance next to a macropore, or near roots, while at other
sites they were coincidently installed in a homogeneous soil
patch.

The presence of neutron mitigating factors other than soil
moisture (e.g. atmospheric pressure, sensor type, biomass,
intercepted water, and water in the litter layer) also affects the
observed CRNS neutron count. Because different hydrogen
pools are more present at certain sites than at others, the un-
certainty in neutron count observations varies between sites.
The results did not however show effects of land cover and
soil properties on the similarity between the two soil mois-

Figure 4. Objective function (RMSE; m3 m�3) values between ob-
served PS/CRNS soil moisture and JULES simulated soil moisture.
For each calibration the RMSE of the default run is shown from the
horizontal axis down, and the result after calibration is shown in the
upward directions. The different error contributions from the MSE
decomposition are shown as stacked bar plots.

ture products. Another factor is that the quality of the cali-
bration of COSMIC could possibly be different for different
sites. Finally, at multiple sites, the PS and CRNS soil mois-
ture time series were similar, as shown with RMSD values.
This could be expected at rather homogeneous sites. More-
over, Köhli et al. (2015) suggested the CRNS footprint to be
around 150–200 m instead of 300 m as reported by Desilets
and Zreda (2013). In that case the differences between the
two soil moisture observation techniques could be smaller
than initially thought.

We derived vertically constant CRNS soil moisture values
from observed neutron counts with COSMIC. This method
contains inherent uncertainty because in reality soil mois-
ture is often not vertically homogeneous. The outcomes of
the calibration (against PS and CRNS) and validation pro-
vide insight into the effects of the differences between the
two soil moisture products on JULES’ surface energy flux
partitioning and latent heat flux simulation.

3.2 Single-objective calibration against soil moisture

observations

The degree to which the objective function (RMSE-SM;
Fig. 4) values decreased differed between sites and the two
calibration strategies (PS or CRNS), with decreases of 21
(AR-PS) to 93 % (UM-CRNS). While the errors of the de-
fault runs consisted mostly of systematic bias, after calibra-
tion the difference in dynamics was the largest source of un-
certainty, and in 16 out of 24 cases this contribution actually
increased in absolute terms. The increase in difference in dy-
namics was due to the selected objective function (RMSE),
which reduces the mean error between modelled and ob-
served data. Previous research (e.g. Teuling et al., 2009) has
shown that calibrating soil parameters has a large effect on
simulated absolute soil moisture values but substantially less

Hydrol. Earth Syst. Sci., 21, 2843–2861, 2017 www.hydrol-earth-syst-sci.net/21/2843/2017/

J. Iwema et al.: Land surface model performance using cosmic-ray measurements 2845

Figure 1. (a) shows the yearly mean precipitation, air temperature,
and dominant land cover types for the 12 AmeriFlux/COSMOS
sites used. At sites DC, SR, and TR two different land cover types
were shown because they covered similar areas in size. The map
below (b) shows the locations of the 12 sites within 8 NEON Eco-
climatic domains. Data sources: COSMOS, ORNL-DAAC (2015),
Goulden et al. (2012), Anderson and Goulden (2012), Scott et
al. (2008), Chen et al. (2008).

et al., 2012), COSMOS-UK (Evans et al., 2016), the Aus-
tralian National Cosmic-Ray Soil Moisture Monitoring Fa-
cility CosmOZ (Hawdon et al., 2004), and TERrestrial EN-
vironmental Observatoria, TERENO (Baatz et al., 2015).

Unlike wireless point-scale sensor networks, both the GPS
and CRNS technology provide an integrated soil moisture
measurement over the entire support volume (Larson et al.,
2008; Zreda et al., 2008). We chose to answer our research
question using the CRNS technology because the COSMOS
network provides publicly available data for multiple years at
a range of sites co-located with AmeriFlux/FLUXNET eddy-
covariance towers (ORNL-DAAC, 2015). Twelve of these
sites provided sufficient LSM forcing data, PS soil moisture
data, CRNS data, and eddy-covariance LE and sensible heat
flux (H) data.

