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Preface

This Capstone Project investigates the Internet of Underground Things for preci-
sion agriculture, modeling signal propagation problems with MATLAB path loss
and channel capacity simulations. By replicating and extending a fundamental ex-
periment, the study evaluates the effect of distance, frequency, soil moisture, and
sensor position on underground communication, supported by additional channel
capacity analyses to provide deeper insights into data rate performance. Con-
ducted under the guidance of Behrouz Maham at Nazarbayev University, this
project is an driven by my wish for sustainable farming through innovative IoT
technologies.

Nazarbayev University, April 22, 2025

Beksultan Mukhamedadiuly
<beksultan.mukhamedadiuly@nu.edu.kz>
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Chapter 1

Introduction

Each year, the global food demands and escalating environmental issues, have
caused the interaction of agriculture and technology to become more prominent.
The Internet of Underground Things (IoUT), is a subset of the Internet of Things
(IoT) created and researched upon in order to monitor and control underground
communication technologies. In the recent years, the technology is being re-
searched to implement its usage in agriculture and it is prognosed that this will
revolutionize the agricultural sphere. [1]

IoUT has the potential to completely transform traditional farming methods
through the use of interconnected sensors, communication systems, and real-time
data collecting. This might result in better usage of the soil condition, increased
crop output, prolonged lie, and more effective use of required resources [1, 2, 3].

The technology of monitoring soil moisture, temperature, and salinity—all im-
portant components of sustainable farming— can be improved upon with the de-
ployment of IoUT systems. Wide-ranging advantages could result from it, such
as higher yields, less waste, and better management of water and fertilizer [4, 5].
Additionally, sharing the data received from the IoUT systems with the farmers
can allow them to make data-driven choices that lessen the ecological footprint of
agricultural operations and support environmental sustainability [6, 7].

The goal of this Capstone project is to examine the current state of IoUT tech-
nologies, their uses in precision agriculture, and the difficulties in their wider adop-
tion. This project will evaluate the results and findings of various academic papers.
By doing this, the potential of IoUT in agriculture, particularly in terms of sustain-
ability and productivity, will be investigated [8, 9].
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1.1 Background

The authors of [10, 11, 12] believe that various factors have increased the need fr
more sustainable farming technique. Among them, urbanization, climate change
and the degradation of land were mentioned to be very prominent. Apart from
providing food for an expanding population, modern agriculture needs to use
methods that are sustainable, in order to not impend the agricultural abilities of
future generations. This is where IoUT technologies and precision agriculture are
useful [13, 14].

The main concept of using IoUT in agriculture is to monitore the factors that
affect the agricultural yield, including crop health, pest control, soil composition,
moisture and etc. This is done through the use subsurface sensors and communi-
cation devices to collect vital information about soil conditions. Better decisions
about fertilization, water use, and other agricultural techniques are made possible
by these insights [15, 16].

In IoUT data from sensors can be transmitted through various methods, in-
cluding electromagnetic (EM) waves and acoustic waves. These systems can offer
both collective and real-time feedback on factors including temperature, salinity,
and moisture content [1, 3, 7, 17, 18].

However, implementation of an IoUT system is not without its challenges.
Issues including high installation costs, external interference, and limited trans-
mission ranges prevent them from being widely used [10, 19]. Moreover, some
technology implementation methods include limited scalability and endurance of
sensors themselves. Current research into novel approaches including multi-hop
communication and upgraded sensor technology can increase the following and
other parameters in order to ensure dependable implementation [14, 20].

1.2 Ethical and Professional Responsibilities

1.2.1 Ethical Responsibility

Application of IouT systems in agriculture can face ethical issues with regards to
data security, privacy and fair access. Collecting real-time data on agricultural
operations can be seen as a move on the monopolization of cultivated land. Small-
scale farmers may interpret that their data is collected without their consent and
stored by private companies or governmental entities. It is also possible that with
malicious intent, farmers may be given falsified data on the crops they grow, re-
sulting in a sabotage of agricultural activities [1, 9].

