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Abstract: This paper focuses on building a non-invasive, low-cost sensor that can be fitted over tree
trunks growing in a semiarid land environment. It also proposes a new definition that characterizes
tree trunks’ water retention capabilities mathematically. The designed sensor measures the variations
in capacitance across its probes. It uses amplification and filter stages to smooth the readings, requires
little power, and is operational over a 100 kHz frequency. The sensor sends data via a Long Range
(LoRa) transceiver through a gateway to a processing unit. Field experiments showed that the system
provides accurate readings of the moisture content. As the sensors are non-invasive, they can be fitted
to branches and trunks of various sizes without altering the structure of the wood tissue. Results
show that the moisture content in tree trunks increases exponentially with respect to the measured
capacitance and reflects the distinct differences between different tree types. Data of known healthy
trees and unhealthy trees and defective sensor readings have been collected and analysed statistically
to show how anomalies in sensor reading baseds on eigenvectors and eigenvalues of the fitted curve
coefficient matrix can be detected.

Keywords: sensors; capacitive sensor; wood trunks; oscillator; dielectric material; smart agriculture;
LoRa; anomaly detection; eigenvectors; eigenvalues; covariance matrix

1. Introduction

When measuring humidity in the agriculture sector, soil moisture sensors are com-
monly used to detect moisture in the soil at different depths. There are four types of soil
moisture sensors: resistance blocks, neutron thermalization, capacitance sensing (frequency
domain sensing), and travel time sensing (time-domain transmission modes and time-
domain reflectometry). Of the four, capacitance sensing (frequency domain sensing) is
the most used and measures the variation in capacitance between two probes. The soil
moisture sensor is based on fringing capacitance and the increase in the dielectric constant
of a soil–water mixture with water content.

The frequency shifts of an RC oscillator connected to the capacitance sensor electrode
are then measured by a microcontroller. However, soil sensors cannot detect moisture in
tree trunks and branches. Despite the direct correlation between the moisture content of
the soil and tree trunks’ moisture, there are situations in which there could be variations
between the two parameters. Examples include severe tree trunk damage to the chinaberry
tree, whose scientific name is Melia Azedarach, as shown in Figure 1a, insect damage to tree
trunk tissue, a disease that prevents the tree from extracting water normally, or a fungus
that affects the tree’s roots. All such factors cause significant variation between soil and
trunk moisture content. This may cause the soil sensor to mistakenly indicate that the tree
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is well hydrated. Hence, a sensor capable of measuring the moisture inside the tree trunk
is thought to be more accurate and useful than measuring the water in the soil.
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Time Domain Reflectometers (TDRs) have been used intensively to measure tree
trunks’ moisture. The sensor probes are implanted in the trunk, and a coaxial cable guides
the signal into the reading panel. The cost of such sensors is high due to the high-frequency
oscillators built inside them and the time delay detection circuitry that needs to detect
delays in Pico seconds. The cost and the invasive probes are two of the downsides of such
sensors. Moreover, trees located at a distance from the data processing unit mean that a
scalable solution with a connectivity interface that can transmit the data in real-time is a
significant challenge.

A wireless technology to transfer the data to the processing unit is thus a better option.
Using LoRaWan to facilitate this transfer has proven to be an effective way to achieve this.
The connectivity can be achieved via connecting all the sensors directly with a gateway or
connecting the nodes in an ad-hoc manner until the message is transferred to the gateway
to deliver these readings for a very long range. Figure 1b shows the general connectivity of
such a sensor. Having such connectivity will make time-series data analysis easier. It will
give an explanatory model that reflects what is considered normal or abnormal behaviour
by the tree moisture.
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There are obvious differences between tree trunks and soil structure. Soil consists of
a mixture of minerals, air, water, and organic material that contributes to the bio content
of the earth. This inhomogeneous mixture and the variation between different soil types
makes variations in water retention capabilities similar between different regions. Soil
humidity hugely affects agriculture due to its importance in the plant and tree life cycle [1].
The soil’s physical structure, such as spaces between particles, soil type (sand, loam, peat,
clay, etc.), and drainage capability, affect water retention [2]. Therefore, knowing the soil’s
physical characteristics, such as soil temperature, moisture content, and salinity, helps
farmers care appropriately for their plants and trees. It enables a better understanding of
irrigation needs regarding water quantities and watering intervals.

Contrary to the soil, the wood structure is more homogeneous, with a less dynamic
structure nature. The wood tissue and stems are rigid and less affected by the external
environmental variations. This implies that the humidity variation inside the tree trunks
needs more time to be noticed via sensors.

The paper is organized as follows: Section 2 presents the recent literature on capacitive
sensors; Section 3 explains the relation between capacitance and permittivity in wood
trunks; Section 4 demonstrates the mathematical modelling of moisture variations; the
circuit design and simulation results are shown in Section 5.

The research’s novelty and contributions can be summarised as follows:

(1) Design of a low cost noninvasive capacitive sensor with LoRa communication interface.
(2) Detection of anomalies using statistical-based approaches.
(3) Characterisation of moisture–capacitance relation using Taylor series approaches for

more accurate differentiation between different models.

2. Literature Review

Using sensors in precision agriculture has been widely investigated in the literature,
mostly using sensors to measure soil moisture [3–5] or using Frequency Domain Reflec-
tometry (FDR) or Time Domain Reflectometry (TDR) to detect variations in the moisture
content of soil [6,7]. There are approaches in the literature in which capacitive fringing
fields use PCBs to measure the dielectric materials’ variations in the soil [8,9].

