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ABSTRACT
Internet of things (loT) in conjunction with artificial intelligence techniques are increasingly
being used in different sectors, particularly in agriculture # is used to satisfy the need of
increasing farm productivity to meet the rapidly growing demand for food due to rapid
population growth. Ensuring data driven solutions is an essential step toward increasing
productivity while at the same time enhancing utilization of resources. There is a need to ensure
efficient usage of both water and fertilizer to conserve the environment and reduce costs. Even
though attempts have been made to come up with smart irrigation and fertilization solutions,
there is still a need to incorporate latest sensing and data analytic technologies. This study
therefore presents a prototype for an Internet of Things (10T) and a deep learning driven solution
for smart fertigation. Soil moisture and soil nutrient data are collected in real time by sensors in a
farm, data is then processed on an ~ Advanced RISC Machine (ARM) Cortex 4 based Arduino
Nano 33 BLE sense and a deep learning model used to predict when to irrigate. In case
deficiencies in soil nutrients are detected, an alert is sent to the farmer via Global System for
Mobile communication (GSM) module to add the needed fertilizer to the water. The irrigation
valve is automatically actuated based on the predictions and from time to time. Upon successful
implementation, this system will reduce water and fertilizer wastages while increasing

productivity.

Keywords: loT, Smart farming, smart irrigation, deep learning, smart fertilization;
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CHAPTER 1

INTRODUCTION

1.0 Introduction

In Rwanda, just like other African populations, the majority of rural households, approximately
96%, rely on agriculture as a direct and only source of income [1]. However, low productivity
and resource wastages are increasingly being witnessed. In arid and semi-arid areas, a concern
that is consistent among farmers of different crops and animals is the efficiency in water usage
management. One way of ensuring the efficient management of this scarce resource is to
automate the irrigation process using latest technologies. In addition to the concern of water
wastages, the blind application of fertilizers leads to wastages as well. In an attempt to solve
these and other challenges, Government of Rwanda has put in place many policies to improve
the development of this sector for example the ICT4Ag (ICT for Agriculture) strategy with a
mission to provide a conducive environment for the development, adoption and use of ICT [2].
The use of ICT in Agriculture [3] is one way of reaching a large number of people and can help
ensure accelerated productivity and increased efficiency in the agricultural sector. With ICT
farmers and other stakeholders can be provided with the needed and appropriate information on
time through the development of webpages and another interface through which such
information can be accessed. Farmers will also be able to improve their skill and knowledge
through ICT driven learning programs. This will also lead to improved access to information and

job opportunities.

Internet of Things (IoT) [4] and Machine Learning (ML) [5] provide capabilities that can be
exploited in enhancing data driven farming a concept referred to as smart farming. With Smart
farming traditional agricultural practices are replaced by the use of automated management
systems and equipment. Smart agriculture [6] combines information and communication
technology (ICT) and the emerging technology of the Internet of Things (loT) and to improve
the technologies use in agricultural production and to enhance the optimization of different
management models. This can in the long run lead to reduced usage of agricultural resources and
thus increase the productivity in this sector. With 10T various sensors and devices are installed in

the farms to monitor various soil and environmental parameters with the collected near real-time
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data being sent to the internet for storage and visualization[7]. The farmers have capabilities of
viewing the conditions of the farm irrespective of their positions. The collected data can be
integrated with data from other sources and analysed by the farmers so as to make quick
informed decisions. This can further be improved by using artificial intelligence (Al) for

predictions and automation of functions [8].

loT has been used to improve irrigation systems and to ensure data driven fertilization as stated
in [9]. For example, an automated irrigation system in which the soil moisture condition is
monitored and maintained at desired levels by the use of an automatic watering system [10], a
Raspberry Pi is used in an loT based smart irrigation solution. In this system a webcam is used
for monitoring plan growth and the controlling of the watering system done [11], The presence
of soil nutrients is monitored and analysed based on the principle of colorimetric. Custom
designed NPK sensors are used to collected data from the field with the collected data being sent
to Google cloud for storage and visualization. To determine deficiencies in the sensed data a
fuzzy logic inference system is used. Such solutions show the capabilities of 1oT which can
further be exploited. However, there is a need to also use latest Al techniques to improve
efficiency thus the use of deep leering is presented in this study. Deep learning (DL) was
selected due to the ability of DL algorithms to learn high-level features from data. This capability
makes DL perform better as compared to other traditional Machine Learning (ML) algorithms
[12].

This study, therefore, presents a prototype for an 10T and a deep learning driven solution for
smart fertigation. Soil moisture and soil nutrient data are collected in real time by sensors in a
farm, data is then processed on an ARM Cortex 4 based Arduino Nano 33 BLE sense and a deep
learning model used to predict when to irrigate. In case deficiencies in soil nutrients are detected
an alert is sent to the farmer via GPRS/GSM module to add the needed fertilizer in the water.
The irrigation valve is automatically actuated based on the predictions and from time to time.
Upon successful implementation this system will reduce water and fertilizer wastages while

increasing productivity.

The data used for training the machine learning model was collected by STES group a

commercial 10T company in Rwanda that offers smart irrigation for six months. This presented
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solution is seen as an improvement to the existing system that is based on threshold values which

does not take into account the changes in soil quality over time.