Before our modelling exercise we first compared the PS
and CRNS data. The outcomes of this data analysis were
mainly used to see whether the results from the calibration
and validation yielded larger differences in surface energy
flux estimation at sites where the two soil moisture observa-
tion products showed higher deviation from each other. To
investigate our research question we made the LSM simu-
lated soil moisture content match the observed PS or CRNS

data as closely as possible. We did this by calibrating param-
eters of the Joint UK Land Environment Simulator (JULES;
Best et al., 2011) against point-scale and Cosmic-Ray Neu-
tron data separately. We subsequently validated the results
against eddy-covariance observed data over the same peri-
ods. To assess the change in soil moisture and surface en-
ergy fluxes after calibration we compared the calibrated runs
against a default run with parameter values computed from a
widely used soil properties database. We emphasize that we
compared the two different soil moisture measurement tech-
niques’ scales and not the techniques as such.

2 Data and methods

2.1 Calibration and validation data: PS, CRNS, and

eddy-covariance data

Point-scale (PS) soil moisture and CRNS neutron count
data from 12 AmeriFlux/COSMOS sites were used (Fig. 1;
full COSMOS site names are shown in this figure). These
12 sites covered 8 of 20 Ecoclimatic domains of the US
National Ecological Observatory Network (NEON; www.
neonscience.org) (Fig. 1). These 12 sites hence represent a
variety of climates and land cover types, but also different
soil types (Table 1).

Hourly PS data for nine sites were obtained from the pub-
licly available AmeriFlux Level 2 data source (ORNL). Data
for the three California Climate Gradient sites (DC, CS,
and SO) were obtained at http://www.ess.uci.edu/~california/
(data version 3.4; Goulden, 2015). The number of PS pro-
files, the installation depths, and sensor types differed be-
tween the 12 study sites (Table A1 in Appendix A). We used
point-scale soil moisture data from the soil layers up to 30 cm
depth only for consistency among all sites. There were only
two sites reporting soil moisture data at greater depths: WR
at 50 cm and MO at 100 cm. Our main objective was to in-
vestigate the difference in information content due to two
soil moisture measurement techniques’ different horizontal
scales in relation to the eddy-covariance footprint, rather than
to compare the measurement techniques themselves. Qual-
ity control was applied to filter out spurious and unrealistic
data points due to sensor errors. The PS data were then in-
terpolated to the JULES soil layer on which the model was
calibrated.

Hourly CRNS neutron count data were obtained from
the COSMOS network website (http://cosmos.hwr.arizona.
edu/). Corrections were applied as by Zreda et al. (2012).
Water vapour corrections (Rosolem et al., 2013) were ap-
plied with respect to dry air (Bogena et al., 2013). The quality
control approach used for the PS analysis was also applied to
CRNS neutron count data series to remove unrealistic points.
Snow cover periods were also removed for the analysis. A 5 h
moving average window was applied to the observed CRNS
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Table 2. Calibrated parameter definitions and calibration ranges.

JULES parameter Unit Role Range
name

Minimum Maximum

b – Mualem–Van Genuchten parameter (b = 1/(n � 1)) 0.63 24.43
sathh m Mualem–Van Genuchten parameter (sathh = ↵�1) 0.09 28.01
Ksat mm s�1 Mualem saturation hydraulic conductivity 3 ⇥ 10�5 4.3 ⇥ 10�1

✓crit m3m�3 Critical soil moisture content 0.1 ⇥ ✓sat 0.9 ⇥ ✓sat
✓wilt m3m�3 Wilting soil moisture content 0.1 ⇥ ✓crit 0.9 ⇥ ✓crit

Figure 2. PS and CRNS observed soil moisture (SM; m3 m�3) time
series for the 12 study sites. Notice that the PS soil moisture time
series have been linearly interpolated from individual measurement
depths to the corresponding JULES soil layers. CRNS soil moisture
was obtained using COSMIC while assuming vertically homoge-
neous soil moisture. Daily precipitation (mm day�1) is also shown
here for each site.

