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Combining Cosmic-Ray Neutron and Capacitance
Sensors and Fuzzy Inference to Spatially

Quantify Soil Moisture Distribution
Auro C. Almeida, Ritaban Dutta, Trenton E. Franz, Andrew Terhorst, Philip J. Smethurst,

Craig Baillie, and Dale Worledge

Abstract— This paper combines data from soil moisture capac-
itance probes and a cosmic-ray neutron probe in a fuzzy inference
system to estimate spatially variable soil moisture in a ∼28 ha
circular area at an hourly interval in northeast Tasmania,
Australia. The technique uses hourly counts of cosmic-ray neu-
trons, a network of 25 capacitance probes measuring soil moisture
at half hourly intervals and at five depths (0–50 cm), and a
multiple adaptive neuro-fuzzy inference system. We quantified
soil moisture in the top portion of the soil during wet and
dry periods for training and testing periods. After training, the
technique provided reliable estimates of temporal pattern of soil
moisture at 10- and 20-cm depths during a wet period using input
data only from the cosmic-ray neutron probe. There was over-
prediction of soil moisture during a dry period, which suggests
a longer training period representative of the full range of likely
conditions might be required. Spatial maps of soil water content
produced from the single cosmic-ray neutron probe were similar
to those of the capacitance probe.

Index Terms— Cosmic-ray sensor, capacitance probe, super-
vised machine learning, ANFIS, soil moisture map, soil water
monitoring.

I. INTRODUCTION

VARIABILITY of available soil moisture has a strong
influence on food and fiber production [2], [3]. Spatio-

temporal information about soil moisture content is critical
for managing irrigation for agricultural production, partic-
ularly with the recent advances in variable rate irrigation
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practices [4]. However, this information is usually unavailable
or limited to small samples in the landscape. This information
is also important for water management at catchment or
regional scales, e.g. for assessment of flood and erosion risk
in catchments, environmental river flows, water retention and
availability for different users. Hence, there is a need to
continuously measure and then develop systems to accurately
predict landscape soil moisture. The cosmic-ray neutron soil
moisture method and probe developed by Hydroinnova, USA,
enable measurements of the near-surface soil moisture using
fast neutrons generated from high energy, cosmic rays. These
probes have been used in numerous studies [5], [6] for
measuring ambient neutron intensity which can then be used to
determine area-average moisture content over a ∼28 ha area
(a circle of radius ∼300 m at sea level in dry air [7]) and
vertical depths of ∼12 to 70 cm [2]. This is a relatively new
technology which is rapidly gaining in popularity in a number
of countries [5], [7]–[9].

In Australia 12 probes have been installed in different bio-
physical regions. This distribution and different environments
provide ideal conditions to test the applicability and limita-
tions of these probes. The probe counts fast neutrons which
are inversely correlated with average soil moisture content
[5], [7], [10]–[12]. However, this sensor does not predict how
soil moisture is distributed and how it varies overtime within
the footprint. The variability of soil moisture in different parts
of the footprint area depends on soil characteristics, slope, veg-
etation and rainfall. Our motivation behind this multi-sensory
deployment combined with a machine learning approach was
to establish a methodology whereby one cosmic-ray sensor
could potentially be used to reliably predict soil moisture
variability spatially and temporally.

In this paper we present results based on more than one
year of measurements from a cosmic-ray neutron probe,
and 24 capacitance probes, each measuring at 5 depths,
to continuously ground-truth soil moisture. The site was
a dry-land grazing farm in northeast, Tasmania, Australia.
In addition, we present a novel application of a multiple
Adaptive Neuro Fuzzy Inference System (m-ANFIS) for
analyzing these data [1].

II. METHODOLOGY

The study area is located in a gently sloping area of dry-
land pasture located 7 km southwest of Fingal in the northeast
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Fig. 1. Cosmic-ray neutron probe location (centre), area of measurement,
and distribution of the 25 capacitance probes (numbered).

Tasmania, Australia. The altitude varies between 244 and
256 m above sea-level.

We established a network of 25 capacitance probes but
only 24 probes operated for the entire time of the study,
(EasyAG-50, Sentek, Australia) measuring soil moisture at five
depths (10, 20, 30, 40, 50 cm) distributed at 1, 25, 100 and
200 m radius from the cosmic-ray neutron probe (Fig. 1), the
probe number 24 presented operation problems and it is not
included in this study.

