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Abstract 
 

Soil Moisture Sensing in Mining Waste Rock: Comparing Calibration Curves of Multiple

Low-Cost Capacitance Sensors and a Single TDR Sensor

Rasmus Jørgensen

 

Measuring soil moisture content (SMC) in mining waste rock is important for assessing and modelling 

hydrological processes which influence pollutant release. Here, an experimental setup containing mining 

waste rock is established to compare the performance of 4 Arduino capacitance moisture sensors to one 

single Time Domain Reflectometry (TDR) sensor. Furthermore, the performance of these sensors is 

evaluated in both sieved and unsieved mining waste rock. Fitted calibration curves are provided for both 

the TDR- and Arduino-sensors individually and in combination. These calibration curves are evaluated 

using the RMSE and R2 of each curve and compared between sensors and soil texture. It is concluded 

that using more capacitance sensors significantly improves the fit statistics of the calibration curves and 

that using at least 4 capacitance sensors can enhance calibration curve fitting. For both the TDR and 

capacitance sensors, the calibration curves in sieved soil provided the best fit, meaning that soil specific 

calibration of sensors is recommended. On a sensor individual basis, the temporal precision of the TDR 

sensor was superior to each individual capacitance sensor. Use of 4 or more Arduino capacitance sensors 

may especially be justified in circumstances where the spatial variability of SMC is addressed by 

executing a large number of measurements. Here, the feasibility of the Arduino sensor system means 

that the use of these low-cost sensors, despite their reduced temporal precision, can be upscaled at 

relatively small costs.  
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Campbell Scientific moisture sensor, Arduino moisture sensor
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Populärvetenskaplig sammanfattning
Mätning av vatteninnehåll i gruvavfall: En jämförelse av kalibreringskurvor för flera

billiga kapacitanssensorer och en enda TDR-sensor

Rasmus Jørgensen

 

I gruvområden, till exempel vid gruvan i Kiruna i norra Sverige, där man utvinner mineraler och 

råämnen, blir det alltid jord kvar efter arbetet i gruvan, så kallat gruvavfall. Gruvavfall är typiskt relativt 

grov jord, med ett högt innehåll av stora jordaggregat. En sak som är viktig att veta om detta gruvavfall 

är innehållet av vatten och jordfuktighet, då detta är en bestämmande faktor för utsläpp av giftiga ämnen 

från jorden, till exempel tungmetaller. Mätning av vatteninnehåll kan göras med olika system av sensorer 

som fås i olika prisklasser.  

Här testas två olika sensortyper, en dyr Time Domain Reflectometry (TDR) sensor (Campbell 

Scientific, pris: 5500 SEK) och en billig kapacitanssensor (Arduino, pris: 55 SEK). Eftersom jordar och 

sensorer är olika, krävs det en jordspecifik kalibreringskurva till dessa sensorer. Målet här är att jämföra 

dessa två sensorsystem och att beräkna kalibreringskurvornar för båda sensorerna. Detta görs genom att 

använda en laboratorieuppställning och mäta vatteninnehåll i gruvavfall från gruvan i Kiruna i norra 

Sverige. Gruvavfallet som använts i laboratorieförsöket analyserades dessutom genom en sikt- och 

porositetsanalys. Eftersom Arduinosensorn är relativt billig, används fyra av dessa på en gång, medan 

bara en enda TDR-sensor används. Dessa fyra Arduinosensorer och den enda TDR-sensor testas båda i 

silat och osilat gruvavfall från samma plats.  

I slutet konkluderas det att TDR-sensorn mäter med bättre tidslig precision, vilket betyder att den 

mäter stabila värden av vatteninnehåll över tid på samma plats, medan kapacitanssensorerna mäter med 

liten avvikelse på enskilda mätningar. Dock kan precisionen från Arduino-sensorerna förbättras om man 

använder fyra eller fler sensorer på samma gång. Det kan också nämnas att båda typer av sensorer ger 

en bättre kalibreringskurva i det silade gruvavfallet än i det osilade gruvavfallet. Det faktum att Arduino-

sensorerna är relativt billiga innebär att dessa med fördel kan användas i situationer där ett stort område 

med många mätstationer ska övervakas och där man kan acceptera en reducerad tidslig precision på 

enskilda sensorer. Användning av flera kapacitanssensorer på samma gång kan dock signifikant höja 

den tidsliga precisionen på jordfuktighetsmätningarna. 

 

Nyckelord: Gruvavfall, jordfuktighet, volumetriskt vatteninnehåll, sensorkalibrering, Campbell

Scientific sensor, Arduino sensor
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1 Introduction 
 

Soil moisture content (SMC) is a vital parameter in controlling soil-atmosphere dynamics such as 

heat fluxes, gas release, solute-transport and water balance and usually refers to the quantity of water 

stored in an unsaturated soil zone (Seneviratne et al. 2010; Mittelbach et al. 2011). Therefore, the 

processes and dynamics related to SMC have gained increased interest from a climate change 

perspective, as information on soil moisture dynamics can be vital to large-scale climate modelling and 

forecasting (Seneviratne et al. 2010). Determining environmental factors of SMC include, but are not 

limited to, precipitation frequency and magnitude, temperature changes, soil texture, soil organic content 

and vegetation cover (Reynolds 1970b; Bircher et al. 2016; Okkonen et al. 2017; Acharya et al. 2020). 

SMC can be measured in various ways, for example using Time Domain Reflectometry (TDR), 

Frequency Domain Reflectometry (FDR), capacitance sensing or using resistivity techniques (Adla et 

al. 2020). The discipline of monitoring and obtaining precise measurements on SMC remains a 

challenge, with methods that are either invasive, costly or imprecise (Mittelbach et al. 2011). New 

technologies such as remote sensing, GPS and ground penetrating radar and measurements of cosmic 

ray neutrons have been introduced, however these methods still require ground measurements for model 

calibration (Wagner et al. 2007; Larson et al. 2008; Zreda et al. 2008; Mittelbach et al. 2011; Schoener 

& Stone 2020). Ground measurements of SMC rely primarily on techniques such as gravimetric 

approaches, TDR, FDR or capacitance-based moisture sensing (Quinones et al. 2003; Mittelbach et al. 

2011; Vaz et al. 2013; Guimarães et al. 2019). Therefore, these techniques need to provide precise SMC 

data under varying soil conditions and to accurately measure the related variables necessary for 

measurement of SMC. Vaz et al. (2013) and Walker et al. (2004) found that TDR-techniques were able 

to measure SMC with an accuracy within the range ±2.5 %.  Here, the term accuracy refers to the 

proximity of the measured data to the true value of the parameter that was measured, while the term 

precision is used to designate the degree of repeatability of data, that is, whether data falls close to one 

another (Magnusson & Koch 2013). 

One remaining challenge in soil moisture sensing is to address the spatial and temporal variability of 

SMC. SMC varies on even small spatial and temporal scales, meaning that a high spatial and temporal 

resolution may be useful to provide reliable soil moisture data (Reynolds 1970b; Teuling et al. 2006; Jia 

et al. 2021). Monitoring networks for large-scale measurements of SMC and soil moisture variability 

thus need to consist of multiple point measurements, potentially for a longer time period (Walker et al. 

2004; Curtis et al. 2019). Soil moisture sensing equipment comes in different price ranges and classes, 

which can be divided into respectively high-cost and low-cost equipment. As an alternative to installing 

few high-cost sensors in-situ, creating a larger network of low-cost sensors has been suggested for 

example by Teuling et al (2005).  
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In relation to mining waste rock, accurate determination of SMC is of significant environmental 

concern, as soil moisture dynamics in these environments impact pollutant release, eg. of acid mine 

drainage or toxic heavy metals (Cheong et al. 2012; Martin et al. 2017; Kalonji-Kabambi et al. 2021). 

As such, precise information on SMC plays an important role in modelling, predicting or even 

preventing environmental pollution from mining waste rock material (Cheong et al. 2012; Martin et al. 

2017). However, most studies on soil moisture sensing have been conducted in soils rich in relatively 

finer grain sizes than the mining waste rock, and thus limited knowledge exists on soil moisture sensor 

precision under these conditions (Sekucia et al. 2020). Therefore, there is a need to test and evaluate the 

precision of soil moisture sensors in mining waste rock. In this context, especially the temporal precision 

i.e. the sensor’s ability to produce data that are consistent in time in a constant setting, will be in focus 

in this report. 

Here, the aim is to calibrate respectively a high-cost, TDR-based Campbell Scientific CS655 soil 

moisture sensor and several low-cost Arduino capacitance moisture sensors, and to compare the 

precision of these sensor systems in sieved respectively unsieved mining waste rock. The approximate 

market price for a Campbell Scientific CS655 TDR-sensor is 5500 SEK (≈ 558 USD per 11.05.2022), 

while the approximate market price for an Arduino capacitance moisture sensor is about 55 SEK (≈ 5.5 

USD per 11.05.2022) (Arduino Store 2021). The scope of the study is addressed through a laboratory 

experiment with mining waste rock material from Kiruna, Sweden. Consequently, the following 

research questions were formulated: 

 

• Are individual low-cost soil moisture capacitance sensors equally reliable as high-cost TDR 

sensors in mining waste rock material? 

• Does addition of more low-cost capacitance sensors result in more reliable measurements of 

volumetric water content? 

• Can similar sensor calibration curves be used for soil moisture sensors in sieved respectively 

unsieved mining waste rock material? 

 

2 Background 

 

2.1 Defining gravimetric and volumetric water content 

Because this report will focus on measuring SMC, there is a need to introduce the parameters and units 

which will used throughout the report. SMC can be reported in a variety of formats, with the most widely 

adopted concepts being respectively gravimetric and volumetric water content. Here, these two concepts 

are introduced with their general definitions and formulas. 
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The gravimetric water content (GWC) refers to the mass of water per mass of dry soil (Bilskie 2001). 

The formula for calculating GWC is given by (2.1): 

 

Θ =
𝑚𝑤𝑒𝑡 − 𝑚𝑑𝑟𝑦

𝑚𝑑𝑟𝑦
∗ 100 (2.1) 

 

where 

Θ is the gravimetric water content in % 

𝑚𝑤𝑒𝑡 is the wet weight of the soil sample in g 

𝑚𝑑𝑟𝑦 is the dry weight of the soil sample in g 

 

The volumetric water content (VWC) refers to the volume of water per volume of soil. A mathematical 

conversion from GWC into VWC can be made using (2.2) (Bilskie 2001): 

 

𝜃 =
Θ ∗ 𝜌𝑠𝑜𝑖𝑙

𝜌𝑤𝑎𝑡𝑒𝑟
 (2.2) 

where 

𝜃 is the volumetric water content in % 

Θ is the gravimetric water content in % 

𝜌𝑠𝑜𝑖𝑙 is the bulk soil density in g cm-3 

𝜌𝑤𝑎𝑡𝑒𝑟 is the water density in g cm-3 

 

2.2 Principles of TDR sensors 

One sensor-type that will be used for this study is a TDR-sensor. Here, a technical summary of the 

principles behind the TDR-technique is put forward, highlighting the essential theoretical basis behind 

use of this technique in relation to soil moisture sensing. 

TDR-sensors are widely used for soil moisture monitoring and consist of a sensor head attached with 

two rods of equal length made of stainless steel and a cable connecting the sensor head to a computer or 

a data logger (figure 2.1).  
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Figure 2.1. A TDR-sensor of the Campbell Scientific CS655 type. The sensor consists of two parallel metal rods 

of stainless steel, a white sensor head and a black cable connecting the sensor to a datalogger.  

