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Abstract— This paper investigates a novel technique based on 
Fuzzy C means (FCM) algorithm and Adaptive Neuro-Fuzzy 
Inference System (ANFIS) to estimate soil moisture using cosmic 
ray soil moisture probes deployed across Australia. These 
probes are a brand new sensing technology still being evaluated. 
Preliminary results indicate ANFIS is able to estimate soil 
moisture with 90% accuracy.  

I. INTRODUCTION 
The Australian Cosmic Ray Sensor Soil Moisture 

Monitoring Network (CosmOz) is a near-real time continental 
scale soil moisture monitoring system being developed by the 
Commonwealth Scientific and Industrial Research 
Organization, Monash University, Charles Darwin University 
and the University of New South Wales. CosmOz aims to test 
the utility of Hydroinnova cosmic ray soil moisture probes for 
water management, water information and hydrological 
process research applications, test the feasibility and utility of 
a national near-real time soil moisture measurement network.  
CosmOz also aims to support the evaluation of remote sensing 
products and hydrological models across Australia [1]. 
 

  
 

Figure 1: The Australian Cosmic Ray Sensor Network (CosmOz) and 
Hydroinnova CRS-1000 cosmic ray soil moisture probe deployed in 

Tullochgorum site. 
As part of this study, a calibration tool has been developed 

to automate the time-consuming conventional calibration 
process based on field sampling methods. The cosmic ray soil 
moisture probe measures the neutrons released  when cosmic 
rays interact with hydrogen atoms in water molecules found in 
the in the soil. The neutrons are emitted into the atmosphere 
where they mix instantaneously at a scale of hundreds of 
meters and whose density is inversely correlated with soil 
moisture. CosmOz has already deployed Hydroinnova CRS-
1000 cosmic ray soil moisture probes at 11 different locations 

throughout Australia (Figure 1). Each probe generates a 
massive amount of data relating to area-average soil moisture 
over its horizontal footprint. Probe data are transmitted 
through the Iridium satellite communications system to a 
CSIRO data server. 

II. SCIENCE CHALLENGE 
The main purpose of this study was to find an 

unsupervised method to estimate soil moisture from the 
cosmic ray sensors with minimum effort to calibrate the 
sensors. It is a challenge to develop an unsupervised machine 
learning method to train and predict soil moisture based on 
pure physical soil moisture samples.  In this study, the main 
idea was to train an ANFIS with ground-truth data against 
specific cosmic probe’s raw data (collected during field 
calibrations) and then use the trained ANFIS to estimate the 
soil moisture from live cosmic probe’s raw data [3, 4]. 

III. THE COSMOZ SYSTEM 
Cosmic rays are energetic charged subatomic particles, 

originating in outer space. They may produce secondary 
particles that penetrate the Earth's atmosphere and surface. 
The term ray is historical as cosmic rays were thought to be 
electromagnetic radiation. The CosmOz cosmic ray probe 
comprising neutron detectors plus associated electronics is 
manufactured by Hydroinnova, LLC of Albuquerque, New 
Mexico, USA. It consists of two neutron detectors: a bare 
detector that responds mainly to thermal neutrons and a 
polyethylene-shielded detector that responds mainly to 
epithermal-fast neutrons. Each counter has its own high-
voltage power supply and a pulse module to analyse the signal 
generated by the neutron detector tube. An Iridium satellite 
modem then transmits the data at one hour time intervals to 
the CosmOz CSIRO data server. Power is supplied by a 
rechargeable battery connected to a solar panel and controller. 
CosmOz data includes eleven columns representing different 
attributes including atmospheric pressure, internal temperature 
and humidity of sensor box, voltage status of the system, 
neutron pulse count, rainfall data and few other internal 
attributes to monitor system performance. Rainfall data was 
measured separately but transmitted through the same data 
packet. Table 1 represents an example of hourly data 
transmitted from the probe. Most important and practical data 
attributes are atmospheric pressure, Neutron Pulse Count and 
Rain Fall which have been used for this study [1, 2].  
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TABLE I.   