The two main objectives of the study were to: 1) calibrate
the cosmic-ray neutron probe, and 2) predict the spatial and
temporal variability of soil moisture within the cosmic-ray
probe measurement footprint by combining data from capaci-
tance probes and machine learning techniques. An m-ANFIS
framework was developed to achieve the second objective [1].

The cosmic-ray neutron probe (Fig. 2a) is a method used
to estimate area-averaged hourly soil moisture for an effective
depth over its ∼28 ha footprint. To estimate sub-footprint soil
moisture at the study site calibrated capacitance probes were
also installed (Fig. 2b and 2c). The probes and respective
sensors were calibrated following the procedure recommended
by the manufacturer and covering conditions of dry, moist and
wet soil. A subset of Sentek EasyAg 50 capacitance probes
were calibrated by measuring volumetric soil moisture content
by weight loss at 105oC, and soil bulk density, on three
samples from each 10 cm interval at five depths (0-50 cm) in
close proximity to the sensor. Fig. 2d shows the soil collection
procedure.

We compared average soil moisture from the 25 capacitance
probes with the soil moisture estimated from the cosmic-ray
neutron probe for the same time and respective effective depth,
that is the depth of 86% cumulative sensitivity (see [14] for
details). Machine learning techniques were used to adapt a
non-linear, data-driven approach to predict sub-footprint soil
moisture patterns.

Fig. 2. a) Cosmic-ray neutron probe and raingauge b) Capacitance probe
and logger, c) Capacitance probe with the five sensors and d) Soil collection
for measuring bulk density and soil moisture content for calibration of the
capacitance probes.

A. Soil Moisture Profiles Using Capacitance Probes

Fig. 3 shows the soil moisture content data for the depth
of 10, 20 and 50 cm profile for 24 capacitance probes,
the black lines are the mean soil moisture content of all
capacitance probes in each half hour interval, demonstrating
high variability of soil moisture content in the landscape.

Soil moisture is affected by rainfall distribution and inten-
sity; Fig. 3d shows the daily rainfall measured in a rain gauge
located with the cosmic-ray neutron probe (see Fig. 2a) during
the measurement period spanning two dry seasons and one wet
one. It is important noticing that the real depth intervals of the
five sensors of the probes are 5-15, 15 – 25, 25-35, 35-45 and
45-55 cm from the surface.

B. Area-Average Soil Moisture Using the Cosmic-Ray
Neutron Probe

Neutron counts from the cosmic-ray neutron probe were
corrected to account for water vapor [12] neutron flux inten-
sity variations and atmospheric pressure changes. Soil mois-
ture effective depth of the cosmic-ray neutron probe and of
the capacitance probes were calculated for each timestamp
(hourly) following the procedure described in [1]. Effec-
tive depth varied from 13-33 cm and soil moisture from
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Fig. 3. Temporal soil moisture variability of the 24 capacitance probe and
mean (black lines) for the depth of a) 10 cm, b) 20 cm and c) 50 cm,
d) represents the standard deviation of each depth (10 - 50 cm) and e) repre-
sents the daily rainfall (mm).

0.035 to 0.3 cm3 cm−3 during the study period. The neu-
tron counts from the cosmic-ray neutron probe varied from
2124 to 3094 counts/hour.

C. Neuro Fuzzy Inference System

In a supervised machine learning engine, a set of known
samples (or known data) are systematically introduced to the

Fig. 4. The m-ANFIS framework for dynamically processing multi nodal
data from the network of capacitance soil moisture sensors.

Fig. 5. Comparison of measured neutron counts from the cosmic-ray neutron
probe and respective six-hourly average soil moisture from the 24 capacitance
probes corrected for effective depth. The black line is a power law function
y = 10x∧ −3.326, R2 = 0.9418, RMSE = 0.017 p = 0 and red line is
the regression obtained using the Desilets 2010 equation A1 [7] with
N0 = 3815, R2 = 0.9428, RMSE = 0.0166, p = 0, n = 1597.