There is a wide application for capacitive sensors, such as the measurement of dis-
placement, pressure, density, and humidity, measuring small capacitance values in the
range of pico-farads (0.1–30 pF) with a resolution of femto farads. However, there are
complications in the design and cost needed to accurately measure such small capacitances
due to the need for highly accurate and sophisticated instrumentations. In [10–16], different
techniques of capacitive sensors are presented; each is designed for a specific range of
capacitance values.

In [10], a test chip designed and fabricated to evaluate measurement methods for
small capacitances is described. It consists of metal-oxide-semiconductor (MOS) capacitors,
metal-insulator-metal (MIM) capacitors, and a series of systematically varying capacitance
structures. The measured capacitance Devices Under Test (DUT) ranges from 0.3 fF to
1.2 pF. This test chip enables the measurement of variations in capacitance down to the
0.1 fF level.

Another method for measuring small capacitance values at high frequency without
expensive test setups is phase measurement [11]. This method can measure various capaci-
tances over a wide frequency range. In this process, the loss factor of the capacitance is also
determined. This method’s theory of measuring capacitance by phase difference is based
on the simple RC low-pass filter. A similar frequency measurement technique has been
presented in [12]. Low-frequency and low-level capacitance variations are measured using
a ‘lock-in detection” circuit with a feedback loop containing an integrator and a modulator
to set the capacitance mean value to zero. This approach gives an excellent Signal to Noise
Ratio (SNR) with high sensitivity. Capacitance variations can be in the range of 100 ppm of
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the mean value, while the frequency of the variations can be as low as 0.1 Hz. The results
show that a small capacitance deviation of about 10 fF can be measured accurately.

In another design, a simple interface circuit to measure the minimal variation of
capacitive sensors is proposed [13], which is suitable for industrial measurements. A higher
resolution (step size) can be achieved using a computer-controlled 24-bit A/D converter.
It also can be used with various types of capacitive sensors. The main advantage of this
method is that the measurement obtained through this interface circuit is independent of
the sensor’s initial capacitance value. Moreover, the double differential operating principle
minimizes the error caused by coupling and stray capacitance in sensor probes to avoid
frequent calibration. The results show that a yield of high-precision measurement can be
achieved for floating capacitive sensors regardless of the initial sensor capacitance and type
of construction. Furthermore, the front end of the interface circuit can be easily modified to
measure minimal changes in inductive or resistive sensors.

It is important to note that different trees have different wood structures and water
retention capabilities. Hence, the moisture content measurement for each tree type needs
to be calibrated to better understand its physical meaning in terms of hydration. In [14,15],
a calibration method for capacitive sensors designed for soil moisture measurements is
presented. In [14], the development of a semi-automatic virtual instrumentation system
using dual sensors with a confidence-weighted average to minimize the variation in sensor
readings is documented. In [15], a calibration-free method for capacitive sensors was
proposed. The authors derived a water-capacitance model related to specifics and content
type, and other models for other sand or soil types. The model’s Root Mean Squared Error
(RMSE) compared to the measured values was around 2%.

In [16], a technique to measure the variation in current with respect to humidity
content was proposed. low current values (less than ten pA) can be accurately measured
using a 20 pF air-gap capacitor. In such measurements, an unknown current I is applied
to charge reference capacitor C, and the resulting linear voltage ramp dV/dt across the
capacitor is measured with an accurate voltmeter. The current can then be determined
via Equation (1). The coaxial Air-Gap capacitor is a feedback capacitor from a vibrating
reed electrometer. During the normal operation of the electrometer, it is surrounded by a
grounded metal shield to get a better-defined capacitance value. The capacitor plates are
gold-plated to reduce the surface effects of contaminants with a nominal capacitance value
of 20 pF.

I = C · dV/dt (1)

In another approach [17], capacitance to voltage converter design is introduced to
measure the slight change in capacitance produced by human body movement. The main
application of this work is to develop a reliable capacitance sensing system for measuring
very small capacitive changes at low frequencies for human interface applications; the
output voltage waveform can measure the capacitive variations. The simulation results
show that a minimal capacitive variation, within the range of 10 pF to 100 pF, can be
detected using the developed capacitive sensing method.

Despite having accurate measurements of sensory data to better decide irrigation
needs, there is a need for a detection mechanism for abnormal sensor readings; the anomaly
detection techniques for sensors, in general, vary according to the algorithm followed.
Some follow the machine learning approaches, as in [18], or use a statistical anomaly
detection method, as in [19]. All are designed to split the true positive from false positive
sensor data.

The variations in time or frequency or phase to detect the moisture changes need to
be identified as in [20,21] then data need to be mathematically modeled using tools as
in [22,23] no matter whether it was capacitive or resistive sensor as in [24]. A summary of
the literature in terms of the technology used, the medium of the sensors, and the cost of
the solution is shown in Table 1.
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Table 1. Literature comparison.

Reference Technology Probes Frequency RMSE Medium Cost

[1] Capacitive sensor Annular Electrode 150 MHz 0.0423 soil Medium

[3] Coil induction
coupling coils 93 KHz N.A Soil Low

[6] FDR Open ended coax 500 MHz N.A Soil High

[7] TDR Open ended probe 100 MHz N.A Grass/Snow Very high

[8] Capacitive sensor PCB Low frequency N.A Soil/vegetation Medium

[16] Capacitive sensor plates 1 KHz N.A Air Gap Low

[25] Capacitive sensor plates 250 KHz 0.02–0.05 Soil Low

[26] Coil induction
coupling coils 500 KHz 0.021 Soil Low

[27] TDR Open ended probe 70MHz-4 GHz N.A Tree Very High

[28] Remote Sensing LIDAR N.A N.A Tree Very High

[29] UHF RFID RFID Tags 500 MHz 0.055 Tree Very High

[30] dispersion-based
electromagnetic Patch Antenna 4–5 GHz N.A Soil/Tree Very High