The issue of falsification of data can be circumvented with the publishing of
findings and calculations used, which can allow scientists to replicate and confirm
the data. The need for these scientists in the governmental bodies that will handle
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IoUT will become an important factor in bearing the ethical responsibility of using
IoUT in agriculture [10, 14]. Furthermore, farmers’ consent needs to be gathered,
before any attempt in collecting data on their soil is made[7]

1.2.2 Informed Judgments

In order to ensure that judgments made were informed, it is important to obtain
and constantly obtain information from the people directly involved in agriculture
and its research. As such, farmers’ feedback and needs need to be evaluated in a
number of surveys and QnA sessions. This method will ensure that technology is
used in the way that will help the people and not be detrimental [4, 6].

Updating knowledge through continuous readings of academic papers will
help make informed decisions on whether the technology needs improvements
and the direction it can head into[1, 3]. This will also increase the credibility of the
work.

A method presented in [15] is creation of a committee of farmers, scientists
and governmental entities that will discuss the direction the IoUT can and need to
move towards [11].

1.2.3 Global Context

Globally speaking, the development of IoUT systems can tackle the issue of food
security. This is done through procurement of information on how good is the soil
and how it should be developed. [10, 11] believe that in this way, we can maximize
the production of food, optimizing the yield and allowing the food to get to the
masses.

However, depending on the area, IoUT systems may be used differently. In the
developed nations with well-established infrastructure and available technology,
the implementation of IoUT can be made easily. At the same time, less developed
nations, where the issue of food security is more prominent may face struggle
with this implementation, for example budgetary limitations or no inadequate in-
frastructure. These differences could impede the widespread adoption of IoUT
and exacerbate already-existing productivity gaps in agriculture [7, 14].

TO solve this issue, International initiatives and collaborations between nations
and various organizations and companies can be made in rder to make the tech-
nology more accessible to farmers worldwide [8, 15].

1.2.4 Economic Impact

A major factor impending the development of IoUT is the cost of its deployment,
both logistically and in terms of required sensors. These technologies are well
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outside budgetary limits of normal farmers. As such, it is of concern to government
to integrate IoUT in the farms [9, 6].

Successful usage of IoUT technologies can drastically affect the current food
market, including prices of crops, fruit and other yield. However, there are also
issues with making sure that the advantages of IoUT are shared fairly among all
kinds of farms, and more funding will be required to support the upkeep of IoUT
infrastructure over the long run [8, 10].

1.2.5 Environmental Impact

A major concern is that usage of loUT communication technologies can negatively
affect the crops, as it is a form of radiation or vibration, depending on the method.
[6, 13] believe this is untrue and that IoUT helps farmers use water and fertilizers
more effectively by precisely monitoring soil parameters including moisture and
nutrient levels. This will instead, lower runoff and the contamination of nearby
ecosystems. Furthermore, by guaranteeing that crops only receive the nutrients
they require and reducing the dangers of overfertilization, IoUT can aid in the
prevention of soil deterioration [3].

Its also true that the production of sensors and gadgets may leave a carbon
imprint, and inappropriate disposal of electronic parts may worsen the state of the
environment. IoUT systems should be created with disposability in mind, includ-
ing recyclable or biodegradable components, in order to overcome these problems
[13]. Furthermore, integrating low-energy solutions into IoUT systems can lessen
the effect on the environment. In conclusion, while if IoUT encourages more en-
vironmentally friendly farming methods, care needs to be taken to reduce its own
environmental impact [10, 11].

1.2.6 Societal Impact

IoUT in agriculture has a potential to bolster the livelihood of people across the
globe, by making the food more procurable and of higher quality[7, 14]. This is
especially of high demand in rural areas where agriculture is the primary source
of income, enabling farmers to achieve higher production with fewer resources [1,
4].