timized the model for two objectives simultaneously. We em-
ployed the BORG algorithm to simultaneously optimize the
RMSE of (daytime) latent heat flux and the RMSE of all-
day soil moisture (using PS soil moisture and CRNS neutron
counts separately). We analysed the trade-off between the
two-objective functions. We computed the compromise so-
lution for each two-objective calibration. Plotted within the

normalized two-objective solution space, the compromise so-
lution is the model run which has the smallest distance to
the origin. This means no other solution can be obtained that
yields a better approximation for one objective function with-
out deteriorating the other.

3 Results and discussion

3.1 Soil moisture data analyses

In Fig. 2 comparison between PS and CRNS soil moisture
time series shows that the seasonal trends of the two soil
moisture observation products were similar. The two soil
moisture products however also differed from each other in
distinct ways at different sites. PS soil moisture observations
were systematically higher than CRNS soil moisture obser-
vations at 8 of 12 sites. At three sites (DC, SO, CS) PS soil
moisture dried down quicker than CRNS soil moisture, while
at ME the opposite behaviour was observed. At KE, MM,
TR, and MO PS showed a higher seasonality signal (up to
50 % higher) than CRNS. Peaks in PS soil moisture were at
three sites (UM, KE, TR) up to twice as high as in CRNS soil
moisture. In addition, the CRNS data appear noisier than the
PS data, which is an effect of inherent randomness in neu-
tron radiation reaching the CRNS sensor element (Zreda et
al., 2012). This effect was more pronounced for lower neu-
tron intensity.

The differences seen in Fig. 2 are also summarized in
Fig. 3, which shows a gradual site-to-site increase in RMSD
between PS and CRNS soil moisture (RMSD-SMobs). Over-
all, bias contributed 50 % or more of the total error at 7 out
of 12 sites.

Additional analyses indicated that differences between the
two soil moisture estimates could not be clearly related to
any differences in site physical characteristics other than the
mean soil wetness. Dominant vegetation type seemed not to
have an effect on the similarity between the two soil mois-
ture data products: both forested and grass sites included
those with relatively small RMSD-SMobs and those with rel-
atively high RMSD-SMobs. Only bare/shrub-covered sites
(DC, SR, CS) were all below the sites’ average RMSD-
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TR, and MO PS showed a higher seasonality signal (up to
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three sites (UM, KE, TR) up to twice as high as in CRNS soil
moisture. In addition, the CRNS data appear noisier than the
PS data, which is an effect of inherent randomness in neu-
tron radiation reaching the CRNS sensor element (Zreda et
al., 2012). This effect was more pronounced for lower neu-
tron intensity.

The differences seen in Fig. 2 are also summarized in
Fig. 3, which shows a gradual site-to-site increase in RMSD
between PS and CRNS soil moisture (RMSD-SMobs). Over-
all, bias contributed 50 % or more of the total error at 7 out
of 12 sites.

Additional analyses indicated that differences between the
two soil moisture estimates could not be clearly related to
any differences in site physical characteristics other than the
mean soil wetness. Dominant vegetation type seemed not to
have an effect on the similarity between the two soil mois-
ture data products: both forested and grass sites included
those with relatively small RMSD-SMobs and those with rel-
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3 Results and discussion

3.1 Soil moisture data analyses

In Fig. 2 comparison between PS and CRNS soil moisture
time series shows that the seasonal trends of the two soil
moisture observation products were similar. The two soil
moisture products however also differed from each other in
distinct ways at different sites. PS soil moisture observations
were systematically higher than CRNS soil moisture obser-
vations at 8 of 12 sites. At three sites (DC, SO, CS) PS soil
moisture dried down quicker than CRNS soil moisture, while
at ME the opposite behaviour was observed. At KE, MM,
TR, and MO PS showed a higher seasonality signal (up to
50 % higher) than CRNS. Peaks in PS soil moisture were at
three sites (UM, KE, TR) up to twice as high as in CRNS soil
moisture. In addition, the CRNS data appear noisier than the
PS data, which is an effect of inherent randomness in neu-
tron radiation reaching the CRNS sensor element (Zreda et
al., 2012). This effect was more pronounced for lower neu-
tron intensity.

