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Abstract 

 

RF energy harvesting has emerged as a viable energy source for low-powered devices 

in wireless sensor networks. It also acts as a replacement for conventional power 

sources such as batteries. RF energy harvest uses an unlimited source and makes 

efficient use of the existing energy in the surrounding environment. The use of machine 

learning techniques to predict the suitability of RF energy harvest under specific 

conditions further enhances the performance of energy harvesters. Such a prediction 

depends on several parameters, such as the time of the day, the temperature, the distance 

from source, the water density in the air, etc. These have a direct effect on the quality 

of the received signal at the harvesting node and thus, the harvested energy. In this 

thesis, a simulation of an RF energy harvesting network using MATLAB to collect 

relevant data is proposed. This data is used to train different machine learning models: 

Logistic Regression, Classification Trees, Support Vector Machines and Naïve Bayes 

in RStudio. The outcomes of the machine learning models are used to enhance the 

energy harvesting modules’ performance by scheduling them to be on or off with a 

given set of parametric values. The most suitable model for the dataset being used is 

chosen based on accuracy, F-Measure and Area Under the Curve. All the models 

evaluated in this thesis show a performance of 95% and above when tested. 

 

Keywords: RF Energy Harvesting, Wireless Sensor Nodes, Machine Learning. 
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Chapter 1. Introduction 

 

In this chapter, an introduction about RF energy harvesting in wireless sensor 

networks and the need for machine learning based enhancements in this field is laid 

out. Then, the problem studied in this research along with the proposed thesis 

contributions is formulated. Finally, the general blueprint of the document is given.  

1.1. Overview and Motivation 

Obtainment of power is often associated with the harvesting of energy using 

physical or chemical means. However, millions of watts of energy from contemporary 

RF technology surround us. Therefore, on the grounds that a circuit can be tuned to 

extort the energy from electromagnetic fields of RF communication, RF energy can be 

harvested [1].  

The energy produced from RF communications is best utilized with low power 

devices that have continued or perpetual charging cycles [2]. Applications of RF-EH 

include wireless sensor networks (WSN), wireless body area networks (WBAN) and 

other RF powered devices. WSN are typically large networks made up of small sensors 

that are affordable and communicate through radio channels, but have low energy 

supply and processing power [3]. In WSN, RF-EH allows the wireless charging of 

sensors, enhancing operational lifetime and consistency while reducing dependence on 

traditional battery use [2].  

As the functionality of wireless sensors gets more complex, there is a need for 

better power management. The bottleneck for EH is the energy consumed for the 

operation of the circuit that captures and converts energy. An enhanced RF power 

harvesting system could enable these devices to smartly extract energy from their 

surroundings based on specific parameters. In this regard, machine learning, which uses 

statistical analysis on input data to come up with algorithms that are used to predict 

outputs can be used to come up with the appropriate models that allow the recognition 

of patterns to enhance energy harvesting. Methods of enhancing the performance of 

RF-EH have been studied in several works [21, 24, 25]. 
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1.2.  Thesis Objectives 

In this thesis, the problem of improving the overall efficiency of energy 

harvesting in a set of RF nodes configured in a wireless sensor network is addressed. 

The main objectives of this work are: 

1. Develop a MATLAB based framework, which collects the most relevant 

parametric data that shows their effect on the efficiency of EH in a network.  

2. Generally, and statistically analyse the parameters in the dataset for their 

properties and relevance to the outcome variable. 

3. Build machine learning models that allow for the prediction of a harvest 

schedule based on the parametric values.  

1.3. Research Contribution 

The realization of the thesis objectives includes completing the following steps, 

which will highlight the contributions of this work: 

1. Evaluate common networks that use energy harvesting and propose 

appropriate variables in a given network topology to implement in a simulation 

environment. 

2. Analyse the relevant parameters that are most impactful on the efficiency of 

RF energy harvesting at a node such as: atmospheric temperature, humidity, 

distance from RF source, height from the ground and weather conditions during 

different months of the year. 

3. Use machine learning techniques to identify suitable parameter 

configurations for energy harvesting in the network. This involves: 

a. Building and Training learning models with the parametric data 

obtained from the generated network simulation.  

b. Selecting the most applicable machine learning algorithm by 

comparing existing techniques for the data being used. 

1.4.  Thesis Organization 

The remainder of the thesis document is structured as follows: Chapter 2 

presents a detailed analysis and explanation of RF-EH, the environments used in 

existing RF-EH network simulations and the algorithms used to enhance RF-EH based 
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on literature related to this research. Chapter 3 describes the proposed solution and the 

methodology including the simulation details and an in-depth insight of the data 

analysis and machine learning. Chapter 4 showcases and discusses the results obtained 

by applying the implemented solution. Finally, the thesis is concluded in Chapter 5. 

Additionally, the MATLAB code used for the simulation and generation of data is 

provided in Appendix A, and the R code used for data cleaning, statistical analysis and 

machine learning is given in Appendix B. 
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Chapter 2. Background and Literature Review 

 

In this chapter, the basics of RF energy harvesting in wireless sensor networks 

along with the incentive to adopt machine learning based performance enhancements 

are studied. Subsequently, the different techniques devised in existing research 

literature to solve the thesis problem are reviewed, and the parameters and metrics used 

to evaluate the performance of a system are explored. 

2.1. RF-Energy Harvesting 

  RF energy is constantly produced and emitted in bulk from a large number of 

radio transmitters all across the globe and exists in the AM broadcast, FM radio waves 

or is spread across spectrum bands in a steady state. Typical sources include wireless 

communication devices such as portable radios, TV/Radio broadcast stations, cellular 

base stations, Wireless Local Area Networks, etc. [4].  

RF energy transmission can be classified as a far field energy transmission method. 

It is suitable for large networks of devices spanned across wide areas. Moreover, RF 

energy harvesting is a sustainable energy source as it makes use of energy that has 

already been consumed for broadcasting.   

Most RF energy harvesting networks have three main parts; information gateways, 

RF energy sources and network nodes. Often, it is the edge nodes that harvest energy 

to operate and are designed to be low-power devices. These nodes contain: 

• The application and a microcontroller that operates them 

• A transceiver that transmits or receives information 

• The harvester; made up of an RF antenna, an impedance matching circuit, a 

voltage multiplier and a capacitor 

• A module that manages power by determining if the harvested power should be 

stored or used 

• An energy storing device such as a battery.  

A block diagram of such a system can be seen in Figure 1.  
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Often the output DC voltage of a harvester is in between micro and milli watts. 

Energy harvest determining factors include distance from the source, power conversion 

efficiency, and power of the input signal [5]. For the purpose of this research, the energy 

harvester is treated as a Blackbox system that can be incorporated in a wireless sensor 

network. 

 

 

Figure 1: The block diagram of a basic energy harvesting system [5]. 

 

2.2. Devices for Energy Harvesting 

An ideal RF energy harvester should be able to have a consistent conversion 

efficiency over a broad spectrum of functioning conditions [2]. The block diagram of 

an energy harvester is given in Figure 2. 

 

 

Figure 2: Block Diagram of an Energy Harvesting Device [6]. 

 

The following stand-alone components can be combined to form complete 

energy harvesting modules: 

1. Rectenna. Energy from an RF source can be harvested with an antenna that 

encompasses the frequency range being targeted. The signals are then subjected 

to a rectifying circuit that transforms the harvested energy to dc power. An 

antenna that includes a rectifier is called a rectenna [1]. The antenna and the 
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rectifier are combined using impedance-matching circuits coupled with filters 

to obstruct any harmonics produced by the diodes. 

2. Voltage Regulator. To enable a constant flow of energy to the load, voltage 

regulation is a necessary component of any energy harvester.  

The aforementioned components can be combined to make integrated energy 

harvesting modules that include antennas, receivers and rectifiers [4]. 

2.3. Existing Simulation Environments for EH-WSNs 

Studies suggest that often results obtained from simulators tend to be different 

from actual implementations [7, 8]. Although studying wireless sensor networks 

through actual hardware provides more accurate results, the process is time consuming, 

expensive and may be confined to smaller networks. As such, simulations are often 

used with WSNs [3]. In this section a study of existing literature that focuses on 

simulating energy harvesting networks using ns-3 and MATLAB is conducted. 

2.3.1. Simulations using Network Simulator 3. A study proposes WSNs with 

EH technology. Communication protocols in the network ensure that the energy at each 

node is used effectively for sensing, computing, and communication. In sensor nodes, 

the main focus is the energy when designing routing protocols as the nodes that are out 

of energy cause degradation in the network. The approach requires strong energy 

prediction models. It is assumed in the study that full knowledge of the energy harvested 

in both the past and future is available. Energy harvester models have been introduced 

using Network Simulator 3, which can be used as independent objects that can be 

integrated with implementations of energy sources. In this study the efficiency of a EH-

WSN is measured using parameters such as quality of service and network lifetime [9, 

10].  

In another study, authors explore incorporating energy harvesters with existing 

energy sources. They further evaluate how energy sources and harvester models 

interact. The paper proposes two different types of harvesters: a basic harvester that 

operates based on time-variance, distributing energy uniformly across nodes, a second 

harvester that recharges nodes based on the energy measurements of a dataset from a 

real energy generating framework. An energy predictor is proposed, which collects data 

from the harvester and energy sources to predict the availability of energy in the future. 
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The energy predictor enhances the performance of the energy harvester. Parameters 

discussed that define an energy source include the maximum energy, voltage, charge-

discharge patterns and longevity [11].  

Authors in other studies investigate far-field powering. It is explained that the 

harvested energy does not fully depend on the transmission of the signal but is rather 

dependent on the time scales, power levels and ranges. It is suggested that often the 

energy harvested is limited as the variations in RF field and rectenna characteristics 

become a challenge. A power management system with online optimization is proposed 

as a solution. The optimization model is simulated within ns-3 [12, 13].  

The proposed energy harvester models simulated using ns-3 do not take 

degradation based on environmental parameters into consideration. It is concluded that 

networks simulated using ns-3 focus on network and EH parameters instead of ambient 

parameters, as proposed in this thesis, simply because ns-3 does not provide the tools 

to do so. Although, a WSN with EH capabilities can be simulated using the software, 

there are no tools to measure the effects of weather, location and time parameters on 

the energy of an RF signal. 