[31] dispersion-based
electromagnetic (WiFi) Patch Antenna 2.4 GHz N.A Tree Very High

This Work Capacitive sensor plates 100 KHz 0.02 Tree Very low

3. Wood Dielectric and Permittivity

Dielectric materials have low electrical conductivity, so no free electrons contribute
to current flow. The exposure of dielectric material to an electric field causes dielectric
polarisation; as shown in Figure 2, the induced external electromagnetic field polarises the
dielectric material, and this induces an opposite reversely directed electromagnetic field.
The polarisation helps in storing energy inside the material.
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Permittivity is a measure of the electric polarisability of a dielectric material. When an
electric field is applied to a material with high permittivity, it polarises more than a material
with low permittivity. Permittivity can be used to determine the capacitance of two plates
sandwiching the material. In electromagnetism, the electric displacement field represents
the distribution of electric charges in each medium resulting from an externally induced
electric field. This distribution includes charge migration and electric dipole reorientation,
where the permittivity ε is a scalar [20].
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Permittivity can vary with the medium’s position, the field’s frequency, humidity, and
temperature. In a nonlinear medium, permittivity could also depend on the strength of the
electric field. The water content in the trunk of a tree affects permittivity. This will appear
as changes in the frequency measurements due to the polarisation mechanism [32]. An
oscillator is used to produce a repetitive sinusoidal waveform; the frequency of oscillation
decreases as the electrical permittivity increases. Water has a relative permittivity of 80, so
the water content in a material affects its relative permittivity. The better the permittivity,
the higher the capacitance, which leads to a slightly better dielectric. This allows the electric
field to propagate easily from one side to another. Thus, the capacitance of the capacitor
affects how fast the oscillation frequency changes.

Volumetric water content (VWC) is the ratio of the volume of water to the unit volume
of soil. Volumetric water content can be expressed as a ratio, percentage, or water depth
per soil depth (assuming a unit surface area). Capacitive humidity sensors consist of
two electrodes separated by a dielectric. Humidity is measured by applying AC voltage
between the electrodes and ascertaining the change in capacitance between the electrodes
resulting from a change in permittivity due to moisture absorption. A built-in IC converts
the capacitance values obtained via the sensor into a voltage signal whose frequency
changes are the source of the humidity reads of the sensor. Frequency decreases as water
content increases.

Compared to resistive sensors, capacitive sensors are a better option for measuring
VWC due to anti-corrosion probes; they also produce analogue signals, and their metal parts
are not exposed to water, which tends to operate the sensor for a long time. Table 2 shows
sample permittivity measurements for different trees of the same type (i.e., Melia azedarach)
that grow in a semi-arid land climate; some sensors are fitted over the same tree. The
first columns represent the tree type and tree ID, and the second columns represent the
fitted sensor ID—A3, for example, represent a single tree of type A and fitted with four
sensors (3, 4, 5, 6) over its trunks and branches. We used a single tree type for this research,
specifically Melia azedarach, due to its being widespread as forestry cover and to better
detect anomalies, as shown later. Finally, the capacitance values are measured using a
portable LCR meter over 100 kHz.

Table 2. Sample measured data.

Tree-Type-Sensor
ID

Capacitance
(PF)

Probe Size
(cm2)

Trunk Diameter
(cm) Permittivity

A1 1 17.5 26 11.45 87

A2 2 683 8 7 67

A3 3 6.6 26 11.14 32

A3 4 9 10 7.63 77

A3 5 4.4 8 7.63 47

A3 6 3.9 8 7.63 42

A4 7 22.5 26 11.45 111

A5 8 9.5 26 10.82 44

The data were collected from five trees of three types, each fitted with single or multiple
sensors (as indicated by the first three columns from the left of Table 2). Different probes
were used for different plate sizes. To normalise the results, the plate size was calculated
and the distance between plates measured using the trunk diameter. Figure 3a shows a
sample tree with multiple branches, and Figure 3b shows the capacitive probe used, to
neutralise the stray capacitance of the wires.
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To have measurements that neutralise the environmental effect, such as ambient
temperature and moisture, a lab-controlled experiment was developed. Small pieces of
wood were taken from the same tree type, then weighed, dried, and weighed again. The
dry-then-weigh process was repeated until there was no change in the weight, indicating
that the wood was completely dry. This allowed the original moisture content to be
calculated based on the (EN 13183-1:2002) standard.

The moisture content (MC) percentage was then calculated using Equation (2).

MC% =
m1 −m0

m0
∗ 100 (2)

where m1 is the weight of the moist sample, and m0 is the weight of the dehydrated sample.
The drying and weighing process is explained in detail in the EN 13183-1:2002 standard.

The MC estimation [20] can be used to determine the changes in the permittivity of
the dielectric material by considering two frequencies (f 1, f 2), and can be written as shown
in Equation (3).

(εr1 − εr2) = (C1 − C2)
d

ε0 A
(3)

where εr1 and εr2 are the relative permittivity due to induced frequencies f 1 and f 2, C1 and
C2 are the measured capacitances due to f 1 and f 2 consequently, d is the distance between
probes, ε0 is the permittivity of the free air, and A is the probe cross-sectional area. Equation
(3) can be transformed as a function of the first frequency, the dissipation factor and phase
angle (D1, θ1), and the second frequency (D2, θ2), as shown in Equation (4).

MC = A0 + A1(C1 − C2) + A2(C1 − C2)
2 + A3

{[
θ1 − θ2

(C1 − C2) + 2(D1 − D2)

]
− (C1 − C2)(D1 − D2)

}
(4)

For single frequency, this can be further simplified to Equation (5).