The differences seen in Fig. 2 are also summarized in
Fig. 3, which shows a gradual site-to-site increase in RMSD
between PS and CRNS soil moisture (RMSD-SMobs). Over-
all, bias contributed 50 % or more of the total error at 7 out
of 12 sites.

Additional analyses indicated that differences between the
two soil moisture estimates could not be clearly related to
any differences in site physical characteristics other than the
mean soil wetness. Dominant vegetation type seemed not to
have an effect on the similarity between the two soil mois-
ture data products: both forested and grass sites included
those with relatively small RMSD-SMobs and those with rel-
atively high RMSD-SMobs. Only bare/shrub-covered sites
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Soil moisture from cosmic-ray sensors have 
unique information at sub-kilometer scales
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3. RESULTS AND DISCUSSION 
 

 
 

Figure 6: Daily plot of Soil Moisture (m3/m3) with monthly averages for the ARM site, USA  

   
 

Figure 7: Daily plot Soil Moisture (m3/m3) with monthly averages for the Sheepdrove site, UK 
 

 It can be seen from Figures 6 and 7 that the SMAP data is systematically higher than the CRNS data 
for the ARM site, USA while the opposite is true for the Sheepdrove site, UK. At the ARM site, the SMAP data 
is on average 0.090 m3/m3 higher than the CRNS data for the same day and for the Sheepdrove site the CRNS 
data is on average 0.207 m3/m3 higher than the SMAP Data. Therefore, solely from the difference between the 
means, the datasets are more similar at the ARM site. Both data sets show similar seasonality for a given site 
with both data sets following the same trends throughout the year. For the ARM site, the standard deviation for 
the SMAP data is higher than for the CRNS data, 0.080 and 0.058, respectively. This is understandable as there 
is a larger variability in the top 5 cm of soil than the top 30 cm of soil due to the faster rate of evaporation and 
saturation of the soil at the surface. However, for the Sheepdrove site, the standard deviation for the CRNS data 
is higher than that of the SMAP data, which is 0.083 and 0.069, respectively. The soil in the ARM site is on 
average drier than the soil at the Sheepdrove site and this could be the main difference between the sites as 
SMAP results may not capture the full saturation of the deeper soil that the CRNS data will pick up. There are 
also missing values in the CRNS Sheepdrove site data which could skew results. 
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correlation of the data improves dramatically. The month with the highest correlation is June with an R value of 
0.892. The variation in soil moisture in June varies from around 0.25 m3/m3  to around 0.55 m3/m3  for CRNS 
data. The slightly lower rainfall during these months and higher temperatures could be the reason the results 
correlate better as the soil is more homogeneous as there are fewer rapid changes in soil moisture and the soil 
will not be fully saturated.  
 

(a)  (b)  
 

Figure 11: The R Values and RMSE values monthly for (a) the ARM site, USA and (b) the Sheepdrove 
site, UK.  

 

 Figure 11(b) compares the RMSE values for the ARM site and Sheepdrove site and shows that the 
Sheepdrove site has systematically higher error values than the ARM site. Figure 12 breaks down the relative 
contributions of type of error into the RMSD as discussed above (Equation 3) for the ARM site. The 
contribution from the difference between the means is the main contribution as shown by the bottom stacked 
bar. Interestingly, although April has one of the highest correlations it also has the worst RMSD at 0.127 m3/m3. 
This is due to the large difference between the means and the large difference between standard deviations. 
April and October had similar correlation results and weather conditions. In Figure 12, both months have similar 
error breakdowns and have larger differences between the means and difference between standard deviations 
than other months. June had the lowest correlation coefficient, but it can be seen from Figure 12 that the 
structural bias and difference between the standard deviations are lower than October, April and May meaning it 
does not have the worst RMSD value. The month with the best RMSD is November at 0.087 m3/m3. It can be 
seen in Table 1 that the overall ubRMSD for the ARM site of 0.042 m3/m3 is promising. It is not below the 0.04 
m3/m3   SMAP Level 1 threshold but is very close so with further analysis and more months of data the site 
could be proposed as a Cal/Val site.  
 