2.3.2. Simulations using MATLAB. During another study that explores high 

level simulation of energy harvesting nodes, different modes of operations are 

considered including Energy-neutral (energy used <= energy harvested), Negative-

energy (energy used > energy harvested) and Positive-energy (energy used at peak 

performance < energy harvested). The setup is created using MATLAB and the 

simulation is tested for five days of node activity. The proposed system enhances 

performance by up-to 50% when compared to similar state of the art systems [14].  

WSNs can be used for the detection of faults in smart grids. Due to the lacking 

longevity of batteries, EH solutions are considered for the nodes in the network. It is 

discussed that there is a need for intelligent energy harvesting communication systems 

[15, 16]. Authors propose an analytic simulator that incorporates intelligent energy 

harvesting capabilities [16, 17].  The WSN simulation consisting of simple nodes is 

coded in MATLAB using standard and Graph Theory Toolbox functions [18]. A node 

is defined as an object at position (x,y), that transfers and receives packets containing: 

the source, the destination, the path and the payload information. It was found that 
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battery operated systems yielded higher numbers of packets communicated. However, 

it is suggested that with more intelligent data forwarding techniques, energy harvesting 

systems can yield better outputs. 

Authors explain that often the available linear and discrete-time models are 

inadequate when it comes to simulating continuous-time complex systems such as EH 

[3, 19]. Thus, HarvWSNet, a design that combines MATLAB and WSNet [20] is 

proposed to create more realistic simulations that can be studied to observe EH-WSN 

behavior [3]. MATLAB is used to model EH, whereas WSNet is used to simulate a 

network and the two are interlinked using sockets.  

Despite the many MATLAB toolboxes and its flexibility when it comes to 

communication with other software, not many researches focus on the effects of 

external parameters, such as the ones proposed in this thesis on the quality of an RF 

signal and the subsequently harvested RF energy. 

2.4. Machine Learning Solutions to Enhance RF-EH 

The wireless transfer of power along with information is not a new subject when 

it comes to research fields. According to the authors, antennas with substantial apertures 

and free-space beaming have been used to conquer power loss while transmission. Over 

the past years, low power transmission to enable wireless communication devices has 

gained popularity due to the advancements in RF energy harvesting circuitry. As 

research in the fields of RF energy exploration and harvesting increases, the method 

becomes a viable answer for the problem of powering large energy-limited wireless 

networks.  

Certain properties of RF energy make it different from other energy sources such 

as wind, solar, etc. These are: 

1. RF sources often propagate stable amounts of energy that can be predicted. 

2. The amount of energy that can be harvested can be anticipated accurately for fixed 

RF energy harvesters that have a certain fixed distance from the transmitter(s). 

3. As the distance from the transmitter is proportional to the amount of energy 

harvested, different nodes across the network harvest notably different amounts of 

energy.  



20 

Hence, studies suggests that the harvested power can be predictable. Authors 

conclude that a number of limitations constraint RF energy harvest including type, 

configuration and location of node, etc. The energy harvested from a signal also 

depends on its transmitted power, wavelength and the distance from its source. 

Additionally, variance in time and frequency directly affects the extent to which RF 

energy can be captured. This makes it crucial for harvesters to be scheduled to operate 

at conditions where the largest amount of energy can be harvested. Thus, the node that 

is harvesting energy should be able to realize energy prediction. This leads to a need 

for intelligent energy harvesting systems [5, 21, 22, 23]. 

2.4.1. Machine learning solutions for finding a harvesting schedule. In a 

study, real time RF data was collected in a university environment to train a prediction 

model catering to optimal RF energy harvesting [24]. The features were extracted from 

RF data that were collected from eight frequency bands over 24 hours, for 4 months. 

Linear regression and decision trees are used to predict energy harvesting for setups 

with high and low efficiency. Linear Regression reportedly surpassed the prediction 

accuracy of decision trees by achieving a prediction accuracy of 85% when using a 

train-test ratio of 66:34 [24]. It is unclear from the paper as to what decision tree 

algorithm they have used.  

Another study proposes a linear forecaster with near-time linear regression-based 

enhancer (LFNTLRE) to predict an on-off schedule for the energy harvester [25]. The 

proposed scheme uses near-time instances of energy harvest to draw trends and is 

compared to an ANN with 2 hidden layers and 64 neurons per layer. It is found that the 

ANN is able to achieve an accuracy of 99%, whereas LFNTLRE achieves an accuracy 

of 100% [25]. The study does not mention the train to test ratio used.  

Authors in a third study use SVM for an enhanced EH system [21]. The used 

machine learning technique enhances the performance by charging and triggering 

sensors according to a schedule. Wi-Fi data is collected over 3 months from 3 different 

locations. The power from the Wi-Fi signal is measured every 10 minutes from 8 AM 

to 12 PM, 5 days a week. 4 input parameters are collected; the location, the day, the 

time and the signal power. When tested using a 60:20:20 training-validation-testing 

ratio, the model yields an 83% accuracy for predicting the channel with the highest 

available power [21].  
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2.4.2. Machine learning solutions for finding the optimal harvest band. In 

a varying study, a technique known as antenna switching is suggested using a 

generalized selection combiner [26]. The approach determines the antennas with stable 

channels and uses them to communicate, while the remaining antennas are used to 

harvest energy from their respective bands. Results demonstrate that the proposed 

scheme decreases the power outage in the system [26].  

In a similar study, a Support Vector Machine with multiple classes is proposed 

[27]. The system classifies nodes to RF bands where optimal energy can be harvested. 

The authors compare the results of n:(100-n) train-test ratios. The results indicate that 

increasing the amount of training data increased the energy consumption and accuracy, 

while reducing error rate [27]. The results of this study conform to what can be expected 

from machine learning models using the suggested train-test ratios and does not provide 

any new notable information. 

2.4.3. Machine learning solutions to enhance energy consumption. Authors 

propose to enslave WSN nodes to operate at the amount of energy available at its 

respective location, while making sure that the WSN load is fairly distributed across all 

nodes.  The overall lifespan of an entire WSN depends on the lifetime of its distinct 

sensor nodes, hence utilizing each node’s energy efficiently is crucial and is reported 

to result in improvements in a nodes lifespan [28].  

In a similar application, powering IoT devices with harvested energy is proposed 

as a viable substitute to conventional power sources in non-volatile processors. Instead 

of generating a singular large neural network, the study proposes numerous small neural 

networks. These have 4 layers to deal with different tasks, to reduce the overall number 

of computations. The neural network takes 3 input parameters; the input power, the 

stored energy and a Boolean variable to determine if the resource is a bottleneck. The 

neural networks output the optimal frequency for the processor to operate at. The result 

is a doubling of progress in the performance of the non-volatile processors [29, 30].  

In a different study, the authors investigate a wireless network that has two node 

types; Type 1 node that has no limit on its energy supply and Type II node that harvests 

RF energy to operate. The transmissions on Type I nodes can be used a source of energy 

for Type II nodes that operate in half-duplex mode, allowing energy harvest or data 
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transmission at a time. The paper uses a WLAN (2.45 GHz indoor Wi-Fi signals) for 

RF energy harvesting on the nodes. Since it is assumed that Type II nodes’ only source 

of energy is the harvested RF energy, the wireless channel between the two node types 

is also used as a source of energy. The study further explores transmission models not 

relevant to this thesis, using Markov chains [31].  

2.4.4. Machine learning solutions to optimally transmit energy. In a varied 

field of study, a deep neural network is proposed at the transmitter end to determine the 

ideal transmission path to a harvester. The system uses the predicted outcome to ensure 

that different transmitters can concentrate their power on an energy harvesting node to 

yield a high DC output. A 10-layer DNN, with 100 nodes in each layer is implemented 

using MATLAB using 40 pilot transmit covariance matrices and yields an accuracy of 

up-to 100% when working with one harvester, and up to 60% when working with three 

harvesters. As the number of harvesters increases, the accuracy of the DNN decreases 

[32]. 

2.5. Discussion 

Although existing literature aims to improve the performance of energy harvesters, 

a comprehensive approach to the novel problem proposed in this thesis is not found. In 

this regard: 

1. Studies have not delved deeper into the details of wireless network simulations with 

RF-EH and the tools to do so, as done in this thesis. A MATLAB based RF-EH 

network simulation implemented and thoroughly explained in this thesis. 

2. The energy harvesting parameters proposed in this study were not used collectively 

in any of the previous works, (to the best of the author’s knowledge) to obtain a 

machine learning model. In fact, the research indicates that there is a lack of 

exploration of environmental effects on RF signals in the domain of RF-EH. 

3. The correctness of machine learning models is measured using accuracy in majority 

of the existing literature, while ignoring crucial measures such as F-Measure, which 

is the harmonic mean of precision and recall and AUC, which measures the area 

under the precision-recall curve. This may lead to improper conclusions. 

The external conditions of the EH-WSN are crucial to ensure the smart harvest of 

energy. Thus, the merit of this thesis lies in the fact that it bridges the gap in research 
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by aiming to target the intelligent harvest of RF energy based on external parameters 

that are not solely related to the network and energy harvester properties.  
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Chapter 3. Methodology 

 

In this chapter, the methodology to simulate a wireless sensor network with an 

energy harvesting mechanism is explained. 

 

 

Figure 3: Proposed System Block Diagram. 

 

A detailed analyses of the harvesting environment using a MATLAB based 

simulation is conducted. This is done to be able to produce semi-realistic simulation 

models that provide detailed representations of the system, enabled by sophisticated 

MATLAB toolboxes. It is not possible to attain fully accurate simulations since the 

emulation of all the relevant ambient parameters in a real-life situation is limited by the 

software and information constraints. As proposed in this thesis, a method to record the 

diminishing effects of temperature, humidity, distance, weather on a given day of the 

year and height on the amount of RF power received and subsequently harvested at a 

node is implemented. Using all the mentioned parameters allows more relevant 

modelling, analysis and more improvement in terms of the energy harvesting system. 