1.1 Problem Statement

Agriculture is reported to be the main economic activity in Rwanda by FAO [13] It is estimated
that over seventy percent of people in Rwanda are engaged in Agriculture with over seventy-two
percent of citizens who work being employed in the Agricultural Sector. In Rwanda, Agriculture
contributes to 33% of the national GDP and has been instrumental to the growth of the GDP and
a rate of 7% since the year 2014. The major exports are coffee and tea while, the most produced
crops are sweet potatoes cassava, beans, maize, plantains, and potatoes. Some major agricultural
exports from Rwanda to other East African countries are cassava flour, dry beans, rice, maize

flour, potatoes, poultry maize, and live animals [13].

A major problem reported in Rwanda is that in a majority of irrigated farms the systems are
operated manually. Current technologies can be used to develop automatic irrigation systems to
replace the traditional irrigation methods. In a manually operated system a farmer is expected to
manually turn on and off the motor so as to irrigate, this most of the time leads to wastages of
electricity and power. An loT based solution can be used to overcome the problem by
automatically turning ON and OFF the motor based on monitored soil conditions [14]. With such
a solution the operation of the motor will mainly depend upon the moisture condition, soil
condition and the conditions of the atmosphere. In attempts to measure the above parameters
different sensing technologies can be exploited for example; soil temperature sensors, soil
humidity sensors and soil moisture sensors. So as to better manage farms soil conditions can be

monitored in real-time and regular updates sent to the could for analysis and visualization [9].

In addition, FAO reports [13] that low levels of productivity for both crops and livestock due to
low input use, poor production techniques and inefficient farming practices. Farmers apply
fertilizes blindly and sometime do not use them when needed. This can be attributed to the lack
of soil fertility monitoring mechanisms. Soil fertility sensors can be used to assess the soil

fertility in real time and guide the farmers accordingly.

Thanks to the advancement of new technologies, the use of 10T and Al have been exploited in

solving the problem. Such technologies are used to automate the soil quality assessment process
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so as to reduce the the intervention of farmers, different sensors like soil humidity sensor, soil
NPK sensor, soil PH sensor, soil moisture sensor, and soil temperature sensors among others,
are used and the sensors are connected to a microcontroller units (MCU) in which data is
processed and other parts of the system actuated accordingly [15]. Such systems automatically
control water system for irrigation land and also send alerts to farmers on the current soil fertility
levels. However, the existing solutions are mainly based on threshold for example the
BAZAFARM [16] in Rwanda which are not very effective for solutions that monitor parameters
that change overtime like soil conditions. In addition, the solutions are based on a cloud
dependant architecture which also lead to increased costs for the farmers and can also not be
deployed in areas with connectivity challenge. To overcome this challenges, we therefore
propose the use of our 10T and deep learning based solution that aims to solve the mentioned

challenges.

1.2 Aims and Objectives of the Study
1.2.1 Aims

The aim of this thesis research is to design and prototype an IoT and deep learning based smart

fertigation system so as to enhance data driven farming in Rwanda.

1.2.2 Specific Objectives
The specific objective that guided the study are:

i.  Todesignan loT system for an automatic irrigation based on real time soil parameters.
ii.  Totrain a deep learning model for a smart irrigation system.
iii.  To putin place an online cloud database for storing data on soil moisture and soil nutrient
collected from a farm by an 10T device.

iv.  To prototype an IoT and Al driven smart fertigation system.

1.3 Hypothesis
Our hypothesis is that the integration of loT and Al can increase the efficiency of smart

fertigation system and thus further reduce on wastages and costs.

1.4 Research Questions

The research question that the study addresses are;
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i.  What are the techniques and tools used in soil quality assessment?
ii.  Which are the the existing solutions used for smart irrigation and soil fertility prediction?
iii.  Are there opens source I0T and Al technologies that can be used in a smart fertigation
solution?
iv. ~ Which is the best way to design and prototype an 10T and Al driven smart fertigation
system?
1.5 Study Scope
Due to time and resource constraints the prototype was tested in a lab environment. The data

used for training the Al models will be based on historical data collected by STES group

company in Rwanda.

1.6 Significance of the Study

This thesis research is a contribution to the existing knowledge, most of the studies on smart
irrigation and fertilization do not use deep learning algorithms that can run on a local device
without the need of connecting to the cloud as presented in our study. Agricultural authorities

will also be able to use the collected data for decision making and planning.

The implementation of the system will help solve the existing problems and reduce wastage of

water and fertilizers. This will also lead to improved production and reduced costs.

The system will also contribute towards the achievement of Sustainable Development Goals
(SDGs): (i) Goal 1, no poverty as Agriculture is one of the major sources of income in many
African countries, the famers will be able to produce more hence better returns; (ii) Goal 2,

improved production will ensure farmers have enough to sell and eat reducing hunger.

1.7 Organization of the Document

The rest of this thesis report is organized as follows: In the next chapter related literature is
reviewed, the methodology for the study is presented in chapter 3, Chapter 4 presents the system
design and analysis; Chapter 5 presents the System Results, analysis and discussion, in Chapter 6
a conclusions are drawn and recommendations given. Lastly the references and the appendix are

outlined.
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CHAPTER 2

LITERATURE REVIEW

This section outlines a state of the art analysis of existing related solutions. First smart irrigation
systems are reviewed followed by a review of smart fertilization systems and lastly an analysis

of how artificial intelligence is applied to improve such systems.