learning algorithm, which then get trained, updates associated
weight vectors and internally classifies data according to the
known training targets or classes held in a knowledge base.
A neuro fuzzy inference system (ANFIS) is a type of neural
network that is based on the Takagi–Sugeno fuzzy inference
system that integrates both neural networks and fuzzy logic
principles [1], [13]–[21]. Its inference system corresponds to
a set of fuzzy IF–THEN rules that have the learning capa-
bility to approximate nonlinear functions. ANFIS combines
unsupervised and supervised machine learning algorithms.
ANFIS uses a fuzzy inference system and tunes this with
the back-propagation algorithm based on input-output data.
In this study, individual ANFIS models were trained and tested
with soil moisture data recorded from individual capacitance
probes distributed around the 28 ha footprint. Multiple (24)
trained ANFIS models (m-ANFIS representing 24 capacitance
probe locations) were then combined to predict area wise soil
moisture variability. Results from the m-ANFIS framework
were compared with results from the capacitance probes to
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Fig. 6. (a) Results from sequential experiment, ANFIS based soil moisture estimation for the last half (6 months) of the data, while the first half of the data
were used for training the ANFIS model. Two soil depths are shown (10 cm top and 20 cm bottom) for the first ANFIS model (black) and for the ground
truth data of capacitance probe number 1 (green). (b) Results from randomized experiment, ANFIS based soil moisture estimation for the last half of the
randomized data set while the first half of the randomized data was used for training the ANFIS model. Two soil depths are shown (10 cm top and 20 cm
bottom) for the first ANFIS model (black) and for the ground truth data of capacitance probe number 1 (green). (c)-(d) Similar results for the tenth ANFIS
model and the tenth capacitance probe, whereas (e)-(f) Similar results for the seventeenth ANFIS model and the seventeenth capacitance probe.

determine prediction accuracies, including seasonal variations
over one year.

D. ANFIS Experimental Design

We aimed to develop a m-ANFIS machine learning model
that spatially estimated bulk soil moisture at five different soil
depths (namely 10 cm, 20 cm, 30 cm, 40 cm, and 50 cm)
from the cosmic-ray neutron probe [1], [13]. An hourly data
set included cosmic-ray neutron counts, and rainfall (mm/hr),
as training and testing inputs, and five soil moisture

measurements (mm/10 cm depth) from the capacitance probes
as training and testing targets or ground truth.

Fig. 4 shows the m-ANFIS framework. An independent
ANFIS block was trained with an individual time series of
data from the individual probes [1], [20]–[26].

ANFIS requires some training data to develop the pre-
dictive model, and in the next phase some testing data to
test that model and evaluate the prediction performance. We
tested sequential and randomized training-testing paradigms,
where the integrated data set was separated into testing and
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training datasets. Two different experimental frameworks were
used, one with sample randomization and the other without
sample randomization (sequential, i.e. training followed by
testing). All of the 25 ANFIS models were trained and
tested individually to learn and model data from individual
capacitance probes.

E. ANFIS Linear Training-Testing Paradigms

The integrated data set covered one calendar year
(20/03/2013–19/03/2014). The total number of observations
in the data set was N = 17500, representing half hourly data.
50% of the observations were used for training and 50% of
the data was used for testing. In the linear training-testing
paradigms, the first 6 months of data were used for training
the ANFIS models, which included a dry and a wet season.
The remaining data data was used for testing the trained
models and calculating accuracies (how). The testing period
also covered a dry and a wet season. Sequential rather than
randomized training and testing enabled an appraisal of the
m-ANFIS models without further training, i.e. ‘unsupervised’.

F. ANFIS Randomized Training-Testing Paradigm

For randomized training and testing, the entire data set
(N = 17500) was randomized to create a unique mixture
before the data was split into 50% training and 50% testing
sets. This approach allows the true generalization capability of
the ANFIS model so that training did not have any temporal
bias (e.g. seasonal). As the randomized process created unique
training-testing combinations in each iteration, 50 different
trials were conducted to establish the best possible combina-
tion that produced best soil estimation accuracies. This number
of trials was selected to meet computational time and memory
usage constraints.

III. RESULTS

A. Comparison Between Cosmic-Ray Neutron Probe
and Capacitance Probes

A comparison of six-hourly neutron count and average
capacitance probe soil moisture corrected for effective depth
shows good agreement between these two very different
sensor technologies (Fig. 5). This result is the base correlation
between the cosmic-ray neutron probe and capacitance probes,
i.e. bulk soil moisture and point soil moisture, respectively.
This correlation was used in our analysis since it was derived
from measured data.