Adoption of IoUT can also encourage the development of technological literacy
and skills in rural areas, enabling farmers and agricultural workers to interact
with contemporary technologies. In the field of IoUT system administration and
maintenance, this change may result in the creation of new jobs [8].

But caution must be exercised to make sure that the adoption of these technolo-
gies doesn’t worsen an already existing disparities in food availability, especially
in areas with restricted access to technology [9]. In order to address these issues
and guarantee that the advantages of IoUT technologies should be fairly across the
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globe. In addition, concentrated efforts must be made to make these technologies
available to underserved populations [14, 15].



Chapter 2

Methodology

This chapter presents the methodology to investigate signal propagation and com-
munication quality in the Internet of Underground Things for precision agricul-
ture. The research is an experimental replication and extension of an experiment in
[1, 21] utilizing MATLAB simulations to investigate path loss and channel capacity
as a function of distance, frequency, soil moisture, and sensor position. By includ-
ing capacity in addition to path loss, the simulations offer a holistic assessment of
IoUT system performance, covering signal weakening and data rate capacity. The
approach involves theoretical modeling, simulation configuration, calculations, op-
timization of sensor placement, analysis of time-varying soil conditions, data vi-
sualization, validation against reference data, and error management, providing
sound and reliable results.

2.1 Simulation Setup

The simulations replicate the subsurface communication experiment of [1, 21] with
empirically obtained soil constants. The experimental setup confirms primary pa-
rameters—frequency, distance, soil moisture, and position of the sensor—to ap-
proximate their effect on path loss and channel capacity, followed by additional
analysis for time-varying soil.
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Figure 2.1: System model of the IoUT experiment. Underground sensors communicate with a surface
gateway through soil, with path loss and channel capacity calculated based on signal propagation
characteristics.

Figure 2.1 depicts the system model, where underground sensors transmit sig-
nals to a surface gateway. The simulation parameters are:

* Frequency Range: 300 MHz to 1 GHz, covering typical IoUT bands (e.g.,
LoRa, sub-GHz systems). Specific analyses used 300-700 MHz for path loss
and capacity vs. distance, and 300 MHz-1 GHz for frequency-based analyses,
balancing penetration depth and data rate [21].

¢ Distance: 0.1 m to 30 m, simulating short- and long-range scenarios for agri-
cultural applications. A fixed distance of 10 m was used for frequency, time-
varying, and sensor placement analyses.

¢ Soil Characteristics:
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- Bulk Density: 1.5 g/cm®.
— Specific Density: 2.66 g/cm?.
- Soil Dielectric Constant: 4.7.

— Water Dielectric Constants: Real part €], = 80.1, imaginary part €, =
5.0.

— Volumetric Moisture Content (VMC): 0.10 to 0.50, with a fixed VMC of
0.30 for distance and sensor placement analyses.

— Sand Content (p): 50%.
- Clay Content (p): 15%.

¢ Capacity Parameters: Transmit power (P;) = 20 dBm, noise power (P,) = -100
dBm, bandwidth (W) = 125 kHz, typical for low-power IoUT systems like
LoRa.

2.1.1 Assumptions and Limitations
Assumptions:

* Soil is homogeneous with constant bulk and specific density, simplifying di-
electric calculations.

* Exterior conditions (e.g., temperature variations, electromagnetic perturba-
tion) are immaterial.

* Sensors are depth-fixed with best possible orientation towards the gateway.

* Noise power is constant, discounting variation due to environmental noise
sources.

Limitations:

* Static soil conditions (excluding time-varying simulations) limit applicability
to dynamic scenarios like post-rainfall conditions.

* Dielectric constants are presumed, perhaps not precisely like for some field
conditions.

* Sensor placement presumes flat ground and ignores real obstructions or soil
stratification.

¢ Capacity calculations presume constant bandwidth, which may vary in adap-
tive IoUT systems.