The parametric data is then cleaned and statistically analysed in RStudio, before 

deriving machine learning models from it. The block diagram of the proposed approach 

in this thesis is presented in Figure 3.  
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3.1. EH-WSN Simulation  

A MATLAB based simulation is designed for a wireless sensor network that 

deploys energy harvesting. EH depends mainly on the distance between the transmitter 

and receiver and is not affected by different network configurations since RF energy 

propagates spherically in all directions from the RF source. A simulation-based 

approach is opted for since it allows feasible analysis of the proposed system. It is also 

more cost effective as the tools required are licensed through the American University 

of Sharjah. The network includes objects and functions to mimic the parameters that 

affect the harvest of RF energy. These parameters have been proposed in the objectives 

of this thesis and evaluated against studied parameters in the existing research. They 

include: temperature, humidity, distance from the RF source, month, and height from 

the ground. The details of the implementation are further explained in sections 3.1.1 

and 3.1.2. 

 

 

Figure 4: 5G Coverage Map [36]. 

 

3.1.1 RF-EH network and environmental configuration. An RF-EH 

network with an RF source and an array of 11×11 RF energy harvesting nodes is 

simulated. In the simulated model, the RF source depicts an Etisalat Tower providing 

5G access near the University City, Sharjah, with a transmitted power of 24 dBm and 

a frequency of 26 GHz [33, 34]. This is done as the 5G frequency range works with a 
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greater number of attenuation models within MATLAB. The 5G covered areas are 

shown in Figure 4. The efficiency of the energy harvester at the harvesting node is set 

to 90%, according to the efficiency of e-peas energy harvester [35]. This means that 

90% of the received RF power is converted into usable DC power by the harvester. The 

power is measured in dBm. Each node is modelled at ∑ 𝑛 × 5010
𝑛=0  meters horizontally 

from the RF source, and is ∑ 𝑚 × 1010
𝑚=0  meters vertically from the ground (height). 

The configuration of the RF-EH nodes is presented in Figure 5. 

 

 

Figure 5: RF Energy Harvesting Nodes. 

 

The horizontal distance from the source to the harvesting nodes ranges between 

0 and 500 meters, and the height from the ground to the harvesting node is between 0 

and 100 meters [37, 38]. Moreover, loss during different months of the year because of 

specific weather conditions is modelled. Humidity is measured in percentage of water 

vapor present in the air. The temperature and humidity are modelled according to the 

low and high temperature values (degrees Celsius) and the humidity values (percentage) 

recorded in Sharjah, UAE as shown in Figure 6.  

3.1.2. RF signal attenuation. Evaluation of the performance of wireless 

networks depends on the understanding of the environment in which the signals 

propagate. Friis equation with loss removed, shown in (1) gives the power of the 

received signal at a receiver placed at a given distance from the source: 

𝑃𝑟 =
𝑃𝑡𝐺𝑟𝐺𝑡𝜆2

(4𝜋𝑅)2
− 𝑙𝑜𝑠𝑠 

(1) 
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Pr and Pt represent the received and transmitted power. The antenna gains are 

represented as G. The antenna gain is set to 17 dBi for the transmitter [63, 64] and 13.6 

dBi for the receiver [65, 66]. λ represents the wave length and R is the distance of 

propagation. [40, 41] 

 

 

Figure 6: Temperature and Humidity Graphs for Sharjah, UAE [39]. 

 

3.1.2.1. Loss due to atmospheric temperature. Authors record and report 

the RF power received from a radio source at different temperatures. The study is 

carried out in the University of Calabar in Nigeria [42]. The trend of the graph maps on 

a transmitted power of 35 dBm and a frequency of 0.51925 GHz. Assuming that all the 

variables except the transmitted power and frequency are constant between this thesis 

and the experiments conducted in the paper, a relationship between the received power 

in this thesis and the studied paper can be derived using the following method, where c 

is the speed of light: 

24𝐺𝑟𝐺𝑡(
𝑐

26)2

(4𝜋𝑅)2
=

35𝐺𝑟𝐺𝑡(
𝑐

0.51925
)2

(4𝜋𝑅)2
 

=
24(

𝑐
26

)2

35(
𝑐

0.51925
)2

 

=
24 ×

1
262

35 ×
1

0.519252

 

= 2.73 × 10−4 
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It is found that the received power from the 5G tower considered in this thesis is 

less than the received power from the radio source in the paper by a factor of 

2.73 × 10−4. The line equation shown in (2), representing the behaviour of RF power 

received from a transmitter against T (temperature) is thus extracted to calculate loss 

due to atmospheric temperature, shown in (3). The values recorded in the referenced 

paper were measured at a distance of 2 Km and thus the loss should be divided by a 

factor of 2000 to measure loss per meter. It must be noted that the temperature values 

recorded in the study were in degrees Fahrenheit and were converted to degrees Celsius 

for this thesis [2]. 

𝑃𝑟 = (
−15

14
𝑇 +

254

7
 ) × (2.73 × 10−4)  

(2) 

  

𝐿𝑜𝑠𝑠 =
(𝑃𝑡 − 𝑃𝑟)

2000
 

(3) 

3.1.2.2. Loss due to relative humidity. Similar to temperature, the effects of H 

(humidity) are measured by extracting the line equation from the model represented in 

the study evaluating effects of weather conditions on RF signals [42]. The extracted 

equation is shown in (4). (3) is used to calculate the loss due to humidity thereafter.  

𝑃𝑟 = (
−22

3
𝐻 +

242

15
) × (2.73 × 10−4)  

(4) 

3.1.2.3. Loss due to weather conditions during the year. The days in the months 

between November and March have been modelled to experience no, light, moderate, 

heavy or extreme rains [41]. The days in September and October have been modelled 

to have no, light, moderate or heavy fog [43]. The climate is modelled to be clear during 

the remaining days of the year. Additionally, atmospheric absorption at different 

heights is considered in all the weather conditions modelled. 

• Loss due to rain: Rain is a major limitation for RF signals, especially when 

operating above 5 GHz. It is often described using rain rate in mm/h. Rain is light 

or extreme, expressed across 1 mm/h to 50 mm/h [44]. The different rain rates are 

shown in Figure 7. Within MATLAB the rainpl() function from the Radar Toolbox 

is used to measure the loss due to rain. The function is based on the power-law 

relationship defined by the International Telecommunication Union - 

Radiocommunication (ITU-R) Sector’s shown in (x), where k and α refer to linear 
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and circular polarization based on the elevation and tilt angles of 10 and 0 defined 

in the simulation, and R is the rain rate [44]. 

𝐿𝑜𝑠𝑠 = 𝑘𝑅𝛼 
 

(5) 

The function models the propagation loss due to rain for signals between 

1GHz and 1THz. The propagation loss at different frequencies due to rain at a 

distance of 10 meters is shown in Figure 8. 

 

 

Figure 7: A Depiction of Different Possible Rain Rates. 

 

 

Figure 8: Propagation Loss Due to Rain. 

 

• Loss due to fog: Fog is caused by droplets much smaller than rain in the air. Fog 

differs from humidity as it is the liquid water droplets present in air as opposed to 

water vapour. Mild fog often has a liquid water density of 0.05 g/m3. The liquid 
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water density for heavy fog is 0.5 g/m3. The different fog densities are shown in 

Figure 9. 

 

 

Figure 9: A Depiction of Different Possible Fog Densities. 

 

 

Figure 10: Propagation Loss Due to Fog. 

 

The atmospheric temperature is set to 15 degrees Celsius for the graph 

presented in Figure 10 [45]. Within MATLAB the fogpl() function from the Radar 

Toolbox is used to measure the loss due to fog at different frequencies, it is effective 

for frequencies between 10 GHz and 1 THz. The function is based on the Rayleigh 

model defined by ITU-R based on the Frequency f, Temperature T, water density 

M, and the could liquid water specific attenuation coefficient Kl shown in (x) [45]. 

The propagation loss due to fog at 10 meters is shown in Figure 10. 
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𝐿𝑜𝑠𝑠 = 𝐾𝑙(𝑓, 𝑇)𝑀  (6) 

• Loss due to atmospheric absorption: Signal attenuation due to atmospheric gasses 

is defined as a function of dry air pressure, such as oxygen, and the density of water 

vapor. The dry air pressure is set to be 1013 hPa at 15 degrees Celsius and the water 

vapor is set to be 7.5 g/m3 [46]. Within MATLAB the tropopl() function from the 

Radar Toolbox is used to measure the loss due to atmospheric absorption. It is bases 

on the guidelines set by the ITU-R, and calculated the using the formula shown in 

(7), where loss is a sum of loss because of refractivity due to dry air and water 

vapour. 

 𝐿𝑜𝑠𝑠 = 𝐿𝑜𝑠𝑠𝑜 + 𝐿𝑜𝑠𝑠𝑤 (7) 

The propagation loss due to atmospheric gasses at 10 meters at a height of 

2 Km in the mid latitudes is shown in Figure 11. However, it is evident that 

atmospheric loss does not affect the signal at the heights specified in this thesis and 

is not incorporated into the model when calculating the harvested power. The reason 

for this is the fact that the values are observed within a 100 meters and atmospheric 

absorption becomes more significant at heights higher than average and high-rise 

buildings. In fact, when measured, the difference in atmospheric loss at 500 meters 

of height and 0 meters is only 0.0049 dBm. 

 

 

Figure 11: Propagation Loss Due to Atmospheric Gasses. 

 



32 

3.2. Data Cleaning and Analysis 

Once a working simulation is achieved, its parametric values are extracted as 

part of the data collection step. In this thesis, RStudio is used to analyse data, generate 

and evaluate machine learning models. The collected data is cleaned before the 

derivation of the machine learning models. Moreover, the statistical analysis of 

parameters with respect to the harvested power is crucial to ensure what parameters 

must and must not be considered during machine learning. For example; p-value testing 

is used to measure correlation. Further details of the data collected and the process of 

cleaning and analysing it are explained in section 3.2.1, 3.2.2 and 3.2.3. 

3.2.1 Data collected. The parametric data from the simulation is collected in 

the form of a data table and loaded into RStudio. Since, the data is collected in the order 

of increasing temperature, humidity, distance, etc, it is shuffled randomly. The data 

table contains 5 columns and 379,440 rows. Temperature, Humidity and Distance are 

numeric variables of the ordinal type. Temperature values range from 18 to 40 degrees, 

with a mean value of 26.75 degrees. Humidity has a minimum value of 51% and a 

maximum value of 70%, with a mean of 62.08%. Distance ranges from 0 to 500 meters, 

and has a mean of 250 meters. Month is a nominal variable of type character. 