B. Results From the ANFIS Linear Paradigm

Results indicate the potential effectiveness of combining
data from the capacitance probe network and the m-ANFIS
system for calibrating the cosmic-ray neutron sensor. The best
generalization and prediction accuracies were 94% for 10 cm
depth, 92% for 20 cm depth, 92% for 30 cm depth, 90% for
40 cm depth, and 83% for 50 cm depth (figures not shown for
30 cm, 40 cm and 50 cm depths). Accuracies were based on
maximizing the sum of these five accuracies based on five
soil moisture levels. Fig. 6(a) shows the ANFIS estimated

Fig. 7. The soil moisture surfaces estimated on 26/01/2014 12:00:00 PM
(summer 2013), (a) using the 24 capacitance probes, (b) purely based on m-
ANFIS inferenceand and (c) the percentage difference current of Figs. 7 and 8
between the two soil moisture surfaces. This surface plots were created from
the data experiments using ANFIS in linear paradigm.

soil moisture at two soil depths (based on the cosmic-ray
neutron probe) in comparison to ground truth soil moisture for
probe 1, 5 and 10. The results, for this probe indicate that the
ANFIS model tended to over-predicted soil moisture during
the dry period. A full year of training might overcome this
problem.

C. Results From the ANFIS Using Randomized Sampling

Models trained on randomized data were used to create the
predictions shown in Fig. 6(b) for the probe 17, 20 and 22
at two upper depths. The best generalization and prediction
accuracies were 96% for 10 cm depth, 96% for 20 cm depth,
95% for 30 cm depth, 94% for 40 cm depth and 88% for 50 cm
depth. This result was better than sequential sampling, as
expected due to the lack of sampling bias. However, continued
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Fig. 8. The soil moisture surfaces estimated on 2/07/2013 4:00:00 AM
(winter 2013), (a) using the 24 capacitance probes, (b) purely based on
m-ANFIS inference, and (c) the percentage difference between the two soil
moisture surfaces. This surface plots were created from the randomized data
experiments using ANFIS.

use of this type of training would require continued deploy-
ment of the ground–truthing capacitance probes, which would
defeat the purpose of calibrating the cosmic-ray neutron probe.
Soil Moisture Surface using m-ANFIS.

The 24 individually trained ANFIS models and estimates
from these models were integrated to produce a soil moisture
surface for the area covered by the cosmic-ray neutron sensor.
Multi-nodal predictions from the m-ANFIS framework were
used to develop dynamic, half-hourly, soil moisture surfaces
using cubic interpolation. Three different interpolated surfaces
were developed: half hourly soil surfaces based on 25 capac-
itance probe readings, half hourly soil surface based on 24
trained ANFIS-cosmic-ray soil moisture estimates, and finally
an area wise error surface (difference between the other two
surfaces.

Results are shown for relatively dry (Fig. 7) and wet periods
(Fig. 8). The maximum error was 6% for the dry period,

and 2% for the wet period. These temporal soil moisture
surfaces, created from the single cosmic sensor, provide a
novel method for estimating soil moisture variability across the
landscape.

IV. CONCLUSION

This study concluded the S-ANFIS could be an effec-
tive alternative method for remote estimation of bulk soil
moisture along with the cosmic ray sensors. The ANFIS
based approach was able to estimate soil moisture very effi-
ciently with minimum training required which could be an
alternative to the existing equation based calibration calcu-
lation method. Combining soil moisture measurements from
the network of capacitance probes, neutron counts from the
cosmic-ray neutron probe, and machine learning, provided a
new approach to predicting spatial-temporal variability of soil
moisture in an area of ∼28 ha area. Cosmic-ray neutron-
based predictions of soil moisture were adequate for testing
points after training, and they provided a similar prediction
of soil moisture surfaces. This m-ANFIS inference system
could potentially be offered as a web service running on cloud
computing infrastructure. The service would provide maps of
soil moisture. Our approach enables temporal predictions of
soil moisture spatially based on a single hourly neutron count
from the cosmic-ray neutron probe. Whereas performance was
good during the wet period, the next step will be to improve its
performance for the dry period, possibly after a longer period
of training. It would also be prudent to test the reliability
of the ANFIS algorithms across a diverse range of environ-
ments. This methodology might overcome the current con-
straining of effective depth in cosmic-ray estimations of soil
moisture.
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