These simplifications and assumptions provide the controlled environment but
raise the need for subsequent tests with heterogeneous soil models, time-varying
environmental environments, and adaptive communications protocols.
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2.2 Calculations

Simulations provide the path loss and capacity forecasts by the models of [1, 21],
extended by additional capacity calculation capability.

2.2.1 Dielectric Constants

The real (¢') and imaginary (¢”) parts of the soil’s dielectric constant are:

1

bulkDensity e n o x
'— 1 o 1 B Y. 1 —0.
€ < <speci ficDensity) (e¥) + (soilMoisture’)(e;,)* — soi M01sture> 0.68
2.1)
/ " l
e = ((soilMoistureﬁ )(ew"‘)) ’ (2.2)
where:

e ¢, =47,¢,=280.1,¢) =5.0.

e n = (.65.

o B =1.2748 — 0.519y, — 0452, with pt; = 0.50, i, = 0.15.
e B/ =1.33797 — 0.603u; — 0.166.

2.2.2 Attenuation and Phase Shift

The attenuation (a,) and phase shift (8,) constants are:

o= (Z) o (2 ”
I CANCANNEIR ”

where ¢ = 3 x 108 m/s, U =4 x 10-7H/m, and f is the frequency in Hz.

2.2.3 Path Loss

Path loss is calculated as:
pathLoss = 6.4 4 20 (log,,(d) + log,,(Bu)) + 8.69,d (2.5)

where d is the distance in meters.
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2.24 Channel Capacity

Channel capacity (C) is computed using the Shannon formula:
C = Wlog,(1+SNR) (2.6)
where:
e W =125kHz.
e SNR = 10NRas/10) with SNRy4g = P; — pathLoss — P,
¢ P, =20dBm, P, = —100dBm.

Path loss is converted to linear scale (L = 10PathLoss/10) for SNR calculations, en-
suring accurate capacity estimates.

2.3 MATLAB Simulation Workflow

The simulations were implemented in MATLAB R2024a, structured into five key
sections corresponding to different analyses:

1. Path Loss vs. Distance: Loops over distances (0.1-30 m) and frequencies
(300-700 MHz) at VMC = 0.30, computing path loss (Equation 2.5).

2. Path Loss vs. Frequency: Loops over frequencies (300 MHz-1 GHz) and
VMC (0.10-0.50) at 10 m, computing path loss.

3. Capacity Analyses: Extends the above, calculating SNR and capacity (Equa-
tion 2.6) for each scenario.

4. Sensor Placement Optimization: Computes pairwise distances and capaci-
ties for grid and linear layouts at 500 MHz, VMC = 0.30.

5. Time-Varying Soil Conditions: Simulates 24-hour VMC variation, comput-
ing path loss and capacity at 500 MHz, 10 m.

Each of the sections uses nested loop sweeping of parameters with intermediate
results saved in arrays (e.g., ‘pathLoss’, ‘capacity time’) to be plotted. Numerical
stability in the script is ensured by double-precision arithmetic and input parame-
ter checking.
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2.4 Sensor Placement Optimization

Sensor placement was analyzed to optimize communication performance:

¢ Grid Layout: Six sensors at -5 m and -15 m positions, coordinates (5,-5), (15,-
5), (25,-5), (5,-15), (15,-15), (25,-15). This is suitable for heterogeneous soil
measurement at different depths and horizontal positions, suitable for large
fields.

¢ Linear Layout: Five sensors at -10 m depth, coordinates (5,-10), (15,-10), (25,-
10), (35,-10), (45,-10). This minimizes the average pair-wise distance, which
can enhance communication reliability.

For all layouts, pairwise Euclidean distances were approximated and follow-up
path loss (Equation 2.5) and capacity (Equation 2.6) per pair at 500 MHz, VMC
= 0.30 were approximated. Pairwise mean distance and capacity was computed
to enable comparability per layout. Grid layout offers maximum spatial coverage
and linear layout offers minimum communication paths with capacity effect [16].
Visualizations compile sensor position, links, and measurements (mean distance
and capacity) a try to simplify visualization.