The used TDR-sensor for this study (seen on figure 2.1) comes with a rod length of 120 mm and a sensor 

measurement radius of 75 mm along the rods. At the rod end, the sensor measurement radius is 45 mm. 

An illustration of the sensor measurement area in a cross-section is shown in figure 2.2. 

 

Figure 2.2. Cross-section view of the sensor measurement area from a Campbell Scientific CS655 soil moisture 

sensor. The volumetric water content measured by the sensor is calculated as an average over the affected grey 

area. The sensor rods are placed parallelly, 3.2 cm from each other, each with a measurement radius of 7.5 cm. 

The principle behind TDR-sensing is to utilize the electrical properties of water. By generating an 

electrical impulse and measure its propagation speed along the two rods, the sensor estimates the 

dielectric constant of the soil in which it was installed (Quinones et al. 2003; Campbell Scientific Inc. 
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2018b). Because water is a better electrical conductor than air, the propagation speed along the rods 

increases as the SMC increases. The wave round trip time is measured using an oscilloscope within the 

sensor head (Quinones et al. 2003). Since the electrical impulse wave travels double the rod length 

(forwards and backwards), the propagation speed of the wave can be written  (Quinones et al. 2003): 

 

𝑣 =  
2𝐿

𝑡
 (2.3)  

where 

𝑣 is the wave propagation speed in m s-1 

𝐿 is the length of each rod in m 

𝑡 is the wave round trip time in s 

 

In a vacuum the propagation speed of an electromagnetic wave is equal to the speed of light, however 

in a given soil, the electromagnetic wave speed changes accordingly and can thus be expressed 

(Quinones et al. 2003): 

 

𝑣 =
𝑐

√𝐾 
 (2.4) 

where 

𝑣 is the wave propagation speed in m s-1 

𝑐 is the speed of light in vacuum in m s-1 

𝐾 is the dielectric constant of a given soil 

 

By combining (2.3)  and (2.4) and isolating K, (2.5) is established, formalizing a relation between 

wave propagation speed and the dielectric constant (Quinones et al. 2003) : 

 

𝐾 = (
𝑡𝑐

2𝐿
)

2

 (2.5) 

 

Here, K is the dielectric constant of a given soil. The empirically derived Topp-equation then relates the 

dielectric constant K to the VWC through a third degree polynomial expression (2.6) (Topp et al. 1988; 

Quinones et al. 2003; Campbell Scientific Inc. 2018b):  

 

𝜃 = −5.3 ∗ 10−2 + 2.92 ∗ 10−2 ∗ 𝐾 − 5.5 ∗ 10−4 ∗ 𝐾2 + 4.3 ∗ 10−6 ∗ 𝐾3 (2.6)  
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where 

𝜃 is the volumetric water content in % 

K is the dielectric constant 

 

According to Campbell Scientific (2018b), the Topp-equation (2.6) works well in most mineral soils, 

however under certain conditions, soil-specific calibration is necessary. Thus, TDR-sensors rely on the 

Topp-equation to estimate VWC by default. The dielectric constant K is equal to the relative permittivity 

of a material (Ida 2021). Thus, when establishing TDR calibration curves, the terms dielectric constant, 

relative permittivity and permittivity are used interchangeably.  

 

2.2.1 TDR sensor calibration functions 

The standard TDR-sensor calibration approach follows the empirically derived Topp-equation (2.6) 

(Campbell Scientific Inc. 2018b). However, under various soil conditions, soil specific calibration is 

needed to correct for any offset the Topp-equation may introduce. Campbell Scientific (2018b) suggests 

a variety of functions, the CS655-sensor could be calibrated against. One possibility is to calibrate the 

sensor against a simple linear equation, where the dielectric constant K is directly proportional to the 

VWC:  

 

𝜃 = 𝑎 ∗ 𝐾 + 𝑏 (2.7) 

where 

𝜃 is the volumetric water content in % 

K is the dielectric constant 

a and b are empirically determined constants 

 

The above symbol definition applies also to (2.8), (2.9) and (2.10). In cases where appropriate, this 

calibration function can be adjusted, so that VWC instead relates to the square root of the dielectric 

constant: 

 

𝜃 = 𝑎 ∗ √𝐾 + 𝑏 (2.8) 

 

If the linear or square root transformed linear fit do not provide useful calibration functions for the TDR-

sensor, other possibilities include a second-degree polynomial fit 

 

𝜃 = 𝑎 ∗ 𝐾2 + 𝑏 ∗ 𝐾 + 𝑐 (2.9) 

 

or a third-degree polynomial fit 
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𝜃 = 𝑎 ∗ 𝐾3 + 𝑏 ∗ 𝐾2 + 𝑐 ∗ 𝐾 + 𝑑 (2.10) 

 

The latter two calibration functions, however, require more datapoints to provide a significant alternative 

to the linear fit (Campbell Scientific Inc. 2018b). 

 

2.3 Principles of capacitance sensors 

Furthermore, a technical summary of the principles behind capacitance sensors, which will additionally 

be used in this study, is put forward, presenting the essential theory behind these.  

A capacitance sensor uses the concept of capacitance to estimate the VWC in a given soil (Hrisko 

2020). Here, capacitance is defined as the ratio between charge and electric potential, that is, for any 

given applied potential, the amount of electrical charge that can be stored within a body or a material 

(Ida 2021). The mathematical definition of capacitance is (Ida 2021): 

 

𝐶 =
𝑄

𝑈
 (2.11) 

where  

𝐶 is the capacitance of a given material in F 

𝑄 is the amount of stored charge in C 

𝑈 is the electric potential in V 

 

An object or volume for which capacitance can be quantified, may be labelled a capacitor (Ida 2021). 

In a standard capacitor setup, two parallel, conducting plates with a dielectric material in between 

constitute the capacitor itself. However, for a capacitance soil moisture sensor, the conducting plates are 

usually placed planarly instead of in parallel. Here, the soil material, located around the planarly oriented 

plates, will act as the dielectric material (Hrisko 2020). This makes it possible to assess the dielectric 

properties of the given soil (van Dijk 2018). Figure 2.3 shows an illustrative model of a capacitance 

sensor and the electrodes’ planar placement seen from above and in a cross-section (freely from Hrisko 

(2020)).  
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Figure 2.3. Illustrative model of a capacitance sensor seen from above and from a cross-section angle (freely from 

Hrisko (2020)). The electrodes are placed planarly side-by-side along the sensor axis and measure the capacitance 

of the surrounding soil on each side of the sensor.  

2.3.1 Arduino sensor calibration functions 

The sensor output comes in the unit volts. In essence, the principle behind measuring the capacitance 

properties is, that for any given material exists a relationship between the multiplicative inverse of the 

voltage output from the capacitance sensor and the VWC of a given soil (Hrisko 2020). These quantities 

relate to each other in a linear form, meaning that (2.12) constitutes the capacitance sensor calibration 

function:  

 

𝜃 = 𝑎 ∗
1

𝑉
+ 𝑏 (2.12) 

where 

𝜃 is the volumetric water content in % 

V is the voltage output of the capacitance soil moisture sensor in V 

a and b are empirical coefficients 

 

The capacitance sensor used for this study is an Arduino capacitance sensor shown on figure 2.4. 
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Figure 2.4. An Arduino capacitive moisture sensor. Notice the electrodes’ planarly placement along the sensor 

axis. 

 

2.4 Different approaches to calibrating soil moisture sensors 

Generally, two approaches to soil moisture sensor calibration exists in the literature regardless of the 

chosen sensor type: The lab-based approach and the field-based approach. Mittelbach et al. (2011) 

used a laboratory-based approach, testing a capacitance- and TDR-sensor respectively. Mittelbach et 

al. (2011) used different controlled soil moisture levels in a laboratory setup to calibrate both sensor 

types. Other studies to take a similar lab-based approach include Jia et al. (2021), Quinones et al. 

(2003), Adla et al. (2020) and Vaz et al. (2013). These studies were all conducted in soils containing a 

relatively high fraction of finer grain sizes (sand, silt, clay). Field calibration was used in several 

studies including Calamita et al. (2012), Gasch et al. (2017), Walker et al. (2004) and Curtis et al. 

(2019). Curioni et al. (2019) reported that TDR-calibration provides better accuracy from laboratory 

calibration than from field calibration. Thus, the laboratory approach, which will be taken here, has 

been assessed and used in the literature, justifying the methodology used here and presented in section 

3.2. 
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3 Materials and Methods 

 

3.1 Materials 

3.1.1 Soil sample excavation 

The soil sample used for this study was collected from a mining waste rock pile in Kiruna, Sweden 

(figure 3.1 and figure 3.2). The soil sample was excavated from the soil during the installation of 

equipment for a related study by Grabs (2022). Thus, the soil sample used here represents the soil 

texture, ranging from the surface down to a depth of 1.15 m (Grabs 2022). 

 

Figure 3.1. The soil sample used in this study was collected from a pile of mining waste rock in Kiruna, Sweden, 

represented on the map with a red dot (Map data: Natural Earth, MATLAB).  
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Figure 3.2. Triangle of mining waste rock material in Kiruna, Sweden. The red dot and arrow represent the site of 

the sample excavation, and the green rectangle represents the installation site of equipment for a related study 

(From Grabs 2022).  

Followingly, the soil sample was wrapped in clear plastic bags, stored, and transported in four cylindrical 

metal barrels. The total soil weight summed to approximately 500 kg. Approximately two barrels of soil 

were thereafter taken from the sample for analysis and experimental work.  

 

3.1.2 TDR sensor setup 

The TDR setup used for this study was developed by Campbell Scientific and includes a CS655 TDR 

soil moisture sensor, a CR1000 Datalogger and LoggerNet, a Campbell Scientific software containing 

a variety of sub-programs and tools to utilize sensors and dataloggers (Campbell Scientific Inc. 2018a; 

b). Sensor programming and data collection was conducted through LoggerNet (Version 4.7) using the 

Short Cut programme in coherence with the instruction manual (Campbell Scientific Inc. 2018b). Short 

Cut is a LoggerNet integrated programme which provides an easy user interface for programming the 

sensor and datalogger. The user interface is used to automatically create the underlying code, which is 

attached to the report as appendix 1 (section 8.1). 

 

3.1.3 Capacitance sensor setup 

For the capacitance sensor setup, four Arduino capacitive moisture sensors were used in combination. 

Arduino is an open-source technical microcontroller system, that allows users to design and use custom 

made Arduino-hardware and a belonging computer software (Arduino 2021). An Arduino-setup always 

consists of at least one processing board, and may consist of a variety of hardware components, including 

soil moisture sensors, lights, switches etc. 
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For this study, an Arduino Uno board was used together with an Arduino capacitive moisture sensor 

(corrosion resistant). The sensor setup was connected to an Adafruit SD-shield, providing an SD-slot 

for datalogging and a Real Time Clock (RTC) for addition of timing information. However, during 

testing the RTC appeared malfunctioning, and for the Arduino data logging, measurement start times 

were manually noted. Four capacitance moisture sensors of the above-described kind were connected to 

the Arduino Uno microprocessor using analog inputs. The Arduino Uno microprocessor has a total of 6 

analog inputs, and with 2 of these occupied by the SD-shield, a maximum of 4 moisture sensors can be 

connected at once per microprocessor without use of accessories.  