2.1 Smart Irrigation Systems

To begin with, a system for automating and monitoring irrigation consisting of soil moisture
sensors, soil temperature sensor, a raspberry pi as the MCU and a water pump is proposed. In
this solution smart phones are used to communicate. The solution considers plants and the
amount of water they require at different stages of growth. Based on the calculated water
requirement the plants are irrigated accordingly [17] . Just by irrigating based on the water
requirements for the plants alone may not mean that optimal levels of required moisture is
reaches. Some water will be lost in the soil by environmental factors. The use of smart phone for
communication is also not appropriate for remote locations where ownership and connectivity

are a challenge hence the need for improvements.

Secondly, a smart irrigation system has been developed [18]. In the solution sensors including
water level sensor, soil moisture sensor, and soil temperature sensors are connected a MCU. The
MCU receives data from the sensors on the underlying atmospheric and weather conditions, pre-
process the data and based on the information turns on the relay and in turn automatically actuate
the water pump. This solution uses threshold values to actuate for irrigation. This does not take

into account the trends and gradual change of soil properties.

Thirdly, a system for irrigation smart farms that remotely monitors and controls irrigation drips
using a mobile phone in a wireless sensor network (WSN) is proposed. In this solution the
sensing devices communicate to the base station via ZigBee. A web based user interphase is used
visualization of data from the server where real-time sensed data is stored [19]. The use of
mobile phones is a challenge for remote location in Africa necessitating the need for

improvements of this solution.
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Last but not least, an automated irrigation system has been proposed [20]. In the solution existing
soil and water conditions are monitored by soil moisture sensors, soil pH sensors, soil humidity
sensor, water pressure sensor. The collected data from the sensors are displayed on a Liquid
Crystal Display (LCD). For communication between a farmer and the field devices a
GPRS/GSM module is used. The farmers get information on the current status of their farms
either through an sms or a customized webpage. This solution is based on threshold values that

are not recommended for time series data hence the need to use Al.

Even though these solutions are an improvement from the manual irrigation processes. There is
also a need to integrate machine learning to enable predictions for a more efficient data driven

process thus the need for this study.

2.2 Smart Fertilization Systems

These systems are mainly focused on ensuring fertilizers are applied only when needed and in
right amounts. First, an intelligent system that allows farmers to get relevant information on
climatic changes as monitored by IoT devices with an aim of improving the fertilization of the
soil is presented. Mobile phones and websites are used to handle the information [21]. This
solution can help in guiding the farmers in the usage of fertilizers it however does not integrate

this to an irrigation process to ensure maximum utilization of resources.

Secondly, in a related solution data is collected from the farm by an 10T device and sent to a
cloud based database for storage. Big data analytics is applied on the collected data to draw
meaning in relation to the crop fertilizer requirements, market requirements, stock requirement
etc. Data mining techniques are applied to do the predictions and the information sent to farmers
via a mobile application [21]. The use of a mobile app may be challenging to rural farmers
hence the need for alternative notification methods. Training on the cloud also means additional

connectivity and energy costs.

Moreover, so as to improve yields in agriculture and effectively schedule irrigation and
fertilization on the basis of forecasted weather, existing environmental conditions and crop
requirements a generic 1oT framework is proposed. In the solution the design of affordable
fertilization and irrigation system is targeted by ensuring that fertilizers are directly fed to the

roots of the plants and thus reduce on the amount of fertilizer needed to reduce on costs and soil
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health. The farmers are able to get information in their local languages via a mobile phone [22].
The use of a mobile application in this solution in this solution makes it challenging to

implement in a rural setting.

In addition, a novel method that uses Wireless Sensor Network and Internet of Things in
Farming is presented. Soil humidity sensor and soil Moisture sensor ae used to monitor soil
properties with data being stored in an 10T server. Based on the real-time soil parameters a
solenoid valve is switched ON and OFF for drip irrigation. In an attempt to avoid insufficient or
overdose in the application of fertilizers, a nutrient quantitative analysis is done based on
requirments. It also alerts the user by sending SMS (Short Messaging Service) through GSM to
the user on fertigation date and pesticides spraying date [23]. This solution applies the use
thresholds that does not take into account a progressive change in soil parameters. Moreover, the
solution does not integrate soil fertility sensors which are important in determining the soil

properties.

Lastly, a Light Emitting Diode and a Light dependent resistor are used to design a novel NPK
sensor for an 10T based solution. Monitoring and analysing of the nutrients present in the soil is
done through the principle of colorimetric. The collected sensed data from different fields is sent
to a Goggle cloud database for storage and fast retrieval when needed. So as to detect a
deficiency in a given nutrient, fuzzy logic is applied [23]. This solution does not integrate to an
irrigation system and with the customized sensor it is not easy to tell the exact amounts of NPK

in the soil hence the need for improvement.

Such solutions show the potential 10T and machine learning in fertigation. However, there is a
need to not only notify the farmers via a cheap solution but also use more advanced ML
techniques so as to predict when to apply the fertilizers and integrate the process to the irrigation

function so as to reduce wastages.

8|Page



2.3 Use of Artificial Intelligence in Irrigation and fertilization

Different Artificial Intelligence (Al) techniques have been used in improving irrigation and
fertilization efficiency. First, an 10T based agricultural application Decision Support System
(DSS) model is proposed. This solution leverages the analysis of smart watering equipment data
using deep analytics with an aim of improving water usage and developing field productions in
the agricultural fields. The analysed data is collected from the thing speak cloud platform. An
evaluation and demonstration of the efficiency of the proposed model was done through the use
of machine learning prediction model approaches. So as to also show the efficiency of the
system, a comparison of the proposed model with other classifiers was done and the result
showed the efficiency of the system [23].