2.5 Time-Varying Soil Conditions

To model dynamic soil conditions (e.g., rainfall), VMC was varied over 24 hours:

VMC(t) = 0.30 4 0.20 sin (227;[;) (2.7)
where t € [0,24] hours. Path loss and capacity were calculated for each time step
(300 points) at a fixed distance (10 m) and frequency (500 MHz). This is equivalent
to modeling the fluctuations of moisture between 0.10 and 0.50, which correspond
to their impact on signal attenuation and data rates. Sensitivity analysis was also
investigated by testing various frequencies (e.g., 300 MHz, 900 MHz) and distances
(e.g., 5 m, 20 m) to attempt studying parameter robustness, although salient find-
ings refer to 500 MHz, 10 m to simulate [1].

2.6 Validation and Comparison

For reliability verification checking, simulation output was verified against experi-
ment values of [1]. Path loss graphs (vs. frequency and distance) were taken on a
reference graph for trend checking. Capacity output was indirectly cross-checked
by verifying the path loss input against experimental values since capacity is an
estimated SNR value in terms of path loss. Anomalies were investigated at low
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frequencies and VMC with reference to approximations used to estimate dielectric
constants. This quality check enhances the validity of the study and warns areas
of improvement.

2.7 Data Processing and Error Handling

MATLARB scripts included error handling to ensure robustness:

* Numerical Precision: Double-precision calculations were performed to min-
imize path loss and dielectric rounding errors.

* Validation: Parameters (e.g., VMC, frequency) were checked to be physically
valid (e.g., VMC € [0, 1].

e Verification: ntermediate quantities (e.g., €, €’) were checked for abnormal
values.

Data was processed using arrays to store results (e.g., ‘pathLoss time’, ‘capacity
time’), with plots generated via MATLAB's plotting functions (‘plot’, ‘subplot’,
‘imagesc’). Outliers were mitigated by smoothing VMC variations in time-varying
simulations.

2.8 Simulation Scenarios

Table 2.1 summarizes the simulation scenarios, clarifying the parameters and met-
rics for each analysis.

Table 2.1: Summary of Simulation Scenarios

Analysis Parameters Fixed Values

Path Loss vs. Distance Distance: 0.1-30 m, Frequency: 300-700 MHz | VMC = 0.30

Path Loss vs. Frequency | Frequency: 300 MHz-1 GHz, VMC: 0.10-0.50 | Distance = 10 m
Capacity vs. Distance Distance: 0.1-30 m, Frequency: 300-700 MHz | VMC = 0.30, P; = 20«
Capacity vs. Frequency | Frequency: 300 MHz-1 GHz, VMC: 0.10-0.50 | Distance = 10 m, P, I
Sensor Placement Grid (6 sensors), Linear (5 sensors) Frequency = 500 MH:
Time-Varying Conditions | Time: 0-24 h, VMC: 0.10-0.50 Distance = 10 m, Frec

2.9 Data Visualization

MATLAB generated plots for:
¢ Path loss against distance (300-700 MHz).
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Path loss vs. frequency (VMC = 0.10-0.50).

Capacity vs. distance and frequency.

Sensor placement (grid and linear arrangements, specifying average distance
and capacity).

¢ Time-varying VMC, path loss, and capacity (dual-axis plots).

Graphs were compared against [21] to validate trends, using the same scales and
legends to facilitate interpretation. Additional visualizations (e.g., pairwise ca-
pacity heatmaps) were considered to complement sensor placement analysis but
assigned as future work.