The software used to programme the datalogging script was Arduino IDE, the Arduino-integrated 

coding software in C++ language. To use all needed functions and commands, the libraries “Wiring”, 

“SD”, “RTCLib” and “SPI” were installed to the software. An Arduino-library comes in the form of h-

files, which are then called by the logging script. The logging script is attached to the report as appendix 

2 (section 8.2). 

 

3.2 Methods 

3.2.1 Soil preparation 

Approximately 32 L of soil was sieved to <8 mm using an 8 mm sieve. Followingly, the sieved fraction 

of the soil sample will be designated as “sieved soil”, while the remaining soil sample will be designated 

“unsieved soil”. Both the sieved and unsieved soils were individually analysed in the following 

experimental setup and in the soil composition and porosity analysis.  

 

3.2.2 Soil composition analysis 

To test the granular composition of the mining waste rock product, a total of three sieving procedures 

were executed. The following nine sieves were used for all three procedures (mesh size in mm): 16, 8, 

4, 2, 1, 0.5, 0.25, 0.125 and 0.063 (figure 3.3). 
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Figure 3.3. Sieves used for the sieving process. Mesh size ranging from 16 mm at the top sieved to 0.063 mm at 

the bottom sieve. The bottommost component is a solid bowl, catching all grains that were not retained by any 

sieve.  

Approximately 1000 g of the unsieved soil sample was run through the nine sieves and shaken 

automatically by a Fritsch Analysette vibratory sieve shaker for 10 minutes on medium amplitude (level 

5 out of 10). To determine the amount of material retained in each sieve, a differential weighting 

approach was taken, that is, each sieve was weighted prior to and after the shaking process with the 

retained material. The above-described procedure was repeated a total of three times with soil from the 

unsieved sample. Here, each process is referred to as a “sieving”. The threefold repetition of the sieving 

procedure was executed to ensure more available and representative data on the soil composition and to 

make possible an averaging approach in calculating the soil composition. This in turn decreases the 

probability of obtaining inaccurate data for the soil analysis. During the experimental procedure a small 

material loss (<2 g) was observed for all three sievings. 

For the second sieving, it was impossible to separate the material retained in sieves 1 mm and 2 mm. 

Therefore, the total amount of retained material in these two sieves was used to estimate the material 

retained in each individual sieve. This was done using the average distribution of material between 

sieves 1 mm and 2 mm from sieving 1 and 3 and applying this distribution factor to sieving 2.  

 

3.2.3 Porosity analysis 

Additionally, the porosity was estimated for both the sieved and unsieved soil sample. The procedure 

followed principles of saturation-determined porosity. This principle revolves around saturating a 

known soil sample volume with water, and then determine the porosity based on the amount of water 

needed to saturate the sample. The formula used for calculating porosity is (3.1): 
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𝜙 =
𝑉𝑝

𝑉𝑠 + 𝑉𝑝
∗ 100 (3.1) 

where  

𝜙 is the soil bulk porosity in % 

𝑉𝑝 is pore volume  

𝑉𝑠 is solid volume 

 

Here, the pore volume equals the amount of water added to the sample to saturate it.  

 

3.2.4 Experimental setup 

For the experimental setup, 10 cm of sieved soil was placed in a plastic box with the dimensions  

50 x 32 x 28 cm and packed firmly by hand force. Then, a Campbell Scientific CS655 was placed 

horizontally from one side and four Arduino sensors horizontally from the opposite side, so that the 

sensor rods faced each other (figure 3.4). A shallow soil layer was then packed around the sensors to 

ensure maximum touch-surface between soil and sensor, whereafter another layer of 10 cm sieved soil 

was placed on top and packed by hand force (figure 3.5). During the experiment, measurements were 

executed for 2 x 5 minutes for each sensor system without any warm-up time. This was done to ensure 

two independent samples per sensor system in a time range, where sensors appeared to be stabilized. 

This in turn would prevent data-loss if the sensors malfunctioned during one of the two measurement 

periods. However, in all cases, the sensors functioned correctly. Measuring for a longer time range was 

determined unnecessary, since sensor stabilization was reached already within the first 30 seconds of 

measurements for both sensor types. Measurements were always run independently, that is, the two 

sensor systems were never running simultaneously. The experimental procedure was then repeated for 

the unsieved soil (figure 3.6 and figure 3.7). 
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Figure 3.4. Sensor setup after packing 10 cm of sieved soil. 

 

 

Figure 3.5. Sensor setup after adding 10 cm sieved soil on top of sensors 
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Figure 3.6. Sensor setup after packing 10 cm of unsieved soil.  

 

 

Figure 3.7. Sensor setup after adding 10 cm unsieved soil on top of sensors. 

Between measurements, a specified amount of water was added to the soil mixture after removal of the 

sensors. Followingly, the soil was mixed manually using a shovel. For the first 5 experimental steps, a 

smaller quantity of water was added, 200 and 300 ml, and then by experimental step 6, water addition 

was increased to 500 ml (table 3.1). For the sieved soil, two extra experimental steps 11 and 12 were 

examined, with step 12 corresponding to a water addition until a saturation state was reached. By 

experimental step, the experiments carried out at each specified water content is designated. The whole 

experimental process was then repeated for the unsieved soil sample, using the same water addition 
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table, until experimental step 10. By experimental step 6, for the sieved sample, a comparison 

measurement was made, introducing a second CS655 TDR-sensor to assess differences between 

measurement output of two similar sensors. A detailed breakdown of the experimental procedure is 

given in appendix 3. 

 

Table 3.1. Water addition per experimental step performed. *Only for sieved soil. 

Experimental 

step 

Water addition 

1 0 ml 

2 200 ml 

3 300 ml 

4 300 ml 

5 300 ml 

6 500 ml 

7 500 ml 

8 500 ml 

9 500 ml 

10 500 ml 

11* 1500 ml 

12* Until saturation 

App. 2000 ml 

 

3.2.5 Determination of volumetric water content 

Three samples were taken from each experimental step to determine the VWC. For experimental steps 

1, 2, 3 and 12 (sieved soil), two samples were taken, and for experimental steps 4-10 (sieved soil) and 

all 10 experimental steps for the unsieved soil, three samples were taken. These samples were all taken 

from the top layer of the soil. Furthermore, for step 11 (only sieved soil), two samples were taken from 

the top layer and two samples were taken from the middle layer (corresponding to the sensor height) to 

evaluate the vertical mixing of soil moisture. 

A standard cylindrical soil sampler was used for soil sampling. To determine the volume of each soil 

sample, the parameters height and diameter were measured and used for the succeeding volume 

calculation. The soil sampler volume was determined to 203.6 cm3.  

All samples were weighted before heating at 101 ℃ for 24 hours. Reynolds (1970a) recommends 

heating at 105 ℃ for 24 hours, however due to equipment limitations, 101 ℃ was chosen (figure 3.8). 

After heating, the soil samples were re-weighted to determine the amount of water that evaporated 

during the heating process.  
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Figure 3.8. Ovens used for heating procedure (101 ℃  for 24 hours). 

In the calculation of the VWC, it was assumed that water density equals 1 g cm-3. The bulk soil density 

was calculated as the dry soil weight divided by the volume of the soil sample. Thus, (3.2) was derived 

from (2.2), and used to calculate VWC of the taken soil samples: 

 

𝜃 = Θ ∗
𝑚𝑑𝑟𝑦

203.6
 (3.2) 

where  

𝜃 is the volumetric water content in % 

Θ is the gravimetric water content in % 

𝑚𝑑𝑟𝑦 is the dry soil mass in g 

203.6 is the soil sampler volume in cm3 

 

3.2.6 Data processing 

A number of regression models were developed in MATLAB (version 2021a), to relate the measured 

values of VWC, permittivity and voltage to the VWC determined by each soil sample using the 

gravimetric approach. Furthermore, these regression models were plotted and evaluated using 

MATLAB. For all linear regression models, an ordinary least square regression (OLS) approach was 

taken. Likewise, the R2-value reported here, always corresponds to Pearson’s adjusted R2-value of the 

model. The reported values of RMSE refers to the root mean square error, which is the standard 
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deviation of the model residuals. Data from experimental step 12, the saturation point, as it will be 

designated in the following section, was not included in any regression models, since this would limit 

comparability between measurements from sieved and unsieved soil due to the spread in VWC-range. 

Therefore, experimental step 12 was excluded from the regression analysis. Nevertheless, the saturation 

point will be shown in figures relating to the VWC, but it will not affect the shown calibration curves. 

Rather the regression models, that include this point is given in appendix 4.  

 

4 Results 

 

4.1 Soil composition analysis 

According to the method described in section 3.2.2, the granular soil composition and porosity of the 

soil sample was tested and analysed. The soil porosity constitutes the upper limit of VWC, since a VWC 

equaling the soil porosity would correspond to all soil pores being completely filled with water. In other 

words, the VWC cannot exceed the soil porosity. In the following, the soil granular composition is 

presented, after which the results of the porosity analysis are put forward.  

A grain size classification scale was adopted from the Udden-Wentworth scale (Holden 2013). The 

Udden-Wentworth scale is logarithmic and divides soil particles into seven grain size groups. From 

smallest to largest these are: Clay, silt, sand, granules, pebbles, cobbles and boulders (Holden 2013). 

The content of soil material in the boulder, pebble and clay classes was not tested (table 4.1). 
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Table 4.1. Udden-Wentworth grain size classification scheme and soil composition. Soil composition based on 

classes is reported in the two rightmost columns (modified from Holden 2013). Here the average composition of 

the three sievings described in section 3.2.2 is reported. Light grey shading = Tested grain size range. Dark grey 

shading = Untested grain size range. 

Grain size 

(mm) 

Grain class Sieved soil 

(%) 

Unsieved 

soil (%) 

>256 Boulders 

24.00 50.53 

256 
Cobbles 

128 

64 

Pebbles 

32 

16 

8 

4 

2 Granules 38.04 24.61 

1 

Sand 38.04 24.61 
0.5 

0.25 

0.125 

0.063 

Silt 

0.38 0.25 

0.031 

0.016 

0.009 

0.004 
Clay 

<0.004 

 

The analysis of the granular soil composition revealed the fraction of material from each grain size group 

according to table 4.1. Note, that % in table 4.1 does not sum to 100 because of rounding. Furthermore, 

a soil composition diagram was produced showing the percentage of sample material passing each used 

sieve for all three sieving repetitions (figure 4.1). Here, a sieving refers to the individual experiment that 

was executed three times. 
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Figure 4.1. Soil composition diagram plotted for each sieving. a) Soil composition for unsieved soil. b) Soil 

composition for sieved soil. Along the y-axis the percentage of passed material is shown, meaning that the 

difference in y between points corresponds to the retained soil fraction for each sieve.  

 

 

 



 22 

The dominant particle size group in the unsieved soil was pebbles and coarser, accounting for 50.53 

weight %. Note, however, that this fraction also includes cobbles and boulders since these classes were 

not tested. The unsieved soil used for the soil moisture sensing experiment is of relatively coarse nature, 

with a considerable fraction, on average 34%, of the soil grains being coarser than 8 mm. In figure 4.1a, 

this fraction corresponds to the material retained in the 8 mm and 16 mm sieve width.  

 

4.2 Evolution of VWC throughout laboratory experiment 

VWC (𝜃) was calculated based on the gravimetric approach described in section 3.2.5. Using three 

samples per experimental step, GWC (Θ) was calculated using (2.1) and converted to VWC using 

(3.2). Conversion of GWC to VWC was necessary because sensors only report VWC. Furthermore, the 

porosity (𝜙) of the soil sample was tested, respectively for the sieved and unsieved sample (table 4.2).  