In another solution, the system uses a pH Meter, DHT11 and Soil Moisture sensors, to obtain soil
humidity, soil moisture, and soil acidity (pH) data. XBee is used in the data acquisition process
and the collected data forwarded to a gateway for filtering. After that the gateway will send data
to the hosting server that will run the fuzzy algorithm to govern the actuator to be able to do
watering automatically [24]. Similarly, a Fuzzy logic controller is used to compute input
parameters (e.g. soil moisture, temperature and humidity) and to produce outputs of motor status.
In addition, the system also switches off the motor to save the power when there is an availability
of rain and also prevents the crop using panels from unconditional rain [25]. Also, an Internet of
Things based irrigation system that works at reducing the frequency of irrigation while
increasing the rate of production through the use of fuzzy logic is proposed [26].

An expert system using Al has been implemented in using the Naive Bayes method and machine
learning which operates on sensor data captured in agriculture. This work was useful in
monitoring the quality of fertilizer, pesticides and the amount of water to be irrigated in the crops
[27]. In another solution, an 10T device is used to sense the agricultural data and it is stored into
the Cloud database. Cloud based Big data analysis is used to analyze the data fertilizer
requirements, analyse the crops, market and stock requirements for the crop. Then the prediction

is performed based on data mining technique which information reaches the farmer via mobile
app [28].

In addition, various calculations and channels are created to gain and handle the hued pictures of

the dirt examples. These created calculations are utilized to separate various highlights like tone,
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surface, and so on diverse soil types like red, dark, dirt, alluvial, and so on are thought of. The
grouping utilizes Support Vector Machine, Al method. SVM looks to correct a perfect hyper
plane between the classes and uses simply a bit of the readiness tests that lie at the edge of the
class transports in feature space (support vectors) [29]. Lastly, a proposal is presented that targets
to develop a low cost intelligent system for smart irrigation. It uses 10T to make devices used in
the system to talk and connect on their own, with capabilities like: admin mode for user
interaction, one-time setup for irrigation schedule estimation, neural based decision making for

intelligent support and remote data monitoring [30].

Due to the increasing availability of labeled datasets there is a move to deep learning methods for
more accurate prediction systems that can lead to an improvement to the solutions. This study
therefore proposes the use of deep learning based models. The study also explores pruning and

quantization techniques so as to make the models lighter to run on embedded devices.
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CHAPTER 3

RESEARCH METHODOLOGY

The methods, tools and processes and steps undertaken in the research are outlined in this
chapter. The research steps are first presented followed by the Al model training steps and lastly

the selected system development method used in developing the prototype.

3.1 Research Steps

The research process began in the month of January 2021 with a review of related literature in an
endeavour to identify a gap for further study. After an idea of a possible topic was developed and
a further literature review and the writing of a research proposal done. The research proposal was
presented and approved in March 2021 there after the research process proceeded as presented in

figure 3.1

Research Proposal

Comprehensive literature review

Selection of tools and methods

Data collection
Al model design, training and testing

System design and Prototyping

Thesis and conference paper writing

Fig 3.1: Research steps

11|Page



3.2 Data Collection

Due to the limited time data used for the study was collected in collaboration with STES group a
commercial company in Rwanda that offers smart farming solution. The data was collected for a
period of 6 months from March 2021 to September 2021, of interest was soil moisture data and
when the crops were irrigated. Microsoft excel was used to format the data and remove fields

that were not needed for our solution.

This data was collected from KABOKU -KAGITUMBA Irrigation scheme. Kagitumba
irrigation scheme where 35 devices are installed in about 70ha with 6pivots for irrigation. Figure
3.2

Kagitumba

NYAGATARE

GATSIBO

KAYONZA

=y

KIREHE

WESTERN PROVINCE CENTRAL PROVINC

EASTERN PROVINCE _ NATIONAL PARKS

SOUTHERN PROVINCE NORTHERN PROVIN

GISAGARA

. NYARUGURU

Fig 3.2: Map showing data collection area
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3.3 Machine Learning Steps
The machine learning steps followed the normal steps undertaken in any machine learning

algorithm. Figure 3.3 shows the steps

X
Collect Preprocess Evaluate Convert Deploy Make
Data Data Optimize Model Model Inferences
.
1 ® ®
TensorFlow TensorFlow Lite TensorFlow Lite

Figure 3.3: machine learning steps
A. Data Collection

The machine learning steps began with data collection. The quality and quantity of data
determined how accurate the model would be. Data was collected for a period of 6 months to
ensure there was enough data for training. The sensors were also calibrated from time to time to

ensure quality was maintained through the process.
B. Data Pre-processing

The collected data was cleaned in preparation for training. Fields that were not needed were
deleted, dealt with missing values, corrected errors and removed duplicates. The data was the
converted into JSON format and uploaded into the cloud based machine learning platform. The
data was also separated into validation set and training sets. The data was the pre-processed so as

to generate features for training.
C. Model Design

After pre-processing the machine learning mode was designed, the inputs to the model training

were the soil moisture level and soil temperature raw features of the data were selected and a
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Keras Neural Network selected for training the model with the expected output being a

classification as to whether the is a stress condition in the soil or ideal condition
D. Model Training