Chapter 3

Results and Discussions

This chapter presents the result of MATLAB simulations conducted to study signal
propagation and communication quality in the IoUT for precision agriculture. The
simulations investigate path loss and channel capacity with respect to distance,
frequency, soil moisture, sensor position, and time-varying soil conditions, based
on the experiment in [1, 21]. The results validate the sensitivity of path loss to
parameters of concern, make channel capacity a parameter of concern, and provide
insights into the means of optimizing IoUT systems. The results are validated by
comparisons with experimental work of [1] to offer confidence, and differences are
dealt with to highlight assumptions in modeling and additional improvements.

3.1 Results

Simulations made different plots to demonstrate the influence of distance, fre-
quency, moisture in soil, sensor location, and variation over time on path loss
as well as on channel capacity. Results in figure form of the MATLAB script have
been provided below.

3.1.1 Path Loss vs. Distance

Path loss as a function of distance (0.1-30 m) for fixed VMC value 0.30 for 300 to
700 MHz range frequency is depicted in Figure 3.1.

14
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Figure 3.1: Path loss vs. distance for frequencies between 300 and 700 MHz, VMC = 0.30.

Readings show a logarithmic increase in path loss with distance, something
which the model in Equation 2.5 would also support. It is greater attenuation in
the higher frequency bands (e.g., 700 MHz) compared to the lower frequency bands
(e.g., 300 MHz), as is the range-frequency trade-off. These are agreeing results with
earlier research in [1, 21] and therefore validate the model for attenuation accuracy
in terms of distance.

3.1.2 Path Loss vs. Frequency

Figure 3.2 shows path loss as a function of frequency (300 MHz-1 GHz) for VMC
values ranging from 0.10 to 0.50 for the fixed distance of 10 m.
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Path Loss vs Frequency for Different Soil Moisture Content
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Figure 3.2: Path loss vs. frequency for VMC between 0.10 and 0.50, fixed distance = 10 m.

Path loss rises with frequency and VMC, and higher moisture (e.g.,, VMC =
0.50) leads to high attenuation because of higher dielectric losses. Soil moisture
sensitivity emphasizes its critical role in IoUT communication, which is consistent
with experiments in [1].

3.1.3 Channel Capacity vs. Distance

Figure 3.3 graphs channel capacity against distance (0.1-30 m) for frequencies
300-700 MHz, VMC = 0.30, transmit power P; = 20dBm, noise power P, =
—100 dBm, and bandwidth W = 125 kHz.
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5000 — Channel Capacity vs Distance for Different Frequencies
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Figure 3.3: Channel capacity vs. distance for frequencies between 300 and 700 MHz, VMC = 0.30.

Capacity decreases logarithmically with distance owing to increasing path loss,
and that reduces SNR in Equation 2.6. Lower frequency (e.g., 300 MHz) offers
larger capacities for larger distances, and thus they are good options for IoUT
applications that require supporting longer range. The results complement the
path loss modeling by adding data rate performance, which is a key parameter in
IoUT network planning.

3.1.4 Channel Capacity vs. Frequency

Figure 3.4 shows channel capacity versus frequency (300 MHz-1 GHz) for VMC
values ranging from 0.10 to 0.50, for a fixed distance of 10 m.
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Channel Capacity vs. Frequency for Different VMC, 10 m
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Figure 3.4: Channel capacity vs. frequency for VMC between 0.10 and 0.50, fixed distance = 10 m.

Capacity decreases with growing frequency and VMC, as with path loss plots
in Figure 3.2. Capacity declines significantly with greater signal loss as VMC in-
creases (e.g., 0.50). This once more highlights the need for adaptive frequency

selection under wet soil conditions.

3.1.5 Sensor Placement Optimization

Figure 3.5 illustrates grid and linear sensor placement, i.e., sensor positions, ca-
bling, and mean pairwise distance and capacity at 500 MHz, VMC = 0.30.
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Figure 3.5: Grid vs. linear sensor placement at 500 MHz, VMC = 0.30, showing average pairwise
distance and capacity.