 

Table 4.2. VWC, GWC and porosity results from sieved and unsieved soil per experimental step. GWC (𝛩) was 

calculated using (2.1) and converted to VWC (𝜃) using (3.2). Porosity was calculated once per soil using a 

saturation technique described in section 3.2.3. Therefore, porosity do not differ between experimental steps, but 

only between soils. For step 12, VWC exceeds soil porosity, which indicates full saturation of the soil at this 

experimental step.  

 Sieved soil Unsieved soil 

Experimental 

step 
Θ (%) 𝜃 (%) 𝜙 (%) Θ (%) 𝜃 (%) 𝜙 (%) 

1 0.70 1.27 19.13 0.75 1.39 21.66 

2 1.13 1.98 19.13 1.25 2.18 21.66 

3 1.78 2.81 19.13 1.96 3.32 21.66 

4 2.17 3.31 19.13 2.71 4.26 21.66 

5 2.65 4.13 19.13 3.15 5.12 21.66 

6 3.69 5.45 19.13 4.52 6.92 21.66 

7 4.82 6.99 19.13 4.37 7.19 21.66 

8 5.47 8.39 19.13 5.51 9.23 21.66 

9 6.39 10.33 19.13 6.37 11.48 21.66 

10 6.88 11.59 19.13 7.12 13.03 21.66 

11 8.24 15.40 19.13    

12 9.49 19.50 19.13    

 

The evolution of VWC through the experimental steps is shown in figure 4.2. The data is plotted for 

both the sieved and unsieved soil with the x-axis being the experimental step count for each sample. It 

is seen that the VWC for the unsieved soil is in most cases slightly higher than for the sieved soil, 

however in 7 of 10 cases, error bars overlap. 
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Figure 4.2. VWC per experimental step for sieved and unsieved soil. 12 experimental steps were examined for 

the sieved soil, while 10 steps were examined for the unsieved soil. Error bars are shown as 2 standard deviations. 

Point 11 and 12 for the sieved soil do not have an associated standard deviation calculated. Experimental step 12 

corresponds to full saturation of the sieved soil.  

 

4.3 Calibrating the CS655 TDR sensor in sieved and unsieved soil 

4.3.1 Fitting TDR-measured VWC to actual VWC 

In the following, the TDR measurements are presented and related to the calibration functions 

introduced in section 2.3.1.1. Firstly, TDR measurement results are presented and compared to the actual 

VWC obtained from the gravimetric method and secondly TDR-data are used to create a calibration 

curve for the TDR soil moisture sensor.  

To compare TDR-measurements to the actual VWC obtained from the gravimetric method, a linear 

regression model was established (figure 4.3). Panel a) shows the linear regression model for the sieved 

soil, while panel b) shows the linear regression model for the unsieved soil. Furthermore a 1:1 ideal line 

is plotted. It is seen from figure 4.3, that for both the sieved and unsieved soil, the TDR-sensor 

overestimates the VWC at all experimental steps. Relevant statistics and coefficients from the regression 

analysis is provided underneath (table 4.3).  
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Figure 4.3. Linear regression model for TDR-measured VWC values. a) TDR-measured VWC values in the sieved 

soil. b) TDR-measured VWC values in the unsieved soil. For both the sieved and unsieved soil, the TDR-sensor 

overestimates the VWC. The magnitude of overestimation is directly proportional to the actual VWC. Errors on 

VWC corresponds to 2 standard deviations. For the sieved soil, the saturation point was not included in the 

regression model, compare section 3.2.6.  
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Table 4.3. Relevant statistics and coefficients for regression models in figure 4.3. Error was calculated on 95% 

confidence bounds. 

 Linear 

 Sieved Unsieved 

a 0.56  

± 0.12 

0.50 

± 0.16 

b 0.73 

± 1.55 

1.39  

± 1.89 

R2 0.91 0.86 

RMSE 1.32 1.47 

 

Since the TDR-sensor significantly overestimates VWC compared to the actual VWC, and because the 

slope of the regression line does not match the slope of the 1:1 line, it can be said, that the sensor needs 

calibration to correctly report the VWC. Section 4.4 takes its starting point in calibrating the TDR-sensor 

based on the measured permittivity.  

 

4.3.2 Developing a TDR calibration model based on permittivity measurements 

Permittivity is the soil property used to calculate VWC for TDR-sensors, thus a regression approach 

based on the measured soil bulk permittivity was taken to relate permittivity measurements to VWC. 

The Topp-equation (2.6), presented in section 2.3.1, provides the relation between soil bulk permittivity 

and VWC in most mineral soils, however soil specific calibration is recommended for conditions where 

the Topp-equation fails to report accurate VWC-values (Campbell Scientific Inc. 2018b). Other 

calibration functions suggested by the manufacturer include a simple linear function, a square root 

transformed linear function, a second degree polynomial and a third degree polynomial as was shown 

in section 2.3.1.1. (Campbell Scientific Inc. 2018b). 

Regression analysis was performed using a linear, a square root transformed linear and a second-

degree polynomial regression model testing correlation between measured permittivity and VWC 

(figure 4.4). For the linear and square root transformed linear model, the 95% confidence bounds for the 

slope of the regression line is shown with dashed red. Furthermore, a residual analysis was performed 

for all three calibration functions using residual plots (figure 4.5). Relevant statistics from the regression 

analysis including R2-value and RMSE are shown in table 4.4. 
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Figure 4.4. TDR-calibration curves based on permittivity measurements using, from top to bottom, linear, square 

root transformed linear and second-degree polynomial regression models. Left column: Measurements from sieved 

soil. Right column: Measurements from unsieved soil. For all plots, mean permittivity is shown along the x-axis, 

with mean VWC shown along the y-axis. Confidence bounds are shown for linear and square root transformed 

linear regression models on a 95 % confidence level. Errors on VWC are shown as 2 standard deviations. The blue 

circle point in the sieved soil corresponds to the saturation point (experimental step 12), which was not included 

in the regression analysis, see section 3.2.6. 
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Figure 4.5. Residual plot for all regression models shown in figure 4.4, from top to bottom, linear, square root 

transformed linear and second-degree polynomial regression models. Left column: Measurements from sieved 

soil. Right column: Measurements from unsieved soil. Fitted y-values from each regression model is shown along 

the x-axis with the residual length shown along the y-axis. The horizontal dashed line represents the zero line of 

residuals.  
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Table 4.4. Relevant statistics and coefficients for the regression models in figure 4.4. Coefficients are shown for 

all three calibration models, for both sieved and unsieved soil. Since the parameter c only exists for the second-

degree polynomial model, no such value is reported for the linear and square root transformed linear model. Errors 

were calculated on 95 % confidence bounds. 

 Linear Square root transformed 

linear 

Second-degree  

polynomial 

 Sieved Unsieved Sieved Unsieved Sieved Unsieved 

a 1.13 

± 0.30 

1.03 

± 0.36 

6.62 

± 1.27 

5.81 

± 1.65 

-0.10 

± 0.05 

-0.17 

± 0.11 

b -0.54 

± 2.18 

0.08 

± 2.48 

-9.44 

± 3.17 

-7.54 

± 4.08 

2.92 

± 0.97 

3.84 

± 1.86 

c     -6.55 

± 3.47 

-8.84 

± 5.96 

R2 0.88 0.83 0.93 0.88 0.96 0.93 

RMSE 1.59 1.62 1.17 1.36 0.92 1.01 

 

The linear and square root transformed linear regression model in figure 4.4 contain a systematic 

variation of residuals which is also revealed by the residual plots in figure 4.5. For both the sieved and 

unsieved soil, VWC-values increase faster than corresponding permittivity values for permittivity < 7.0 

(-) in both models. The identified trend of residuals thus consists of a rapidly increasing residual length 

towards higher fitted values, and then a decrease of residuals at the measurements with the highest VWC.  

The residual plot of the second-degree polynomial also revealed a systematical variation pattern 

similar to both the linear and the square root transformed linear regression model, however, for the 

second-degree polynomial model, the magnitude of variation on residuals was significantly lower. In 

summary, all three calibration models show systematical variation of residuals, however of lower 

magnitude for the second degree-polynomial model than for the linear and square root transformed linear 

models.  

For all three calibration models, the sieved soil provides a better fit with respect to R2 and RMSE 

values than the unsieved soil. The second-degree polynomial regression model provides the highest 

values of R2 for both the sieved and unsieved soil.   

 

4.3.3 TDR sensor comparison 

To assess the difference between TDR-sensors of type CS655, the previously described TDR-sensor and 

an additional sensor of the same type was tested over the course of 1 minute at the same location in the 

plastic box. That is, permittivity measurements for both sensors were expected to be of similar 

magnitude. A comparison of results was made and plotted (figure 4.6). Here, TDR 1 corresponds to the 
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sensor used for all above-described measurements, while TDR 2 corresponds to the extra TDR-sensor 

introduced for this experiment.  

 

Figure 4.6. Comparison of two similar TDR sensors of type CS655. Along the x-axis is the second count over the 

course of 1 minute, along the y-axis the permittivity values measured for the specified time point. TDR 2 measured 

consistently higher values of permittivity with the maximum difference being 0.7840.  

Both sensors measured consistent values of permittivity along the course of 1 minute, thus the difference 

of measured values was consistent over the measurement period. The consistency of measurements for 

each individual sensor justifies the averaging approach that was taken earlier in the analysis.  

 

4.4 Calibrating the Arduino sensor system in sieved and unsieved soil 

4.4.1 Linear calibration of individual Arduino capacitance sensors 

To test the individual Arduino sensor’s ability to measure VWC based on capacitance measurements, a 

linear regression model was created for each individual sensor. For the Arduino-sensors, no calibration 

function was provided by the manufacturer, rather the calibration function was theoretically derived by 

Hrisko (2020). The linear calibration curve derived by Hrisko (2020) was presented in section 2.3.2.1. 

The linear calibration function was established for all four sensors for both the sieved and the unsieved 

soil (figure 4.7). Relevant statistics is shown underneath in table 4.5. 
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Figure 4.7. Sensor individual linear regression plots for Arduino sensors in sieved (top panel) and unsieved soil 

(bottom panel). Along the x-axis is the inverse voltage, along the y-axis is the mean VWC. 95% confidence bounds 

on the regression slope is shown with dashed red. The blue circle point in the sieved soil corresponds to the 

saturation point (experimental step 12), which was not included in the regression analysis. 
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Table 4.5. Relevant statistics and coefficients for regression models in figure 4.7. Top section reports coefficients 

for the regression models from the sieved soil and bottom section reports coefficients for regression models from 

the unsieved soil. Errors were calculated on 95% Confidence Bounds. 

 Sieved soil 

 Sensor 1 Sensor 2 Sensor 3 Sensor 4 

a 29.73 

± 10.85 

54.38 

± 12.23 

26.97 

± 13.99 

37.59 

± 13.81 

b -14.95 

± 7.95 

-31.67 

± 8.64 

-12.93 

± 10.25 

-18.75 

± 9.39 

R2 0.79 0.91 0.64 0.79 

RMSE 2.06 1.35 2.68 2.07 

 Unsieved soil 

 Sensor 1 Sensor 2 Sensor 3 Sensor 4 

a 24.64 

± 11.43 

31.88 

± 6.69 

32.33 

± 10.94 

31.29 

± 8.41 

b -12.53 

± 8.92 

-16.59 

± 4.88 

-16.85 

± 7.96 

-15.96 

± 6.09 

R2 0.72 0.93 0.83 0.89 

RMSE 2.05 1.03 1.59 1.30 

 

Based on the R2 and RMSE, sensor 2 shows the best fit to VWC. However, this sensor also seems to 

estimate a significantly higher value of the slope of the regression model for the sieved soil compared 

to the other three sensors. For all sensors, both R2 and RMSE is lowest for the unsieved soil. 