The model was then trained. At this stage different number of epoch, dense layers and learning
rates were experimented till the optimum training parameters were reached. The on device
resources needed by the model were also tested. This step also included hyperparameter tuning,

used to tune model parameters for improved performance.
E. Evaluation and Optimization

The test data was used to evaluate the performance of the model on unseen data. This unseen
data is meant to be somewhat representative of model performance in the real world, but still
helps tune the model (as opposed to test data, which does not). The model was also optimized for

performance in an embedded device
F. Model Conversion

After evaluation the model was converted into a tiny machine learning model that can run on an

embedded device in readiness for deployment.
G. Make Inferences

Using further (test set) data which had, until this point, been withheld from the model (and for
which class labels are known), were used to test the model in both the cloud environment and on

the embedded device; a better approximation of how the model will perform in the real world.
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3.4 Software Tools

The following software tools and platforms were used in the study
A. Arduino IDE

The open-source Arduino Software (IDE) [31] makes it easy to write code and upload it to the
board. This software can be used with any Arduino board.

B. Tensor Flow Lite

Tensor Flow Lite [32] is an open-source, product ready, cross-platform deep learning framework
that converts a pre-trained model in Tensor Flow to a special format that can be optimized for
speed or storage. This will be used in training and deployment of the prediction model for

irrigation. Figure 3.4 give the steps in the working of tensor flow light

Tens!rFlow * T@ﬂSOFFlOW the

Train a Convert the Optimize D:,F,;E; t:f i fMake
model model the model Edge mafr:(;‘gc?
I |

Figure 3.4: Tensor Flow Lite
C. Things Speak

ThingsSpeak [33] is an 10T analytics platform service that allows you to aggregate, visualize,

and analyze live data streams.
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3.5 System Development Model

The Prototype model was selected as the prototype development model. The basic idea in

Prototype model is that instead of freezing the requirements before a design or coding can

proceed, a throwaway prototype is built to understand the requirements. This prototype is

developed based on the currently known requirements.

Start .
____,| Requirement
gathering
Stop
5  Engineer
Product

Quick Design

h 4

&

Refining

Advantages of Prototype model:

« The users can get a better understanding of the system functionalities.

% Itis easy to detect error early enough during the development cycle.

Prototype

-l

Building
Prototype

¥

Figure 3.5: Prototype model

» Users actively participate in system development.

Customer
Evaluation

% Quick user feedback is presented from time to time hence better solutions developed.

R
L X4

It is easy to identify confusing and difficult functions.

% It is easy to identify missing functionalities during development.

% Validation of requirements and the Quick implementation of, incomplete, but functional,

application possible.
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Disadvantages of Prototype model:

L)

°o

Building a system by implementation and repairing can be involving.

X4

L)

Scalability beyond the initial plans functionalities are added.

<,

%

<

Incomplete application.

X

*,

% Incomplete or inadequate problem analysis.
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CHAPTER 4
SYSTEM ANALYSIS AND DESIGN

In this chapter the design for the machine learning model and the embedded system are
presented. The first section shows the system level design and system components. This is
followed by the design of the deep learning model.

4.1 System Analysis
This subsection gives an analysis of the proposed solution. The functional and non-functional
requirements of the system are presented.

A. Functional Requirements

The functional requirements include the product features that must be included to enable the

system meet its objectives. These include;

I.  The system should be able to collect real-time data from the field on soil moisture, soil

NPK and soil Temperature.

ii.  The system should be able to predict when to irrigate or not to irrigate based on the soil
moisture and temperature readings.

iii.  The system should be able to automatically control the water pump based on the
prediction of whether to irrigate or not.

iv.  The system should be able to transmit the data collected to a cloud platform for future
analysis.

v.  The system should be able to send an alert via gsm in case fertilizer levels go below the

recommended minimums.
B. Non Functional Requirements

The non-functional requirements included quality attributes that affect the behaviour of the

system.

I.  The system should be available with all working functionalities 98% of the time.
ii.  The system should be easy to install and use by all stakeholders

iii.  The system should be able to work consistently without failure for 5 years

18|Page



iv.  The should be a possibility of adding additional functionalities without affecting the
working of the system
v.  The system should be able to operate at minimum power 80% of the time
vi.  The system should have mechanisms for ensuring data security and privacy
vii.  In case of failure there should be mechanisms for a quick recovery

viii.  The system should be able to meet the regulatory requirements of the country

4.1 System Architecture

Sensors collect real time soil moisture and temperature readings, predictions done on whether
irrigation or fertilization is needed. In case irrigation is needed irrigation valves are actuated and
the parameters observed till the required levels have been achieved. In case there is a need for
fertilization a notification is sent to the farmer via GSM on the amount of fertilizer to be added
for the next irrigation cycle. The collected data is also sent to things speak cloud platform for

future analytics and research.
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4.2 System Block Diagram

Figure 4.1 gives the embedded system block diagram showing the embedded components of the

system.
)
Soil NPK Sensor —3| GSM Module
> +—
Arduino
Nano BLE — Water
Soil Moisture | ey L
> Sense Pump
Sensor
Temperature > LED
Sensor g
Power Supply

Fig. 4.1: System block diagram

4.3 System Hardware Components

The embedded system is made up of the following components:
A. Arduino Nano BLE Sense

