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Cosmic ray neutron (CRN) sensing allows for non-invasive soil moisture measurements

at the field scale and relies on the inverse correlation between aboveground measured

epithermal neutron intensity (1 eV−100 keV) and environmental water content. The

measurement uncertainty follows Poisson statistics and thus increases with decreasing

neutron intensity, which corresponds to increasing soil moisture. In order to reduce

measurement uncertainty, the neutron count rate is usually aggregated over 12 or 24 h

time windows for stationary CRN probes. To obtain accurate soil moisture estimates

with mobile CRN rover applications, the aggregation of neutron measurements is also

necessary and should consider soil wetness and driving speed. To date, the optimization

of spatial aggregation of mobile CRN observations in order to balance measurement

accuracy and spatial resolution of soil moisture patterns has not been investigated in

detail. In this work, we present and apply an easy-to-use method based on Gaussian

error propagation theory for uncertainty quantification of soil moisture measurements

obtained with CRN sensing. We used a 3rd order Taylor expansion for estimating the

soil moisture uncertainty from uncertainty in neutron counts and compared the results

to a Monte Carlo approach with excellent agreement. Furthermore, we applied our

method with selected aggregation times to investigate how CRN rover survey design

affects soil moisture estimation uncertainty. We anticipate that the new approach can be

used to improve the strategic planning and evaluation of CRN rover surveys based on

uncertainty requirements.

Keywords: cosmic ray neutron sensing, error propagation, aggregation, cosmic ray rover, uncertainty

INTRODUCTION

Soil moisture is an essential variable of the terrestrial system as it governs the transfer of both
water and energy between the land surface and the atmosphere (Vereecken et al., 2015). Accurate
information on soil moisture dynamics is vital for a better understanding of processes in the vadose
zone, because it controls major subsurface processes, such as ground water recharge, runoff, and
infiltration. Furthermore, soil moisture dynamics are important for the optimization of agricultural
management because they determine crop growth, leaching processes, and the fate of fertilizers
applied to soils. Soil moisture is highly variable in both space and time, with typical length and time
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FIGURE 5 | Overview of the results from the Fendt experiment for each of the ten analyzed sections. (A) CRN rover soil moisture without aggregation. (B) In-situ

reference soil moisture. The relative coordinates in panels a and b were calculated from UTM coordinates. (C) Expected standard deviation of raw neutron counts (σ ).

(D) 3rd order approximation of standard deviation of soil moisture from raw neutron counts (σθv ) in comparison to measured standard deviation with the CRN rover. (E)

Soil moisture (θv ) estimated with the CRN rover in comparison with mean reference soil moisture content for each section. Red area indicates ± one measured

standard deviation of the mean.

The estimated soil moisture was very low (< 0.15 m3/m3,
Figure 6) due to the extended drought period before and during
the campaign. The soil moisture estimates of the CRN rover
showed low values in the northeast and high values in the
southwest, which reflects differences in soil texture (Rudolph
et al., 2015; Brogi et al., 2019; Figure 6). Reference soil moisture
measurements were even lower (< 0.1 m3/m3) than the soil
moisture estimates from CRN roving.

A correction for the effect of biomass on the soil moisture
estimates was attempted using two approaches: (1) a linear
regression between N0 and in-situmeasured biomass (e.g., Baatz
et al., 2015), and (2) the thermal-to-epithermal neutron ratio
method (Tian et al., 2016; Jakobi et al., 2018). Both correction
methods did not result in substantial improvements of the soil
moisture estimates. We also attempted to remove road effects
on the measured neutron count rate using the approach of
Schrön et al. (2018b). However, this also did not result in an

improvement, which was perhaps related to the dry conditions.
Soil moisture content was lower than or equal to the soil moisture
equivalents of different road types (grassy pathways, dirt roads,
and asphalt), which is unusual and was not considered in the
development of the correction approach (Schrön et al., 2018b).

Aggregation clearly improved the accuracy of soil moisture
estimates as indicated by the lower RMSE, irrespective of
aggregation strategy (Figure 6). Only minor differences were
found for the aggregation approaches both in the case of three
and nine measurements. In the case of the aggregation of nine
measurements, the most pronounced differences occurred near
crossroads, or for closely separated tracks (Figure 7). If only
three measurements were aggregated, the differences were more
variable due to the high measurement uncertainty, but they
occurred in the same locations for both cases. A drawback of
the nearest neighbor aggregation approach is that the processing
algorithm potentially also takes measurements into account that
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FIGURE 6 | Comparison of four aggregation strategies with the Jülich CRN rover at the Selhausen site with data measured on 11 July 2018. Top panels: moving

window aggregation for three and nine following measurements, respectively. Bottom panels: nearest neighbor aggregation with the nearest two and eight neighbors,

respectively. The scatter plots show the reference soil moisture (θv ) measurements (horizontally averaged according to Schrön et al., 2017) as a function of the

predicted soil moisture from the CRN rover. Base maps: ESRI World Imagery and Contributors.