 

4.4.2 RMSE-analysis of combined models 

After establishing four sensor individual regression models, the combined RMSE-values of these models 

were tested to provide insights on the evolution of the RMSE-parameter with addition of more sensors. 

This means that combined models from the sensor showing the highest RMSE-value in sieved soil to 

the sensor performing the lowest RMSE-value in sieved soil were tested and compared (figure 4.8). 
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Figure 4.8. RMSE development per Arduino sensor combination. The RMSE-value was tested for the regression 

model of different sensor combinations, starting with sensor 3, the sensor with the highest RMSE in sieved soil 

(see table 4.6), then adding sensors by decreasing RMSE-value. The development across sensor combinations is 

shown for both the sieved and unsieved soil. The TDR baseline represents the RMSE value of the square root 

transformed calibration curve for the TDR-sensor, reported in table 4.5.  

For both the sieved and unsieved soil, RMSE-values follow an overall decreasing trend, which is a 

natural consequence of applying datasets with a relatively lower RMSE to the combination of regression 

models continuously. The decreasing trend is strongest for the sieved soil, indicating that the spread 

between sensor performance is bigger for the sieved soil than for the unsieved soil. This is confirmed 

by the bigger differences in line slope for the sieved soil regression models (figure 4.7). In essence, these 

sensor combinations represent the worst-case scenarios if fewer sensors than four were to be used and 

if sensors were randomly picked, without previous knowledge about individual sensor performance. 

 

4.4.3 Individual Arduino sensor comparison 

Because the above-described regression model was based on the averages of the four used Arduino 

sensors, it remains to be examined what is the deviation between the four individual sensors, and which 

error this could introduce in the averaging approach. To examine the deviation of the four sensors, the 

individual measurements taken by each sensor at the first 11 experimental steps were plotted together 

with the actual VWC of each experimental step (figure 4.9).  
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Figure 4.9. Individual performance of Arduino sensors for each experimental step by corresponding reciprocal 

voltage value. a) Arduino sensor performance in sieved soil. b) Arduino sensor performance in unsieved soil. 

Along the x-axis is the measured reciprocal voltage and along the y-axis is the actual VWC per measurement.  
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It is seen that variation occurs between sensors and experimental steps, however all four sensors 

correctly identify an increasing reciprocal voltage output with increasing VWC. Sensor-individual 

measurements seem to be characterized by some degree of fluctuations. Sensor 1 reports a consequently 

higher reciprocal voltage output (meaning a higher VWC) than the other three sensors, especially in the 

higher ranges of VWC. Also, for lower values of VWC, deviations seem to be of greater magnitude for 

sieved soil compared to the unsieved soil.  

Additionally, two sensor comparison experiments were used to evaluate the temporal precision of 

the four individual sensors. In similarity with TDR-comparison, these experiments were executed at the 

same location and over the course of 1 minute. A time series showing the measurements of each 

individual sensor and the average measurements was made, to assess the measurement variation between 

sensors (figure 4.10). 
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Figure 4.10. Individual sensor measurements at performed comparison experiments at two different locations in 

the experimental setup. a) Measurements from location 1. b)  Measurements from location 2. All four sensors 

were run at the same location over the course of 1 minute, to make possible sensor comparison. The average data 

series shows the average of all four sensors per measurement time. Along the x-axis is the time in seconds and 

along the y-axis is the measured reciprocal voltage. 
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Figure 4.10 indicates that some fluctuations occur throughout the measurement period of 1 minute, 

however all datapoints for both locations fall inside 2 standard deviations of the mean. It is also seen, 

that for location 2 the deviations are greater than for location 1, by an average magnitude of 0.06 V-1 

corresponding to a VWC error of 2.05 %. As was previously established, sensor 1 reports relatively 

high values overall, however for location 2, sensor 2 reports significantly higher values than the other 

three sensors. Also shown is the averaged time series for all 4 sensors. 

 

4.4.4 Developing a joint regression model for all four Arduino sensors 

To assess the overall performance of the Arduino sensor system, a joint linear regression model was 

developed, using data from all four sensors. The Arduino capacitance sensors rely on a linear relation 

to calculate VWC as was described in section 2.3.2.1, thus a linear regression approach was taken (figure 

4.11). The data points were obtained by averaging all four sensors over the measurement period of 2 x 

5 minutes, to get a best estimate of the central tendency of the voltage output data. Note, that the 

reciprocal values of the measured voltage data are used in the regression, as the VWC relates linearly to 

this quantity. Relevant statistics are reported in table 4.6. 
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Figure 4.11. Joint Arduino linear calibration curves based on capacitance measurements in a) sieved soil and b) 

unsieved soil. Reciprocal voltage is shown along the x-axis and the mean VWC is shown along the y-axis. The 

light grey error bars show the error on the Arduino-measurements, given as 1 standard deviation. Confidence 

bounds on the line slope is given at a 95% confidence level. Errors on VWC is given as 2 standard deviations. The 

blue circle point in the sieved soil corresponds to experimental step 12, which was not included in the regression 

analysis.  
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Table 4.6. Relevant statistics and coefficients for regression models in figure 4.11. Errors on coefficients were 

calculated on 95 % confidence bounds. 

 Linear 

 Sieved Unsieved 

a 41.31 

± 8.50 

31.54 

± 8.21 

b -22.43 

± 6.02 

-16.60 

± 6.06 

R2 0.92 0.90 

RMSE 1.25 1.26 

 

In similarity to the analysis of the TDR calibration functions, a residual plot was created for the joint 

Arduino sensor system calibration curve (figure 4.12).  

 

Figure 4.12. Residual plots for joint Arduino sensor system regression model in a) sieved soil and b) unsieved 

soil, as shown in figure 4.11. Along the x-axis are fitted y-values from figure 4.11, along the y-axis is the residual 

of each point. Residuals are spread random across the residual plot for the sieved soil, while some trend can be 

identified for high values of VWC in the unsieved soil. 
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The joint Arduino regression model does not seem to contain the same systematical offset as was 

identified for the linear and square root transformed linear TDR-calibration curves. Also, the Arduino 

regression models report a higher R2-value and a lower RMSE-value for both the sieved and unsieved 

sample compared to the linear regression model of the TDR-sensor, while the opposite is true for the 

square root transformed linear regression model.  

 

4.5 Results of vertical mixing experiment 

To assess the vertical mixing of the soil, two samples were taken from respectively the top layer and the 

middle layer of the soil profile. Thereby, it was possible to quantify VWC differences in height between 

the top layer from which all soil samples were taken, and the middle layer, where the sensors were 

located. Here, the VWC from respectively the top and middle layer of the soil is shown in table 4.7 

together with the difference reported as percentage points.  

 

Table 4.7. VWC for samples taken in the top respectively middle layer of the soil setup for experimental step 11.  

Sample (no.) VWC top layer (%) VWC middle layer (%) Difference (pp) 

1 15.48 14.60 0.88 

2 16.11 15.43 0.68 

 

For both samples, the VWC was found to be higher in the top layer than in the middle layer. However, 

the magnitude of difference was relatively small, respectively 0.88 and 0.68 percentage points.  

 

5 Discussion 

 

5.1 TDR calibration functions 

In section 4.3.2 a set of possible calibration functions, previously described in section 2.3.1.1, were 

introduced for the TDR-sensor. For a linear regression model to be valid, data must follow a normal 

distribution and residuals must not show a systematical variation (McGrew et al. 2014). The regression 

analysis in section 4.3.2 was performed under the assumption that data were normally distributed. 

However, the residual plots in figure 4.5 revealed a systematical pattern of variation of residuals for the 

linear and square root transformed linear calibration model in both sieved and unsieved soil. This limits 

the utilization of the linear regression model because it implies that the relationship of variables is not 

linear. The identified residual trend includes increasing residual values at low VWC followed by a 

residual decrease for higher values of VWC. The square root transformed linear regression model did 

provide some enhancement from the linear regression model, based on regression statistics (RMSE and 
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R2), however, the above-described residual-variation still applies to this model. The second-degree 

polynomial regression model did show a slight systematical variation of residuals, however the residuals 

is of overall smaller magnitude. For all three calibration functions, the sieved soil provided a better fit 

than the unsieved soil, based on RMSE and R2-values.  

The second-degree polynomial fit does not provide a reliable model for predicting VWC outside the 

examined range of VWC. As figure 4.5 reveals, the second-degree polynomial regression models find 

their domain boundary already within the examined range of VWC. The vertex is for both the sieved 

and unsieved soil located within the examined range at permittivity values of respectively 14.8 (-) and 

11.2 (-). Here, the extra experimental step 11 executed for only the sieved soil, affects vertex of the 

regression model in a positive direction. The relation between permittivity and VWC is however in 

reality continuously increasing. The second-degree polynomial thus fails to detect this continuous 

relation. 

For the sieved soil, the maximum VWC predicted by the model (the y-value of the vertex) is 

approximately 15 %, significantly lower than the soil porosity constituting the real maximum VWC 

(19.13 %). In effect, more measurements at both high VWC are needed to calibrate against the second-

degree polynomial regression model, which could provide an obstacle for using this approach in real 

circumstances. 

Because the second-degree polynomial fit does not provide a solid relation outside of the observed 

range, it is recommended that a square root transformed linear regression model is used for TDR-

calibration in the examined soil, however serious caution must be taken due to the identified systematical 

variation of residuals. 

Vaz et al. (2013) recommended that manufacturers provide soil-specific calibration functions to 

standardize soil moisture sensing. It is suggested that manufacturers evaluate under which soil criteria 

different calibration functions would provide a solid basis for VWC measurement. This includes 

categorizing soil textures and providing possible calibration functions for each soil texture category. 

The calibration curves established for both sieved and unsieved soil supported the need for individual 

calibration curves based on soil classes. For the TDR-sensor calibration curves, the slope difference 

between the models for respectively the sieved and unsieved soil was found to be 9 % for the linear 

regression model and 12 % for the square root transformed regression model (statistical insignificant 

difference). For the joint Arduino calibration model, the slope difference was found to be statistically 

significant. In other words, using different calibration curves for the sieved respectively unsieved soil is 

recommended.  
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5.2 Soil specific conditions influencing TDR-measurements 

For all regression models for both the TDR- and Arduino capacitance sensors, the sieved soil provides 

a better mathematical fit than the unsieved soil (based on R2 and RMSE). On average, the RMSE value 

is smaller by a magnitude of 0.3760 for the sieved soil than for the unsieved soil, corresponding to an 

increased precision in VWC of 0.4 %.  