3.2.2 Data cleaning. The data is tested for missing values. It is found that about 

none of the rows contain missing values. Furthermore, it is observed that power 

harvested at a distance of 0 meters from the source is infinite. The value results from 

the distance variable in the denominator of Friis equation. This is a logical fallacy since 

infinite power cannot be harvested, indicating that the free space path loss models 

correctly accommodate only distances greater than 0 meters.  These values are removed 

from the data table. The month names are then converted to numbers, to maintain their 

ordinality when plotting. Since the temperature, humidity and distance have very 

different ranges, the values are scaled to have a mean of 0. This results in the 

temperature and distance ranging from -1.8 to 1.8 and the humidity ranging from -1.5 

to 1.5. 

3.2.3 Data analysis. Once the data is cleaned, it is subjected to statistical analysis 

to validate and understand the correlations between the predictors and the output 

variable. Parameters are considered independent when they do not affect each other. 

The Kruskal-Wallis Test is used to test the independence of the predictors against the 
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output variable, without the assumption of a normal distribution. A p-value less than 

0.05 indicates a correlation [47].  

 

  Table 1: Kruskal-Wallis Test p-values. 

Parameter p-value 

Temperature 4.208×10-7 

Humidity 1.953×10-11 

Distance < 2.2×10-16 

Month 1.299×10-08 

 

The p-values of the different variables are shown in Table 1. A strong correlation 

is observed between temperature, humidity, distance, and month and the harvested 

power. An additional variable called Harvest is introduced into the data table, that can 

have the binary Yes/No values indicating whether the conditions are suitable for power 

harvest or not. The values are decided based on the 75th percentile of the harvested 

power values, if the harvested power is above the threshold, then the conditions are 

considered appropriate for power harvest and inappropriate otherwise. The 75th 

percentile is chosen as it allows the generation of meaningful results. Higher percentiles 

result in a dataset that is highly biased towards Harvest-NO. At the same time, lower 

percentiles do not make a strong enough distinctions between Harvest-YES and 

Harvest-NO. However, the rows are still oversampled to ensure that the two possible 

outcomes have similar counts within the data. 

 

 

Figure 12: Histogram of Temperature with Harvest. 
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The histogram for temperature with harvest is shown in Figure 12. It is observed 

that temperatures of 20, 23, 26, 29, 32, 35 and 38 degrees Celsius have the highest 

number of Harvest-YES, followed by 18, 21, 24, 27 and 30 degrees Celsius. 40 degrees 

Celsius has a decent number of Harvest-YES and their highest number are at 25, 28, 

31, 34 and 37 degrees Celsius. This explains that the temperatures that show a high 

frequency of Harvest-YES are more suitable for energy harvest. There are no instances 

of 19, 22, 33, 36 and 39 degrees in the data. The histogram for humidity with harvest is 

displayed in Figure 13. It is clear that the frequency of the Harvest-YES drops as the 

humidity increases. This shows that better conditions for energy harvest are at lower 

relative humidity. 

The histogram for distance with harvest is displayed in Figure 14.  It is observed 

that Harvest-YES values are greater than Harvest-NO at distances of up to 150 meters. 

Above 150 meters, Harvest-YES becomes less than Harvest-NO. This shows that the 

most well-suited conditions for energy harvest are at closer ranges from the 5G source, 

typically within 150 meters. Similar to humidity, the relationship between distance and 

harvest is simple in the dataset used. In reality, the distance between a node and a source 

may be smaller than what is considered as the maximum distance in the simulation 

generated. This is because the 5G towers may be crowded together in certain areas, 

making distance a more complex variable. 

 

 

Figure 13: Histogram of Humidity with Harvest. 
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Figure 15 shows the histogram for month with harvest. It is inferred that the 

months of April, May, June, July and August have the highest amount of Harvest-YES. 

These are the clear summer months with no loss attributed to rain or fog. This is 

followed by November, December, January, February and March, the rainy months of 

the year and September and October, the foggy months of the year. Rain and Fog are 

thus not suitable for the harvest of RF energy.  

The correlation between the predictors and the output variables is further validated 

using the chi-square test. The chi-square test works by analysing the frequency tables 

of two categorical variables to determine if there is a significant association between 

them or not. A p-value less than 0.05 indicates a strong correlation between the 

variables [48]. The p-values of the different variables are shown in Table 2. The values 

confirm that there is a strong correlation between temperature, humidity, distance and 

month and the harvest suitability. 

 

 

Figure 14: Histogram of Distance with Harvest. 

 

  Table 2: Chi-Square Test p-values. 

Parameter p-value 

Temperature   < 2.2e-16 

Humidity < 2.2e-16 

Distance < 2.2e-16 

Month < 2.2e-16 
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The power variable is removed from the data frame. Since the temperature, 

humidity and distance have very different ranges, the values are scaled to have a mean 

of 0. This results in the temperature and distance ranging from -1.8 to 1.8 and the 

humidity ranging from -1.5 to 1.5. The resulting data frame contains 389,370 rows and 

5 columns of data.  

Since the number of rows in the data is very large, it makes it difficult to use 

algorithms such as SVM, that take a kernel-based approach and store data points into 

matrices. This results in very slow computation, where often the hardware resources at 

hand are not adequate. To solve this problem, a subset of the main data frame is 

extracted randomly to include 19,468 entries, 5% of the original rows for the generation 

and testing of machine learning models.  

 

 

Figure 15: Histogram of Month with Harvest. 

 

3.3. Machine Learning 

The data is randomly split in to training-validation-testing sets with a 60:20:20 

split ratio. These training-validation-testing sets will be used to train and evaluate the 

different machine learning models generated using 10-fold cross validation before the 

final testing. The data is first divided into train-test data sets. The train data set is then 

randomly split into train-validation datasets and validated by training the model with 

the train dataset and validating it using the validation dataset. The validation step is 
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repeated 10 times. Finally, the entire train dataset is used to train the ML models, which 

is then tested using the test dataset. It must be noted that the same train-test datasets are 

used in all the ML models for the sake of consistency. Several different machine 

learning models are derived, namely: Logistic Regression, Classification Trees, 

Support Vector Machines, and Naïve Bayes. These are commonly deployed supervised 

classification techniques and tend to perform well with data is that is specific to their 

working algorithm. The specifics of the machine learning models are detailed in 

sections 3.3.1, 3.3.2, 3.3.3 and 3.3.4. 

3.3.1. Logistic Regression. Logistic Regression is a specific type of generalized 

linear model. It fits a sigmoid curve to the training data to predict the classification of 

a future data point [49, 50]. It is often used to model variables with dichotomous 

outcomes. In Logistic Regression, the probability, and subsequently the odds of an 

outcome are modeled as a linear combination of its predictors, which may be 

continuous or discrete [51]. Based on the probability of the outcomes, the data point is 

then categorized as one of the outcomes. A probability greater than 50% for Harvest-

YES will result in a prediction of Harvest-YES. The predicted outcome will be Harvest-

NO otherwise. The glm() function from the MASS package in R is used to generate the 

Logistic Regression model of the binomial family since the output variable has binary 

values. The model allows for a generalization of the ordinary linear regression catered 

to data with a binomial distribution [52]. 

3.3.2. Classification Tree. Decision Trees are intuitive in nature and find the most 

appropriate path to a specific outcome [49, 50]. The rpart() function from the rpart 

(Recursive Partitioning and Regression Trees) package in R is used with the class 

method to generate the Classification Tree model. The function uses the CART 

(Classification and Regression Tree) algorithm and the gini index method of splitting 

[53]. The minsplit value is set to be 12 and the cp value to be 4.129×10-6. Minsplit refers 

to the smallest number of entries that must exist in a node for a split to be attempted, 

and cp refers to complexity parameter that determines the pruning of splits that don’t 

improve the overall fit of the tree [54]. In particular, the complexity parameter of a node 

is the resulting error value after the splitting of that node. As such, the tree with the best 

fit and complexity trade-off can be obtained by using the most appropriate minsplit and 
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cp values. In the case of this thesis, the tree stops splitting further, once a cp of 

4.129×10-6 is achieved.  

 

 

 Figure 16: Criteria to Select the Tree with the Best Fit. 

 

To find the complexity parameter and the smallest number of entries that must 

exist in a node for a split to be attempted, a Classification Tree is generated with a cp 

of 0, which would result in the maximum of splits. The rule of thumb used is to select 

the minsplit and cp values that result in the sum of root mean square error and standard 

deviation being less than the minimum cross-validated error of the tree. It can be seen 

in Figure 16, that this condition is fulfilled when the minsplit is 12 and the cp is 

4.129×10-6. 

3.3.3. Support Vector Machine. Support Vector Machines work by creating 

hyperplanes between classes of data to classify datapoints in an n dimensional space 

[49, 50, 55]. The svm() function from the e1071 package in R is used to produce the 

SVM model of the classification type using the radial base function (RBF) kernel. The 

RBF kernel is used since it generally performs well and is simple in terms of its 

parameters. The RBF kernel ranges between zero and one and reduces as the Euclidean 

distance between two data points increases. Thus, the RBF kernel can be said to use a 

measure of similarity between points in terms of Euclidean distance [56]. The values of 

the cost and gamma for the radial kernel are determined using a grid search with 5-fold 

cross validation to find the most optimal combination. The cost values are tested 

between 1 and 10 and the gamma values are tested between 0 and 0.5 with an increase 

of 0.1. It is found that the optimal cost and gamma value combination, based on the 

lowest classification error is 8 and 0.3 respectively. Since, there are 4 predictors in the 

case of this thesis, the generated data points exist in a 4D space. 
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3.3.4. Naïve Bayes. Naïve Bayes is a probabilistic classifier that is based on 

Bayesian conditional probability [49, 50]. The naivebayes() function from the e1071 

package in R is used to produce the Naïve Bayes model of type class. The Naïve Bayes 

algorithm works by computing the conditional probabilities of the output class variables 

using Bayes rule, when an independent set of predictors is given [57]. 
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Chapter 4. Results and Analysis 

 

In this chapter, the results of the machine learning algorithms to predict the 

suitable conditions for harvest are presented. Confusion matrices, AUC (Area Under 

the Curve), F-Measure, and accuracy are calculated to evaluate the performance of the 

models when tested using new test data. Furthermore, the results from each of the 

models are compared and the appropriate machine learning algorithm for the dataset 

produced from the simulation in this thesis is suggested. 