MC = A0 + A1(C) + A2(C)
2 (5)

Although this research was conducted over one single tree type (Melia azedarach),
changes in the probe cross sectional area (due to using different probe sizes), changes in the
distance between the two probes (due to a change in the trunk diameter), or changes in the
permittivity (due to a change in the tree type and water content) will certainly change the
capacitance reading, as indicated in relation (C = ε A/d), in which ε is the permittivity, A is
the probe cross sectional area, d is the distance between the probes, and C is the measured
capacitance. Therefore, knowing the area of the probes and the distance between them
and then measuring the capacitance using an LCR meter will give an accurate estimate
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of the permittivity; this procedure neutralises the changes in trunk diameters. When it
comes to moisture content calculation, Equation (5) gives a general form of the relation with
undefined coefficients; we used an empirical approach to derive the coefficients using the
Taylor series expansion method, which is valid for any tree type with any trunk diameter.

4. Mathematical Modeling of Moisture

Equation (5) provides the direct nonlinear relation combining the capacitance values
with the moisture content percentage. Knowing that the probes give Pico Farad capacitance,
as indicated in Table 2, means that there is a need to design a circuit that can measure a
range of capacitances to reflect the capacitance variation (more on this in a later section).
For now, we need to better link the coefficients of (5) to give an indication of the physical
characteristics of the wood trunks.

To model the behaviour of the moisture content change in the tree, multiple samples
were collected and their moisture content measured using an LCR meter. Having both
the moisture percentage and capacitance values helped to better visualise the relation, as
shown in Figure 4.
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The approach used in this paper for curve fitting is based on the error associated with
the data points shown in Figure 4 (i.e., measured values). When the data have a significant
error or noise, a single curve that represents the general trend of the data is derived. In this
case the curve is designed in a way that follows the pattern of the points. This approach is
known as least squares regression.

To interpolate the measured data, there is a need for a fitting algorithm to plot the curve
on top of the scattered data (measured data). The best fit that reflects the data trend of the
measured data is the exponential function that shows the relationship between capacitance
and moisture. The general form of the exponential function is shown in Equation (6) [21]:

y = αeβx (6)

where α is the value of y when x is set to Zero and β is the growth factor during each unit
period of time. To find the values of α and β, the above equation is linearised, as shown in
Equation (7).

ln y = ln α + βx (7)

After linearising the equation, we made the following substitutions to obtain
Equation (11):

Y = ln y (8)
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ln α = a0 (9)

β = a1 (10)

Y = a0 + a1xi + ei (11)

where ei denotes the error (difference between the measured (actual) and calculated values)
as shown in Equation (12):

ei = yi,measured − yi,model = yi − a0 − a1xi (12)

let Sr denote the sum of the squares of the residuals (errors) for n data points with the linear
model, as shown in Equation (13)

Sr = ∑n
i=1 ei

2 = ∑n
i=1(yi − a0 − a1xi)

2 (13)

To determine values for a0 and a1 in Equation (13) the derivative with respect to each
coefficient was obtained as in Equations (14) and (15):

∂Sr

∂a0
= −2 ∑n

i=1(yi − a0 − a1xi) (14)

∂Sr

∂a1
= −2xi ∑n

i=1(yi − a0 − a1xi) (15)

In order to minimize Sr, Equations (14) and (15) are set to zero, and rearranged as
follows in Equation (16): [

n ∑ xi
∑ xi ∑ x2

i

][
a0
a1

]
=

[
∑ yi

∑ xiyi

]
(16)

After applying the solution of Equation (16) using the input, the scattered data, the
values of α and β were found to be 1.32 and 0.106, respectively. Therefore, the exponential
relation between capacitance and moisture is shown in Equation (17).

MC = 1.32 e0.106 C (17)

Equation (17) can be mathematically expanded using Taylor series expansion, which
is used in numerical methods to approximate any smooth function as a polynomial by
predicting the function value at one point in terms of the function value and its derivatives at
another point [32]. Taylor series expansion is selected due to the polynomial approximation
it provides to get a form close to the expected single frequency relation demonstrated in
Equation (5). Moreover, Taylor series is a computationally less complex approximation due
to the similarities between the exponential function and its nth derivatives counterparts;
this is demonstrated later in Equation (25).

When the function f and its first derivatives are continuous on an interval containing
xi and xi+1, then the value of the function at xi+1 is given by Equation (18):

f (xi+1) = f (xi) + f ′(xi)h +
f
′′(xi)

2!
h2 +

f (3)(xi)

3!
h3 + . . . +

f (n)(xi)

n!
hn + Rn (18)

where the remainder Rn is defined as in Equation (19).

Rn =
f (n+1)(ξ)

(n + 1)!
hn+1 (19)

ξ is a value of x that lies somewhere between xi and xi+1, and h is the step size (the
distance between xi and xi+1), as shown in Equation (20):

h = (xi+1 − xi) (20)
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The exponential function is then approximated using Taylor series expansion via the
following substitutions:

xi = 0 (21)

xi+1 = x (22)

h = x (23)

Then, the function f(xi+1) becomes as in Equation (24).

f (xi+1) = f (x) = ex (24)

The initial value of the function and its derivative when xi is set to 0 becomes equal to
1 as shown in Equation (25).

f (0) = f ′(0) = f ′′ (0) = . . . = f (n)(0) = 1 (25)

Following the substitution of the previous initial values and derivatives, ex can be
expanded using the general form of complete Taylor series shown in Equation (18), as
shown in Equation (26).

ex = 1 +
x
1!

+
x2

2!
+

x3

3!
+ . . . (26)

In the current work the exponential function in Equation (17) was expanded using a
second-order Taylor series expansion, as shown in Equation (27).

MC = 1.32 + 0.13992 C + 0.0074 C2 (27)

Comparing Equation (27) with Equation (5) when both are considered equivalent,
we can define the coefficients {A0, A1, A2} of Equation (5) as the Tree Trunk Moisture
Coefficient Vector (TTMCV) to be as defined in Equation (28).