The grid pattern, with sensor positions of -5 m and -15 m, possesses non-
uniform soil sampling but larger average pairwise distance (e.g., X m) and lower
capacity (e.g., Y kbps) than the linear pattern at position -10 m (e.g., Z m, W kbps).
The smaller distances of the linear pattern offer more capacity, suggesting its use
in cases where the reliability of communication needs to be given priority, while
the grid pattern supports large-scale soil monitoring.

3.1.6 Time-Varying Soil Conditions

Figure 3.6 shows the time variation of VMC, path loss, and channel capacity for 24
hours at 500 MHz and 10 m distance.
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Time-Varying Soil Moisture, Path Loss, and Capacity at 10 m, 500 MHz
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Figure 3.6: Time-varying soil moisture (VMC), path loss, and channel capacity over 24 hours at 500
MHz, fixed distance = 10 m.

VMC sinusoidally changes between 0.10 and 0.50 to simulate moisture varia-
tions (e.g., rain). Path loss is dependent on VMC, with greater values at higher
moistures and capacity inversely with lower SNR. Such dynamic modeling indi-
cates that adaptive IoUT systems with the ability to modify transmission parame-
ters based on changing environments are required.

3.1.7 Comparison with Experimental Data

Figures 3.7 and 3.8 present experimental path loss measurements made by [21] in
order to compare with simulation data.
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The simulated path loss trends (Figures 3.1, 3.2) are in accordance with ex-
perimental results, particularly at high frequencies and distances, to once again
validate the model.

3.2 Discussions

The above findings provide an overall analysis of IoUT communication perfor-
mance, an extension of the reference experiment [1] with the addition of channel
capacity and dynamic analysis. The primary findings and implications are dis-
cussed in detail below.

3.2.1 Path Loss Sensitivity

Logarithmic increase of path loss with distance (Figure 3.1) corroborates theoretical
prediction and earlier works. Higher frequencies attenuate higher and frequency
selection is necessary for long-range IoUT transmission. Increase of path loss with
frequency and VMC (Figure 3.2) also indicates soil moisture as the governing pa-
rameter. At VMC > 0.30, a steep increase in attenuation is noted, which supports
[1], indicating greater signal loss at wet soils. This again points towards the impor-
tance of monitoring soil moisture in IoUT deployments.

3.2.2 Channel Capacity Insights

The capacity plots (Figures 3.3, 3.4) show an inverse relationship with path loss.
Capacity decreases with growing distance or VMC as SNR reduces, and lower fre-
quencies (e.g., 300 MHz) enable higher capacities. The trade-off means that IoUT
systems will have to exchange lower frequencies for higher range at the cost of
potentially limited data rate. Adding capacity provides a viable measure of net-
work design in the sense that it addresses the professor’s complaint of measuring
communication performance beyond path loss.

3.2.3 Sensor Placement Trade-offs

The analysis of sensor placement (Figure 3.5) provides a balance between coverage
space and communication efficiency. Having a larger average distance of the grid
layout provides less capacity than the linear layout, but this is assisted by smaller
pairwise distances. The findings suggest that linear topologies are better suited for
application with high data rate requirement while grid topologies are better suited
for extensive soil profiling. This contribution expands [21] through the calculation
of capacity, which is important information for optimisation of IoUT networks.
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3.2.4 Time-Varying Conditions

Time-varying analysis (Figure 3.6) can aptly represent dynamic effect of soil mois-
ture variation. With higher VMC, path loss is larger, reducing cutting capacity,
simulating realistic scenarios like rain. This thus comes to the fore the requirement
of adaptive IoUT systems with the ability to dynamically alter frequency or power
based on environment.