FIGURE 7 | Difference in soil moisture (θv ) between moving window and nearest neighbor aggregation strategies for three and nine aggregated measurements. Base

maps: ESRI World Imagery and Contributors.

were taken on parallel roads, even though theymay have different
water contents (cf. Figure 7).

At first sight, the results from this experiment looked
satisfying because of the relatively low reported RMSEs.
However, the expected soil moisture estimation uncertainty
using Selhausen site conditions (Figure 8) were similar to the

overall uncertainty as expressed by the RMSE when only 3
measurements were used (0.032 m3/m3). This is undesirable
and suggests the need for more aggregation. When nine
measurements were aggregated, the average uncertainty due
to uncertain neutron measurements decreased to 0.017 m3/m3

irrespective of aggregation strategy. Also, the patterns of soil
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FIGURE 8 | Comparison of soil moisture uncertainty from neutron counts (σθv ) estimation with four aggregation strategies with the Jülich CRN rover at the Selhausen

site with data measured on 11 July 2018. Top panels: moving window aggregation for three and nine following measurements, respectively. Bottom panels: nearest

neighbor aggregation with the nearest two and eight neighbors, respectively. Base maps: ESRI World Imagery and Contributors.

moisture uncertainty distribution varied minimally between the
aggregation strategies (Figure 8).

This measurement campaign illustrates the required
compromise between aggregation time and spatial resolution
that is sometimes necessary for CRN rover measurements. In
order to achieve lower uncertainty, the driving speed would have
to be much lower. However, the vehicle did not allow lower
driving speeds. Alternatively, one can increase the aggregation
scale, with the drawback of less spatial resolution of the resulting
soil moisture map. However, this led only to a slight reduction
in RMSE (e.g., aggregation of 36 measurements led to a RMSE
of 0.018 m3/m3). Since further aggregation only had a minor
influence on the RMSE, we attribute the remaining part of the
RMSE to other influences. Important additional sources of error
were the spatial variability in bulk density, the heterogeneous
vegetation, roads of different size and nature, as well as the
inconsistency between in-situ and CRN rover measurements
(both in time and depth).

Experiment C (Oklahoma Site)
Figure 9 provides an overview of the data from Dong and
Ochsner (2018) with 800, 1,600, and 2,400m aggregation length
for soil moisture content, expected standard deviation as well
as the relative standard deviation (

σθv
θv
). Using the original

aggregation to 800m, the mean soil moisture was 0.19 m3/m3

and the estimated mean standard deviation for all CRN rover
measurements was 0.039 m3/m3, which is still below the error
benchmark of 0.04 m3/m3 defined for the soil moisture active
passive (SMAP) satellite mission (Chan et al., 2014). However,
both soil moisture and the estimated standard deviation were
spatially and temporally variable (Figure 9, upper and middle
panel). As expected, the soil moisture and standard deviation of
soil moisture showed a very similar pattern (Figure 9, upper and
middle panel), while the relative standard deviation showed a
different pattern (Figure 9, lower panel). There were two reason
for this difference. First, some high relative standard deviation
values were related to locations with only a few measurements
within one pixel, which appear as red stripes across most
measurement days in the lower panel of Figure 9. Second,
measurement days with low soil moisture content and relatively
low standard deviation nevertheless showed high relative errors.
This is in line with the high relative uncertainty we found for
the Selhausen site (Experiment B). Measurement days with high
soil moisture and relatively high standard deviation nevertheless
showed lower relative errors (Figure 9, compare driest and
wettest measurement date). With increasing aggregation length,
sharp transitions in soil moisture estimates of neighboring pixels
are reduced (Figure 9, top panel) and both the absolute (Figure 9,
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FIGURE 9 | Soil moisture (θv ), uncertainty of soil moisture from neutron counts (σθv ) approximated using a 3rd order Taylor expansion approach and relative standard

deviation (
σθv

θv
) using 800, 1,600, and 2,400m aggregation along the measurement transects in Oklahoma. White patches are areas not covered during a

measurement date due to road closures (Dong and Ochsner, 2018). Blue and red dates indicate the wettest and driest measurement dates, respectively.
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FIGURE 10 | Percentage of pixels with soil moisture uncertainty from neutron

counts (σθv ) ≤ 0.02, 0.03, 0.04, and 0.06 m3/m3 standard deviation as a

function of aggregation length.

middle panel) and relative standard deviation of soil moisture
(Figure 9, lower panel) are reduced.