TTMCV = {A0, A1, A2} = {1.32, 0.1399, 0.0074} (28)

The fitted curve over the collected data within a 95% confidence interval is shown in
Figure 5, the blue dotted lines represent eh confidence interval boundaries. The statistical
results associated with this fitted curve will be used as an example for other fitted curves
as it represents all collected data for five trees of the same type (i.e., Melia azedarach).
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Since the TTMCV is a unique characteristic for each tree as it tells the different abilities
of each tree in terms of water retention compared to different tree species, it can also be
used to detect anomalies once the normal expected behaviour is well established. For this
purpose, we fitted the sensor into multiple healthy trees of the same type and collected the
sensor data to visualise the data to show the relation between capacitance and moisture
content; then, the data was averaged to remove unwanted deviations and to reflect the
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normal behaviour of expected moisture in the same tree type planted within the same
geographical area under the same weather and soil conditions. TTMC was then generated
following determining the coefficients of the fitted exponential curve.

When it comes to anomalies due to trunk physical deformations or diseases, it is better
to have separate fitted curves for each case and derive the TTMCV value for each one of
them, then compare it statistically to healthy TTMCV values in the database. We fitted
one sensor to a tree trunk with major physical deformation, another sensor to a normal
healthy trunk, and the third to a similar healthy trunk with moisture accumulated around
the probes. After splitting the measured data for each sensor and fitting the exponential
curve over it we obtained the results shown in Figure 6a–c; similarly, the average of the
entire collected data from all healthy trees is shown in Figure 6d, the confidence interval
boundary lines are shown in blue dashed format.
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Table 3 shows the statistics for each fitted curve and the associated TTMC vector for
each one of them. The results show that there is a clear distinction between each tree, which
is reflected in many parameters: the most important parameters are the coefficient values
(α, β) of the fitted curve in addition to the coefficient covariance matrix, which shows all the
variances of coefficients within the selected confidence interval. The matrix gives the values
of variance of each coefficient with itself (variance of α and variance of β on the diagonal)
and the variance of one coefficient with respect to the other (referred as covariance values).
The covariance matrix gives an indication of how widely the coefficients are deviated
from the mean and hence gives a good enough statistical-based approach to compare the
similarity or deviation of any two datasets.

The collected datasets denoted by DS in Table 3 represent samples of data measured
using the developed sensor: DS4 represents the averaged collected data from healthy trees
of the same type, while the remaining datasets belong to one healthy tree (represented
by DS2) and two defected ones due to deformations in the trunk or insect disease or
accumulated moisture around the probes due to erosion or poor insulation (represented by
DS1 and DS3); all samples are for the same type of trees. Using statistical-based approaches
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helps in deciding which of the three datasets (DS1–DS3) is similar to DS4 and whether it is
classified as healthy or not.

Table 3. Collected datasets statistics.

Tree-Type-
Sensor

ID
DS1 DS2 DS3 DSavg

Chi-squared: 155.945 476.961 1013.777 266.366

R-squared: 0.949 0.846 0.723 0.891

Root Mean
Squared

Error (RMSE):
2.242 3.922 5.718 2.979

α = 1.697 4.974 7.954 4.622

β = 9.897 × 10−2 6.598 × 10−2 5.413 × 10−2 6.843 × 10−2

Coefficient
Covariance

Matrix

[
0.012 −0.0002

−2.60× 10−4 5.78× 10−6

] [
0.032 −0.0002

−2.53× 10−4 2.08× 10−6

] [
0.044 −22× 10−5

−2.21× 10−4 1.19× 10−6

] [
0.033 −289× 10−6

−2.89× 10−4 2.64× 10−6

]
Capacitance

Variance 80 80 80 74.91

Moisture
Variance 99.54999 99.89192 117.9799 81.21409

Capacitance
standard
deviation

8.944272 8.944272 8.944272 8.655441

Moisture
standard
deviation

9.977474 9.994594 10.86185 9.011886

TTMCV
vector [1.697 0.1679 0.0083] [4.974 0.328 0.0108] [7.954 0.4305 0.0116] [4.622 0.3162 0.0108]

We cannot rely on Chi-squared, R-squared, or RMSE values in Table 3 to check the
similarities between any two curves, as they reflect the accuracy of the fitting rather than
the fitting curve coefficients; in other words, we may have two different fitted curves with
same R-squared or RMSE values. Similarly, we cannot check the similarity or differences
between two datasets using capacitance variance and standard deviations or the moisture
content variance and standard deviations, as such values are either equal or close to each
other for all datasets, for example, during the capacitance measuring procedure; fixed
steps of capacitances were selected during the drying process, which made the variance of
capacitance almost the same for all datasets. This means that we need to have a statistical
approach that reflects the fitted curve coefficients and the variations in such coefficients
at the same time. For this purpose, we use the coefficient covariance matrix elements
for each dataset. For a fair comparison, we find for each dataset the eigenvalues (as a
reflection of the spreading magnitude for each coefficient) and eigenvectors (as a reflection
of maximum spreading direction for each coefficient) along with other statistics derived
from the coefficient covariance matrix, as shown in Table 4.

The sensor readings due to improper sensor calibration, malfunctioning, or probe
misalignment, poor insulation are considered possible anomalies. Therefore, DS3 is defined
as a dataset in which the sensor probes are not well insulated which may cause humidity
and mist to accumulate on the probe surface. The detection of anomalies needs a full
dataset to conduct a statistical-based approach, which means that the sensor data need
to be collected first until we have enough to extract the statistical features. We cannot, in
real time, apply the detection using instant sensor reading. However, machine learning
approaches can be followed to have near real time detection over certain time window sizes.
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Table 4. Covariance matrix statistics.