The confusion matrix is a 2×2 matrix that contains 4 different outcomes of a 

prediction model, namely; True Positives, False Positives, False Negatives and True 

Negatives. A True Positive occurs when a predicted positive is actually positive. A 

False Positive occurs when a predicted positive is actually negative. A False Negative 

occurs when a predicted negative is actually positive. Finally, a True Negative occurs 

when a predicted negative is actually negative. 

 The AUC of a model determines its classification skill and its overall diagnostic 

accuracy in distinguishing between outcome classes. It measures the area underneath 

the precision-recall or ROC (Receiver Operating Characteristics) curve, which plots the 

recall against precision. An AUC of 0.5 indicates that the precision-recall curve 

corresponds to random chance, and an AUC of 1 indicates perfect accuracy. An AUC 

of less than 0.5 indicates that the model performs even worse than random chance [58, 

59]. In general, an AUC of 0.7-0.8 is considered acceptable, 0.8-0.9 is excellent and an 

AUC greater than 0.9 is outstanding [60].  

The F-Measure is the harmonic mean of the precision and recall of a model. It 

combines the two into one score since both are limited on their own when giving a full 

picture of the performance and robustness of the model [62]. A good precision does not 

guarantee a good recall and vice versa. A high F-Measure indicates that the precision 

and recall of the model are both high. In the other case, the improvement in precision 

may be at the expense of recall and vice versa, making the F-Measure highly subjective 

to the requirements and preferences of the user [58, 61, 62]. The formula for F-Measure 

is given in (8). 



41 

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =  
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
  

(8) 

Precision is the ratio of true positives to the total number of positives. Recall, 

also known as sensitivity, is the ratio of true positives to a sum of true positives and 

false negatives. (9) and (10) show the formulae for precision and recall respectively. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
 

(9) 

  

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
   

(10) 

The accuracy of a model refers to the ratio of correct predictions to the total 

predictions. In general, an accuracy greater than 0.9 is considered good [61]. The 

formula for accuracy is given in (11).  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
   

(11) 

The accuracy can sometimes be biased and misleading on its own when the data 

is majority-true or majority-false. Thus, the AUC and F-Measure help validate the 

correctness of the model [62]. All results are validated by 10-fold cross validation to 

ensure that anomalous results are not reported. 

4.1. Logistic Regression Results 

The confusion matrix produced when testing the Logistic Regression model is 

shown in Table 3.  

 

Table 3: Confusion Matrix for Logistic Regression Testing. 

  Reference 

Prediction 

  NO YES 

NO 1899 59 

YES 49 1887 

 

When testing, the accuracy for this model is 97.23%, the AUC is 97.23%, and 

the F-Measure is 97.24%. The results indicate the machine learning model performs 

very well with a very high number of true positives and true negatives. In other words, 

the model is able to classify the parametric conditions into the Harvest-YES and 

Harvest-NO classes with an accuracy of 97.23%. It is also extremely successful at 
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distinguishing between Harvest-YES and Harvest-NO. The high F-Measure is an 

indicator of the robustness of the model to new test data. The precision and recall of the 

model are 96.99% and 97.46%, respectively. The precision value shows that the model 

has a high number of true positives in relation to all predicted positives, meaning that 

96.99% of the predicted Harvest-YES are actually Harvest-Yes. The recall value 

indicates that the model is also good at predicting Harvest-YES when the actual 

outcome is Harvest-YES.  

4.2. Classification Tree Results 

The Classification Tree generated using the train data set is shown in Figure 17. 

 

 

Figure 17: Classification Tree. 

 

The ability to visualise the generated tree allows for a better understanding of 

the classification algorithm. A split between Harvest-YES and Harvest-NO is attempted 

at the root based on the humidity.  The following splits are attempted based on the 

distance, temperature, humidity and month variables, and the splits are based on 

distance and humidity. The highest number of splits are based on temperature values, 
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followed by humidity, distance and month, in that order. This indicates that the 

Classification Tree finds a strong correlation between the predictors and the outcome 

variable. The confusion matrix produced when testing the Classification Tree model is 

shown in Table 4.  

 

Table 4: Confusion Matrix for Classification Tree Testing. 

  Reference 

Prediction 

  NO YES 

NO 1936 22 

YES 12 1924 

 

The outstanding accuracy, AUC and F-measure values when testing this model are 

99.13%. The results demonstrate that the model is able to classify Harvest-YES and 

Harvest-NO well with an extremely high number of true positives and true negatives. 

The model does an excellent job at distinguishing between the two outcomes, as is 

indicated by its AUC. It is also decently robust and performs adeptly according to its 

F-Measure. The model has a precision of 98.88% and a recall of 99.38%. The results 

indicate that the model performs slightly better in terms of recall in contrast with the 

precision. This means that a marginally lower number of the predicted positives are 

actually positives than the number of actual positives that are correctly predicted as 

positives. 

4.3. Support Vector Machine Results 

The confusion matrix produced when testing the SVM model is shown in Table 

5. The testing accuracy for this model is 98.92%, the AUC is 98.92%, and the F-

Measure is 98.92%. SVM predicts the correct outcome in terms of Harvest-YES and 

Harvest-NO 98.92% of times, making it an excellent predictor. It has an extremely low 

number of false negatives and false positives. It also distinguishes between the two 

outcomes considerably well according to its AUC. Furthermore, the model is robust to 

test data, as indicated by its F-Measure. The precision of the model is 98.97% and the 

recall is 98.87%. Thus, the model performs a little better in terms of precision than 

recall. A drawback of SVM is that out of all the tested models, it takes the longest 

amount of time when it comes to training. This can be attributed to its storage algorithm 

as already explained previously. 
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Table 5: Confusion Matrix for Support Vector Machine Testing. 

  Reference 

Prediction 

  NO YES 

NO 1926 20 

YES 22 1926 

 

4.4. Naïve Bayes Results 

The confusion matrix produced when testing the Naïve Bayes model is shown 

in Table 6.  

 

Table 6: Confusion Matrix for Naïve Bayes. 

  Reference 

Prediction 

  NO YES 

NO 1902 65 

YES 46 1881 

 

The accuracy when testing the Naïve Bayes model is 97.15%, the AUC is 

97.14%, and the F-Measure is 97.16%. The model is able to correctly differentiate 

between the two outcomes in 97.15% of all its predictions. It is able to distinguish 

between Harvest-YES and Harvest-NO very well. Finally, it is also extremely robust. 

These conclusions are drawn from the AUC and F-measure values observed. The model 

has an excellent precision of 96.7%, explaining that majority of the predicted Harvest-

YES are actually Harvest-YES. The recall is 97.64%, which is marginally higher than 

the precision. This explains that the model is more adept when it comes to classifying 

actual positives as positives. 

4.5. Result Analysis and Comparison 

A statistical analysis of the validation accuracies of the models is presented in 

Table 7. In terms of average accuracy, the Classification Tree model outperforms all 

other models with a value of 99.198%, closely followed by SVM at 98.944%, Naïve 

Bayes at 97.028% and finally Logistic Regression with an average accuracy of 

96.866%, in that order. The Classification Tree model is also able to achieve the highest 

maximum accuracy of 99.33%. The lowest observed accuracy value is for the Logistic 

Regression model with a value of 96.4%. Moreover, when looking at the 95% 

confidence intervals of the Logistic Regression and Naïve Bayes models, an overlap is 
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found, indicating that the difference between their performance accuracy is not 

significantly different. However, the Classification Tree and Support Vector Machine 

perform relatively differently.  

 

Table 7: Statistical Analysis of Validation Accuracies. 

Logistic Regression Classification Tree 

        

Mean 0.96866 Mean 0.99198 

Median 0.96915 Median 0.992 

Minimum 0.964 Minimum 0.9907 

Maximum 0.9724 Maximum 0.9933 

Confidence Level(95.0%) 0.002064011 Confidence Level(95.0%) 0.000555957 

Upper Confidence Level (95%) 0.970724011 Upper Confidence Level (95%) 0.992535957 

Lower Confidence Level (95%) 0.966595989 Lower Confidence Level (95%) 0.991424043 

Naïve Bayes Support Vector Machine 

        

Mean 0.97028 Mean 0.98944 

Median 0.9701 Median 0.9891 

Minimum 0.9653 Minimum 0.9875 

Maximum 0.973 Maximum 0.992 

Confidence Level(95.0%) 0.00166637 Confidence Level(95.0%) 0.000997632 

Upper Confidence Level (95%) 0.97194637 Upper Confidence Level (95%) 0.990437632 

Lower Confidence Level (95%) 0.96861363 Lower Confidence Level (95%) 0.988442368 

 

This is also clearly demonstrated in Figure 18, which graphs all the accuracy 

values for the validation and test runs of the models.  

 

 

Figure 18: Validation and Test Run Accuracies. 
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The statistical analysis for the validation AUC of the models is summarised in 

Table 8. The Classification Tree has the highest AUC at 99.179%, followed shortly by 

SVM with a value of 98.943%, Naïve Bayes at 97.029% and Logistic Regression with 

an AUC of 96.866%. There is an overlap observed between the 95% confidence 

intervals of the Logistic Regression and Naïve Bayes, making them similar in terms of 

AUC. The lowest AUC is 96.4% and is observed when validating the Logistic 

Regression model. The highest AUC is observed in the Classification Tree and the 

Support Vector Machine.  

 

Table 8: Statistical Analysis of Validation AUC. 

Logistic Regression Classification Tree 

        

Mean 0.96865631 Mean 0.99196988 

Median 0.96917085 Median 0.99196905 

Minimum 0.9640293 Minimum 0.9906833 

Maximum 0.9723807 Maximum 0.9932548 

Confidence Level(95.0%) 0.002060853 Confidence Level(95.0%) 0.000552557 

Upper Confidence Level (95%) 0.970717163 Upper Confidence Level (95%) 0.992522437 

Lower Confidence Level (95%) 0.966595457 Lower Confidence Level (95%) 0.991417323 

Naïve Bayes Support Vector Machine 

        

Mean 0.97029219 Mean 0.98943548 

Median 0.97013135 Median 0.989082 

Minimum 0.965313 Minimum 0.9874749 

Maximum 0.9730226 Maximum 0.9919719 

Confidence Level(95.0%) 0.001664948 Confidence Level(95.0%) 0.000995402 

Upper Confidence Level (95%) 0.971957138 Upper Confidence Level (95%) 0.990430882 

Lower Confidence Level (95%) 0.968627242 Lower Confidence Level (95%) 0.988440078 

  

Figure 19 shows the difference in performance between the models. It can be 

noted that Logistic Regression and Naïve Bayes models perform with similar AUC and 

the Classification Tree and Support Vector Machine perform significantly differently 

in terms of AUC. The statistical analysis of validation F-Measures of the models are 

explained using Table 9. Following the trend, the Classification Tree model has the 

highest average F-Measure, followed by SVM, Naïve Bayes and Logistic Regression. 