The Arduino Nano 33 BLE Sense [34] combines a tiny form factor, different environment
sensors and the possibility to run Al using TinyML and TensorFlow Lite. It is appropriate for
creating an embedded ML application or applications that need to use Bluetooth Low Energy to

connect a project to a phone. Figure 4.2 shows the pin layout for the board.
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HTS221 APDS9960 LSM9DS1 - 9-Axis IMU

(Proximity, Light,

(Accelerometer, Gyroscope,
Colour, Gesture)

Magnetometer)

(Temperature and

Humidity Sensor)

Nordic nRF 52840
Processor with

NINA B306 Bluetooth
module

11N

0 X

MOOE L NINA e,

Micro-USB
Port

MP34DT05-A
Microphone

e LED LPS22HB (Pressure
Sensor)

Fig 4.2: Arduino Nano BLE Sense
B. Soil NPK Sensor

The soil NPK sensor is suitable for detecting the content of nitrogen, phosphorus, and potassium
in the soil. Figure 4.3 shows the NPK sensor

Fig. 4.3 Soil NPK Sensor
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C. Soil Moisture Sensor

The soil moisture sensor consists of two probes that are used to measure the volumetric content
of water. The two probes allow the current to pass through the soil, which gives the resistance

value to measure the moisture value.

Electrodes<_\ e Potentiometer

LM393 Comparator

ADDOGND VCC

Fig 4.4. Soil Moisture Sensor

D. GSM Module

SIM900 GSM/GPRS shield is a GSM modem, it can be used to accomplish almost anything a
normal cell phone can. A SIM900 Model was selected for the project.
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Voltage U.Fl Power Power
Regulator Connector Led Key

SIM900
GPIO,PWM,ADC

Power Supply
Selection

LastMihute_
| ENGINEERS .com

§8959903039899999)

i 8
------ bl b T b

Hardware  Serial Port  Software Status Netlight SIM900
Serial Select Serial Led Led UART

Figure 4.5: GSM Module
E. Water Pump

Micro DC 3-6V Micro Submersible Pump Mini water pump..

Fig. 4.6. Mini water Pump
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F. Relay

This is a 4-Channel Relay interface board that allows one to control various appliances, and other

equipment's with large current.

Figure 4.7: Relay
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4.4 System PDL
Figure 9 shows the PDL for the embedded system. The Program description language (PDL) is

free-format English-like text, which describes the flow of control and data in a program.

BEGIN
Initialize variables
DOFOREVER
Sense moisture content
Sense nutrient content
Measure soil temperature
Send values to the cloud
Run classifier
IF irrigate predicted THEN
DO
Switch on pump
Light red LED
Sense moisture content
UNTIL
Moisture adequate
ELSE
Switch off pump
Light red LED
ENDIF
Check nutrient threshold
IF nutrient low THEN
Send notification
ENDIF
Wait 6 hours
ENDDO
END
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4.5 Deep Learning Model design

This section outlines the smart irrigation DL model. The first section describes the dataset used

for training of the model followed by a description of the training process and thereafter a

validation and testing of the model.

A. Datasets

Data used for training of the model was collected with the help of STES Group Rwanda for a
period of six months. The data was collected using soil moisture and temperature sensors
distributed across a farm in Rwanda. With the existing dataset thresholds are applied to irrigate
the farm when stress conditions are detected. Table 4.1 gives a sample of the collected data

Table 4.1: Sample of data collected

soil_ soil_ battery sensor_
ID moisture temperature level Date & Time | id

04/02/2021

6 0 29.3 22 10:54 | C1006
04/02/2021

7 0 29.3 22 10:55 | C1006
04/02/2021

8 0 28.6 22 11:00 | C1006
04/02/2021

9 0 28.5 22 11:00 | C1006
04/02/2021

10 0 26.4 86 12:56 | C1006
04/02/2021

11 0 26.2 72 12:59 | C1001
04/02/2021

12 0 25.8 22 13:04 | C1001
04/02/2021

13 0 25.7 22 13:06 | C1001
04/02/2021

14 28 23.3 79 13:35 | C1001
04/02/2021

15 28 23.3 79 13:36 | C1001
04/02/2021

16 28 23.3 79 13:56 | C1001
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The dataset included 208,890 observations. The data had to first be cleaned to remove values that
had errors also columns that were not needed for the training of the model were removes. Any

duplicates were also checked and omitted.
B. Data formatting

The dataset was first separated into two different sets, with the labels, irrigate and no irrigation.
Each class had a total of 100,000 observations. 20 % of the data from each class was randomly
separated as test data. Data was then converted from CSV to JSON for a convenient upload into
the digital signal processing pipeline powered by edge impulse, an embedded ML training
platform. In addition, 20% of the data is separated as a validations set leaving the remaining 60%
as the training set.

C. Model Training

A Neural Network classifier based on Keras and tensor flow light was used to train the model. A
learning rate of 0.0005 with 300 training cycles was applied with 2 dense layers were used with

20 and 10 neurons respectively. The code below describes the model architecture.
D. Training Output

From the validation set a training performance accuracy of 91.7% was achieved with a loss of

0.22. Table 2 shows the confusion matrix for the validation set.

TABLE 2: VALIDATION SET CONFUSION MATRIX
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Results Irrigate No_Irrigation
Irrigate 96% 4%
No_lIrrigation | 18.2% 18.8%

F1 Score 0.94 0.86




The resulting model was also small enough to run on an embedded device with a projected RAM
usage of 1.7K and a ROM requirement of 17.3K. The model is packaged into a tiny library that

can run on an Arduino ARM cortex boards.