One aspect that may have profound influence on reported measurements, especially on the TDR-

sensor, is the mineral composition of the soil sample. The soil sample described in section 3.1.1 consists 

of mining waste rock material from an area of heavy industrial iron mining (LKAB 2021). The soil 

sample is potentially rich in iron containing minerals and iron oxides, such as magnetite, goethite or 

hematite. Since the TDR-calibration is based on permittivity, a unitless measure of a soil’s polarizability, 

the TDR-sensor is sensitive to the soil’s natural polarizability, which is higher than for most mineral 

soils. This connection also explains the significant overestimation of VWC by default calibration that 

was found in section 4.3.1. Furthermore, this may explain the better precision obtained for the sieved 

soils. It can be expected that a relatively high share of these iron minerals is contained by the pebble 

grains that were sieved away prior to the sieved experiment. Most studies focused on calibrating TDR-

sensors in a laboratory setting, have focused on soils rich in relatively finer particles (clay and silt), 

however studies evaluating TDR-sensor performance in mining waste rock have been executed in field 

(Cheong et al. 2012; Sekucia et al. 2020; Kalonji-Kabambi et al. 2021). 

The range of VWC has been found to impact measurement accuracy of the TDR-sensor by Walker 

et al. (2004), Mittelbach et al. (2011) and Curioni et al. (2019). While Walker et al. (2004) found that 

TDR-sensors measure with reduced accuracy in the dry range (<5%), Mittelbach et al. (2011) and 

Curioni et al. (2019) reported decreased sensor accuracy at relatively high VWC-values (>30%). 

Calibration curves presented in section 4.3.2 supported that the TDR-sensor performed best between  

4-10 % VWC, showing systematical residual variation in the drier range.  

 

5.3 Comparison of individual TDR and capacitance sensors 

Even though, the calibration curves of the TDR-sensor have limited use, it is still relevant to address the 

high temporal precision with which the TDR-sensor measures permittivity. From the TDR-sensor 

comparison (section 4.3.3), it is seen that both of the tested TDR-sensors measured consistent values 

over the course of 1 minute and that measurements did not fluctuate within this time frame. The 

maximum fluctuation of permittivity values found between individual sensor measurements over the 

course of 1 minute (figure 4.6) was 0.003 (-), corresponding to a change in VWC by 0.02 pp inside 10 

seconds when applying the square root transformed linear calibration curve and assuming that VWC is 

stable within this time frame. On the other hand, all 4 Arduino capacitance sensors showed temporal 

differences of individual measurements (figure 4.10), with a maximum point difference of 0.03 V-1 

(recorded by sensor 4) corresponding to a VWC change by 1.13 pp inside 10 seconds when applying 
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the calibration curve for sensor 4 (table 4.5). Hence, sensor 4 showed the greatest individual fluctuation 

between points during the individual sensor comparison. This, of course, is the largest temporal 

fluctuation that can be observed for any of the 4 used Arduino capacitance sensors, and therefore 

constitutes the worst-case scenario. For the Arduino sensor with the lowest maximum point difference 

(sensor 3), the difference between measurements (0.002 V-1, corresponding to a change in VWC by 0.06 

pp) is still larger than for the TDR-sensor. These ranges of fluctuations are within the limits of what was 

reported by the literature in Vaz et al. (2013) and Walker et al. (2004). It is, however, worth pointing 

out, that the magnitude of difference between the 4 different sensors is larger than the magnitude of 

difference between measurements for each individual sensor (figure 4.10). The maximum differences 

between sensors at a measurement time was 0.04 V-1 corresponding to a VWC change of 1.65 pp for 

location 1 (sensor 1 and 4) and 0.1 V-1 corresponding to a VWC change of 4.1 pp for location 2 (sensor 

2 and 4). This means that the difference between individual sensors introduces a larger uncertainty in 

the averaging approach than the difference between individual measurements for each sensor.  

However, the temporal precision of a TDR-sensor compared to any individual capacitance sensor is 

slightly in favour of the TDR-sensor, because the TDR-sensor is capable of reporting consistent values 

over the course of 1 minute, while the individual Arduino sensors are not. It is worth noticing that the 

temporal precision of the averaged data series (as seen in figure 4.10) is higher than for any individual 

sensors. Thus, the maximum point difference of the averaged data series is lower than for any of the 4 

individual sensors. This furthermore underlines the purpose of averaging Arduino sensor data over a 

certain time period (for example 2 x 5 minutes as described in this report), because individual datapoints 

may to a higher degree than for the TDR-sensor be influenced by temporal fluctuations. This effect can 

thus be diminished by an averaging approach.  

 

5.4 How adding more Arduino sensors affects calibration curve fitting 

The above section 5.3 describes how the temporal precision between sensor-individual measurements 

is higher for the TDR-sensor than for the individual Arduino sensors. However, this may not reflect the 

overall picture, when a several Arduino sensors are used. From the results of the RMSE-analysis 

presented in section 4.4.2, it was found that using 4 Arduino sensors leads to a calibration curve with a 

lower RMSE than using any individual sensor.  

For the sieved soil, the RMSE of the regression model using all 4 sensors was smaller than the RMSE 

of all individual regression models, while the same is true for 3 out of 4 sensors for the unsieved soil. 

For the sieved soil, the overall decrease of RMSE from the individual sensor model with the highest 

value to the regression model using all 4 sensors was 55 % while for the unsieved soil it was 21 %. Thus, 

the calibration curve fit can be significantly enhanced by using 4 sensors, especially for the sieved soil.  

For any combination of sensors that used only 3 or less sensors, the RMSE value was in both soils 

higher than for the square root transformed calibration curve of the TDR-sensor. Therefore, to obtain a 
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joint calibration curve for the Arduino sensors, comparable to those of the TDR-sensor at least 4 sensors 

will be required. Fewer sensors may be used, if less temporal precision and calibration curve fit can be 

accepted. Because experiments with more than 4 Arduino sensors were not conducted, it remains 

unknown whether the precision that may be obtained with more Arduino-sensors is higher than reported 

here. One practical implication of using multiple Arduino sensors here, is that these are vulnerable to 

electrical disturbances due to installation imprecisions. The sensor equipment needs soldering of 

connecting wires, which are freely connected to the Arduino board and the data logging shield. In 

opposition to this, the TDR-sensor is encapsuled in a sensor head and a protected wire.  

Mittelbach et al. (2011) suggested that the high accuracy of TDR-sensors can be utilized in 

combination with several low-cost sensors to establish soil moisture network measurements. Because 

large-scale monitoring of soil moisture content is dependent on a large number of sensors, it may be 

relevant to combine TDR and capacitance sensing to better quantify spatial variation over larger 

distances and at the same time get point-station measurements with a high temporal precision. The 

ability of the TDR-sensor to provide measurements of other relevant parameters (especially soil 

temperature and electrical conductivity) may also be useful for research purposes. The Arduino-sensor 

system is on the other hand focused solely on measuring VWC. The low-cost Arduino sensor system 

can thus be used as a supplementary to the high-cost TDR sensors, making possible quantification of 

spatial variability of SMC at medium to large scales. Hence, the feasibility of the Arduino-sensors makes 

possible large-scale use of this sensor system, however the technical specifications mean the sensors are 

limited to measure only the VWC. 

The data fluctuations associated with the Arduino-sensors mean that measurements with individual 

Arduino-sensors should be treated with caution, however in cases where data of lower temporal 

precision can be accepted from individual sensors, these may still be useful. However, using multiple 

Arduino sensors will significantly enhance the calibration curve fit with respect to R2 and RMSE. In any 

way, calibration of sensors, which is ideally executed for every individual sensor, is a necessity for 

obtaining data with an acceptable degree of precision. A joint calibration curve can be chosen for 

practical reasons, but does only provide an alternative to sensor-individual calibration when multiple 

sensors are used, and when only these sensors were calibrated jointly. In other words, a joint calibration 

curve will always need revision for any sensor addition, removal or exchange. A joint calibration curve 

should not be used for individual Arduino sensors. The best approach to enhance the precision of 

individual Arduino sensors is thus to calibrate each sensor individually, however since this is time- and 

resource consuming, a joint calibration approach may be used, when applied on the sensors for which 

the calibration curve was jointly established.  
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5.5 Sensor performance at higher ranges of VWC 

Experimental 12 (the saturation point) was not included in the establishment of any presented calibration 

curve, because this would make impossible comparison of calibration curves between sieved and 

unsieved soil. However, for all three calibration curves of the TDR-sensor (figure 4.4), inclusion of this 

point decreases the R2-value, that is, the magnitude of unexplained variation within the model increases 

(appendix 4, figure 8.2). Here, it should be noted that the saturation point is measured in VWC-ranges 

that, compared to the rest of the dataset, would give it a disproportionately big influence on model 

statistics and coefficients. In other words, this means that data in higher ranges of VWC may not be 

distributed in the same way as in lower ranges of VWC.  

For the Arduino sensors, data at higher VWC-ranges indicates that the 4 sensors individually and in 

combination do not accurately capture the actual change in VWC at higher ranges. The spread of data 

in the higher VWC-range for both the joint calibration curve and the sensor-individual calibration curves 

thus indicates that this sensor type performs better in ranges <75 % of saturation level. However, it 

should be noted that VWC at levels >75 % of the saturation volume rarely occurs in field, and only 

under special conditions would constitute an important part of the yielded data. In general, for both the 

TDR- and Arduino-sensors, calibration curves see a lower degree of fitting, when the full range (from 

dry to saturation) of VWC is examined in sieved soil. However, this should make the calibration curves 

more representative for the full range of VWC.  

 

5.6 Assessment of vertical mixing of SMC in measured soil 

The need to evaluate vertical mixing of SMC during the experimental setup was addressed by Cheong 

et al. (2012). Cheong et al. (2012) used TDR-sensing to assess VWC in a mining waste rock pile from 

a depth of -30 cm to -150 cm. Here, a large degree of heterogeneity between soil layers was found, with 

VWC at -30 cm showing great fluctuations in connection with precipitation events, while VWC at -50 

cm was relatively unaffected by precipitation input on the surface. VWC was found to increase with 

depth during the dry season, from 0.16 m3/m3 at -30 cm to 0.4 m3/m3 at -120 cm. This highlights the 

need for proper mixing of soil during laboratory calibration, as the natural variation observed in the field 

will influence calibration results.  

The experimental method as described in section 3.2.4 is reliant on proper mixing of the soil between 

measurements at each experimental step. Whether or not proper soil mixing has been executed is not 

revealed from measurements or gravimetric samples, however the height differentiated samples that 

were taken at step 11, may be used to assess whether vertical differences of VWC exists prior to these 

measurements.  The results presented in table 4.6 did not reveal significant differences in VWC between 

the top and middle layer after mixing. In both cases however, the top layer showed the greatest VWC, 

but the magnitude of difference did not provide any conclusive pattern. Thus, it is assumed that soil 
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moisture was homogenously distributed along the soil column, and that SMC-variation with depth did 

not influence the experimental results.  

 

5.7 Perspectives and future work 

Other studies, including Cheong et al. (2012), Martin et al. (2017) and Kalonji-Kabambi et al. (2021) 

measured SMC in a mining waste rock pile, to examine hydrological processes in relation to pollutant 

release. Where Cheong et al. (2012) and Kalonji-Kabambi et al. (2021) used a TDR-measurement 

technique, Martin et al. (2017) used a fiber-optic distributed temperature sensing cable to measure VWC. 

None of these studies included use of more than one technique to measure VWC and neither did they 

address possible usage of other techniques let alone capacitance-based soil moisture sensing.  