 
 

Figure 12: ARM site, USA RMSD between CRNS and SMAP soil moisture (m3/m3).  
 

 Figure 13 shows the relative contributions of type of error in the RMSD of the Sheepdrove site. The 
errors are much larger at the Sheepdrove site with the main contribution to this being the difference between the 
means. The month with the highest correlation coefficient, June, has one of the worst RMSD results at 0.232. 
This is due to the high difference between means and the difference between standard deviations. Interestingly, 
the summer months of June, July, August and September all have a high contribution of difference between the 
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The importance of  in situ soil moisture has led 
to global international efforts

Rafael Rosolem © 15



Challenges ahead 

Rafael Rosolem © 16
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Web of  science search: “cosmic” and “ray” and “soil moisture” (as of  September 2020)
h-index = 25

However, the combined use of  cosmic-ray neutron 
sensors with environmental models is still lacking
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Publications involving 
modeling applications
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Partially processed cosmic-ray sensor measurements 
hinders more comprehensive comparisons with 
hydrological and land surface models

usefulness. Various configurations with the Noah2.7
LSM show the best pattern correlations.
Figure 6 presents network-by-network comparisons of

JJA surface soil moisture memory biases in the same
manner as Fig. 5. The mean memory for different net-
works varies from less than 4 to more than 17 days, but
there is considerable variation within each network.
Model biases can be substantial. Model configurations
using the Catchment land surface scheme predomi-
nantly exhibit strong positive biases, suggesting that the
model is overly persistent in soil moisture anomalies,
despite the fact it has the thinnest surface layer of the
four LSMs. As noted in section 2d, Catchment has a
distinctly nontraditional structure; its implementation of
an explicit treatment of subgrid soil moisture variability
is known to tie together strongly its diagnosed surface
and subsurface soil moisture variables (Kumar et al.
2009), which can in fact produce artificially high values
of memory in surface and shallow layers. On the other
hand, CLM4 (for which the top three layers have been
combined to represent the surface) largely underesti-
mates soil moisture memory. Noah2.7 largely under-
estimates memory as well, except in the Twentieth
Century Reanalysis (20CR), where the spatial reso-
lution is considerably coarser than the other im-
plementations, and the large ensemble approach to
production (Compo et al. 2011) may have a bearing
on hydrologic variables. Another model that shows
inconsistent behavior among implementations is
HTESSEL—the offline ERA-Interim Land simulation
has consistently negative biases in soil moisture, mirrored
also in ECMWF atmospheric coupled integration with
data assimilation (Albergel et al. 2012, 2013), while cou-
pled IFS simulations from the Athena project (Kinter
et al. 2013) and ERA-Interim exhibit a slightly positive
bias, highlighting the impact of both modeling and as-
similation system changes in determining biases.

Finally, error profiles from network to network are
fairly consistent, suggesting again that discrepancies
exist between gridded datasets of land surface parame-
ters used by the models and conditions at the station
sites. An exception is SNOTEL, in which stations are
largely positioned in high mountain locations across the
western United States that may tend toward thinner and
rockier soils than global gridded soil datasets specify or
LSMs represent. Catchment has some of its largest
positive biases over this network where other models
generally have some of their strongest negative biases.