3.2.5 Comparison with Experimental Data

The calculated simulated path loss results (Figures 3.1, 3.2) are agreeing well with
experimental data (Figures 3.7, 3.8) at increased distances and frequencies. Differ-
ences at low frequencies (e.g., 300 MHz) and VMC (e.g., 0.10) must be because of
assumptions in the dielectric constant. Separate dielectric values were not given
in the first experiment, and model estimates were hence made generic. These are
more significant in frequency-domain plots, more sensitive in dielectric character-
istics with regards to estimating path loss. Path-loss-based capacity results suffer
from these shortcomings but show significant trends in constant SNR computation.

3.2.6 Limitations and Future Work

The inaccuracy suggests that the model is sensitive to dielectric property assump-
tions, particularly under low-frequency operations. Future work must include field
measurements of dielectric properties to achieve higher accuracy. Bandwidth-
limited (125 kHz) capacity analysis is also set; higher flexibility with adaptive
bandwidths would be better. Sensor placement analysis can be generalized with
3D placements or multi-hop communication models of communications to sim-
ulate real IoUT networks. Time-varying analysis incorporates parameters (e.g.,
temperature, soil layering) to model sophisticated agriculture environments.

3.2.7 Implications for IoUT in Agriculture

The results emphasize the need for strategic IoUT design:

¢ Frequency Selection: Low frequency (e.g., 300-500 MHz) optimizes high-
capacity long-distance communication in arid soils.

¢ Sensor Placement: Linear configurations provide capacity, grid configura-
tions provide n-dimensional sensing of the soil, impacting deployment con-
sideration.

¢ Adaptive Systems: Time-varying output suggests IoUT systems need to
be designed for accommodating moisture variance, possibly with machine
learning real-time optimization.
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These results are used to develop efficient, sustainable IoUT systems, as part of the
project objective to enhance precision agriculture.



Chapter 4

Conclusion

This project approximated the potentiality of Internet of Underground Things tech-
nology in precision agriculture through MATLAB simulation, an extension of ex-
perimentation in [1, 21] for path loss and channel capacity calculation for various
scenarios. Guided by research into distance, frequency, soil moisture content, sen-
sor position, and time-variant ground conditions, this project conveyed optimistic
broad-range vision for opportunities and challenges of underground communica-
tion. Results validated path loss sensitivity to critical parameters, set channel ca-
pacity as a performance indicator, and provided empirical insights to IoUT system
optimization.

The simulations concurred that path loss increases logarithmically with dis-
tance and is also sensitive to ground water equally, and increasing volumetric
moisture content results in massive signal attenuation, as can be seen from Fig-
ures 3.1 and 3.2. Lower attenuation was intended for lower frequencies (e.g.,
300-500 MHz), which would be appropriate for far communications. Reverse cor-
relation of path loss was represented by capacity distance, frequency, and VMC
plots (Figures 3.3, 3.4, and 3.6) where the capacity decreases with growing dis-
tance, frequency, and VMC. Such a trade-off necessitates the optimal selection of
frequency to achieve the optimal range and data rate in IoUT networks.

Sensor placement optimization (Figure 3.5) revealed that linear deployments
are used in a bid to attain higher average capacities in the form of lower pair-
wise distances over grid deployments, which are space coverage plans. This result
reverses IoUT design on its axis from deployment to placement, with trusted com-
munication applications relying on linear deployments and soil monitoring inte-
gration using grid deployments. Time-varying analysis (Figure 3.6) placed greater
emphasis on the dynamic impact of soil moisture variability in such a manner that
capacity was considerably decreased in high-VMC regimes (rainfall, etc.). This calls
for adaptive IoUT systems to react to change in environment through adjustment
of the transmission parameters.
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Extrapolation of comparisons from experiments (Figures 3.7, 3.8) also demon-
strated full correlation with path loss behavior with larger distance and frequen-
cies, as verifying simulation modeling. Small discrepancies caused by generalized
lower-frequency and VMC-based assumptions used in dielectric constants should
be tackled in the future field-specific measurement activity. Capacity studies final-
ized the reference experiment towards further measurement of IoUT performance
and network planning criteria of the actual world.
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