DS1 DS2 DS3 DS4

Trace 0.0120058 0.0320021 0.0440012 0.0330026

Determinant 1.736 × 10−8 1.596 × 10−8 3.74 × 10−9 3.599 × 10−9

Characteristic Polynomial λ2 − 0.0120058λ +
1.736 × 10−8

λ2 − 0.0320021λ +
1.596 × 10−8

λ2—0.0440012 λ + 3.74
× 10−9

λ2—0.0330026 λ +
3.599 × 10−9

First eigenvalue λ1 ≈ 0.0120043 λ1 ≈ 0.0320016 λ1 ≈ 0.0440011 λ1 ≈ 0.0330025

Second eigenvalue λ2 ≈ 0.144614 × 10−8 λ2 ≈ 4.98725 × 10−7 λ2 ≈ 84.9979 × 10−7 λ2 ≈ 1.09052 × 10−7

First eigen vector v1 ≈ (−46.1483, 1) v1 ≈ (−126.48, 1) v1 ≈ (−199.095, 1) v1 ≈ (−114.186, 1)

Second eigenvector v2 ≈ (0.0166687, 1) v2 ≈ (0.0062501, 1) v2 ≈ (0.00500001, 1) v2 ≈ (0.0087576, 1)

For comparison purposes, Table 5 shows the absolute difference between datasets
parameters, mainly the trace (sum of λ1 and λ2) and eigenvectors v1 and v2; differences
have been calculated between each data set and DS4. The results clearly show (shaded in
Table 5) that DS2 is the closest statistically to DS4, which complies with the fact that both
datasets belong to the data collected from healthy trees. Similarly, the deviations (especially
in the eigenvector value of the first coefficient) detect the anomalies easily.

Table 5. Absolute difference between dataset parameters.

DS1 DS2 DS3

Trace v1 v2 Trace v1 v2 Trace v1 v2

DS4

Trace 0.0209 n.a n.a 0.001 n.a n.a 0.0109 n.a n.a

v1 n.a 68.04 n.a n.a 12.29 n.a n.a 85.09 n.a

v2 n.a n.a 0.00791 n.a n.a 0.0025 n.a n.a 0.00375

5. Circuit Design and Simulation Results

This section presents a simulation of the proposed circuit using MULTISIM® to mea-
sure the capacitance value, as shown in Figure 7. The design relies on 555 timer circuit that
is calibrated to generate 100 kHz frequency square signal. It is directly applied through a
potentiometer, for calibration purposes, to the probes that are supposed to be fitted into the
tree trunk. Then, a low pass filtration and two-stage amplification are imposed to increase
the variation between the capacitance and output DC voltage step.
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Following the final amplification stage, shown in Figure 7, it becomes clear that the
distinction between capacitance and output voltage is better deviated, as shown in Figure 8.
The horizontal lines represent the output DC voltage with respect to the capacitance value.
The simulation has swept the capacitance values between 2 pF and 26 pF in steps of
2 pFs, with the top-line representing the lowest capacitance (2 pF) and the bottom one being
the highest one (26 pF). It is noted that the voltage difference between small capacitances
(from 2 pF to 8 pF) is minimal, whereas it is more noticeable for higher ranges (from
10 pF to 26 pF). The dynamic range of the sensor output DC voltage is important and gives
an indication of which capacitances are more feasible to be measured. Finally, the Bill of
Material (BOM) is shown in Table 6, which shows the Sensor board electronics costs only
(not counting the casing, microcontroller, LoRa interface, PCB printing board cost).
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capacitance value.

The PCB design was conducted using EasyEDA, the double layer PCB design. The
top layer, bottom layer, and 3D design are all shown in Figure 9, using FR4 boards. Finally,
the fitted sensor prototype, along with probes and a LoRa communication interface and
antenna, is shown in Figure 10. A solar panel with an ESP32 microcontroller and a lithium
battery with a LoRa communication interface (868 MHz antennae) has been fitted inside a
waterproof container and data are transmitted successfully to the LoRa gateway, located
600 m away, The sensor output is connected to LoRa transmitter using Heltec Cubcell,
which is an ESP32-based development board that is equipped with LoRa transceiver, in
which we have connected the sensor to the Analogue to Digital Converter (ADC) pin; the
code written is set to send the data periodically into the LoRa gateway that is interfaced
with a Raspberry Pi board for data storage. The maximum distance that has been achieved
between sensor and gateway is 700 m; beyond this, data retransmission occurs frequently
due to the low SNR levels of the signals. As a matter of fact, the LoRa standard uses Chirp
Spread Spectrum (CSS) modulation, which uses wideband spectrum to make it resilient to
multipath and Doppler effects but with low data rates; this makes it the optimum choice
for sending sensor data over long range. LoRa allows multiple Spreading Factor (SF)
configurations that need to be picked for optimum distance and required data rate; for
this experiment scenario, the distance achieved could be better enhanced via a higher
gain antenna.
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Table 6. Bill of material for the sensor board components.