4.6 System Setup

Different components of the systems were set as follows
A. Soil Moisture Sensor

The sensor is connected in an analogue mode; the sensor gives us a value from 0 to 1023. The

moisture is measured in percentages, the sensor connected as follows;

< VCC of the soil moisture sensor to 5V of the Arduino
< GND of the soil moisture sensor GND of the Arduino

A0 of the soil moisture sensor AO of the Arduino
B. NPK Sensor

The NPK Sensor can measure in a range of 0-1999 mg/kg and can operate on a power range of
9V-24V. The MAX485 TTL is used to interfaces the soil nutrient sensor with the Arduino board.

The module is connected to the Arduino as follows;

% RO = Receiver Output. Connects to a serial RX pin on the Arduino

% RE = Receiver Enable. This is for Active LOW and Connects to a digital output pin on a
% Arduino.

« DE = Driver Enable. This is for Active HIGH and it is connected to RE Pin.

% DI = Driver Input. This Connects to serial TX (Transmission) pin on the Arduino

% VCC =5V

% B =Data ‘B’ Inverted Line. Common with the B

A = Data ‘A’ Non-Inverted Line. Connects to A on far end module

% GND = Ground

R
L X4
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RS485 Data B

o e > o y ~ |
Receiver Enable 3 » ’ RS485 Data B
'J
Driver Enable - K RS485 Data A

RS485 Data A

120 ohm load resistor Power LED

(Remove except for drivers
on each end of cable run

Figure 4.9: MAX485 Connection pins

The NPK is connected to the MAX 485 module as follows;

*o*

*,

VVCC — Brown wire, connected to a 9V-24V Power Supply.
GND - Black wire, connected to the GND of Arduino.

B Pin- Blue wire, connected to the B pin of MAX485

A PIN- Yellow Wire, connected to the A pin of MAX485.

*,

*o*

X4

L

<,

L

L X4

C. Water Pump
The water pump is connected as follows;

% IN (Signal) of the relay connected to D8 of Arduino

% VCC of the relay connected to 5V of Arduino

« GND of the relay connected to GND of Arduino

< Extra wire from the pump (red) connected to COM of the relay
% Black wire from the pump connected to 12 v power supply

% NO of relay connected to 12v power supply
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fritzing

Figure 4.10: Connected of the pump and Arduino
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CHAPTER 5

SYSTEM RESULTS, ANALYSIS AND DISCUSSSIONS

In this section different results from the study are presented, analysed and discussed. In the first
section data collection sensor calibration is presented, the deep learning model evaluation results

are the outlined and discussed and lastly the results from the prototype presented.

5.1 Data Collection Sensor Calibration

The sensors deployed in the field by STES Group Rwanda for data collection were calibrated to
verify the precision and reproducibility of sensor measurements. Sensors that are calibrated are
the prerequisite for precise, reliable and reproducible measurement results. Calibration was don
as it is one of the key prerequisites for effective quality assurance. The table 5.1 and figure 5.1

show the results during calibration in for a section of the farm.

TABLE 5.1: CALIBRATION DATA

Soil Soil

% of Moistur | Temperatur

Sno | water e e
1 0 0 26.1

2 0 4 27.08

‘3 5 6 27.9
4 10 7 27.2

5 15 10 26.8

6 20 14 26.3

7 25 21 25.8

8 30 28 25.3

9 35 31 25.2

10 40 34 24.3
11 45 35 24.2
12 50 36 24.6
13 55 37 24.8
14 60 38 24.8
15 65 38 24.8
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20 Sensor Reading Vs % of Water added

L4
L
L]
.
L)

VWC sensor readings

20% Watabadded40
Figure 5.1 Calibration Graph

The conditions in the soil were classified as shown in figure 5.2. The classified conditions
include; Extreme stress condition, Stress condition, Field capacity, Excess condition. For the stress and

extreme stress conditions irrigation was needed.

37 Excess condition

34 Field capacity
23
Stress condition

20
Extreme stress
condition

0
Figure 5.2: Soil conditions

5.2 Deep Learning Model Evaluation

So as to evaluate the performance of the deep learning model. The test data was used for
inference on the cloud and on the embedded device and the results were compared so as to
determine if optimization affects the model performance. The results were also compared with

those best on open source benchmarking datasets and other machine learning algorithms.

32|Page



A. Inference Results

From the inference results the model was able to predict the need or not need for irrigation with
the same accuracies in both the cloud and the embedded device. This shows that the training of a
deep learning model for inference in the resource constrained devices do not affect the
performance of the model. Table 5.2 shows sample inference results based on test data

TABLE 5.2: TEST DATA INFERENCE RESULTS

Timestamp Irrigate No_Irrigation
0 0.86 0.14
1000 0.97 0.03
2000 0.70 0.30
3000 0 1.00
4000 0 1.00

B. Optimization Effects

From the evaluation on test data, the model performed with an accuracy of 93% slightly above
that from the validation set which was 91%. However, when the model was quantized by
conversion from a float 32 model to an int 8 model. The resources needed on the device reduced

while at the same time reducing the accuracy as shown in figure 5.3

Quantized (int8)
1.7K 1 ms 18.8

17.3K 81.25%

This optimization is
recommended for best
performance.