However, there is an overlap between the 95% confidence intervals of the Logistic 

Regression and Naïve Bayes models, indicating that the two models have a closely 
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related performance in terms of the F-Measure. Following course, the Classification 

Tree and Support Vector Machine have relatively distinct F-Measure values. A visual 

demonstration of the F-Measure values across the different models is shown in Figure 

20. The results indicate that the dataset is most suitable to the classification based on 

multiple pathway partition, which is the basic principle of the Classification Tree. 

 

 

Figure 19: Validation and Test Run AUC. 

 

Table 9: Statistical Analysis of Validation F-Measures. 

Logistic Regression Classification Tree 

        

Mean 0.96875 Mean 0.99198 

Median 0.9692 Median 0.992 

Minimum 0.9642 Minimum 0.9907 

Maximum 0.9725 Maximum 0.9933 

Confidence Level(95.0%) 0.002062647 Confidence Level(95.0%) 0.000555957 

Upper Confidence Level (95%) 0.970812647 Upper Confidence Level (95%) 0.992535957 

Lower Confidence Level (95%) 0.966687353 Lower Confidence Level (95%) 0.991424043 

Naïve Bayes Support Vector Machine 

        

Mean 0.97047 Mean 0.98944 

Median 0.97035 Median 0.9891 

Minimum 0.9656 Minimum 0.9875 

Maximum 0.9732 Maximum 0.992 

Confidence Level(95.0%) 0.001634416 Confidence Level(95.0%) 0.001005014 

Upper Confidence Level (95%) 0.972104416 Upper Confidence Level (95%) 0.990445014 

Lower Confidence Level (95%) 0.968835584 Lower Confidence Level (95%) 0.988434986 
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Figure 20: Validation and Test Run F-Measures. 

 

It must be noted that even though the Classification Tree outperforms all the 

other models, they still perform extremely well on their own, indicating that an 

approach based on hyperplanes separation, Bayes theorem and sigmoid curve is still 

suitable for the data at hand. Thus, the future decisions at the harvesting end in the 

simulation should be made based on the Classification Tree’s outcome in order to 

ensure that the most accurate prediction is being used to enable or disable the harvest 
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Chapter 5. Conclusion and Future Work 

 

5.1. Achievements 

In this thesis, a novel machine learning based approach for intelligent RF-EH is 

proposed. The thesis starts with simulating an RF-EH network with different 

parameters. These parameters include temperature, humidity, distance from source, 

month, height and the harvested power at a node. The data collected from the simulation 

is cleaned and analysed before it is subjected to various machine learning algorithms; 

Logistic Regression, Classification Tree, Support Vector Machine and Naïve Bayes. 

The original 379,440 rows and 5 columns in the data set are reduced to 19,468 rows 

and 5 columns after cleaning and analysis. The machine learning models provide 

outcome that determines suitable parametric conditions to allow the harvest of energy. 

The models are evaluated based on their accuracy, F-measure and AUC. The results are 

validated using 10-fold cross validation, and it is found that the generated machine 

learning models have an overall average accuracy of 98.107%, an average AUC of 

98.113% and an average F-Measure of 98.107% when tested. The best performing 

model is the Classification Tree. The results indicate that the dataset obtained from the 

simulation in this thesis is most suited for classification using Classification Trees. 

5.2. Limitations 

Although modelled to mimic real-life scenarios closely, the simulation in this 

thesis lacks the exact accuracy of real-life data as it is nearly impossible to simulate all 

ambient noise and factors contributing to the loss of power in an RF signal. Moreover, 

efficiency of the harvester is assumed based on the information provided for one 

existing e-peas EH module in the market without actually testing the actual energy 

harvesting hardware within an RF-EH network.  

5.3. Future Work 

This work can be extended to collect data from real-life RF-EH networks and 

make decisions based on the parameters studied in the simulation in this thesis and other 

ambient factors that deteriorate RF signals. Additionally, the thesis can be further 

extended to accommodate actual load sensors in the network for the use of the power 

that is harvested. In the case a sensor has died and the energy harvester is not supplying 

its harvested power forward, a feedback loop system can be added to switch off the 
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harvester. This is crucial to reduce overheating at the nodes in the network. Moreover, 

a framework to reflect changes on the energy harvesters based on the outcome of 

machine learning can be included to this work, along with a solution for the storage of 

surplus harvested power. The harvested power can be stored in rechargeable batteries 

when it is not being used to operate network nodes. The power from batteries can then 

be used to operate the network when ample RF energy is not available. 
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Appendix A 

 

clear all 

close all 

clc 
  

%e-peas RF energy harvester 

efc= 0.9; %efficiency 
  

%Etisalat tower in the university city, 

Sharjah. Cell 0 
  

%%trasmitted power 

PT = 24; %trasmitting 24 dBm of signal power 
  

%%tramitter and receiver antenna gain 

GT = 17; %%17 dbi  

GR = 13.6; %%13.6 dbi  
  

%%wavelength 

c = physconst('lightspeed'); 

f = 26 *1e9; %average of the uplink and 

downlink frequency 

W = c/f; %%Wavelength 
  

%%distance 

distance = (1:10:501); %% distance covered by 

5G signals in meters 
  

el = 10;                 % degree of elevation 

tau = 0;                 % horizontal 

polarization 
  

%%loss 
  

%Loss because of weather conditions 
  

%monthly affects 

Month = zeros(30,12); 

rainrate = [0 1 4 20 50]; % rain rate in mm/h 

waterdensity = [0 0.01 0.05 0.5]; % liquid 

water density in g/m^3 
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for n = 1:30 

    %rain observed in uae between november and 

march 

    pos = randi(length(rainrate)); 

    Month(n,11) = rainrate(pos); 

    Month(n,12) = rainrate(pos); 

    Month(n,1) = rainrate(pos); 

    Month(n,2) = rainrate(pos); 

    Month(n,3) = rainrate(pos); 

    %fog observed in uae between september and 

march 

    pos = randi(length(waterdensity)); 

    Month(n,9) = waterdensity(pos); 

    Month(n,10) = waterdensity(pos); 

    Month(n,11) = waterdensity(pos); 

    Month(n,12) = waterdensity(pos); 

    Month(n,1) = waterdensity(pos); 

    Month(n,2) = waterdensity(pos); 

    Month(n,3) = waterdensity(pos); 

end 
  

%%temperature 

T = (18:3:30);%% temperatures in uae(degree 

Celsius) 

%%humidity 

humidity = (64:2:70);%percentage of humidity 
  

%rain 

i=1; 

if((f>1 *1e9) && (f<1 *1e12)) %rain model 

affects signals above 1GHz and below 1THz 

    for o = 1:numel(T) 

        for p = 1:numel(humidity) 

            for n = 1:numel(distance) 

                for l = 1:12 

                    for m = 1:30 

                        if(l<=3 || l>=11) 

                            if (l ==1) 



58 

                                namemonthr(i)= 

"January"; 

                            end 

                            if (l == 2) 

                                namemonthr(i)= 

"February"; 

                            end 

                            if (l == 3) 

                                namemonthr(i)= 

"March"; 

                            end 

                            if (l == 11) 

                                namemonthr(i)= 

"November"; 

                            end 

                            if (l == 12) 

                                namemonthr(i)= 

"December"; 

                            end 

                            

distancer(i)=distance(n); 

                            temperaturer(i)= 

T(o); 

                            

humidityr(i)=humidity(p); 

                            

humidityloss(i)=(PT-(((-

22/3)*humidity(p)+(242/15))*(2.73*10^(-

4))))/2000; 

                            

temperatureloss(i)= (PT - (((-

15/14)*T(o)+(254/7))*(2.73*10^(-4))))/2000; 

                            rainloss(i) = 

rainpl(distance(n),f,Month(m,l),el,tau)'; 

                            PRr(i) = 

((PT*GT*GR*(W^2))/((4*pi*distance(n))^2)) - 

(rainloss(i)+temperatureloss(i)+humidityloss(i

)); 

                            PHr(i) = efc * 

PRr(i); %harvested power 
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                            i= i+1; 

                        end 

                    end 

                end 

            end 

        end 

    end 

end 

PHr=PHr'; 

PHr=PHr*100; 

namemonthr = namemonthr'; 

distancer=distancer'; 

temperaturer=temperaturer'; 

humidityr=humidityr'; 
  

%%temperature 

T = (20:3:38);%% temperatures in uae (degree 

Celsius) 

%%humidity 

humidity = (62:2:64);%percentage of humidity 
  

%fog 

i=1; 

if((f>10 *1e9) && (f<1 *1e12)) %fog model 

affects signals above 10GHz and below 1THz 

    for o = 1:numel(T) 

        for p = 1:numel(humidity) 

            for n = 1:numel(distance) 

                for l = 9:10 

                    for m = 1:30 

                        if (l == 9) 

                            namemonthf(i)= 

"September"; 

                        end 

                        if (l == 10) 

                            namemonthf(i)= 

"October"; 

                        end 

                        

distancef(i)=distance(n); 
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                        temperaturef(i)= T(o); 

                        

humidityf(i)=humidity(p); 

                        humidityloss(i)=(PT - 

(((-22/3)*humidity(p)+(242/15))*(2.73*10^(-

4))))/2000; 

                        temperatureloss(i)=(PT 

- (((-15/14)*T(o)+(254/7))*(2.73*10^(-

4))))/2000; 

                        fogloss(i) = 

fogpl(distance(n),f,T(o),Month(m,l))'; 

                        PRf(i) = (PT * 

(GT*GR*(W^2))/((4*pi*distance(n))^2)) - 

(fogloss(i)+temperatureloss(i)+humidityloss(i)

); 

                        PHf(i) = efc * PRf(i); 