Table Column Head 

Time 
atmospheric 

pressure 
Neutron 

Pulse 
Count 

Rain Fall Eight other 
Internal 

Attributes 
columns 

8/05/2011  
984.5 1157 0.02 Numeric 

values 

 

IV. COSMOZ SENSOR CALIBRATION 
CosmOz cosmic ray sensors were calibrated using soil 

samples are collected around the probe.  Soil moisture is 
measured using the oven-drying method and area-average soil 
moisture is computed for all samples. The process of field 
calibration involves three steps: 

1. Collecting 72 gravimetric soil moisture samples from 
within the footprint of the CosmOz probe 

2. Applying a normalizing routine to the soil sample data 
to account for the influence of soil moisture on the penetration 
depth of the probe 

3. Calibrating the Neutron counts with respect to measured 
soil moisture content. 

Sampling was carried out at 24 points along cardinal and 
inter cardinal transects as per Figure 2. Soil samples were 
collected at 25m, 100m and 200m intervals along each 
transect. Samples were taken at three depths at each of the 24 
sampling locations. These were between 0-5cm, 10-15cm and 
25-30cm. The weighting algorithm normalises the influence of 
each soil layer based on depth, density and moisture content. 
Soil bulk density was calculated based on each layer’s soil 
samples. These samples also provided a measure of 
gravimetric and volumetric content. Average soil moisture and 
wet density for each of the three depth intervals were also 
calculated. Layers in between sampled layers are interpolated 
based on the layer above and below. Finally the average soil 
moisture content within the footprint of the probe which was 
used to convert neutron counts into soil moisture. There are 
two steps to converting counting rates to soil moisture. First 
the raw counting rates were corrected for barometric pressure. 
This was accomplished using data from the on-board pressure 
sensor and the following equation  :

N= Nraw * exp(β(P-P0))        (1) 

Where N is pressure corrected neutron count, Nraw is the 
raw count from the site, P is the barometric pressure over 
counting interval (mb), P0 is the reference barometric pressure 
of the site (mb), and  β is the barometric pressure coefficient 
(mb-1),  where at high-latitude β =0.0077 (mb-1),. 

The corrected counting rate from the moderated counter 
can now be converted to gravimetric water content using the 
following base equation for a generic silicate soil using the 
parameters a0, a1 and a2. 

     SM = (a0 / (N/N0 –a1)) – a2         (2) 

Where SM is the gravimetric water content (kg kg-1), N0 is 
the count rat effect of over dry soil obtained from field 
calibration, and a0, a1 and a2 are the fitted constants that define 
the shape of the calibration function. Fitting constants for this 
study were a0 = 0.0808, a1 = 0.372 and a2 = 0.115. Value of N0 
was adjusted by using a trial and error method until the 
average soil moisture content for the period was the same as 
that calculated from the soil samples [5, 7-11]. 

 
Figure 2: Field calibration data for CosmOz sensor. 

 

V. ADAPTIVE NEURO-FUZZY INFERENCE SYSTEM  
Adaptive Neuro Fuzzy Inference System (ANFIS) is a 

kind of neural network that is based on Takagi–Sugeno fuzzy 
inference system. Since it integrates both neural networks and 
fuzzy logic principles, it has the potential to capture the 
benefits of both in a single framework. Its inference system 
corresponds to a set of fuzzy IF–THEN rules that have 
learning capability to approximate nonlinear functions. Hence, 
ANFIS is considered to be a universal approximator. See 
Figure 4 [4, 7]. 

VI. FUZZY C MEANS (FCM) 
Fuzzy C means (FCM) is an unsupervised clustering method. 
Clustering essentially deals with the task of splitting a set of 
patterns into a number of homogeneous classes (clusters) 
with respect to a suitable similarity measure such that the 
patterns belonging to any one of the clusters are similar and 
the patterns of different clusters are as dissimilar as possible. 
FCM clustering provides partitioning results with additional 
information supplied by the cluster membership values 
indicating the degrees of belongingness, where C is the total 
number of clusters. A FCM clustering algorithm can be 
formulated mathematically [7]. 



VII. REPRESENTATION AND NEW CALIBRATION TOOL 
We tested the unsupervised machine learning approach on 
CosmOz data collected at Tullochgorum in north-eastern 
Tasmania. Given that calibration is time consuming and 
expensive two separate field calibrations (one in winter on 
13/07/2011 and the other in summer on 24/01/2012) were 
completed for the Tullochgorum cosmic sensor. These 
represent seasonal extremes and give maximum possible 
variance among the cosmic ray sensor data. A MATLAB - 
based new calibration tool was developed as part of this study 
to automate the whole calibration calculation process based 
on field soil samples (Figure 3). An average N0 was calculated 
from two separate calibrations and N0=1794.5 for 
Tullochgorum site. This newly developed calibration tool has 
capability to process live cosmic ray probe directly to provide 
soil moisture estimation based on calibration data available. 
In this study raw probe data from the period 5th May 2011 – 
20th April 2012 (total 350 days’ data) was used for testing 
and validation. This tool has all capabilities to visualize the 
soil data and processed cosmic ray data in 2D and 3D form 
[7]. 
 