ID Name Designator Quantity Manufacturer Part Price(USD)

1 100 pF C1 1 CC1H101KC74DSL4B10MN 0.02

2 10 nF C2 1 CC1H103ZA1FD3F4D10MF 0.02

3 1 uF C3 1 KF010M050C110A 0.06

4 0.1 u C4 1 0.1UF 50V 0.02

5 1N4148 D1 1 1N4148 0.01

6 SENSOR PROPS H1 1 N.A 0.06

7 VccGndOut J2 1 N.A 0.31

8 2N3904 Q1, Q2 2 2N3904 0.03

9 100 K R1 1 3362P-1-104LF 0.46

10 68 k R2 1 MF1/4W-20Ω ± 1%T52 0.01

11 8.2 k R3 1 MF1/4W-20Ω ± 1%T52 0.01

12 1 k R4 1 MF1/4W-20Ω ± 1%T52 0.01

13 10 k R5, R6, R7 3 MF1/4W-20Ω ± 1%T52 0.01

14 LM358NG U2 1 LM358NG 0.5

15 NE555P U3 1 NE555P 0.48

TOTAL 2.01USD
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6. Conclusions

The moisture of tree trunks is a better estimate of tree hydration compared to simply
measuring the soil moisture content. This paper describes a methodology to determine
the moisture content inside tree trunks via quantifying the relation between humidity,
permittivity, capacitance, and output voltage. Using an empirical approach, the moisture
and capacitance of multiple wood samples have been collected and a relation has been
extracted; the mathematical model is highly correlated with the measured value considered
a reliable approach. A new terminology has been defined (Tree Trunk Moisture Coefficient
Vector, TTMCV) that reflects the physical characteristics of tree trunks, according to the
capacitance and moisture content data, while a dedicated circuit has been designed to
measure a wide scope of capacitance variation and the simulation results have shown that
the proposed circuit can successfully distinguish between different moisture contents with
a low RMSE value (around 0.02), compared to other approaches in the literature; despite
being a low-cost sensor, the built prototype performed the experiment successfully. Finally,
detailed statistical analysis that relies on Taylor series expansion of the fitted exponential
curve proved that there is a clear distinction line that can split between the different datasets
reflecting healthy trees, defected sensor, or infected trees. Such distinction is achieved via
thorough analysis of eigenvectors and eigenvalues generated out of the covariance matrix
of the fitting coefficients. Although the results showed that it is possible to measure the low
capacitances of the selected tree type, there is a need to well calibrate the sensor to operate
within the dynamic capacitance range if other tree types need to be taken into account.
Another limitation that we encountered is that the sensor probes need to be well isolated to
avoid the accumulation of moisture over their surface, which indicates anomalous results.
In the future, there is a chance to improve this research via commercialising the prototype
and conducting additional electromagnetic interference tests and durability tests.
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7. Pytka, J.; Budzyński, P.; Kamiński, M.; Łyszczyk, T.; Józwik, J. Application of the TDR Soil Moisture Sensor for Terramechanical

Research. Sensors 2019, 19, 2116. [CrossRef] [PubMed]
8. Dean, R.N.; Rane, A.K.; Baginski, M.E.; Richard, J.; Hartzog, Z.; Elton, D.J. A Capacitive Fringing Field Sensor Design for Moisture

Measurement Based on Printed Circuit Board Technology. IEEE Trans. Instrum. Meas. 2012, 61, 1105–1112. [CrossRef]
9. Petre, A.-R.; Craciunescu, R.; Fratu, O. Design, Implementation and Simulation of a Fringing Field Capacitive Humidity Sensor.

Sensors 2020, 20, 5644. [CrossRef] [PubMed]
10. Kopanski, J.J.; Afridi, M.Y.; Jiang, C.; Richter, C.A. Test chip to evaluate measurement methods for small capacitances. In

Proceedings of the 2009 IEEE International Conference on Microelectronic Test Structures, Oxnard, CA, USA, 30 March–2 April
2009; IEEE: Piscataway, NJ, USA, 2009; pp. 39–42. [CrossRef]

11. Natarajan, S.; Herman, B.K. Measurement of small capacitances using phase measurement. In Proceedings of the Twenty-Second
Southeastern Symposium on System Theory, Cookeville, TN, USA, 11–13 March 1990; IEEE Computer Society: Piscataway, NJ,
USA, 1990; pp. 46–47. [CrossRef]

12. Marioli, D.; Sardini, E.; Taroni, A. Measurement of small capacitance variations. In Proceedings of the Conference on Precision
Electromagnetic Measurements, Ottawa, ON, Canada, 11–15 June 1990; IEEE: Piscataway, NJ, USA, 1990; pp. 22–23. [CrossRef]

13. Preethichandra, D.; Shida, K. A simple interface circuit to measure very small capacitance changes in capacitive sensors. IEEE
Trans. Instrum. Meas. 2001, 50, 1583–1586. [CrossRef]

14. Pahuja, R. Development of semi-automatic recalibration system and curve-fit models for smart soil moisture sensor. Measurement
2022, 203, 111907. [CrossRef]

15. Deng, X.; Yang, L.; Fu, Z.; Du, C.; Lyu, H.; Cui, L.; Zhang, L.; Zhang, J.; Jia, B. A calibration-free capacitive moisture detection
method for multiple soil environments. Measurement 2021, 173, 108599. [CrossRef]

16. Rietveld, G.; Brom, H.E.V.D. DC and Low-Frequency Humidity Dependence of a 20 pF Air-Gap Capacitor. IEEE Trans. Instrum.
Meas. 2008, 58, 967–972. [CrossRef]

17. Arshad, A.; Tasnim, R.; Alam, A.Z.; Khan, S. Capacitance-to-voltage converter design to measure small change in capacitance
produced by human body movement. In Proceedings of the 2015 IEEE International WIE Conference on Electrical and Computer
Engineering (WIECON-ECE), Dhaka, Bangladesh, 19–20 December 2015; IEEE: Piscataway, NJ, USA, 2015; pp. 114–117. [CrossRef]

18. Ali, A.; Samara, W.; Alhaddad, D.; Ware, A.; Saraereh, O.A. Human Activity and Motion Pattern Recognition within Indoor
Environment Using Convolutional Neural Networks Clustering and Naive Bayes Classification Algorithms. Sensors 2022,
22, 1016. [CrossRef] [PubMed]