%harvested power 

                        i= i+1; 

                    end 

                end 

            end 

        end 

    end 

end 

PHf=PHf'; 

PHf=PHf*100; 

namemonthf = namemonthf'; 

distancef=distancef'; 

temperaturef=temperaturef'; 

humidityf=humidityf'; 
  
  

%%temperature 

T = (25:3:40);%% temperatures in uae (degree 

Celsius) 

%%humidity 

humidity = (51:2:57);%percentage of humidity 
  

%clear 

i=1; 
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for o = 1:numel(T) 

    for p = 1:numel(humidity) 

        for n = 1:numel(distance) 

            for l = 4:8 

                for m = 1:30 

                    distancex(i)=distance(n); 

                    temperature(i)= T(o); 

                    humidityx(i)=humidity(p); 

                    if (l == 4) 

                        namemonth(i)= "April"; 

                    end 

                    if (l == 5) 

                        namemonth(i)= "May"; 

                    end 

                    if (l == 6) 

                        namemonth(i)= "June"; 

                    end 

                    if (l == 7) 

                        namemonth(i)= "July"; 

                    end 

                    if (l == 8) 

                        namemonth(i)= 

"August"; 

                    end 

                    humidityloss(i)=(PT - (((-

22/3)*humidity(p)+(242/15))*(2.73*10^(-

4))))/2000; 

                    temperatureloss(i)=(PT - 

(((-15/14)*T(o)+(254/7))*(2.73*10^(-

4))))/2000; 

                    PR(i) = (PT * 

(GT*GR*(W^2))/((4*pi*distance(n))^2)) - 

(temperatureloss(i)+humidityloss(i)); 

                    PH(i) = efc * PR(i); 

%harvested power 

                    i = i+1; 

                end 

            end 

        end 

    end 
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end 
  

PH=PH'; 

PH=PH*100; 

namemonth = namemonth'; 

distancex=distancex'; 

temperature=temperature'; 

humidityx=humidityx'; 
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Appendix B 

 

#  Read the data into a data frame 

 

```{r setup, include=FALSE} 

 

if (!require("readr")){ 

install.packages("readr") 

library(readr) 

} 

 

# set working directory 

setwd("C:/Users/raviha/Desktop/thesis/R_Spring21") 

# read the file into a dataframe 

df <- read_csv("dataset-157.csv") 

# show the file  

View(df) 

``` 

 

#  Print a summary of the various columns in the data 

 

 

```{r} 

summary(df) 

``` 

 

# Rename columns 

 

```{r} 

 

# cleanup the names of columns so they do not have spaces 

names(df)[names(df) == 'Harvested Power'] <- 'Power' 
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``` 

 

```{r} 

df$Month<-as.factor(df$Month) 

df$Temperature<-as.numeric(df$Temperature) 

df$Humidity<-as.numeric(df$Humidity) 

df$Power<-as.numeric(df$Power/100) 

``` 

#  Nominal Variables 

 

```{r} 

df$Month <- 

ifelse(df$Month=='January',1,ifelse(df$Month=='February',2,ifelse(df$Month=='Mar

ch',3,ifelse(df$Month=='April',4,ifelse(df$Month=='May',5,ifelse(df$Month=='June',

6,ifelse(df$Month=='July',7,ifelse(df$Month=='August',8,ifelse(df$Month=='Septemb

er',9,ifelse(df$Month=='October',10,ifelse(df$Month=='November',11,12))))))))))) 

df$Month <- as.numeric(df$Month) 

# df$Month<-as.factor(df$Month) 

``` 

#  Randomly Shuffle the data 

 

```{r} 

set.seed(42) 

rows <- sample(nrow(df)) 

df <- df[rows, ] 

 

if (!require("standardize")){ 

install.packages("standardize") 

library(standardize) 

} 

``` 
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# Statistical Analysis 

 

```{r echo=FALSE, fig.cap = "ANOVA Diagnostics"} 

kruskal.test(Power ~ as.factor(Temperature), data = df) 

kruskal.test(Power ~ as.factor(Humidity), data = df) 

kruskal.test(Power ~ as.factor(Distance), data = df) 

kruskal.test(Power ~ as.factor(Month), data = df) 

``` 

 

# Create more meaningful derived variables related to the questions and domain at-

hand 

 

```{r echo=FALSE} 

summary(df$Power) 

``` 

```{r echo=FALSE} 

#add a new column based on a condition 

library(dplyr) 

tble <- df <- df %>% mutate(Harvest = ifelse(Power<=-0.02165, 'NO','YES')) 

df$Harvest <- as.factor(df$Harvest) 

 

if (!require("ROSE")){ 

  install.packages("ROSE") 

  library(ROSE) 

} 

#over sampling 

df <- ovun.sample(Harvest ~ ., data = df, method = "over",N =389370)$data 

#checking if the data is balanced 

table(df$Harvest) 

 

set.seed(42) 

rows <- sample(nrow(df)) 
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df <- df[rows, ] 

 

#show first row 

head(tble, n=3) 

``` 

# Look for patterns in the derived variable 

 

```{r echo=FALSE, fig.cap = "Histogram of parameters with harvest"} 

library(ggplot2) 

ggplot(df, aes(x=df$Temperature,fill=factor(Harvest)))+ 

geom_bar()+theme_bw()+labs(fill="Harvest",x="Temperature") 

 

library(ggplot2) 

ggplot(df, aes(x=df$Humidity,fill=factor(Harvest)))+ 

geom_bar()+theme_bw()+labs(fill="Harvest",x="Humidity") 

 

library(ggplot2) 

ggplot(df, aes(x=df$Distance,fill=factor(Harvest)))+ 

geom_bar()+theme_bw()+labs(fill="Harvest",x="Distance") 

 

library(ggplot2) 

ggplot(df, aes(x=df$Month,fill=factor(Harvest)))+ 

geom_bar()+theme_bw()+labs(fill="Harvest",x="Month") + 

scale_x_discrete(limits=c("1","2","3","4","5","6","7","8","9","10","11","12")) 

``` 

# Explore relationship between pairs of variables 

 

## Doing a Chi-Square test 

 

```{r echo=FALSE} 

if (!require("MASS")){ 

install.packages("MASS") 

library(MASS) 
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} 

 

tbl = table(df$Temperature, df$Harvest) 

tbl 

chisq.test(tbl) 

 

tbl = table(df$Humidity, df$Harvest) 

tbl 

chisq.test(tbl) 

 

tbl = table(df$Distance, df$Harvest) 

tbl 

chisq.test(tbl) 

 

tbl = table(df$Month, df$Harvest) 

tbl 

chisq.test(tbl) 

``` 

```{r} 

df <- subset (df, select = -Power) 

 

``` 

# Data Partitioning 

 

```{r} 

#scaling the data 

df$Temperature <- scale(df$Temperature)[, 1] 

df$Humidity <- scale(df$Humidity)[, 1] 

df$Distance <- scale(df$Distance)[, 1] 

 

if (!require("caTools")){ 
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  install.packages("caTools") 

  library(caTools) 

} 

 

df <- df[sample(nrow(df), (19468)), ] 

set.seed(42) 

rows <- sample(nrow(df)) 

df <- df[rows, ] 

 

set.seed(95) 

split <-sample.split(df$Harvest, SplitRatio = 0.8) 

#get training and test data 

train <-subset(df, split == TRUE) 

test <-subset(df, split == FALSE) 

train$Harvest<-as.factor(train$Harvest) 

test$Harvest<-as.factor(test$Harvest) 

``` 

# Logictic Regression 

 

```{r} 

 

if (!require("caret")){ 

  install.packages("caret") 

  library(caret) 

} 

 

if (!require("ROCR")){ 

  install.packages("ROCR") 

  library(ROCR) 

} 
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LOG_function<-function(validation,train_, title){ 

LOG_model<-glm(Harvest ~.,family=binomial(link='logit'),data=train_) 

  summary(LOG_model) 

  pred <- predict(LOG_model, newdata=validation, type='response') 

  pred<-as.numeric((pred >= 0.5)) 

  pred<-as.factor(ifelse(pred==0,'NO','YES')) 

  print('Confusion matrix for test') 

  print(confusionMatrix(pred,validation$Harvest,mode="everything")) 

  pred<-as.numeric(ifelse(pred=='YES',1,0)) 

  validation_<-as.numeric(ifelse(validation$Harvest=='YES',1,0)) 

  ROCRpred <- prediction(pred, validation_) 

  ROCRperf <- performance(ROCRpred, 'tpr','fpr') 

  plot(ROCRperf, colorize = TRUE) 

  ROCRperf <- performance(ROCRpred, 'prec','rec') 

  plot(ROCRperf, colorize = TRUE) 

  ROCRperf <- performance(ROCRpred, "acc") 

  plot(ROCRperf) 

  ROCRperf <- performance(ROCRpred, "f") 

  plot(ROCRperf) 

  ROCRperf <- performance(ROCRpred, "auc") 

  print('AUC for test') 

  print(ROCRperf@y.values) 

} 

train_test<-function(train, siid, title="train-test", sratio=0.8){ 

library(caTools) 

set.seed(siid+35) 

split <-sample.split(train$Harvest, SplitRatio=sratio) 

train_ <-subset(train, split == TRUE) 

validation <-subset(train, split == FALSE) 

LOG_function(validation,train_,title) 

} 
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for(inc in 1:10){ 

train_test(train,inc) 

} 

 

LOG_model<-glm(Harvest ~.,family=binomial(link='logit'),data=train) 

  summary(LOG_model) 

  pred <- predict(LOG_model, newdata=test, type='response') 

  pred<-as.numeric((pred >= 0.5)) 

  pred<-as.factor(ifelse(pred==0,'NO','YES')) 

  print('Confusion matrix for test') 

  print(confusionMatrix(pred,test$Harvest,mode="everything")) 

  pred<-as.numeric(ifelse(pred=='YES',1,0)) 

  test_<-as.numeric(ifelse(test$Harvest=='YES',1,0)) 

  ROCRpred <- prediction(pred, test_)  

  ROCRperf <- performance(ROCRpred, 'tpr','fpr') 

  plot(ROCRperf, colorize = TRUE) 

  ROCRperf <- performance(ROCRpred, 'prec','rec') 

  plot(ROCRperf, colorize = TRUE) 