To evaluate the trade-off between aggregation length
and expected standard deviation for the Oklahoma CRN
rover data, we determined the proportion of pixels with an
expected measurement uncertainty below 0.02, 0.03, 0.04,
and 0.06 m3/m3 for different aggregation lengths (Figure 10).
With increasing aggregation lengths, the number of pixels
with valid information increased and this increase became
stronger with increasing uncertainty thresholds. Less than
40% of the pixels had a measurement uncertainty below 0.03
m3/m3 for the original aggregation length of 800m solely
due to the neutron count uncertainty. This is consistent with
the analysis of Dong and Ochsner (2018), who estimated
the average measurement uncertainty for 800m aggregation
length as 0.03 g/g, which corresponds to ∼0.044 m3/m3.
Only at locations with low soil moisture content (< ∼0.14
m3/m3), the expected measurement uncertainty was lower
than 0.02 m3/m3. If all CRN rover locations were required
to have a measurement uncertainty below 0.04 m3/m3, an
aggregation length of more than 5 km would be necessary.
However, already with 2,400m aggregation length, the
measurement uncertainty in the drier part of the measurement
transect was lower than this (Figure 9, top and middle
panel: km 110–150).

Although we cannot recommend a universal aggregation
length, we believe that the presented uncertainty approximation
approach can serve as a tool for assessing the best possible
compromise between measurement accuracy and spatial
resolution. It should be noted that it is not possible to determine

the uncertainty without taking into account site conditions
and rover specifications and that the presented uncertainties
are best possible estimates as other sources of uncertainty have
not yet been taken into account. In general, the aggregation
length should be carefully tailored to the needs of users, the
capabilities of the CRN rover and the site conditions. In
addition to the uncertainty in the neutron count rate, further
uncertainties in the soil moisture estimation with the dataset
from Dong and Ochsner (2018) are worthwhile mentioning.
First, the influence of vegetation on soil moisture estimates
was not considered. Promising approaches for removing these
influences are the use of airborne (e.g., Fersch et al., 2018) or
satellite (e.g., Avery et al., 2016) derived biomass estimates.
Second, the influence of roads was not considered, which most
likely resulted in underestimation of soil moisture content in
most measurement locations (Schrön et al., 2018b). Third,
the derivation of lattice water (θoff ) and soil bulk density
from uncertain soil maps, such as the SSURGO database, will
introduce uncertainty in soil moisture estimation. However, this
has been demonstrated in several other studies (e.g., Avery et al.,
2016; McJannet et al., 2017) and is challenging to overcome.
Fourth, soil organic carbon is an additional hydrogen pool
in soils that should be considered for accurate soil moisture
estimation (Franz et al., 2013). Regarding the influence of some
of those environmental factors and their uncertainty, the reader
is referred to Baroni et al. (2018).

CONCLUSION AND OUTLOOK

In this study, we quantified the uncertainty in soil moisture
estimation with cosmic ray neutron measurements with an
easy to use 3rd order Taylor expansion approach. The
performance was evaluated using Monte Carlo simulations
and experimentally determined measurement uncertainty and
we found good agreement. Because of the typically short
aggregation time and thus a low amount of neutron counts,
soil moisture estimates obtained with cosmic ray neutron rover
measurements are typically more uncertain than those obtained
using stationary measurements. The proposed approach to
approximate measurement uncertainty in soil moisture estimates
has great potential for the planning and evaluation of rover
experiments. It was shown that such uncertainty estimates can be
used to find a suitable trade-off between measurement accuracy,
aggregation, and the associated spatial resolution of the resulting
soil moisture products.

The approach can also be used to design surveys with
the cosmic ray neutron rover according to given accuracy
requirements. We applied our error estimation approach to
three cosmic ray neutron rover experiments and the major
findings were:

- Measured and expected uncertainty matched well even with
short aggregation periods.

- Uncertainty in soil moisture estimation from uncertainty in
cosmic ray neutron counts can be reduced to only a fraction of
the total measurement uncertainty if appropriate aggregation
is used.
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- The aggregation length of an experiment needs to be
carefully selected based on the needs of the user, taken into
account the site characteristics, and the cosmic ray neutron
rover specifications.
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