VIII. FCM-ANFIS DEVELOPMENT: DATA BEHAVIOURAL 
MODELLING 

In this section we attempt to understand the relationship 
between the physical responses generated from the cosmic 
ray sensory system (consists of three attributes) and the soil 
moisture predictability of the FCM-ANFIS system. Hereon, 
the attributes namely atmospheric pressure, pressure 
corrected neutron counts and rainfall were addressed as 
inputs to the ANFIS system and the predicted soil moisture 
was addressed as output. Hence our problem has three input 
variables and one output variable. In order to model the 
relationship between the input variables and the output 
variable, clustering of the data was the first step using FCM 
based subtractive clustering. The cluster centers form a basis 
to define an ANFIS which can then be used to explore and 
understand monthly soil moisture profile patterns. In this 
example, clustering allows us to group monthly sensory 
patterns into broad categories hence allowing for easier data 
understanding. Figure 4 shows the Input-Output variable 
representation for the ANFIS modeling. It represents the 
schematic diagram of the whole Sugeno-type FCM-ANFIS 
system that has been used in this study. Fuzzy logic is an 
effective paradigm to handle imprecision. It can be used to 
take fuzzy or approximate observations for inputs and yet 
arrive at crisp and precise values for outputs. Also, the 
ANFIS is a simple and rational way to build systems without 
using complex analytical equations. In our example, fuzzy 
logic was employed to capture the broad categories identified 
during clustering into an ANFIS. The ANFIS was then acted 
as a model that will reflect the relationship between cosmic 
sensor observations and predicted soil moisture. The 
subtractive clustering method assumes each data point is a 
potential cluster center and calculates a measure of the 
likelihood that each data point would define the cluster 

center, based on the density of surrounding data points. The 
cluster's radius of influence in the input space was set to 
1.257 for justification against significant amount of 
overlapping among the clusters. This value was achieved 
using an error minimization algorithm. All the inputs and 
outputs have exactly three membership functions. The three 
membership functions represent the three clusters that were 
identified by FCM clustering. The membership function type 
used in this study is a Gaussian type membership function. If 
an unknown data point closer to the first cluster, or in other 
words having strong membership to the first cluster, is fed as 
input to ANFIS then rule1 will fire with more strength than 
the other two rules. Similarly, an input with strong 
membership to the second cluster will fire the second rule 
will with more strength than the other two rules and so on. 
The rule extraction method first uses the FCM algorithms to 
determine the number of rules and membership functions for 
the antecedents and consequents. The number of clusters 
determines the number of rules and membership functions in 
the generated ANFIS. Figure 4 shows the overall ANFIS 
architecture used for this study [4, 7-8]. 
 

IX. FCM-ANFIS PERFORMANCE 
Finally a MATLAB GUI based ANFIS system was 
developed to visualize and test the performance of FIS system 
which is shown in Figure 4. Performance of the designed 
ANFIS was encouraging particularly when the system was 
only trained with two days of calibration data. Performance 
was compared on a daily basis for the whole duration. 
Unsupervised soil moisture estimation results from this study 
were very encouraging as the newly developed CosmOz-
ANFIS system could estimate soil moisture with 90% 
accuracy. Figure 5 shows the comparison between 
conventional and ANFIS based soil moisture estimations. 
 

X. CONCLUSION 
Unsupervised soil moisture estimation based on ANFIS 
architecture could be an effective method for rapid estimation 
of soil moisture based on cosmic ray sensors. With this 
approach, the effort required to calibrate cosmic ray sensor 
probes can be minimized. ANFIS based soil moisture 
estimation would be conducted on other cosmic ray data 
streams from all other CosmOz sites. In future research we 
plan to investigate the effect of universal solar radiation on 
our cosmic ray probes performance as local universal solar 
radiation might have an important role to influence our soil 
moisture estimation. Further study is also planned to 
investigate the effect of seasonal changes on the cosmic 
probes and how we could potentially integrate cosmic ray 
data with other meteorological data sets to estimate soil 
moisture more accurately. 
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Figure 3: MATLAB based CosmOz sensor calibration tool. Estimated profile was cross validated against the rainfall data during that same period of time. 
Once the calibrations were done using this new tool, raw probe data over 350 days were processed to get an overall soil moisture estimation by using Equation 
2. 

 
Figure 4: Takagi–Sugeno fuzzy inference system. 

 

 
Figure 5: Comparison between conventional and ANFIS based gravimetric soil moisture (kg kg-1) estimation. Purple curve displays the estimated soil 
moisture using conventional equation whereas the blue curve shows the soil moisture estimation from ANFIS. 