  ROCRperf <- performance(ROCRpred, "acc") 

  plot(ROCRperf) 

  ROCRperf <- performance(ROCRpred, "f") 

  plot(ROCRperf) 

  ROCRperf <- performance(ROCRpred, "auc") 

  print('AUC for test') 

  print(ROCRperf@y.values) 

``` 

# Classification tree 

 

```{r} 

 

if (!require("rpart")){ 
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  install.packages("rpart") 

  library(rpart) 

} 

 

if (!require("rpart.plot")){ 

  install.packages("rpart.plot") 

  library(rpart.plot) 

} 

 

CT_function<-function(validation,train_, title){ 

  control <- rpart.control(minsplit=21,cp=2.0065e-06) 

  tree <- rpart(Harvest~.,data=train_,method="class", control=control) 

  plot(tree, uniform=TRUE, main="Classification Tree") 

  text(tree, use.n=TRUE, all=TRUE, cex=.8) 

  library(rpart.plot) 

  prp(tree, faclen = 0, cex = 0.5, extra = 1) 

  print(tree) 

  printcp(tree) 

  pred <- predict(tree, newdata=validation, type="class") 

  print('Confusion matrix for validation') 

  print(confusionMatrix(pred,validation$Harvest,mode="everything")) 

  pred<-as.numeric(ifelse(pred=='YES',1,0)) 

  validation_<-as.numeric(ifelse(validation$Harvest=='YES',1,0)) 

  ROCRpred <- prediction(pred, validation_) 

  ROCRperf <- performance(ROCRpred, 'tpr','fpr') 

  plot(ROCRperf, colorize = TRUE) 

  ROCRperf <- performance(ROCRpred, 'prec','rec') 

  plot(ROCRperf, colorize = TRUE) 

  ROCRperf <- performance(ROCRpred, "acc") 

  plot(ROCRperf) 

  ROCRperf <- performance(ROCRpred, "f") 
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  plot(ROCRperf) 

  ROCRperf <- performance(ROCRpred, "auc") 

  print('AUC for test') 

  print(ROCRperf@y.values) 

} 

train_test<-function(train, siid, title="train-test", sratio=0.8){ 

library(caTools) 

set.seed(siid+35) 

split <-sample.split(train$Harvest, SplitRatio=sratio) 

train_ <-subset(train, split == TRUE) 

validation <-subset(train, split == FALSE) 

CT_function(validation,train_,title) 

} 

for(inc in 1:10){ 

train_test(train,inc) 

} 

 

 

control <- rpart.control(cp=0) 

tree <- rpart(Harvest~.,data=train,method="class",control = control) 

plot(tree, uniform=TRUE, main="Classification Tree") 

text(tree, use.n=TRUE, all=TRUE, cex=.8) 

library(rpart.plot) 

prp(tree, faclen = 0, cex = 0.5, extra = 1) 

print(tree) 

printcp(tree) 

pred <- predict(tree, newdata=test, type="class") 

print('Confusion matrix for test') 

print(confusionMatrix(pred,test$Harvest,mode="everything")) 
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  pred<-as.numeric(ifelse(pred=='YES',1,0)) 

  test_<-as.numeric(ifelse(test$Harvest=='YES',1,0)) 

  ROCRpred <- prediction(pred, test_)  

  ROCRperf <- performance(ROCRpred, 'tpr','fpr') 

  plot(ROCRperf, colorize = TRUE) 

  ROCRperf <- performance(ROCRpred, 'prec','rec') 

  plot(ROCRperf, colorize = TRUE) 

  ROCRperf <- performance(ROCRpred, "acc") 

  plot(ROCRperf) 

  ROCRperf <- performance(ROCRpred, "f") 

  plot(ROCRperf) 

  ROCRperf <- performance(ROCRpred, "auc") 

  print('AUC for test') 

  print(ROCRperf@y.values) 

``` 

# SVM 

 

```{r} 

if (!require("e1071")){ 

  install.packages("e1071") 

  library(e1071) 

} 

 

  # m = tune.svm(x = train[,-5],y = train[,5], 

tunecontrol=tune.control(cross=5),cost=1:10,gamma=seq(0,0.5,by=0.1)) 

  # m$performances 

  # m$best.parameters 

   

SVM_function<-function(validation,train_, title){ 

SVM_model<-svm(Harvest~., data = train_, probability=TRUE, gamma=0.3, cost = 

8) 

  summary(SVM_model) 
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  pred <- predict(SVM_model, newdata=validation, probability=TRUE) 

  print('Confusion matrix for validation') 

  print(confusionMatrix(pred,validation$Harvest,mode="everything")) 

 

  pred<-as.numeric(ifelse(pred=='YES',1,0)) 

  validation_<-as.numeric(ifelse(validation$Harvest=='YES',1,0)) 

  ROCRpred <- prediction(pred, validation_)  

  ROCRperf <- performance(ROCRpred, 'tpr','fpr') 

  plot(ROCRperf, colorize = TRUE) 

  ROCRperf <- performance(ROCRpred, 'prec','rec') 

  plot(ROCRperf, colorize = TRUE) 

  ROCRperf <- performance(ROCRpred, "acc") 

  plot(ROCRperf) 

  ROCRperf <- performance(ROCRpred, "f") 

  plot(ROCRperf) 

  ROCRperf <- performance(ROCRpred, "auc") 

  print('AUC for validation') 

  print(ROCRperf@y.values) 

} 

train_test<-function(train, siid, title="train-test", sratio=0.8){ 

library(caTools) 

set.seed(siid+35) 

split <-sample.split(train$Harvest, SplitRatio=sratio) 

train_ <-subset(train, split == TRUE) 

validation <-subset(train, split == FALSE) 

SVM_function(validation,train_,title) 

} 

for(inc in 1:10){ 

train_test(train,inc) 

} 
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  SVM_model<-svm(Harvest~., data = train, probability=TRUE, gamma=0.3, cost = 

8) 

  summary(SVM_model) 

   

  pred <- predict(SVM_model, newdata=test, probability=TRUE) 

  print('Confusion matrix for test') 

  print(confusionMatrix(pred,test$Harvest,mode="everything")) 

 

  pred<-as.numeric(ifelse(pred=='YES',1,0)) 

  test_<-as.numeric(ifelse(test$Harvest=='YES',1,0)) 

  ROCRpred <- prediction(pred, test_)  

  ROCRperf <- performance(ROCRpred, 'tpr','fpr') 

  plot(ROCRperf, colorize = TRUE) 

  ROCRperf <- performance(ROCRpred, 'prec','rec') 

  plot(ROCRperf, colorize = TRUE) 

  ROCRperf <- performance(ROCRpred, "acc") 

  plot(ROCRperf) 

  ROCRperf <- performance(ROCRpred, "f") 

  plot(ROCRperf) 

  ROCRperf <- performance(ROCRpred, "auc") 

  print('AUC for test') 

  print(ROCRperf@y.values) 

``` 

# Naive Bayes 

 

```{r} 

NB_function<-function(validation,train_, title){ 

train_[sapply(train_, is.character)] <- lapply(train_[sapply(train_, is.character)], 

as.factor) 

validation[sapply(validation, is.character)] <- lapply(validation[sapply(validation, 

is.character)], as.factor) 

train_[sapply(train_, is.numeric)] <- lapply(train_[sapply(train_, is.numeric)], 

as.factor) 
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validation[sapply(validation, is.numeric)] <- lapply(validation[sapply(validation, 

is.numeric)], as.factor) 

NB_model <- naiveBayes(Harvest~ ., data = train_,type='class') 

pred <- predict(NB_model, newdata=validation, type="class") 

print('Confusion matrix for validation') 

print(confusionMatrix(pred,validation$Harvest,mode="everything")) 

 

  

  pred<-as.numeric(ifelse(pred=='YES',1,0)) 

  validation_<-as.numeric(ifelse(validation$Harvest=='YES',1,0)) 

  ROCRpred <- prediction(pred, validation_)  

  ROCRperf <- performance(ROCRpred, 'tpr','fpr') 

  plot(ROCRperf, colorize = TRUE) 

  ROCRperf <- performance(ROCRpred, 'prec','rec') 

  plot(ROCRperf, colorize = TRUE) 

  ROCRperf <- performance(ROCRpred, "acc") 

  plot(ROCRperf) 

  ROCRperf <- performance(ROCRpred, "f") 

  plot(ROCRperf) 

  ROCRperf <- performance(ROCRpred, "auc") 

  print('AUC for validation') 

  print(ROCRperf@y.values) 

 

} 

train_test<-function(train, siid, title="train-test", sratio=0.8){ 

library(caTools) 

set.seed(siid+35) 

split <-sample.split(train$Harvest, SplitRatio=sratio) 

train_ <-subset(train, split == TRUE) 

validation <-subset(train, split == FALSE) 

NB_function(validation,train_,title) 

} 
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for(inc in 1:10){ 

train_test(train,inc) 

} 

 

train[sapply(train, is.character)] <- lapply(train[sapply(train, is.character)], as.factor) 

test[sapply(test, is.character)] <- lapply(test[sapply(test, is.character)], as.factor) 

train[sapply(train, is.numeric)] <- lapply(train[sapply(train, is.numeric)], as.factor) 

test[sapply(test, is.numeric)] <- lapply(test[sapply(test, is.numeric)], as.factor) 

NB_model <- naiveBayes(Harvest~ ., data = train,type='class') 

pred <- predict(NB_model, newdata=test, type="class") 

print('Confusion matrix for test') 

print(confusionMatrix(pred,test$Harvest,mode="everything")) 

 

  

  pred<-as.numeric(ifelse(pred=='YES',1,0)) 

  test_<-as.numeric(ifelse(test$Harvest=='YES',1,0)) 

  ROCRpred <- prediction(pred, test_)  

  ROCRperf <- performance(ROCRpred, 'tpr','fpr') 

  plot(ROCRperf, colorize = TRUE) 

  ROCRperf <- performance(ROCRpred, 'prec','rec') 

  plot(ROCRperf, colorize = TRUE) 

  ROCRperf <- performance(ROCRpred, "acc") 

  plot(ROCRperf) 

  ROCRperf <- performance(ROCRpred, "f") 

  plot(ROCRperf) 

  ROCRperf <- performance(ROCRpred, "auc") 

  print('AUC for test') 

  print(ROCRperf@y.values) 

```  
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