7. Spatial scales

Finally, we examine the spatial decorrelation scales in
the observational networks and models. This approach
is highly analogous to the temporal scaling we defined as
‘‘memory’’ in section 6, and follows similar principles
(Vinnikov et al. 1999; Entin et al. 2000). In the case of
decorrelation of soil moisture time series over space, we
have three factors: decorrelation over meteorological
scales of tens to hundreds of kilometers related to the
spatial scales of the forcing of soil moisture variability,
particularly precipitation; decorrelation over catchment
hydrologic scales of meters to hundreds of meters
brought about by variations in soil properties and sam-
pling of different regimes along hillslopes; and random
measurement errors as characterized in section 4.
As a check, we look first at the SoilSCAPE sites,

whose nodes are close enough together to be well within
the meteorological scales. We find essentially no re-
lationship in any season between the correlation of time
series of soil moisture from pairs of stations and their
separation distances, which range from about 20 to
500m. The implication is that evidence for the ‘‘catch-
ment hydrologic scale’’ of Vinnikov et al. (1999) is
swamped by the random error in measurements.

FIG. 6. As in Fig. 5, but for surface soil moisture memory (days).
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Data processing steps included
ü conventional/uniform calibration 

weighting
ü atmospheric pressure correction
ü high-energy neutron intensity correction

Missing processing steps
X lattice water and soil organic carbon 

correction (Franz et al. 2012; WRR)
X atmospheric water vapor correction 

(Rosolem et al. 2013; JHM)
X aboveground biomass correction (Baatz

et al., 2015; WRR)
X revised calibration weighting (Schrön et 

al. 2017; HESS)

Error metric on soil moisture memory
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Worldwide evaluation for modeling applications is 
limited due to lack of  harmonized datasets

Rafael Rosolem © 19

Unfortunately, there is currently no standardisation of the processing methods between different 
networks and sensors (see steps highlighted in bold below). These differences can lead to changes 
in estimates. We believe this ultimately leads to a reduced ability to compare sites in different 
networks. 

Data processing steps COSMOS CosmOz COSMOS-UK

Atmospheric pressure correction Yes Yes Yes

High-energy neutron intensity correction Jungfraujoch 
reference site with
no local correction

Neutron monitor site 
with closest cutoff  
rigidity value to site

Jungfraujoch reference site 
with
local correction
(Hawdon et al. 2014; WRR)

Atmospheric water vapor correction No Yes Yes

Aboveground biomass correction No No No

Lattice water and soil organic carbon correction No Yes Yes

4



Different data processing procedures can lead 
to different estimates of  soil moisture

Rafael Rosolem © 20
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 430 
Figure 2. Example of CRNS data obtained at two distinct sites: Santa Rita Creosote (a, c, and e) and Wind River (b, d, and f). 
Neutron counting rates (raw and corrected based on the different strategies outlined in Table 1) are shown in panels (a) and (b). 
Derived soil moisture estimates (cm3 cm-3) are shown at hourly and monthly timescales in panels (c) and (d) and panels (e) and (f), 
respectively. 

It is clear to see the inverse relationship between neutron count rates and soil moisture, most noticeably at Santa Rita Creosote 435 

(Figures 2a and 2c). The soil moisture here tends to be low, such as in June when it was below 0.05 cm3 cm-3, which is to be 

expected in a hot semi-arid environment. Sudden spikes in soil moisture can be attributed to precipitation events, with the 

summer monsoonal precipitation causing a sudden increase in the mean soil moisture values for the months of July, August, 

and September (and, inversely, periods corresponding to decreases neutron counting rates). It is also clear that the method 

chosen has an impact on soil moisture values. This is most notable when comparing the 푝_𝑖푛푡1 method with both the 440 

푝_𝑖푛푡2_𝑎푤푣 and 푝_𝑖푛푡3_𝑎푤푣_𝑎𝑔𝑏 methods. During the summer months, the 푝_𝑖푛푡1 method appears to estimate higher soil 

moisture values compared to the other two methods (both appearing to be much more closely aligned to each other). This is 

likely due to the fact that the 푝_𝑖푛푡1 method does not account for changes in atmospheric water vapour. As a consequence, 

during the monsoonal summers when there is more hydrogen in the atmosphere from increased humidity, the relatively high 

water vapor in the atmosphere is incorrectly attributed to additional soil moisture. This is because the CRNS records wrongly 445 

attribute the decrease (attenuation) of neutron counts due to water vapor to an increase in soil moisture, causing an over 

Power et al. 2021 (GMDD)



Good practices from other networks
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Towards a ‘Global COSMOS’ initiative?