The results presented in this report suggests that using several capacitance soil moisture sensors can 

provide a solid supplementary to TDR-measurements, which can be utilized for quantification of spatial 

variability in mining waste rock. In cases, where lower temporal precision on VWC-data is assessed 

acceptable, the Arduino system may also be used independently. Thus, when addressing hydrological 

processes in mining waste rock material, use of multiple capacitance sensors alongside one or few TDR-

sensors has the potential to provide more detailed information on spatial variability of SMC. Including 

low-cost capacitance techniques in studies relating to SMC in mining waste rock material, thus needs to 

be considered, as this could provide valuable information on assessing and modelling risks of pollutant 

release from waste rock piles.  

Because a maximum of 4 Arduino sensors were tested, and because the RMSE-analysis revealed that 

a calibration curve based on averaged measurements provided a better fit than any fit of individual 

sensors, it remains to be examined how using a larger number of sensors would affect the calibration 

curve. Therefore, the next step would be to up-scale the experimental setup, testing more than 4 

capacitance sensors over a geographical larger area. Also, the applicability of sensors in field conditions 

remains unclear, as sensors perform better in controlled laboratory conditions than in field (Curioni et 

al. 2019). Also, testing sensors at higher VWC may be recommended for future studies, since the 

calibration curves for the unsieved soil were limited by lack of data from VWC-ranges higher than 15%.  

 

6 Conclusion 

 

Here, a comparison analysis between one TDR- and four capacitance soil moisture sensors in a sieved 

respectively unsieved soil of mining waste rock material was conducted and presented. The overall 

conclusions of the report can be expressed in bullet point form:  
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• The TDR-sensor confirmed the high temporal precision associated with the sensor type, 

however it did overestimate VWC by default calibration. Data obtained from individual Arduino 

sensors should be treated with caution, however significant enhancements to the calibration 

curves of the Arduino sensors were found with respect to R2 and RMSE when multiple sensors 

were used. At least 4 Arduino sensors were necessary to establish a calibration curve with a 

RMSE comparable to that of the TDR-sensor. The best TDR-derived calibration curve produced 

an R2 of 0.93 and 0.88 (for sieved and unsieved soil respectively) and an RMSE of 1.36 and 

1.17. In comparison, the joint Arduino calibration curve produced an R2 of 0.92 and 0.90 (for 

sieved and unsieved soil respectively) and an RMSE of 1.25 and 1.26, indicating a better 

statistical fit than any calibration curve established for individual Arduino sensors. Especially 

in cases where a large number of measurements are needed to quantify spatial variability, the 

feasibility and low-cost upscaling of the Arduino sensor system may justify usage of the sensor 

system, even if the temporal precision of the data is lower. 

 

• For both the TDR- and Arduino capacitance sensors, the calibration curves provided better 

fitting for the sieved soil compared to the unsieved soil. A linear regression model was used to 

calibrate the Arduino capacitance sensor, while a square root transformed linear regression 

model was recommended for the TDR-sensor. However, this square root transformed linear 

calibration model was impacted by a systematical variation of residuals, thus care must be taken 

when actively applying this calibration. This applies to both the sieved and unsieved soil.  

 

• Especially the TDR sensor is affected by the mineral soil composition in this sample of mining 

waste rock, with respect to the presence of iron rich minerals, leading to a significant 

overestimation of VWC by default calibration. This effect is stronger in the unsieved soil 

compared to the sieved soil. It is recommended to use different calibration curves for different 

soil compositions and to test and analyse different possible calibration functions for this 

purpose. Detailing soil class categorization and the calibration function associated with each 

class, may help ease calibration of soil moisture sensors for future purposes.   
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Appendices 

Appendix A – Campbell TDR sensor script 

 

Script created in ShortCut, a LoggerNet integrated software by Campbell Scientific.  

 

'CR1000 

'Created by Short Cut (4.4) 

 

'Declare Variables and Units 

Public BattV 

Public PTemp_C 

Public CS65X(6) 

 

Alias CS65X(1)=VWC 

Alias CS65X(2)=EC 

Alias CS65X(3)=T 

Alias CS65X(4)=P 

Alias CS65X(5)=PA 

Alias CS65X(6)=VR 

 

Units BattV=Volts 

Units PTemp_C=Deg C 

Units VWC=m^3/m^3 

Units EC=dS/m 

Units T=Deg C 

Units P=unitless 

Units PA=nSec 

Units VR=unitless 

 

'Define Data Tables 

DataTable(Avg,True,-1) 

 DataInterval(0,60,Sec,10) 

 Average(1,BattV,FP2,False) 

 Average(1,PTemp_C,FP2,False) 

 Average(1,VWC,FP2,False) 

 Average(1,EC,FP2,False) 
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 Average(1,T,FP2,False) 

 Average(1,P,FP2,False) 

 Average(1,PA,FP2,False) 

 Average(1,VR,FP2,False) 

EndTable 

 

DataTable(Min,True,-1) 

 DataInterval(0,60,Sec,10) 

 Minimum(1,BattV,FP2,False,False) 

 Minimum(1,PTemp_C,FP2,False,False) 

 Minimum(1,VWC,FP2,False,False) 

 Minimum(1,EC,FP2,False,False) 

 Minimum(1,T,FP2,False,False) 

 Minimum(1,P,FP2,False,False) 

 Minimum(1,PA,FP2,False,False) 

 Minimum(1,VR,FP2,False,False) 

EndTable 

 

DataTable(Max,True,-1) 

 DataInterval(0,60,Sec,10) 

 Maximum(1,BattV,FP2,False,False) 

 Maximum(1,PTemp_C,FP2,False,False) 

 Maximum(1,VWC,FP2,False,False) 

 Maximum(1,EC,FP2,False,False) 

 Maximum(1,T,FP2,False,False) 

 Maximum(1,P,FP2,False,False) 

 Maximum(1,PA,FP2,False,False) 

 Maximum(1,VR,FP2,False,False) 

EndTable 

 

'Main Program 

BeginProg 

 'Main Scan 

 Scan(10,Sec,1,0) 

  'Default CR1000 Datalogger Battery Voltage 

measurement 'BattV' 

  Battery(BattV) 
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  'Default CR1000 Datalogger Wiring Panel 

Temperature measurement 'PTemp_C' 

  PanelTemp(PTemp_C,_50Hz) 

  'CS650/CS655 Water Content Reflectometer 

measurements 'VWC', 'EC', 'T','P', 'PA', and 'VR' 

  SDI12Recorder(CS65X(),1,"0","M4!",1,0,-1) 

  'Call Data Tables and Store Data 

  CallTable Avg 

  CallTable Min 

  CallTable Max 

 NextScan 

EndProg 
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Appendix B – Arduino capacitance sensor script  

 

Script based on Hydroplets (2021). Libraries imported through Arduino IDE.  

 

////////////////////////////  Display 

// 

// #include <LiquidCrystal.h> 

// initialize the library by associating any needed LCD interface 

pin 

// with the arduino pin number it is connected to 

// const int rs = 8, en = 7u, d4 = 5, d5 = 4, d6 = 3, d7 = 6; 

// LiquidCrystal lcd(rs, en, d4, d5, d6, d7); 

// 

//////////////////////////// 

 

 

////////////////////////////  sensor 

//  

int soil_pin = A0; // AOUT pin on sensor 

int soil_pin2 = A1; //AOUT pin on sensor 2 

int soil_pin3 = A2; //AOUT pin on sensor 3 

int soil_pin4 = A3; //AOUT pin on sensor 4 

 

float slope = 9.28; //2.48; // slope from linear fit 

float intercept =-6.76; // -1.23;// -0.72; // intercept from linear 

fit 

 

 

// 

//////////////////////////// 

 

//////////////////////////// SD  

//  

#include <SD.h> 

#include <Wire.h> 

#include <RTClib.h> 

#include <SPI.h> 
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#define LOG_INTERVAL   1000 // 3600000 // mills between entries 

(reduce to take more/faster data) 

 

// 1000 = 1 s 

// 60 000 = 60 s = 1 min 

// 3 600 000 = 60 min  

 

// how many milliseconds before writing the logged data permanently 

to disk 

// set it to the LOG_INTERVAL to write each time (safest) 

// set it to 10*LOG_INTERVAL to write all data every 10 datareads, 

you could lose up to 

// the last 10 reads if power is lost but it uses less power and is 

much faster! 

#define SYNC_INTERVAL 2000 // mills between calls to flush() - to 

write data to the card 

uint32_t syncTime = 0; // time of last sync() 

 

#define ECHO_TO_SERIAL   1 // echo data to serial port 

#define WAIT_TO_START    0 // Wait for serial input in setup() 

 

//RTC_DS1307 RTC; // define the Real Time Clock object 

RTC_PCF8523 RTC; 

//rtc.adjust(DateTime((2022,3,18,11,39,00));  

// for th data logging shield, we use digital pin 10 for the SD cs 

line 

//const int chipSelect = 10; 

const int chipSelect = 10; 

 

// the logging file 

File logfile; 

  

 

// 

//////////////////////////// 
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//////////////////////////// 

//          Sleep 

  #include <Sleep_n0m1.h> 

   

  //Sleep sleep; 

  unsigned long sleepTime = 1000; //300000; //300000; //60000; //set 

sleep time in ms, max sleep time is 49.7 days 

// 

//////////////////////////// 

 

//////////////////////////// 

//          SETUP 

////////////////////////////  

 

void setup() {     

    SDINI(); 

    //analogReference(DEFAULT); 

    // set up the LCD's number of columns and rows: 

    //lcd.begin(16, 2); 

    //lcd.print("hello, world!  "); 

    //lcd.print(" Have a nice day and happy measurements   :D !"); 

    } 

//////////////////////////// 

//          LOOP 

////////////////////////////  

void loop() { 

 

delay(10000); 

 

  //pwrDownMode(); //set sleep mode 

  //sleepDelay(sleepTime); //sleep for: sleepTime 

    //Serial.print(F(":O good morning \n ")); 

  

  ///////////////////////// TIME and date write 

  // 

  // delay for the amount of time we want between readings 

delay((LOG_INTERVAL - 1) - (millis() % LOG_INTERVAL)); 



 56 

    DateTime now; 

    // log milliseconds since starting 

    uint32_t m = millis()/1000; 

    logfile.print(m);           // milliseconds since start 

    logfile.print(", "); 

    #if ECHO_TO_SERIAL 

      Serial.print(m);         // milliseconds since start 

      Serial.print(F(", ")); 

    #endif 

   

    // fetch the time 

    now = RTC.now(); 

    // log time 

    //logfile.print(now.unixtime()); // seconds since 1/1/1970 

    //logfile.print(", "); 

    //logfile.print('"'); 

    logfile.print(now.year(), DEC); 

    logfile.print("/"); 

    logfile.print(now.month(), DEC); 

    logfile.print("/"); 

    logfile.print(now.day(), DEC); 

    logfile.print(" "); 

    logfile.print(now.hour(), DEC); 

    logfile.print(":"); 

    logfile.print(now.minute(), DEC); 

    logfile.print(":"); 

    logfile.print(now.second(), DEC); 

    //logfile.print('"'); 

    //logfile.print(' '); 

    #if ECHO_TO_SERIAL 

        //Serial.print(now.unixtime()); // seconds since 1/1/1970 

        //Serial.print(F(", ")); 

        //Serial.print('"'); 

        Serial.print(now.year(), DEC); 

        Serial.print(F("/")); 

        Serial.print(now.month(), DEC); 

        Serial.print(F("/")); 
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        Serial.print(now.day(), DEC); 

        Serial.print(F(" ")); 

        Serial.print(now.hour(), DEC); 

        Serial.print(F(":")); 