Unoptimized
(float32) 1.7K 1ms ; -

| Click to select |

17.7K 93.75%

Figure 5.3: Effects of optimization
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This shows that in case of a big model one can opt to optimize so as to reduce the required

resources. However, this will affect the accuracy and a trade-off must be considered
C. Data set performance evaluation

So as to evaluate the performance of the dataset. A comparison was done with an online open
dataset from googled sets. The data was collected from a system with a wireless sensor network
that sensed real-time soil moisture and temperature and ML applied to automatically control of
an irrigation system. In the system an Arduino board was interfaced with a soil moisture sensor
and dht11 sensor and NodeMCU. K nearest neighbour and Naive Bayes Algorithm were then
applied so as to predict when to irrigate or not. In our study we use the data for training but
explored the used of deep learning with the aim of developing a light model that can run on
embedded devices. The results show that our datasets gave better accuracy with an accuracy of
91.7% as compared to 89.1 % for a deep learning model based on the open datasets. In addition
deep learning gave better accuracies than other ML algorithms hence support the fact that the
dataset used was better than existing model datasets in the areas of study. Table 5.3 and figure
5.4 shows the accuracies achieved with different data sources and algorithms.

TABLE 5.3: MODEL PERFOMANCE ACCURACIES

Results Deep Learning | K nearest | Naive Bayes
neighbour
Accuracy 89.1% 86.7 88.4
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Algorithm Accuracies

89.50%

89.00%

88.50%

88.00%

87.50%

87.00%

86.50%

86.00%

85.50%

Deep Learning) K nearest neighbour

Naive Bayes

Figure 5.4: Accuracies achieved by using different data and algorithms

D. Effect of training cycles on accuracy

An analysis was also done to find out how the number of training cycles affect the accuracy for

the deep learning model. Table 5.4 and figure 5.5 show the results of the analysis.

TABLE 5.4 ACCURACIES BY NO OF EPOCHS

No of Epochs Accuracy
1 30.6%
50 30.6%
100 50.3%
150 77.8%
200 86.1%
250 91.7%
300 91.7%
350 91.7%
400 91.7%
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Accuracy as no of Epochs Increase

100.00%

90.00%

80.00%

70.00%

60.00%

50.00%

Accuracy

40.00%
30.00%
20.00%
10.00%

0.00%

1 2 3 4 5 6 7 8 9

No of epochs

Figure 5.5: Accuracy by number of epochs

From the graph in figure 5.5, the accuracy for them model increases as more training cycles are
used. The best training accuracy was achieved at with 300 epochs. After this peak the accuracy

did not increase further showing this is the optimum accuracy value.

5.3 System Prototype results

Figure 5.6 shows the system prototype image. All the components were connected and the
functionality of the system tested in a lab environment. The soil moisture and temperature were
captured in real-time and the collected values fed into the DL model that correctly predicted
when to irrigate or not. Based on the prediction the water pump was actuated to irrigate the farm

for a specified duration.
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Figure 5.6: System prototype

Some sample outputs from the prototype are shown in figures 5.7 and 5.8. These show that the
prototype was able to measure different soil parameters, do the prediction and actuate the pump
to irrigate the field
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5.4 Comparison to Existing Solutions

So as to evaluate the advantages of our solution over existing solution a comparison was done

with the reviewed solutions. Table 5.5 gives the results of the comparisons

NPK Machine Architecture
Monitoring learning

Smart
Irrigation

Solution

Automated irrigation  and NO NO

monitoring system [17]

Smart irrigation system [18] NO NO
Smart farm irrigation [19] NO NO CLOUD
Automated irrigation system NO NO CLOUD

[20]

Intelligent farming system [21] NO CLOUD

IoT farming system [22] NO

lIoT framework [23]

0T based system [24]

DSS using loT

Fuzzy based solution

Fuzzy solution

Expert System

Our Solution

From the analysis our solution outperforms the existing solutions in the following ways

a) Has the capability of smart irrigation while at the same time monitoring soil parameters

b) Machine learning is used to predict when to irrigate

c) The only solution that uses deep learning, in other solutions either fuzzy logic or naive
Bayes and support vector machine are used

d) For all solutions that use machine learning only our solution applies it at the edge device.
This makes our prototype appropriate for the African market where connectivity and

energy are challenges. This also helps reduce on operation costs.
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CHAPTER 6

CONCLUSION, RECOMMENDATIONS, AND FUTURE WORKS

This study presents a prototype for a smart irrigation and fertilization system. The solution uses a
deep learning model that has been packaged for deployment on an edge device. The edge based
architecture for our solution makes it appropriate for the African market where existing cloud
based solutions are difficult to deploy due to connectivity challenges.

The deep learning model was tested in different environments and using different data sources, it
was also compared against other algorithms applied on similar datasets. The results show that
our model performed best with an accuracy of 91.7%. The results also show that the number of
training epochs affect the model accuracy and optimization reduces the resources needed on the
device to run a machine learning model but affects the accuracy of the model.

We recommend the implementation of this solution as it will indeed ensure the practise of data
driven farming and thus help conserve the environment and ensure maximum utilization of

resources. This will also lead to reduced operation costs and thus increase profits.

Future works will involve collection of more data so as to tune the performance of the model,
development of a model for prediction of the needed fertilizers and the implementation and

further testing of the solution
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