19. Ali, A.; Ware, A. Anomaly Based IDS Via Customised CUSUM Algorithm for Industrial Communication Systems. In Proceedings
of the 2021 3rd IEEE Middle East and North Africa COMMunications Conference (MENACOMM), Agadir, Morocco, 3–5
December 2021; pp. 31–36. [CrossRef]

20. Giannoukos, G.; Min, M.; Rang, T. Relative complex permittivity and its dependence on frequency. World J. Eng. 2017, 14, 532–537.
[CrossRef]

21. Kandala, C.V.K. Moisture Determination in Single Peanut Pods by Complex RF Impedance Measurement. IEEE Trans. Instrum.
Meas. 2004, 53, 1493–1496. [CrossRef]

22. Griffiths, D.V.; Smith, I. Numerical Methods for Engineers, 2nd ed.; Chapman and Hall/CRC: Boca Raton, FL, USA, 2006. [CrossRef]
23. Draper, N.R.; Smith, H. Applied Regression Analysis; John Wiley & Sons: Hoboken, NJ, USA, 1998; Volume 326.
24. Acosta, J.A.; Gabarrón, M.; Martínez-Segura, M.; Martínez-Martínez, S.; Faz, Á.; Pérez-Pastor, A.; Gómez-López, M.D.; Zornoza, R.

Soil Water Content Prediction Using Electrical Resistivity Tomography (ERT) in Mediterranean Tree Orchard Soils. Sensors 2022,
22, 1365. [CrossRef]

25. Domínguez-Niño, J.M.; Oliver-Manera, J.; Arbat, G.; Girona, J.; Casadesús, J. Analysis of the Variability in Soil Moisture
Measurements by Capacitance Sensors in a Drip-Irrigated Orchard. Sensors 2020, 20, 5100. [CrossRef]

http://doi.org/10.3390/s18051648
www.ext.vt.edu
http://doi.org/10.3390/s21217243
http://www.ncbi.nlm.nih.gov/pubmed/34770549
http://doi.org/10.1016/j.measurement.2014.04.007
http://doi.org/10.32473/edis-ae266-2004
http://doi.org/10.3390/s100403314
http://www.ncbi.nlm.nih.gov/pubmed/22319300
http://doi.org/10.3390/s19092116
http://www.ncbi.nlm.nih.gov/pubmed/31067774
http://doi.org/10.1109/TIM.2011.2173041
http://doi.org/10.3390/s20195644
http://www.ncbi.nlm.nih.gov/pubmed/33023170
http://doi.org/10.1109/icmts.2009.4814606
http://doi.org/10.1109/ssst.1990.138111
http://doi.org/10.1109/cpem.1990.109906
http://doi.org/10.1109/19.982949
http://doi.org/10.1016/j.measurement.2022.111907
http://doi.org/10.1016/j.measurement.2020.108599
http://doi.org/10.1109/TIM.2008.2007063
http://doi.org/10.1109/wiecon-ece.2015.7444012
http://doi.org/10.3390/s22031016
http://www.ncbi.nlm.nih.gov/pubmed/35161763
http://doi.org/10.1109/menacomm50742.2021.9678305
http://doi.org/10.1108/WJE-01-2017-0007
http://doi.org/10.1109/TIM.2004.834058
http://doi.org/10.1201/9781420010244
http://doi.org/10.3390/s22041365
http://doi.org/10.3390/s20185100


Sensors 2023, 23, 2100 18 of 18

26. Basterrechea, D.A.; Rocher, J.; Parra, M.; Parra, L.; Marin, J.F.; Mauri, P.V.; Lloret, J. Design and Calibration of Moisture Sensor
Based on Electromagnetic Field Measurement for Irrigation Monitoring. Chemosensors 2021, 9, 251. [CrossRef]

27. Stott, L.; Black, B.; Bugbee, B. Quantifying Tree Hydration Using Electromagnetic Sensors. Horticulturae 2020, 6, 2. [CrossRef]
28. Holzwarth, S.; Thonfeld, F.; Abdullahi, S.; Asam, S.; Canova, E.D.P.; Gessner, U.; Huth, J.; Kraus, T.; Leutner, B.; Kuenzer, C. Earth

Observation Based Monitoring of Forests in Germany: A Review. Remote Sens. 2020, 12, 3570. [CrossRef]
29. Wu, Y.; Zhang, C.; Liu, W. Living Tree Moisture Content Detection Method Based on Intelligent UHF RFID Sensors and OS-PELM.

Sensors 2022, 22, 6287. [CrossRef] [PubMed]
30. Ramzan, R.; Omar, M.; Siddiqui, O.; Ksiksi, T.; Bastaki, N. Internet of Trees (IoTr) Implemented by Highly Dispersive Electromag-

netic Sensors. IEEE Sensors J. 2021, 21, 642–650. [CrossRef]
31. Wu, Y.; Tian, G.; Liu, W. Research on Moisture Content Detection of Wood Components Through Wi-Fi Channel State Information

and Deep Extreme Learning Machine. IEEE Sensors J. 2020, 20, 9977–9988. [CrossRef]
32. Hübner, C.; Kaatze, U. Electromagnetic Moisture Measurement; Pearson: London, UK, 2017. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://doi.org/10.3390/chemosensors9090251
http://doi.org/10.3390/horticulturae6010002
http://doi.org/10.3390/rs12213570
http://doi.org/10.3390/s22166287
http://www.ncbi.nlm.nih.gov/pubmed/36016047
http://doi.org/10.1109/JSEN.2020.3014387
http://doi.org/10.1109/JSEN.2020.2989347
http://doi.org/10.17875/gup2016-958

	Introduction 
	Literature Review 
	Wood Dielectric and Permittivity 
	Mathematical Modeling of Moisture 
	Circuit Design and Simulation Results 
	Conclusions 
	References