22

Strengths Weaknesses Can we solve the issue?
ü Interdisciplinarity
ü Strong sense of  community
ü Good representation 

hydroclimates and biomes

X Insecurity of  funding for many 
sites 

X Underrepresentation of  some 
biomes or geographical location 

X Lack of  incentives for data 
sharing

! National to multi-national 
consortia (‘network of  
networks’)

! Availability of  subset of  data
! Publication of  datasets with 

DOI numbers

Voluntary participation; PI-driven research; bottom-up 
organizational structure

Rosolem et al. (In prep.)
Rafael Rosolem ©



Towards a ‘Global COSMOS’ initiative?

23

Strengths Weaknesses Can we solve the issue?
ü Open and flexible methodology 

to advance the technology
ü Incentive for PIs to submit data 

with ‘in-house’ data processing 

X Undesired biases and data 
inconsistencies for 
continental/global comparison

X Limited adoption by wide 
modeling community

X Unclear about publication 
strategies and authorship

! Hybrid approach: flexible 
processing of  data while sharing 
a subset of  data for 
harmonization

! Open-source software for 
modeling and data processing 
are becoming widely available 
(COSMIC, URANOS, Cornish 
Pasdy, crspy)

Lack of  standardization/harmonization of  instrumentation and 
quality-control processing 

Rosolem et al. (In prep.)
Rafael Rosolem ©



Lack of  a common platform for data quality control and 
processing for multiple sites globally

Towards a ‘Global COSMOS’ initiative?

Rafael Rosolem © 24

Raw neutron counts

Data quality control
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Opportunities for a Global COSMOS network
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We have developed ‘crspy’: a comprehensive 
data processing tool for cosmic-ray sensor 

Rafael Rosolem © 27

Power et al. 2020 (GMDD)

https://github.com/danpower101/crspy
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Large networks of sensors have been employed around the world, as well as 
individual sensors. Some of these sensors have been running for >10 years. 

3

Rafael Rosolem ©



New harmonization tool crspy

Rafael Rosolem © 29Power et al. 2021 (GMDD)
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crspy contains functions to help with working 
directory set up for each processing step

Rafael Rosolem © 30



Pre-processing steps integrate global products 
for use in processing and analysis of  sites

Rafael Rosolem © 31
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Revised weighting approach for soil samples that 
takes into dependencies on air pressure, air 
humidity, soil moisture and vegetation

Outputs a mini-report along with any 
tables written during the calibration 
process. This can be useful to check 
for any issues in the calibration 
process.

User can calibrate the sensor using crspy

Rafael Rosolem © 32
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Data quality assessment with visual outputs
Internal relative humidity Battery Voltage

Correlation Plot

Data quality flags

Rafael Rosolem © 33
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crspy generates soil moisture analysis for easy 
checks

Rafael Rosolem © 34
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Metadata file is generated for single- or –ulti-
site processing

Rafael Rosolem © 35
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How are cosmic-ray stations characterized 
worldwide

37
Rosolem et al. (In prep.)
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New harmonization tool crspy

Rafael Rosolem © 38



New harmonization tool crspy

• Example of script run for single site (Dan’s animated gif)

Rafael Rosolem © 39
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Final remarks

• There has been a steady adoption of cosmic-ray neutron 
sensing technology recently
• Combined used with environmental models currently at slower 

pace
• Efforts to harmonized global data from cosmic-ray neutron 

sensors can facilitate further adoption
• Initial steps taken with the development of crspy as a common 

platform for data quality control and analysis

Rafael Rosolem © 41
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