        Serial.print(now.minute(), DEC); 

        Serial.print(F(":")); 

        Serial.print(now.second(), DEC); 

        //Serial.print('"'); 

        Serial.print(','); 

        //Serial.print(' '); 

        

    #endif //ECHO_TO_SERIAL 

 

  /////////////////////////  sensor 

  // 

    

     float 

voltage,voltage2,voltage3,voltage4,vol_water_cont,vol_water_cont2,vo

l_water_cont3,vol_water_cont4; // preallocate to approx. voltage and 

theta_v 

  Serial.print("Voltage: "); 

  voltage = (float(analogRead(soil_pin))/1023.0)*3.3; 

  voltage2 = (float(analogRead(soil_pin2))/1023.0)*3.3; 

  voltage3 = (float(analogRead(soil_pin3))/1023.0)*3.3; 

  voltage4 = (float(analogRead(soil_pin4))/1023.0)*3.3; 

  Serial.print(voltage); // read sensor 

  Serial.print(" , "); 

  Serial.print(voltage2); 

  Serial.print(" , "); 

  Serial.print(voltage3); 

  Serial.print(" , "); 

  Serial.print(voltage4); 

  Serial.print(" , "); 

  Serial.print(" V , Theta_v: "); 

  vol_water_cont = ((1.0/voltage)*slope)+intercept; // calc of 

theta_v (vol. water content) 

  vol_water_cont2 = ((1.0/voltage2)*slope)+intercept; 
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  vol_water_cont3 = ((1.0/voltage3)*slope)+intercept; 

  vol_water_cont4 = ((1.0/voltage4)*slope)+intercept; 

  Serial.print(vol_water_cont); 

  Serial.print(" , "); 

  Serial.print(vol_water_cont2); 

  Serial.print(" , "); 

  Serial.print(vol_water_cont3); 

  Serial.print(" , "); 

  Serial.print(vol_water_cont4); 

  Serial.println(" cm^3/cm^3"); // cm^3/cm^3 

   

   // 

  ///////////////////////// 

 

 

 

  ///////////////////////// DISPLAY VALUES  

  // 

  // set the cursor to column 0, line 1 (note: line 1 is the second 

row, since counting begins with 0): 

   //lcd.setCursor(0, 0); 

     //lcd.print("hello, world!") 

    //lcd.print(F("Theta v:")); 

    //lcd.print(vol_water_cont*100);    //current temperature 

    //lcd.print("%"); 

  // 

  /////////////////////////  

   

  ///////////////////////// WRITE SD 

  // 

    logfile.print(","); 

    logfile.print(voltage); 

    logfile.print(","); 

    logfile.print(voltage2); 

    logfile.print(","); 

    logfile.print(voltage3); 

    logfile.print(","); 
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    logfile.print(voltage4); 

    logfile.print(","); 

    logfile.print(vol_water_cont); 

    logfile.print(" , "); 

    logfile.print(vol_water_cont2); 

    logfile.print(","); 

    logfile.print(vol_water_cont3); 

    logfile.print(","); 

    logfile.print(vol_water_cont4); 

    logfile.println();     

    logfile.flush(); 

} 

 

//////////////////////////// 

//          SUB R.  

////////////////////////////  

// 

// 

  

void SDINI() { 

  Serial.begin(115200); 

  Serial.println(); 

 

  Serial.print(F("Initializing SD card...")); 

  // make sure that the default chip select pin is set to 

  // output, even if you don't use it: 

  Serial.begin(115200); 

  pinMode(10, OUTPUT); 

 

  // see if the card is present and can be initialized: 

  if (!SD.begin(10,11,12,13)) {} 

  Serial.println(F("card initialized.")); 

  // create a new file 

  char filename[] = "LOGGER00.csv"; 

  for (uint8_t i = 0; i < 100; i++) { 

    filename[6] = i / 10 + '0'; 

    filename[7] = i % 10 + '0'; 



 60 

    if (! SD.exists(filename)) { 

      // only open a new file if it doesn't exist 

      logfile = SD.open(filename, FILE_WRITE); 

      break;  // leave the loop! 

    } 

  } 

    Serial.print(F("Logging to: ")); 

    Serial.println(filename); 

 

  // connect to RTC 

  Wire.begin(); 

  if (!RTC.begin()) { 

    logfile.println(F("RTC failed")); 

#if ECHO_TO_SERIAL 

    Serial.println(F("RTC failed")); 

#endif  //ECHO_TO_SERIAL 

  } 

 

  

logfile.println("t(s),timestamp,Volt_Sensor1(V),Volt_Sensor2(V),Volt

_Sensor3(V),Volt_Sensor4(V),VWC_Sensor1(%),VWC_Sensor2(%),VWC_Sensor

3(%),VWC_Sensor4(%)"); 

#if ECHO_TO_SERIAL 

  

Serial.println(F("t(s),timestamp,Volt_Sensor1(V),Volt_Sensor2(V),Vol

t_Sensor3(V),Volt_Sensor4(V),VWC_Sensor1(%),VWC_Sensor2(%),VWC_Senso

r3(%),VWC_Sensor4(%)")); 

#endif //ECHO_TO_SERIAL 

 

  // If you want to set the aref to something other than 5v 

  analogReference(EXTERNAL); 

} 
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Appendix C – Sensor calibration procedures 

 

Quantification of soil composition: 

 

1) Weigh gross soil sample (aim for app. 1 kg) 

2) Weigh sieves (16, 8, 4, 2, 1, 0.5, 0.25, 0.125, 0.063 mm) 

3) Run soil sample through sieves – shake 

4) Weigh retained soil for each sieve 

5) Calculate amount of retained material in each sieve 

6) Plot cumulated retain-graph 

 

Quantification of soil porosity: 

 

7) Fill graduated beaker with soil sample to a known volume 

8) Fill graduated cylinder with water and measure amount of water in cylinder 

9) Add water to soil-filled beaker, until soil is saturated 

10) Note the amount of water used to saturate soil sample 

11) Calculate porosity using  

 

𝜙 =
𝑉𝑝

𝑉𝑠 + 𝑉𝑝
 (8.1)  

 

 

where  

 

𝑉𝑝 is pore volume (= volume of used water) 

𝑉𝑠 is solid volume (before saturation) 

 

 

Soil preparation: 

 

12) If necessary remove large objects manually from unsieved soil 

13) Sieve soil to <8mm grain size 
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Calibration of moisture sensors: 

 

14) Pack app. 10cm of soil firmly with hand-force in a plastic box. 

15) Place sensors (Campbell and Arduino) on packed soil opposite each other on top of packed 

soil.  

16) Pack app. 10cm of soil firmly by hand around rods, so that sensors are covered.  

17) Make measurements over a 5-minute period. Report average, maximum and minimum. 

 

 

 

Increase water volume: 

 

18) Remove sensors from soil setup 

19) Take three samples of a known volume from the soil 

20) Transfer soil to second plastic box for mixing.  

21) Add specified amount of water to soil 

22) Mix soil by hand with a shovel, so that moisture is equally distributed around the soil.  

23) Repeat procedure for wetted soil 10 times 

24) Repeat procedure for unsieved soil 

 

Determine gravimetric water content from taken sample: 

 

25) Weigh samples of known volume from step 12. 

26) Dry sample at 105 deg for 24h.  

27) Weigh dried samples 

28) Calculate the gravimetric water content using  

 

Θ =
𝑚𝑤𝑒𝑡 − 𝑚𝑑𝑟𝑦

𝑚𝑑𝑟𝑦
  (8.2)

 

 

where 

Θ is the gravimetric water content in % 

𝑚𝑤𝑒𝑡 is the wet weight of the soil sample in g 

𝑚𝑑𝑟𝑦 is the dry weight of the soil sample in g 
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29) Convert GWC to VWC using  

 

𝜃 =
Θ ∗ 𝜌𝑠𝑜𝑖𝑙

𝜌𝑤𝑎𝑡𝑒𝑟
 (8.3) 

 

 

where 

𝜃 is the volumetric water content in % 

Θ is the gravimetric water content in % 

𝜌𝑠𝑜𝑖𝑙 is the soil bulk density in g cm-3 

𝜌𝑤𝑎𝑡𝑒𝑟 is the water density in g cm-3 

 

 

Calibration curve: 

 

30) Group measurements taken during step 10 in Campbell and Arduino groups 

31) Plot measurements vs volumetric water content 

32) Perform regression analysis and determine regression method  
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Appendix D – Calibration curves including saturation point. 

 

Note, in this appendix the saturation is not marked with a blue circle, but rather with a blue cross 

similar to other data.  

 

Figure D1. Linear regression model for TDR-measured VWC values including experimental step 12. That is, for 

the sieved soil, the saturation point was included in the regression model. Otherwise corresponding to figure 4.3.  
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Table D1. Statistics and coefficients for regression model shown in figure D1.  

 Linear 

 Sieved Unsieved 

a 0.44 

± 0.09 

0.50 

± 0.16 

b 1.85 

± 1.67 

1.39  

± 1.90 

R2 0.91 0.86 

RMSE 1.74 1.47 

 

 

Figure D2. Calibration curves for the TDR-sensor including experimental step 12. Otherwise corresponding to 

figure 4.5.  
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Figure D3. Residual plots for regression models presented in figure D2. Otherwise corresponding to figure 4.6. 

 

Table D2. Statistics and coefficients for calibration curves presented in figure D2. 

 Linear Square root transformed 

linear 

Second-degree  

polynomial 

 Sieved Unsieved Sieved Unsieved Sieved Unsieved 

a 2.26 

± 0.30 

1.03  

± 0.36 

4.91 

± 1.07 

5.81 

± 1.65 

-0.04 

± 0.01 

-0.17 

± 0.11 

b 0.64 

± 2.18 

0.08 

± 2.48 

-5.53 

± 3.08 

-7.54 

± 4.08 

1.82 

± 0.47 

3.84 

± 1.90 

c     -2.96 

± 2.34 

-8.84 

± 5.96 

R2 0.80 0.83 0.90 0.88 0.95 0.93 

RMSE 2.54 1.61 1.76 1.36 1.22 1.01 
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Figure D4. Sensor individual calibration curves in sieved and unsieved soil including experimental step 12. 

Otherwise corresponding to figure 4.7.  
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Table D3. Statistics and coefficients for regression models presented in figure D4. 

 Sieved soil 

 Sensor 1 Sensor 2 Sensor 3 Sensor 4 

a 35.34 

± 15.36 

60.05 

± 11.11 

31.90 

± 19.44 

44.57 

± 15.13 

b -18.36 

± 11.46 

-35.47 

± 8.03 

-15.70 

± 14.41 

-23.04 

± 10.53 

R2 0.70 0.93 0.53 0.79 

RMSE 3.12 1.51 3.89 2.58 

 Unsieved soil 

 Sensor 1 Sensor 2 Sensor 3 Sensor 4 

a 24.64 

± 11.43 

31.88 

± 6.69 

32.33 

± 10.94 

31.29 

± 8.41 

b -12.53 

± 8.92 

-16.59 

± 4.88 

-16.85 

± 7.96 

-15.96 

± 6.09 

R2 0.72 0.93 0.83 0.89 

RMSE 2.05 1.03 1.59 1.30 
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Figure D5. RMSE development for regression models including experimental step 12. Otherwise corresponding 

to figure 4.8. 
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Figure D6. Individual Arduino sensor performance in sieved and unsieved including experimental step 12. 

Otherwise corresponding to figure 4.9. 
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